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Blind system identification (BSI) is a fundamental signal 1
processing technology aimed at retrieving a system’s unknown .
information from its output only. This technology has a wide mus) Syemf] L i)
range of possible applications such as mobile communications,

speech reverberation cancellation, and blind image restoration.
This paper reviews a number of recently developed concepts andgig 1. A system with unknown input and unknown system
techniques for BSI, which include the concept of blind system fynction.

identifiability in a deterministic framework, the blind techniques

of maximum likelihood and subspace for estimating the system’s

impulse response, and other techniques for direct estimation of tems. A huge number of research articles recently produced

the system input. by the signal processing community contain a significant
Keywords— Blind techniques, equalization, multichannels, amount of new knowledge that can be applied by many
source separation, system identification. other communities, such as the seismic community, speech
community, and medical community.
|. INTRODUCTION In this paper, we will first give an overview of BSI and its

applications and then review some recently developed basic
concepts and techniques of BSI. Other well-established
concepts and techniques will also be discussed.

The rest of this paper is organized as follows. In the
next section, we present briefly some areas of applications
for BSI, which include data communications, speech recog-
nition, image restoration, and seismic signal processing.
Section Il reviews the basic concepts and techniques
of BSI. Following the problem formulation, we highlight
the channel identifiability conditions, discuss several im-
portant results concerning system identifiability, and then
present the main and most recently developed techniques
for BSI. Section IV reviews some other concepts and
techniques, particularly the methods based on high-order
S%tatistics (HOS'’s), and discusses the case of systems with
multiple inputs.

Blind system identification (BSI) is a fundamental signal
processing technology aimed at retrieving a system’s un-
known information from its output only. This technology is
particularly suitable for applications where all the available
data are generated from an unknown system driven by an
unknown input. The word “blind” simply means that the
system’s input is not available to (cannot be seen hy) the
signal processor. The task of BSI (Fig. 1) is to identify the
input s(.) and/or the system functio®l from the output
y(.). Note that if either the system function or the input
signal is known, it becomes a more standard and simpler
problem.

The notion of BSI (or the like, such as blind deconvolu-
tion) has become well known since the early 1980’s. During
the 1990’s, there has been an increasing research intere
devoted to BSI. Unlike most of the work in the 1980'’s, the
work in the 1990’s tends to explore to a higher degree
the diversities inherent in multiple-output systems. The Il. AREAS OF APPLICATION

multiple-output systems arise from multisensor systems, Fig. 1 depicts the BSI problem, whekg:) is the input
multichannel data acquisition, or fractional sampling sys- signal andH is the system function. When the system
is linear and time invariant, the system output can be
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Fig. 3. Speech recognition.

A. Data Communications @
] ] Noise A Sensor 2

In data communications, an unknown channel frequency e n \x®*/
response with finite bandwidth often causes intersymbol in- =
terferences (I1SI's). To eliminate the ISI's without knowing Fig. 4. Speech reverberation and noise cancellation.
the input data, the channel response needs to be identified
“blindly.” Training is now commonly used for the recognizer to

BSI is particularly important for mobile communications, obtain knowledge of the transducer. It is obvious, how-
where severe ISl can arise from the time-varying multipath ever, that the transducers as well as their surrounding
fading that commonly exists in a mobile communications environments vary tremendously [9]. Telephone handsets
environment (Fig. 2). The varying channel characteristics vary in degrees of distortion, spectral shaping, and response
must be identified and equalized in real time to maintain level. Microphones are built by a variety of manufacturers
the correct flow of information. The channel identification and are located at various positions on the handset, with
and equalization technique currently used requires a majoropenings of different sizes, and lie in different points
fraction of the channel capacity to send a training sequencewithin the sound field around the mouth. A recognizer
over the channel. It should be noted that while the density that is well-trained for one particular transducer in one
of mobile users in a given city area is likely to increase particular environment might perform very badly when
dramatically, the number of radio channels in that area another transducer is used or when the same transducer is
remains constant. Although many techniques, such as codeused in a different environment. Therefore, it is desirable to
division multiple access (CDMA), can be used to increase build the recognizer without specifying the characteristics
the channel capacity, the fraction of the channel capacity of the transducer. The BSI is useful here in identifying the
currently used for channel identification and equalization is impulse response of the transducer and in enabling recovery
very considerable. To save this fraction of channel capacity, of the original speech signal.
blind channel identification is an attractive approach. Using  Speech reverberation cancellation is necessary when the
the blind channel identification techniques, the receiver original speech signal is corrupted by the acoustics of the
can identify the channel characteristics and equalize thesurrounding environment, which is known as reverberation
channel based on the received signal. No training sequencgFig. 4). Because the acoustics of the surrounding environ-
is needed, which saves the channel capacity. ment are dependent on the geometry and materials of the

room and the speaker’s location, the reverberation is ever

B. Speech Recognition and Reverberation Cancellaton ~ changing. Since the original speech signal is unobservable

Speech recognition (Fig. 3) is useful in many areas [9]. srr:g t:e sg?ucsg':sbgf tzg dsgr:rc;lér;d|tngee:;/:]r§;|r2t§2; ac;? tlrj12-
It can be used for controlling the actions of a machine Wn, u ! puv !

and for entering and retrieving data. In speech recognition, reverberation.

the available signal for the recognizer is the convolution

of the original speech signal, the impulse response of the C. Image Restoration

transducer, and the impulse response of the surrounding BSI is needed for image restoration in many applications
environment. such as astronomy, remote sensing, and medical imaging

L M

Fig. 2. Mobile communication.

Sound
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Object Image s(k) and yields M output sequenceg; (k), -- -, yar(k),
and the system has finite impulse responses (FIR'S)),
Q k=0,1,..-, L,andi =1, ---, M. Such a system model
can be described as follows (in the absence of noise):
Inla:s‘g!»‘ci\i(;:;nlali(m yl(/{;) _ 3(/{;) N hl (k)
Fig. 5. Image formation. y2(k) = s(k) * ha(k)

(2)

Source Receiver

ym (k) =s(k) = ha (k)

where x denotes linear convolution. This multiple-FIR-
channels system obviously is a useful model to describe the
case where a single unknown source and multiple spatially
or/and temporally distributed sensors exist. The requirement
of a single unknown source may seem restrictive but it is
common in many applications, as described in the previous
section. In the case of multiple sources, which are not
separable by simple operations such as bandpass filtering
Fig. 6. Exploration seismology. of the channel outputs, the model of multiple-input and
multiple-output systems must be considered. This topic will

[11], [12]. In this situation, we have a system that represents be further discussed in Section IV.

blurring effects caused by, for example, camera motion The requirement of FIR is general enough for practical
during exposure or inaccurately focused lenses. The original@pplications, as an infinite impulse response (IIR) system
image constitutes the system input. The system output iscan be well approximated by FIR provided the model order
a blurred version of the original image, i.e., an image L islarge enough. If the orddris too large, IIR would be a
degraded by the convolution with the point spread function Petter model in that fewer system parameters are necessary.
of the blurring system (Fig. 5). Unfortunately, in many Nevertheless, FIR often leads to simple development of
practical situations [5], [11], the point-spread function of Signal processing algorithms. The estimationlofs still

the blurring system is unknown and little information is @ challenging research topic, but a simple technique of
available about the original image. Given the blurred image, estimatingL will be referred to in Section IlI-C.

the task is to restore it “blindly.” In this paper, our focus is on the one-dimensional case.
The two-dimensional extension of most concepts and tech-

D. Seismic Signal Processing nigues shown in this paper remains a research topic [116],
[117].

In exploration seismology (Fig. 6), a charge of dynamite
is exploded in the earth and a geophone is used to receiveo
the reflected and/or diffracted signal [4], [6]. This signal
is used to estimate the reflection coefficients, which are
associated with the impulse responses of the various layers
in the earth and unravel its physical characteristics. Here,
the received signal is made up of echoes produced at theyijth
different earth layers in response to the excitation, which is
ordinarily in the form of a short-duration pulse. This again yi = [5:(0), -, wi(N = D]F 4
is a BSI problem due to the fact that the exact waveform of
the excitation responsible for the generation of the received and the superscript§ and denote the transpose and the
signal is usually unknown. conjugate transpose, respectively. Then we have

The analysis of the model (2) can be made convenient
y using its matrix form as follows. We stack all channel
outputs into a single vector, i.e., let

y=b ¥§ - ¥y41" (3)

I1l. SOME BASIC CONCEPTS AND TECHNIQUES y =Hus )

While the applications of BSI are wide ranging, some wheres is the input vector
basic concepts and techniques are common for all applica-
tions. In this section, we provide an introduction to these s=[s(=L), s(=L +1), ---, s(N — D]*. (6)
concepts and techniques.
H,, is known as a generalized Sylvester matrix [15]

A. Problem Formulation

Hg
Consider a mathematical model where the input and the H. — ( ) @)
output are discrete, the system operdtois linear and shift M= :
invariant, the system is driven by a single-input sequence Har)
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where H;) is the N x (IV + L) Sylvester matrix of the said to have four modes as long@sandc, are nonzeros.
¢th channel response A channel is said to be associated with a medgt) if
the root of the mode is a zero of the channel. A simple

hi(_L) e hal0) 0 test of the number of modes is as follows. It can be said
Hi=| ST PR C) that s(k) containsp 4 1 or more modes if and only if the
0 - h(L) -+ h(0) (p+ 1) x (N + L — p) Hankel matrix
Equation (5) may be subject to further conditions depending s(—L) s(=L+1) - s(N—p-1)
on applications. For example, the input sequence may be s(—L+1) s(—L+2) o s(N=p)
generated from convolution between a completely unknown S = . . .
sequence and a common channel response. For a simple : : :
presentation of some basic concepts and techniques of BSI, s(=L+p) s(=L+p+1) s(N=1)
however, no further constraints will be imposed on the h55 fyll row rank whereV + L —p>p+1.
model (5) in the next section. Given the notions of zero and mode, the identifiability
conditions can be stated as follows.
B. Identifiability 3) Necessary Identifiability Conditions [17]The system

In general, a system is considered to be completely is identifiable only if the following conditions are met:
identifiable if all unknown parameters in the system can be « all channels do not share a common zero, i.e., there is
uniquely determined by the available data. It is clear from no zo such thatH;(z,) = 0 for all ¢;

(5), however, that in the absence of noise, a given oWput 1o number of modes in the input sequence is larger
can only at best imply a unique inpsiand a unique system than or equal tal. + 2;

matrix Hp; up to an unknown scalar. This unknown scalar .
has to be determined by further knowledge available about * N 2 L+ 2 (whereN is the number of samples from
the model. For example, if a sample of the input sequence each channel).

is known, then this scalar is uniquely determined. Given 4) Sufficient Identifiability Condition [17]:The system is

the model (5), we define identifiability as follows. identifiable if the following conditions are true:

The system (5) is said to bdentifiableif a given output « all channels do not share a common zero;
y implies a unique inpus and a unique system matrix « the number of modes in the input sequence is larger
H]w up to an unknown scalar. than or equa| taL + 1,

A detailed study on the identifiability is shown in [22]. e N >3L41
The conditions required for the system to be identifiable -
relate to the notions of “zeros” and “modes,” which are
described below.

1) Zeros: The ith channel of the system is said to have
a “zero” z, if the ith channel's transfer functioff;(z) is
zero atz = », i.e.,

It is possible that the sufficient identifiability condition
can be relaxed. However, more research in this area is
required (see [22] and [23]). The identifiability conditions
shown above essentially ensure the following intuitive
requirements.

» All channels in the system must be different enough
L . .
from each other. They cannot be identical, for example.

Hi(zo) = Y hi(k)z™* .
0 » The input sequence must be complex enough. It cannot
—0. be zero, a constant, or a single sinusoid, for example.

» There must be enough output samples available. A set
of available data cannot yield sufficient information on
a larger set of unknown parameters, for example.

The identifiability can also be discussed with respect to
a given identification technique [19] or in the case where
certain statistics of the system outputs are assumed to be
given [16]. Furthermore, the conditions of identifiability can
be traded off for each other. For example, if the number
of available output samples is infinite, the input is non-
Gaussian stationary random process. Hence, the HOS's of
the output samples can be exactly computed and the system
can be identified exactly, even when the channels share

L common zeros. Note that all zeros of a single channel
s(k) = Z cimi(k) system are “shared by all channels.” Such a system can
=1 be identified exactly if the HOS'’s of the output are known
where for each (nonzero) mode, all the coefficients of the exactly [20] or if the second-order statistics (SOS’s) of the
corresponding lower order modes may or may not be zero. output are known exactly and the common zeros are inside
For example, the sequenegh?z¥ + cokz¥ +c32k +cy2b is the unit circle (minimum-phase condition [21]).

Itis clear that a channel of ordér must havel zeros and,
on the other hand, that thie zeros completely describe the
channel up to a scalar.

2) Modes: A mode is any sequence of the fom k) =
k"z* wheren is an integer and is a complex number. The
integern is also referred to as the order of the mode, and
the complex numbee is the root of the mode. A finite
input sequence{s(k), k = —L,---, N — 1} of length
N + L is said to havep modes if s(k) can be written
as a linear combination gf modes of lengthV + L, i.e.,
fork=-L, ..., N -1

ABED-MERAIM et al: BLIND SYSTEM IDENTIFICATION 1313



C. Estimation of System Function

We now introduce two powerful techniques for identi-
fying the system functiorh; (k) of the model formulated
in Section llI-A. They are the maximum-likelihood (ML)
method and the subspace method.

1) ML Method: ML is a classic approach applicable to
any parameter estimation problem where the probability
density function (PDF) of the available data is known.
Assuming that the system output vector is corrupted by
additive circular white Gaussian noise vectof the system
output vector becomes

y=Hys+w (9)

and the PDF ofy is given by
N ! H 2 10
p(y) = AN g2N exp 2 lly — Hus|| (10)

wheres? is the variance of each complex elementsgfand
||| denotes two-norm. The ML estimatesHf,; ands are
given by those arguments that maximize the RID¥), i.e.,

(H]w, S)ML = arg Imax p(y)

M, S

arg I&nin ly — Has|? (12)

M, S

where proper constraints did;; ands are imposed. Note
that such ML criterion is equivalent to the least-square (LS)
criterion, for which the knowledge of the PDF gfis not
necessary. For any giveH,,;, the ML estimate ofs that
minimizes the quadratic functiofty — Hj;s||? is known
to be

sur = (HyHy ) THigy. (12)
(Under the necessary identifiability condition, the matrix
H;, is known to have full column rank [22].) Using this
estimate in (11) yields

(Har)wr = arg min |[(I- Pyl (13)
M

where Py is the orthogonal projection matrix onto the
range ofHy,, i.e.,
-1
Py =Hy(HyHy) HY. (14)
Although the minimization in (13) is computationally
much more efficient than that in (11), it is still highly
nonlinear. Therefore, the computation of (13) has to be
iterative in nature. Many iterative optimization approaches

such as [25], [26], and [108] can be applied to compute (13).
Below, however, we introduce a more elegant technique.

1A complex random vectow is called circular white Gaussian if
[”"e(“’) ] is white Gaussian.

1314

Theorem 1 [17]: Define
GH =[-H, H,]

q—

0

Gf _ |~Hu H, (15)

-H) | Hyoy
whereq = 3, -+, M andHy;, is the top-left( N — L) x N
submatrix ofH ;). Then, provided that all channels do not
share a common zero an > 2L (for M = 2, only
N > L is required), an orthogonal complement matrix of
the generalized Sylvester matH,; is Gy, i.e.
Pg+Py=1I (16)

where I is the identity matrix, andP; and Py denote
the orthogonal projection matrixes onto range,;) and
range (Hy,), respectively.

Under the condition of this theorem, the minimization of
(13) becomes

hyr, = arg Hﬂn IPay|?

arg Hﬂn viPoy

= arg min y" G (G Gu)¥Griy - (17)
where h is the vector of all channels’ impulse responses
li.e, {hi(k),k =0,1,---,L,i = 1,---, M}] and the
superscrip# denotes a Moore—Penrose pseudoinverse with
rank NM — N — L [17].

The following is a matrix form of the commutativity
property of linear convolution:

Guy =Yuph (18)
whereY ; is defined by
Yo=Y - Yol
Y, ‘ 0
Y, = | Y@ Yo | (9
Yo | Y-
with ¢ = 3, ---, M and
yi(L) 4i(0)
Y = : : (20)
yi(N —1) vi(N - L-1)
Combining (17) with (18) yields
by, = arg min WY (GH G)#Yyh. (21)
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This expression suggests the following two-step ML
(TSML) method.

Step 1) h, = arg min”huzthYﬁY]wh.

Step 2) h, = arg min||h||=1hHYJ{I4(GfGc)#YMh,
whereG.. is G, constructed fronh, according
to (15).

The first step comes from (21) by setting the weighting
matrix (G4}, Gj,)* to an identity matrix. It can be shown

that Step 1) of the algorithm vyields the exact estimate of

wheren =0, 1, ---, N—W andW is an integer “window
parameter.” This window parameter determines the length
of each output vectoy(n) as follows:
T

y(n) =y (n), -, yau(n) (26)

with

yi(n) = [yi(n), - wiln + W =D, (@27)

h in the absence of noise (or when the noise is white and 1,¢ input vector sequenagn) accordingly is defined by

the data length is infinite) and that Step 2) of the algorithm
yields the optimum (ML) estimate df at a relatively high
signal-to-noise ratio (SNR).

The computations required by the TSML method largely
depend on how the matrix multiplications, matrix inverse,
and minimum eigenvectors are numerically computed. A
novel implementation reported in [18] can reduce the
computations of the TSML method to the order &f or
evenN. The orderN implementation exploits a property
that the orthogonal complement matr&,, becomes a
band-limited block Toeplitz matrix after a certain row and
column permutation.

The first step of the TSML method is known to coincide
with a method based on a “cross-relation” (CR) property of
the single-input—multiple-output system. This cross relation
is as follows:

Yi(k) x hj(k) = y; (k) = hi(k). (22)

This is a linear equation satisfied by every pair of channels.

By collecting all possible pairs of/ channels, one can
easily establish a set of linear equations. In matrix form,

this set of equations can be expressed as
Yyh=0 (23)

whereY ; turns out to be the same as defined by (19). In

the presence of noise, the solution to (23) can be naturally

replaced by the LS solution

heg = arg ml'gl h? Y Y yh. (24)

IIta|

The CR method is clearly the first step of the two-step ML

method and can be viewed as one-step ML (although it
does not achieve the ML estimate, even when the SNR is

relatively high).
The CR method is named as the LS method in [19]

because it represents the LS solution to the CR equation

(22). This should not confuse the LS interpretation of the
TSML method, as the TSML method minimizes the LS
errors between the original dageand the data modd ;s.
Last, we note that the CR equation (22) also yields
information on L. A method for estimatingl. based on
(22) is available in [19].
2) Channel Subspace (CS) Methodthe CS method re-

formulates the same system (2) as follows:
y(n) = Hys(n) (25)

ABED-MERAIM et al: BLIND SYSTEM IDENTIFICATION

s(n) =[s(n—L), -, s(n+W=1I". (28

H,, is a generalized Sylvester matrix with the dimension
MW x (W + L), as defined in (7) and (8), except for
the dimensions of matrixes. The previous formulation (5)
treats the system outputs as a large single vector, while
the current formulation (25) treats the system outputs as a
sequence of small vectors. The following theorem provides
the foundation for the CS method.

Theorem 2 [15]: Define anothed W x (W + L) gen-
eralized Sylvester matri’, corresponding to another
impulse response vectdr'. If W > L + 1 and the M
channels do not share a common zero, then the relations

range(H),) C range(Hj,)
and
range(H,,) C range(Hy,)

hold if and only ifh’ is proportional toh.

This theorem implies that under the specified conditions,
the range space or, equivalently, the null spaceHof;
determines the channel impulse response uniquely up to a
scalar. To compute the range or null spacdhy;, the CS
method constructs the following covariance matrix:

N-W
1 H
y = — . 2
R, = vy r;Y(ﬂ)y (n) (29)
This matrix has the following structure:
R, =HyR,HY (30)
where
1 N-W
R, (31)

= NCWTl 2::0 s(n)st (n).

It is clear that as long a®, is full rank, the range or
null space ofH,, can be computed from the eigende-
composition of R,. Let the eigendecomposition dR,,
be

R, = EAE"? (32)
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whereE and A are matrixes of eigenvectors and eigenval- the desired information, the direct input estimation may

ues, i.e., have more advantages.
We now introduce three techniques for directly estimating
E=[e, , enw] the input sequence k), k = —L, ---, N—1. They are the
A =diag (A1, -+, Avw)- input subspace (IS) method, mutually referenced equalizers

(MRE) method, and linear prediction (LP) method.
It can be shown that under the sufficient conditions of 1) IS Method: Consider the noise-free data matrix given

identifiability and the choice of window parametdr = by
L+1 (or, more generally, if the window parameter satisfies
(N—=L+1)/2>W > L+1, the input had. + W or more ¥(0), -, y(N=W)] =HupuSwir
modes, and the channels do not share a common zero), the
eigenvalues can be arranged as where
AL 2 2 Anqw > Angw41 = = duw =0 SwiL =
s(=L) s(=L+1) .- s(N-W -1L)
and, therefore s(=L+1) s(-L+2) - s(N-W-L+1)
range(fes, -+, eLiw]) sW—=1)  s(W) - s(N —1)
= range(Hy) L range([ep4w1, -5 emw]).

Swr is a Hankel matrix with the dimensiofi?’ + L) x
Using this relationship and the previous theorem, we know (N — W +1). The subspace defined by the rowsSgf- 1.

that there is a uniqul up to a scalar such that is now called theinput subspace
It is easy to verify that ifH,; has full column rank,
EfHM =0 (33) the data matrix has the same row sparSas, . Let V,
be the orthogonal matrix to the row spaceSif-r, i.e.,
where Sw+rV, = 0. Then, using a property of Hankel matrixes
[28]-[30], it is shown that given the null space $fy 1,
E, =[lec+w+1, - ) emw]. the null space oSy, 11 can be constructed as
Computing the solution to (33) yields the desired estima-
tion. To cope with noise on the system outputs, the CS P([’O \9 }

method computes the least-square error (LSE) solution to

(33), e, where0 is a1 x (N — 2W — L + 1) vector of zeros.

Note that in the above matrix, the upper and lovég
overlap in rows. More generally, the null spaces S,
r=W+4+L-k+1, k=1, .--, W+ L denoted byV(r)
Note that the estimathcs is also a consistent estimator, have the following form:

i.e.,h¢s is equal to the exadi up to a scalar if the additive

hgs = arg ||Irﬂ|in1 BT H%.

noise on the channel outputs is white and the number Vo -+ 0
of output samples is infinite. The performance of the CS Viry=1|: .. . (34)
method can be nearly as good as the ML method unless the 0 - V,

channels have near common zeros [81]. The computation
of the CS method is also on the order &fif N is very

large (i.e., dominating/, L, andW). Further results and s yields, in particular, the following overdetermined
developments on the CS method can be found in [78]—[83]. |inear equations:

k blocks

D. Direct Estimation of the Input S1V(1) =0 (35)

For the aforementioned methods, the focus has been
on the estimation of the system response instead of thewhere
input. Given the system response, the system input can be
found by using (12). An alternative blind estimation scheme St =[s(=L), -+, s(N = 1)]
estimates the input directly from the multichannel system
outputs [28]. The choice between direct system function Which uniquely determines the input sequerie under
estimation and direct input sequence estimation dependssome mild assumption, as shown in Theorem 3.
on the application. For applications such as seismology,
where the system function carries the desired information, _>This requiresMW > L + W, so thatH,, is vertical or square. In
. . . . . the special case wheil@ > L, this condition is shown to be equivalent
the direct system function estimation is preferred. For

= oo . -~ to the absence of common zeros between the scalar polynoffjéls);
applications such as communication, where the input carriessee [15].
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Theorem 3 [28]-[30]: Assume that there exisid” such
that Hp; is full column rank and that the input sequence
{s(n)}-r<n<n—1 contains more tha + L + 1 modes>
thenS; up to a scalar ambiguity is the unique nontrivial
solution of the overdetermined linear equations (35).

In the presence of additive noise, the LSE to (35) is
computed. The IS algorithm can be summarized as follows.

 Calculate the null space 8fy- 1, from the data matrix.
» ConstructV(1) as in (34).
» EstimateS; by minimizing the quadratic criterion, i.e.,
arg ming ||sV(1)||%.
An efficient implementation of the IS algorithm is avail-
able in [31].
2) MRE Method: This method, proposed in [32]-[34],

under a suitable constraint, e.g., Trg&” G) = 1. T and

0 are the(W + L — 1) x (W + L — 1) identity matrix and
the (W + L — 1) x 1 null vector, respectively. Note that the
role of the constraint is to avoid not only the trivial solution
G = 0 but also other nonzero blocking matrixes, i.e.,
matrixes such tha6&“H,,; = 0, which correspond tex =

0 in (38). In [32] and [34], linear or quadratic constraints
are considered to keep the minimization procedure as
simple as possible. Different choices for the constraint lead
to different equalization performances and also different
implementation issues [32], [34].

3) LP Method: For this method, we have to assume that
the inputs are zero-mean temporally decorrelated (white)
random variables. This requirement seems to hold well in
data communications where pseudo-random noise is used

estimates directly the channel inverse or rather a set ofto code symbols. Also, as for all the previous methods, we

zero-forcing channel inverses called MRE. The existence
of zero-forcing equalizers relies on the left-inversibility of
the system matridH ;, which is ensured wheHl ;; is full
column rank.

The simple idea of the MRE evolves as follows. Assume
two MW x 1 multichannel equalizerg; andg;.1, which
satisfy

gily(n)

giy(n) = (36)

where y(n) refers to the noise-free output vector defined
in (26). Then, an obvious assertion is

glly(n) =giliy(n+1), =0, W+L=2 (37)
where the outputs of thedelay andi+1)-delay equalizers
are said to be referenced to each other, up to a sampl
duration delay.

It is shown in [32] that theW + L — 1 relations given
in (37) are sufficient forgg, -+, gw+r—1 to be ideal

zero-forcing equalizers in the noiseless case. We have the

following theorem.

Theorem 4 [32]: Let W be a positive integer such that
Hj, and Sy are full column rank and full row rank,
respectively. Legyo, - --, gw+r—1 be complex-valued vec-
tors of size MW. Assume that the independent rela-
tionshipsgy(n) = gf,y(n + 1) for all n and i are
satisfied. Rewrite the vectors in matrix form & =
[20, -+, 8w+L—1]- Then we have

GHH,,; = oI for some complex numbex. (38)

In practice, the matrixG is estimated by minimizing the
quadratic criterion

N—-W

> IEM)

n=0

J(G)

where
E(n) = [L, 0/G"y(n) - [0, DG y(n + 1)

3It is equivalent to assume th8t1 4 7+ is full row rank; see [19] for
more details.
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assume thag-transform polynomials?;(z) do not share
common zeros.
For simplicity, consider first the noise-free observation

[H(2)]s(n), H(z) = [Hi(2), -+, Hu(2)]

y(n)

where y(n) corresponds to thé/ x 1 vector defined in
(26) for W = 1 and [H(z)]s(n) denotes the output of
the filter H(z) excited by s(n). The basic idea behind
the LP approach is to recognize that the moving-average
(MA) processy(n) [H(z)]s(n) is also afinite order
autoregressive (AR) process. This property is related to the
generalized Bezout identity (see, for example, [21]). It is
known [21] that sinceH;(z) are coprime, there exists a

1 x M polynomial vectorG(z) such that

G(z)H(z) = 1. (39)
eBy applying Gz) to y(n), it follows that
[G(2)ly(n) = s(n). (40)

H(z) can beexactlyinverted by a FIR causal filter. This
relation is the key behind all subsequent derivations.

In order to proceed, some additional notations and def-
initions are in order. Denote by, _1(y) the span of the
past ofy up to timen — 1, i.e.

Hp—1(y) =span{y;(n -1 /i=1,---, M; 1> 1}. (41)

Here, span{z; € I} stands for the Hilbert subspace
generated byx; € I}. Accordingly, denote b¥+,_1, p(y)
the span of the finite past of, i.e.,

Ho-1, P(y)
span{y;(n —0)/i=1,---, M;1 << P}

(42)

The innovation process [3%](n)].cz Of y is the M/ -variate
white noise sequence defined by

i(n) =y(n) —y(n)

where| stands for the orthogonal projection orith The
termy(n)|sx, _, () IS, in fact, the LP ofy(n). The process
y will be said to be AR of orderP if i(n) coincides
with the finite order innovation sequentg(n) = y(n) —
()|, _, p(y)- We have the following theorem.

(43)

Hn-1(y)
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Theorem 5 [36], [84]: y(n) is an ordetl, AR process. Its

innovation process is given biyn) = h(0)s(n), h(0) <

[21(0), -+, ha(O)].

The innovatiori(n) is computed by projecting(n) onto
the space generated by the random variaplgé —1)/i =
1, M,l=1,.---,P} whereP > L. Let[A(1), ---, A(P)]
be M x M LP coefficient matrixes such that(n) +

Sr_ A(k)y(n — k) =i(n). Then it is easy to show that

A(1), ---, A(P) satisfy the following:

[AQL), -+, A(P)R = —[r(1), -, x(P)]

(Yule—Walker equation) (44)

whereR is the M P x M P matrix defined by

r(0) r(1) r(£ -1
R r(—:l) r(:O) r( :— 2)
r(1-P) r(2-P) .- r(0)

with r(k) %' E{y(n+k)yH(n)}. SinceR is not full rank

[36], [84], the LP coefficients satisfying (44) are not unique.

An LS solution to (44) is given by
[A(1)7 T A(P)] = —[I‘(l), Ty I‘(P)]R# (45)

Due to Theorem 5, the covariance of the innovafidris
E{i(n)if(n)} is given byD = ¢2h(0)h*(0), whereo?
is the source signal power. The nonzero eigenvaluB of

equal to\; = ¢2||h(0)||* and the associated eigenvector
d is h(0)/||h(0)||. Let1 = d/v/As. We now have the

following theorem.
Theorem 6 [36], [84]: G(z) = 1H[I + i, A(k)z™*]
is al x M polynomial vector such thd6(z)]y(n) = s(n).
The LP method can now be summarized as follows.
» Estimate the covariance matrixes
N—k-1

r(k) = N_Fk Z y(n+ k)y™(n) '

k=0, P>L

1

» Solve the Yule—Walker equation (44).

« Estimate the covariance of the innovation By =
r(0) 4+ Y1_, A(k)r (k) and estimate vectdr from
its eigendecomposition.

« Use the prediction fiter &) = 17[I +
Yo A(k)z™*] to estimate the inputs(n) by
[G(2)]y (n).

In the presence of additive white noise, it suffices asymp-

totically to replace the covariance matriX0) by the
noiseless autocovariance mati0) — %I, where g2 is
the noise power.

IV. OTHER EXISTING CONCEPTS AND TECHNIQUES

deconvolution techniques, however, can be grouped into
two categories: one consisting of the SOS-based methods
and the other consisting of the HOS-based methods. The
SOS-based methods require a system model for which there
are more than one output signals (unless certain constraint
on the input is applied). It is on this model that the previous
section was focused. In fact, all techniques shown in Section
lIl are based on SOS.

For some applications, there is only a single output
signal available. For the stationary single output system
model, SOS’s are well known to be insufficient to reveal all
information (the phase function in particular) of the system
unless source “training” samples are applied at the input
or an additional property of the input is known. Therefore,
higher order statistics are often necessary for the single
output systems.

A. HOS-Based Methods

There are three subgroups in the category of HOS-based
methods: hidden Markov model (HMM)-based methods,
polyspectra methods, and Bussgang methods.

1) HMM Methods: The HMM methods are useful for
situations where each input sample takes values from a
finite alphabet. Assuming that the system transfer function
is causal and of finite duration, it can be shown [38] that
an ML solution for joint-channel-parameters estimation and
input-symbol detection can be derived.

The Markovian properties of the channel state sequence
enable us to maximize the required likelihood using the
expectation-maximization (EM) algorithm [24], [39]. The
main drawback of this method is the large memory require-
ment and large computational complexity inherent to the
state Markov processes. Reference [40] proposes an on-line
algorithm that significantly reduces the memory require-
ment but still is computationally expensive. Suboptimal
methods that reduce the computational cost are proposed
in [41] and [42]. Another weakness of the HMM methods
is the possible convergence to local minima [43].

2) Polyspectra MethodsThe polyspectra methods [20],
[44]1-[50] explicitly exploit the high-order spectra to first
estimate the channel transfer functiéfz) and then es-
timate {s(n)}. Assuming thats(n) has nonzero skewness,
i.e., E[s(n)?] # 0, then the bispectrum (third-order spectral
cumulant) of {s(n)} contains the phase information of
H(z). It is given by

By(f1, f2) = |By(f1, f2)| exp j¥,(f1, f2)

where

U, (f1, fo) = dua(f1) + oua(f2) — du(fi + f2)
with
H(f)=|H(f)| exp jou(f).

BSI or blind deconvolution has been a well-established For communication signals, the skewness generally is equal
research topic for more than 20 years. The concepts andto zero due to the symmetry of quadratic amplitude modu-
techniques presented in the previous section are only alation constellations. In this case, we replace the bispectrum
sample of more recent developments in this area. All blind by the trispectrum (fourth-order spectral cumulant), and
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similar phase relations can be exploited to extract the phase 4) General Remark:For all HMM-based methods, the

of the channelH(f) [45], [51]. main drawback is the high computational cost (even for
Earlier HOS approaches have been suggested bythe suboptimal methods proposed in [40] and [42]), which

Brillinger and Rosenblatt [52], Wiggins [53], Donoho [54], cannot be accommodated in most on-line applications.

Lii and Rosenblatt [55], etc. Following these pioneering Polyspectra and Bussgang methods also suffer from many

works, various identification methods have been proposedweaknesses, such as the possible convergence to local

to identify the transfer function of linear autoregressive minima [71], [75] and the sensitivity to timing jitter [76].

moving average (ARMA) systems exploiting the cumulants The main limitation of all HOS-based methods, however,

of input and output signals [52]. Detailed studies of consists of their slow convergence rate due to the large

polyspectra methods are available in the tutorial papersestimation variance of HOS and thus the need of a large

[44], [46], [56], and [57]. sample size for accurate time-average approximations of
3) Bussgang MethodsThese methods do not explicitty HOS. Consequently, HOS-based methods cannot be applied

use HOS but try to equalize the channel by minimizing in applications where fast channel variations and rapid

a cost function that contains implicitly the information of adaptivity are essential.

higher order moments of the output. The inverse channel

or the channel equalize_r is a Iineqr filtéf =) app_lied to B. SOS-Based Methods

the channel output to yield an estimate of the input. The

desiredG(z) must satisfy Identification methods using only output SOS appear to

be a recent breakthrough in the attempts to achieve fast
G(2)H(z) = cz™™, c#0 (46) blind channel identification and equalization. Since the re-
cent works by Tonget al. [13] and Gardner [14], a plethora
where the constant time delay. is an inherent inde- of SOS-based methods have been proposed in the litera-
termination in blind equalization due to the fact that a ture. These methods include the matrix pair method [16],
nonminimum phase channel in general will have an inverse [77], cross-relations method [19], [27], subspace method
that is noncausal [58]. [15], [78]-[80], [83], LP method [36€], [84], [85], MRE
A simple example of Bussgang algorithms is the method [32], [34], outer-product method [86], ML method
decision-directed (DD) equalization [65], where the cost [17], [25], frequency-domain methods [87]-[90], and input-

function is subspace methods [28], [29], [31].
All of these methods use a multichannel observation
Jpp(G) = E{|dec[z(k)] — z(k)|*} model that arises from the exploitation of time or spatial
diversity of the received signal. A detailed review of some
where of the SOS-based methods was given in Section lIl.
w(k) = [G(2)ly(k) C. Multiple-Input Case
denotes the closest constellation symbol:t&). multiple inputs deserves mention. The multiple inputs may
More generally, the equalizer parameters are adjusted via'®Present communication signals from multiple users or
the minimization of some mean cost function speech signals from multiple speakers. For such a system,
one often needs to identify each input signal from the
J(G) = E{F[z(k)]} system’s output.

The concepts and techniques developed for the multi-
where F is a properly chosen nonlinearity that reflects the input system have clustered into two major groups: the
level of ISI's in the equalizer output. instantaneous mixture case and the convolutive mixture

Bussgang algorithms generally are adaptive algorithms case.
that update the equalizer parameters using a stochastic 1) Instantaneous Mixture Casdn this case, the trans-
gradient descent scheme [59]. The error function is given fer function H(z) is simply a constant mixing matrix.
by the derivative of the cost functiof. Blind deconvolution of instantaneous mixtures is known
Various Bussgang algorithms have been proposed inunder different names, such as blind separation of sources,
the literature, differing mainly by their selections of the blind array processing, signal copy, independent compo-
cost function F. Chronologically, the first well-known nent analysis, and waveform preserving estimation. The
Bussgang algorithms were successively presented by Satdechniques for this problem depend on ghgriori informa-
[60], Benvenistet al. [61], who extended Sato’s work, tion on the source signals. These techniques include HOS
Godard [62], Treichleret al. [63], [64], who developed  methods [91]-[100] for non-Gaussian source signals, SOS
the well-known constant-modulus algorithm, and Picchi methods [101]-[105] for temporally correlated sources,
et al. [65], who developed the stop-and-go algorithm. cyclostationary-based methods [106] for cyclostationary
Further studies on the convergence properties, performanceemitters, the mutual information method for independent
analysis, and fast implementations have been proposed insources [109], and ML or subspace fitting methods [107],
[66]-[74]. [108] for finite alphabet sources. A detailed review of the
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instantaneous mixture estimation techniques can be found12] Y. You and M. Kaveh, “A regularization approach to joint
in [110].

2) Convolutive Mixture Casein this case, the transfer
function H(z) is a function of z. This case is more

general than the previous one and arises from more ap
plications. HOS-based techniques for this case are reporte

in [112]-[114]. A detailed review is given in [111].

A particular situation arises when the number of inputs is
strictly less than the number of system outputs, F&.z) is
a g x p matrix with p < ¢. As in the single-input case, SOS
equalizatiofi is possible under the fundamental assumption
that the transfer function is irreducible, i.d(z) is full
column rank for eachr. Therefore, identification methods
of such systems generally proceed in two steps: 1) second-
order identification up to a constant matrix (or channel [18]
equalization by removing a convolutional contribution)
and 2) higher order identification of a mixing matrix (or
extracting source signals by separation of instantaneous
mixtures). These methods include the LP method [84], [20]
outer-product method [86], signal subspace method [29],
and subspace method [78], [115].

V.

CONCLUSION

BSl is a fundamental signal processing technology useful
for a wide range of applications. The purpose of this paper [23]
has been to introduce readers to the technology of BSI and
to promote the theory and applications of this technology.
In this paper, we have presented some basic concepts antk4]
technigues of BSI and highlighted some of the recently
developed SOS methods. Other major contributions in this [25]
field have been briefly discussed. The field of BSI is still
developing rapidly, especially in the context of wireless
communications.
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