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Blind Source Separation Using Second-Order
Cyclostationary Statistics

Karim Abed-Meraim, Yong Xiang, Jonathan H. Manton, and Yingbo F&enior Member, IEEE

Abstract—This paper studies the blind source separation e Our paper presents methods for 1) recovering a single
(BSS) problem with the assumption that the source signals are source signal of interest and 2) simultaneously recovering

cyclostationary. Identifiability and separability criteria based on all signals. Since [4] considers only the scalar signal case
second-order cyclostationary statistics (SOCS) alone are derived. o . . '
The identifiability condition is used to define an appropriate it is not possible to derive a method for [4, Eq. (2)].

contrast function. An iterative algorithm (ATH2) is derived to * Moreover, different “cost functions” are used in the two
minimize this contrast function. This algorithm separates the papers. Roughly speaking, our paper finds the matrix that
sources even when they do not have distinct cycle frequencies. whitens the cyclic correlations at various lags, whereas
[4] finds the vector that minimizes the least square error
|. INTRODUCTION between the signal and its cyclically shifted version.

LIND source separation has recently become an intense reThe rest of this paper is organized as follows. Section Il in-

search topic in many app]ications such as remote Sensiﬁ&)’ates some definitions and introduces the problem of BSS to-
speech processing, medical diagnosis, and wireless commun@gther with relevant hypothesis. In Section Ill, a necessary and
tions. It is motivated by practical scenarios which involve mupufficient condition for BSS using a set of cyclic correlation co-
tisources and multisensors. A basic model for BSS is that of efficients is given. Under this condition, two separation criteria
statistically independent signals whasgpossibly noisy) linear are introduced: firstin the case of sources with distinct cycle fre-
combinations are observed. Given these observations, BSS affencies and then in the general case of sources sharing same
to estimate both the structure of the linear combinations and #xcle frequencies. In Section IV, we consider the case where
source signals. For BSS to be possible, something extra masty one or few signals are of interest. Condition for partial
be known about the source signals. In this paper, the extra @mentifiability, separation criteria, and new noniterative separa-
sumption is that the source signals ayelostationanf1]. This tion algorithms are given. In Section V, new iterative (and pos-
assumption is reasonable since many man-made signals encasibly adaptive) optimization algorithms for BSS using SOCS are
tered in communications, telemetry, radar, and sonar systemsgmesented. These algorithms minimize a certain contrast func-
cyclostationary. Other papers that perform BSS based on thistsa derived from the separation criteria of Section Il using the
sumption include [2]-[5]. technique of natural gradient [10]. Simulation results and con-

This paper restricts its attention to methods based on secool@iding remarks are given in Sections VI and VII, respectively.
order cyclostationary statistics (SOCS). It derives necessary and
sufficient conditions for successfulBSS based on SOCS alone. It- I
erative and noniterative optimization algorithms for BSS are de-
rived. Simulation results illustrate the validity of these methods. Assume thatn source signals impinge on an arrayroéen-
This work can be seen as a new contribution above and Is&rs, wherex > m. The output of each sensor is modeled as a

yond the contributions in [4]. More precisely and comparativelyeighted sum of the source signals corrupted by additive noise.

. PROBLEM FORMULATION

to [4], we can say the following. This can be expressed in vector form as follows:

» Whereas [4] considers only a scalar signal, our paper con-
siders a vector of signals. This is a significant extension. x(t) = y(t) + w(t) = As(t) + w(t).

* Indeed, when considering a vector of signals, it is nec-
essary to perform source separation. Necessary and siére,s(t) = [s1(t), - -+, s, (t)]T is them x 1 complexsource
ficient conditions for being able to separate the sourcesctor, w(t) = [w1(t), - - -, w,(t)]* is then x 1 complexnoise
are given in our paper. These conditions cannot be derivegctor A = [ay, - - -, a,,] is the unknowm x m full column
from [4]. rankmixing matrix and the superscrift denotes the transpose
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Here,.J] = /-1, and{-) denotes the time averaging operator Remarks:

(see [1])

Py

t=0

lim
T—oo

(Mtsift +m)si(1) = si(t+ 1) (2).

Furthermore, eacl¥; is a nonzero cycle frequency of source

<. The cyclic autocorrelation functiop;(7) is defined to be
pi(7) & (si(t + 7)s1(£)e?Pt) and satisfiep;(0) > 0. The su-
perscriptx denotes complex conjugate, whereas the superscript
* denotes the complex conjugate transpose of a vector. The ad-
ditive noisew(t) is modeled as a stationary complex random
process so that [1]

(PPt (t+T)wi(t)) =0 Vi, 7.

The output cyclic correlation matrRﬁ;af)(T) is defined to be
R (1) L (2P (t 4+ 7)x" (1)) .

Under the above assumptions, the cyclic correlation matrices of
the array output take the following structure:

R;ai)(r,—) - pj(’r)aja; 4)
{418;=8:}

where the sum is over all sources with cycle frequeficyin
particular, if all sources have distinct cycle frequencies, i.e.,
Bi # B for ¢ # j, then only source contributes toR,S;@f)(T)
which becomes

R (1) = pi(m)aial. (5)

The aim of blind source separation is to findanx n sep-
arating matrixB = [by, ---, b,] such thats(¢) = Bx(¢) is
an estimate of the source signals. Note that it is not possible
to uniquely identify the separating matB (or, equivalently,
the mixing matrixA) because the exchange of a fixed scalar
between the source signal and the corresponding colunda of

leaves the observations unaffected. We take advantage of this in3)

determination to assume that the emitter signals have unit-norm
zero-lag cyclic autocorrelation coefficients, i.e.,

pi(0) = (%" si(t)s} (1)) = 1. (6)

In addition, thenumberingof signals with the same cycle fre-
quency is immaterial. The best that can be done then is to deter-
mineB up to a permutation and scaling of its columns [6]. That
is, B is a separating matrix if

By(t) = PAs(?)
whereP is a permutation matrix and a unitary diagonal ma-
trix. Note that if all sources have distinct cycle frequencies, then
the numbering of signals is possible according to the numbering
of the cycle frequencies. In this cad®js a separating matrix if

By(t) = As(t)

for a given unitary diagonal matriA.

1) For simplicity, we have adopted here the definition of

second order cyclostationarity given in [1]. A more rig-
orous definition can be used as follows: A zero-mean
second order cyclostationary process) is character-
ized by the property that its time-varying autocorrelation
rs(t, 7) = E(s(t + 7)s*(t)) varies periodically with re-
spect to timet. Thus, it accepts a Fourier series represen-

tation, i.e.,
ro(t, Ty =Y i (r)e
gecC
1 T—1
() = fim D rat et
t=0

where the Fourier coefficients’ () are called the cyclic
autocorrelation at cycle frequengy and

C={pl0<pB<2r and r2(r) £0}
is called the cycle frequency set«if). Itis shown in [14]
that if s(¢) is a mixing process, a consistent and asymp-
totically normal estimator of?(7) is given by (the time
averaging operator)

T TZ s(t+7)s

i3 f
C’l

2) In this presentation, we have considered one cycle fre-

quency for each source signal. In practice, the sources’ en-
ergy may be distributed to more than one cycle frequency.
In that case, we can replafeiaf)(v) by a linear combi-
nation of cyclic correlation matrices that adds coheréntly
the energy of the considered source over its different cycle
frequencies. Another possibility, is to use several cycle
frequencies (i.e., several cyclic correlation matrices) for
each source signal. The important point is that such data
preprocessing does not affect the algorithm derivations
given in the sequel.

The mutual independence of the sources expressed by (1)
is afundamental condition for blind source separation. On
the other hand, conditions (2) and (3) are not necessary
and can be relaxed.

In fact, condition (2) is only used to select one partic-
ular source signal by selecting its corresponding cycle fre-
quency. The case where (2) is not satisfied is equivalent to
that where several sources share a same cycle frequency.
This case is treated in Theorems 2 and 4 of this paper.

Condition (3) is only used to constrain the separating
matrix output to have nonzero cyclic correlation coeffi-
cients. Thus, it can be replaced by the condition

|<6J'87'tsi(t)s t)>| >0 Vi @

which is always satisfied if; (¢) is cyclostationary with
cycle frequencys;. For simplicity, we keep using (3) but

IFor example, ifC; denotes the cycle frequency set of souread if C; N
C; = P fori # j, then we can coherently combine cyclic correlation ma-
trices according t&®R{()
(nonzero) eigenvalue dr{?)(7).

= Y pec, AREP(7), whered is the largest
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will indicate briefly in Sections IV and V how the pro- Proof: DefineC = BA = [cj]1<i, j<m SO thatz(t) =
posed algorithms are modified if we replace (3) with (7)Cs(t) + Bw(¢). It follows from the mutual independence of

the source signals and the stationarityweft) thatr;;(v) =

[Il. CONDITION FOR IDENTIFIABILITY ciicj;pi(T). BecauseB is a separating matrix if and only €
. . i is a unitary diagonal matrix, it is sufficient to show that (8) is

This section states and proves a necessary and sufficient con-. . . . . :

- ) . : equivalent taC being unitary and diagonal. This readily follows
dition for blind source separation via second-order cyclost,

tionary statistics of the array output. The definitions and notfl}—Om the fact thatp;(0) = 1 for all <. In particular, if C is

tion in the previous section are used. Unitary and diagonal, then;cj; = 0 for all i # j, ande;;cj; =

12 Z 1if 4 = 4. This impli i i
Recall thatp;(7) is the cyclic autocorrelation function of jeiil” = % ifi=J. T,t"S implies (8).' anvers_ely, 'f. (8) IS true,
. . . : then|c;;|? = 1, andct, = 0 for all j # i, that is,C is unitary
the ith source signal. For a given set of nonzero time lags st

: . nd diagonal. O
7, o, i, thel x (K + 1) cyclic autocorrelation vectap, Theorem 2 is a generalization of Theorem 1.
is defined to be

Theorem 2: Assume that the identifiability condition is satis-
fied, thatis, if3; = j3;, thenp;, andp; are linearly independent.

pi = [pi(0), pi(ma), - pilTac )] Then,B is a separating matrix if and only if

The following is a necessary and sufficient condition for

. . . . . . ri:(k)=0 and r;(0)=1 9
BSS using only the cyclic correlation matrlc%f?)(v), i = i(k) ©0) ©)
1, ---,mattimelag, r, ---, 7x. f .,

P A . oralll <i#j<mandk=0,m, -, 7x.

Identifiability Condition: For anyK > 0, blind source sep- Proaf'L\jévéj gx?;nd the proTcljf of ?F\eorem 1 Recall
aration can be achieved using the output cyclic correlation MRat C - BA. Write it asC = [e, el Coﬁsider

i B\ — - i - : - Tl ;
trices {Rg™/(7)[¢ = 1,---,m; 7 = 0,7, -, 7k} if and any sourcei. Let iy, ---, i; be all the sources (including
only if there do not exist two distinct source signalé¢) and §) with the same cyclic frequency as sourée Define
s;(t) whose cycle frequencies are the safe£ /3;) and whose s;(t) = [s1,(t), -, s:,(£)]T as the corresponding column
cyclic autocorrelation vectopgandp; are linearly dependeft. |, o.tors ofCli e C. — [é‘ .-, ¢, and

Sy v 19 y ~r )y

The sufficiency of the above condition follows from Theo-
rems 1 and 2 below. A proof of its necessity is now given. S () = (s (¢ (5 — diaglp: ‘
Proof: Without loss of generality, assume that the source i(7) =it 4 m)si()e™™) = diaglpia (7). pi (7))
vectors(t) is such thapy; = 8, andp, = p,. Forany mixing R/ (7) = (z(t + 7)z"(t)e’”*) = C;8,(7)C/

matrix A = [ay, -- -, a,,], define another mixing matriA =
[a1, a2, ag, - - -, a,,], where where the last equality comes from (4). The supersdiipte-
notes the complex conjugate transpose of a matrix. Using these
(a1, da] = [ar, 2] [ cgse sine} ' matrix notations, (9) leads to
’ ’ —sinf cosf

Y RI(0)=cc’ =1
Similarly, define another source vect@(t) by s(t) = 3,

[51(%), 52(8), s3(t), - -+, sm(t)]F, where
Otherwise, C is unitary (and thus, in particulaC; is full
51(t)|  |cos@® —sind | |s1(t) column rank), and
{52@)} o [sin@ COSQ:| |:32(t):| '

R (k) = C;Si(k)CH isdiagonal fork =71, -- -, 7x.
Then, it is readily verified that the output vectoxgt) =
As(t) + w(t) andx(t) = As(t) + w(t) have the same cyclic We can then conclude th@t; = P A, whereP is a permutation

correlation matrices at time lads 71, -- -, 7, as well as the matrix, andA = [AT, 07]*, whereA,; is anl x I unitary
source vectors(t) ands(t). [0 diagonal matrix by using [6, Th. 2]. O

The following theorem gives a separation criterion for when lterative algorithms based on the criteria in Theorems 1 and
the source vector has distinct cycle frequencies. 2 are derived in Section V.

Theorem 1: Assume that the cycle frequencies of the source
signals are distinct. For any mati¥ definez(¢) to be then x 1 IV. CONDITIONS FORPARTIAL IDENTIFIABILITY

vector given byz(¢) = Bx(t). In addition, define its cyclic
cross-correlation; ; () & (z:(t + 1)z} (t)e’?"). Then,B is

a separating matrix if and only if

The identifiability condition in the previous section assumes
that all the source signals are to be separated. This section gen-
eralizes the results of the previous section to when only certain
sources are to be separated. Furthermore, explicit formulae are
given for determining the separation matrix.

We first assume that the source signals have distinct cycle fre-
foralll <i#j <m. quencies. Leb; be ann x 1 vector. Analogously to Theorem 1,

2Note that with the scaling convention (), andp , are linearly dependent ?t can be _ShOWﬂ that the Sca_llar random variable) = b;x(t)
ifft p. = p;. is an estimate o§;(¢) [that is, bfAs(t) = «s;(¢) for some

7’@'(0) =0 and 7’”‘(0) =1
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unit-norm scalary] if and only if the following two conditions nalize§ the matricesM;(k) for k = 7, ---, 7x, where
hold: M, (k) EUHR-V2R,(k)R-H/2U;, and R;(k )“ef< (t +
k)x*(t)e?P*). Then,B; separates out the source signals with
<|zi(t)|2 Zewﬂ> -0 (10) common cycle frequency;, that is,z;(t) = Bx(t) is an
i estimate of; ().

Proof: We seek to solve (12)—(14). Observe that (12) and

([Pt =1. (11)  (13) are equivalent to
This leads to the following theorem for separating a single BYRB; =1 and Bf{R7B7 —0.
source signal when each source has a distinct cycle frequency.
Theorem 3:Define the vectorb; = R #/Zc;, where Therefore, if we define ther x d; matrix U, "< R#/2B,, the

R~H/2 is the conjugate transpose @ ~'/%, and R™*/2 proplem becomes
is the pseudo-inverse of an x m square root of R _
(x(t)x*(t) XL, e?"). The vectore; is the least eigenvector UfU; =1 and U/R™VRRH/?U; =0.
of RTVZRR™/2, where R;=(x(t)x"(t) ¥, ).
Then, b; separates sourcg that is, z;(t) = bIx(t) is an
estimate ofs; (¢).

Proof: We seek a solution to (10) and (11). Observe th
(10) and (11) are equivalent to

This shows thallJ; can be taken to be any orthogonal basis
of Ker(R1/2R;R #/2). V, should be chosen to satisfy
5%4) In other wordsV; is a unitary matrix that joint diago-
nahzesM (k) [i.e., such thatv,M;(k)VH are diagonal] for
k=7, -, K. O

Remarks:

1) The number of sources can be estimated as the number
of nonzero eigenvalues @R, e.g., [11]. Similarly, the
number of sourceg; with cycle frequency; can be esti-
mated as the dimension of the kerneRof /2R, R~"/2.

lei =1 and C?R—I/QRiR—H/QCi -0 2) In the case where (2) is not satisfied, we replace (11)
by |{|z:()[*c¢’?*)| > 0. As a consequence, the con-
whose solution is given by the least eigenvector of  StraintshbRb; =1 andB/RB; = I are replaced by
R-V2R,R-H/2, 0 b:U,Ulb; = 1 andBH U, U B, = I, respectively,
We now consider the general case where we permitthe source  WhereU denotes the x m matrix of them principal left
signals to have common cycle frequencies. The following no-  Singular eigenvectors d&. Using the new constraints, the

biRb; =1 and biR;b; = 0.

Therefore, if we define then x 1 vectorczdefRH”b the
problem becomes

tation is used. Assume there afedistinct cycle frequencies separating vectds; and the separating matr; are ob-

B, -+, Ba and for eachi, there are precisely; source signals tained by replacing in their respective expressiBiig?
with cycle frequencys;. (Clearly,m = dy +- - - +d,.) We write by U, i.e.,b; = Usc; andB; = U, U; V.

s(t) = [sT(t), ---, st(t)]", where each vectoy; (t) contains

thed; source signals with cycle frequenﬁy. Similarly, we par- V. IMPLEMENTATION

tition the mixing matrix asA = [Aq, -+, Ay4]. The algorithmic implementations of Theorems 3 and 4 can

The following result is an extension Of Theorem 2 and can I obtained easily from the theorems themselves. This section
proved in a similar fashion. Let;(t) = Bf’x(t) be ad; x 1  derives an iterative optimization algorithm based on Theorem

random vector satisfying 2. An implementation of Theorem 1 follows readily from this
because Theorem 1 is essentially Theorem 2 Witk 0.
A gt _ 12) Based on Theorem 2, we define the following contrast func-
< t)zi(t Z © > 0 (12) tion [12]:
B;#8;
IR .
(2t ) =1 13 Gy Z S° [+ P+ s () =i ()]
(z:(t + k)z;(t CW> is diagonal (14) k=g 1<Z<J<m
—_1|?

fork =, -+, 7. Then,z;(t) is an estimate of;(¢) [that is, - Z [7ii(0) = 1] (15)

B As(t) = PAs;(t), whereP is a permutation matrix, andl
anonsingular diagonal matrix]. This leads to the following gefwherer, = 0. Note that other contrast functions are possible;
eralization of Theorem 3 for separating sources with a comm@iz) turns out to be a convenient choice. The separation crite-

cycle frequency. rion of Theorem 2 takes the form
Theorem 4:Define the matrixB; = R#/2U,V,,
where R~/ is defined as in Theorem 3J; is anm x d; G(z(t)) = 0 = B is a separating matrix (16)

matrix whose column vectors form an orthogonal basis of o o e _
3An efficient joint diagonalization algorithm is presented in [6].

—1/2p p—H/2 iy def JB;t
Ker(R / RZR / ) Wher.e Ri= (x(_t)x*(t) Z,_ﬁj;é,&- 6_ ’ 4The proof is similar to that of Theorems 3 and 4 and thus is omitted for
Y, and 'V, is a d; x d; unitary matrix that jointly diago- simplicity.
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where z(t) = Bx(¢). The following method of solving Here,Re(z) andSm(x) denote the real and imaginary parts of
G(z(t)) = 0 was inspired by [7]. It is a block algorithm basedhe complex variable:. The solution of the LS minimization
on the natural gradient technique [10]. Solutions are obtainptbblem is

iteratively in the form

) _ _ [ L@ @, @) L(w_ ®
sy AV ) G-
— ® @ @ L @ W
Z(P-l-l)(t) — (I+6(P)) Z(P)(t) (18) it <|: i r;; :| |: JJ » Tig :|) |: JJ » Tig :|
AL ey L e
At iteration p, the matrixe® = [Ggg)]1§i7j§nl is determined {2 (r“ T ) 2 ( Tij” = Lji )} (23)

from a local linearization of7(Bx(¢)). It is an approximate
Newton technique with the benefit thel®” is simple to com- Where the superscrigt denotes the pseudo-inverse of a matrix.
pute (no Hessian inversion) under the additional assumption tatilarly, fori = j, we obtain
B is close to a separating matrix. The derivatioa(¥ is now -
given. o _1- Tii (0)' (24)
At the pth iteration, we approximat@g)(f)d:ef@? )t + i 2P (0)

*(p) J8;t ; :
)z (t)e’™*) by its sample estimate Wheng; # j3;, we can further simplify (20) by using the
| Tk fact that|(» (”)(t + k)z (p)*( t)e’?t)| < 1. The approximation
(k) = T AP+ k)P (1)t (19) becomes <P+1>( k) ~ 7(p)(k) + ;PP (k). Substituting this
TV =1 into (15) Ieads to

wherel” is the number of observations. Whén= /3;, by using *
(p) r?
(18), we have PRCO N el ¥ L

i
(p+1) del /' (p+1) APHD) v I8t
I G @ R 1))

(25)

_ ) ‘ @) . ) ‘ In summary, the iterative algorithm for Theorem 2 is as fol-
- # (t+ k) + Z Cig #q (t+k) lows. Use (19) to computeﬁf) defined in (22). Compute the
=1 diagonal elements of the matré¥’) by (24) and the off-diag-
' <Z<p> N Z R ) .t> ~ onal elements by (23) if; = 4 or by (25) it %; # ;. Finally,
I updateB andz(¢) by (17) and (18).
The iterative algorithm for Theorem 1 is the same as for The-
By assumptionB®) is close to being a separatin matnx Thi®rem 2 with the simplification that the off-diagonal elements are
implies that the following terms are neghglblezp | <« 1, Ccomputed by
(= Z(10)(t + k)z (p)*() Bty <« 1forl # i, and|(z (p)(t + 7’(»17)(0) *
k)2P*(#)e?%1)| < 1for g # j. Afirst-order approximation =~ < O )
of 7(”“)( k) is thus given by 755 (0)

(26)

Remarks:
(p-i—l) *(P)

ri (k) & 7’%))( )+ €5 (k) + Eﬁ’) (p)( k). (20) 1) Adaptive versions of the above algorithms for Theorems 1
and 2 can be derived following the approaches presented

Wheni # j, e(p) is chosen to be the solution of the following in [8], [9], and [13].
least squares (LS) minimization problem obtained by substi- 2) Similarly to the previous algorithms, we can generalize
tuting (20) into (15) the iterative algorithm to the case where (3) is not satis-
fied. In that case, we replace in (8) and (9)0) = 1 by
min [ (p)7 7(5))} E® |7::(0)| = 1, which leads to the same updating equations
7 ! (17)—(26) except that (24) is replaced by
Lo, @y 1o _ »
+ |:2 (r“ +r’” ) 2.] ( ij ‘” ) (p) 1- 7zi (0)‘
where 2\ (0)‘
() & ®)
o ij NI (:“
ED Y [ ( (p)) ( (p))] (21) VI. NUMERICAL SIMULATIONS
¢ (6” ) b (6“ ) This section presents simulation results for the four algo-

T rithms derived from Theorems 1 to 4. These algorithms are, re-
)} (22)  spectively, called ATH1, ATH2, ATH3, and ATH4 for conve-
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nience. The performance of each algorithm is measured by its
“mean rejection level” performance index [6] defined as

2
Iperfd:efz E[BA)p|* |(BA)M|2 .
o EI(BA),|

It is estimated by averaging 100 independent trials. Each simu-
lation is based on the following model. A five-element &

5) uniform linear array with half wavelength sensor spacing
receives two signalsn{ = 2) in the presence of stationary
complex temporally white but spatially colored noise. The two
signals are first-order autoregressive Gaussian processes [with
coefficientsa; = 0.95exp(10.5) anday = 0.5exp(30.7)]
modulated by sinusoidsos a; and cos a2, respectively. The
sources are thus cyclostationary with cycle frequerzigsand

2c5 (see [1]). The sources arrive from the directigns= 10
and¢, = 30°. The snapshot size i = 1000 samples. The
signal-to-noise ratio (SNR) is defined as SNR-101log;, o2,
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Fig. 7. Performance of ATH2 versus delays (lags), where SNRdB.

wheres? is the noise variance. The noise covariance is assumed

to be of the formR.,, = /no2QQ/||Q||?, whereQ is given
by QU = 0.9,

Example 1: The cycle frequencies of the two sources are [6]

£1 = 200 = 0.6 andfs = 200 = 1.4. Figs. 1-3 show the
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B©® = A# + A, whereA denotes a small perturbation ma-
trix.5 The figure shows the robustness of ATH1 to differBf? .

The performance of ATH3 against SNR is shown in Fig. 4.
Simulation results of ATH3 are similar to those of ATH1.

Example 2: The cycle frequencies of the two sources are
£1 = P2 = 0.6. Figs. 5 and 6 show the mean rejection levels
of ATH2 and ATH4 versus SNR. The number of time lags used
was K = 4. Both ATH2 and ATH4 achieve good separation
performance for moderate to high SNRs. Fig. 7 shows the per-
formance gain caused by increasing the number of lageve
have found experimentally that the gain in performance is most
notable in difficult environments such as poor SNR, small spec-
tral difference, ill-conditioned mixture matrix, etc.

VII. CONCLUSION

This paper studied the blind source separation (BSS) problem
with the assumption that the source signals are cyclostationary.
Identifiability and separability criteria based on second-order
cyclostationary statistics (SOCS) alone were derived. The iden-
tifiability condition was used to define an appropriate contrast
function. An iterative algorithm (ATH2) was derived to mini-
mize this contrast function. This algorithm separates the sources
even when they do not have distinct cycle frequencies. If the
cycle frequencies are distinct, then ATH2 simplifies to ATH1.
Because these algorithms separate all the source signals they
may be inefficient if only a small number of sources are of in-
terest. A noniterative algorithm (ATH4) is derived to separate
only those sources of a particular cycle frequency. When all
source signals have distinct cycle frequencies, ATH4 simplifies
to ATH3. Simulation results showed the performance of these
BSS algorithms.
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