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Abstract—Blind identification of underdetermined mixtures
can be addressed efficiently by using the second ChAractetis
Function (CAF) of the observations. Our contribution is twofold.
First, we propose the use of a Levenberg-Marquardt algoritim,
herein called LEMACAF, as an alternative to an Alternating
Least Squares algorithm known as ALESCAF, which has been
used recently in the case of real mixtures of real sources. 8end,

can often favorably replace Principal Component Analysis
(PCA), when available data measurements can be arranged
in a meaningful tensor form [13]. Indeed, the CanD comes
with a nice uniqueness property [14]-[18] and some simple
numerical algorithms [10], [19], [20].

Due to multiple connections between the two areas, these

we extend the CAF approach to the case of complex sources forgdvantages have been rapidly exploited for Bl purposes-[21]

which the previous algorithms are not suitable. We show that
the complex case involves an appropriate tensor stowage, veh
is linked to a particular tensor decomposition. An extensia of
the LEMACAF algorithm, called LEMACAF C is then proposed
to blindly estimate the mixing matrix by exploiting this tensor
decomposition. In our simulation results, we first provide gerfor-
mance comparisons between third- and fourth- order versios
of ALESCAF and LEMACAF in various situations involving
BPSK sources. Then, a performance study of LEMACAK is
carried out considering 4-QAM sources. These results showhat
the proposed algorithm provides satisfying estimations ggecially
in the case of a large underdeterminacy level.

Index Terms—Blind identification, blind source separation,
characteristic function, complex sources, underdetermiad mix-
tures, tensor decompositions

I. INTRODUCTION
LIND Identification of linear mixtures (BI) has now
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become a major area of signal processing. For instan
since the theory of Independent Component Analysis (IC%
[1], this subject has been at the center of many theoretiq:ﬁ

[24]. In addition, tensor-based algorithms allow to solke t
problem of underdetermined mixturés(when the number of
sources is greater than the number of sensors), which amises
many practical situations, especially in telecommunarz]
and in which we are presently interested. A first class of
algorithms exploits the trilinear nature of the observagicand
the CanD of the data tensor provides a direct source estimati
For instance, this deterministic approach is widely used in
fluorescence spectroscopy [10], [11]. When the observation
diversity is not sufficient, one can resort to a second cldss o
algorithms, using the multilinearity properties of Highder
Statistics (HOS) [20]. A large majority of these algorithms
involves a tensor containing the cumulants of the obsemati
the decomposition of which leads to the blind identification
of the mixing matrix [23], [25]. This is notably the case of
FOOBI [26], FOOBI2 [22] and 6-BIOME [27] algorithms,
which use 4th and 6th order cumulant tensors, respectively.
vertheless, a different class of Bl methods not explgitin
mulants but the second ChAracteristic Function (CAF) of
observations, has been proposed in [28]-[30]. We are par

works while relgted mgthgds f"md algorithm§ have begn Sll’f(‘:'ularly interested in the approach originally propose9],
cessfully used in applicative fields, notably in telecommunleading to efficient algorithms such as ALESCAF [30]. In that

cations [2], acoustic [3] or biomedical engineering [4]] [5

among others; see [6], [7] for surveys.

work, the authors showed that partial derivatives of th@sdc
characteristic function can be stored in a symmetric tensor

In the megntlme, tensor.anaIy_S|s has gained attentlon N BHe canD of which provides a direct estimation of the mixing
merous application areas involving data analysis such gs Pfhatrix up to trivial scaling and permutation indetermiresci

cometrics [8], Arithmetic Complexity [9] and Chemometricqn [30], the ALESCAF algorithm is applied to a data tensor

[10], [11]. In particular, the Canonical Decomposition (ICY

constructed from third-order derivatives of the charastier

[8] also known as PARAllel FACtor analysis (PARAFAC)f,ction. |t is worth mentioning that the ALESCAF algorithm

[12] has met with success. One of the reasons is that Ca
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ARs only been applied to BI problems involving real sources
(e.g. BPSK and 4-PAM). The present study notably genealize
the CAF approach to the case of complex mixtures of complex
sources, which often occurs in digital communications and f
which the ALESCAF algorithm needs non trivial extensions.
The paper is organized as follows. In Section I, the
Bl problem is formulated and the CAF approach is briefly
presented by first considering the case of real sources. A
new LEMACAF algorithm that copes with the real case is

© 2010 IEEE
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also introduced in this section. In Section lll, we trangpodunction into the sum of the sources individual generating

the CAF approach to the case of complex sources. A néunctions:

core equation is obtained and an appropriate decomposition

of. the derivative tensor is detailed. In order .to implement @Z(u(s)) log E |exp Z“

this more general approach, we propose a suitable algorithm

called LEMACARFC in Section IV. Computer simulation re-

sults considering both the real and complex cases are egpotsing the source independence property, we get:

respectively in Sections V and VI. The paper is concluded

in Section VII. Matlab codes including notably ALESCAF, ®.(u®) = Zs@k (Z anugﬁ) ) (1)

LEMACAF and LEMACAFC algorithms can be found at

http://www.i3s.unice.frfpcomon/TensorPackage.html.
Notations: In the following, vectors, matrices and tensor

are denoted by lower case boldfa@, upper case boldface

(A) and upper case calligraphicd) letters respectivelya;

is the it coordinate of vectom and a; is the it* column

of matrix A. The (i,7) entry of matrix A is denotedA,; X

and the(i, 7, k) entry of the third order tensad is denoted 07®.(u'?) — ZH wHosk - Hyp oo Goey (2)

. . . . . ni na np SK

Ajji,. Complex objects are underlined, their real and imaginary Otn,un, -+ Oun,

parts are denote®{-} and<{-} respectively. E.] denotes the

expected value of a random variable.

nksk
n,k

Equation (1) is the core equation of the CAF approach in
the real field. Differentiating (1)P times with respect taP
components oRY, denotedu,, , un,, -, un, , and defining

def oP (s) X
G & Zorn Marti) e optain:

OUny OUny - OUn p

withn, =1,...,N andp = 1,..., P. These derivatives could
be stored in aP-th order tensor but in practice, the partial
derivatives of®, are computed ir§ points @) - .- u(®) of
R™. The objective is to increase the order of the tensor, aiming
at achieving a better estimation quality. Hence, we now lzave
We consider here the classical linear model of a noigy’ +1)-th order data tensor, the last dimension describing the
mixture of K stationary sources received by an array/of S differentiation points. The key issue of the CAF approach
sensors. The mixture is instantaneous and under-deteimiizethat (2) is nothing else but the ramk-(truncated) CanD

II. PROBLEM FORMULATION AND CAF APPROACH IN THE
REAL CASE

(N < K) and defined by a mixing matrid = [hy, ..., hx] € of the data tensor, which allows the identification of matrix
RN*K  Define alsoz(m) = [z1(m),...,zn(m)]" € RY, H. Indeed, when the number of sources is smaller than the
s(m) = [s1(m),...,sx(m)]T € RE andn(m) € RV as the generic rank of the tensor, this decomposition admits an
m'" realizations of the observation, source and noise vectogssentially unique solution faH and G, (i.e. up to scaling
respectively,n = 1,..., M. According to this linear model and permutation of their columns), whe is the S x K
we have: matrix with entriesG .

z(m) = Hs(m) + n(m). The general structure of CAF algorithms can be summarized

as follows:

Algorithms from the CAF family use the partial derivativefs o
the observations characteristic function to identify thizing
matrix H under the following assumptions:

H1. The mixing matrix H does not contain pairwise
collinear columns.

H2. The sources$,...,sx are non-Gaussian and mutu-
ally statistically independent.

H3. The number of sourcek is known.

It has been shown in former studies [31] [32] thHt is
theoretically identifiable under these assumptions.

Here, we briefly recall the main steps of the CAF approag
originally proposed in [29]. Let us denot, and ¢, the
second generating functiohef the observations and sourke

1) ChooseS points of RY;

2) Compute for each point orddr partial derivatives of
®, and store the results in a tenspr

3) EstimateH from the rank# decomposition of7 .

Note that the differentiation ordeP is an input parameter
of the algorithm. The higher the differentiation order, the
higher the tensor order, and hence its generic rank for these
dimensions. Consequently, increasing the differentiaticder
should allow to identify mixtures involving a larger numbmdr
s'gl)urces without increasing the number of sensors. The price
0 pay is, of course, an increase in the algorithm complexity
and probably a loss in robustness and accuracy.
The ALESCAF algorithm resorts to a classical Alternating

respectively: Least Squares (ALS) procedure in order to perform the CanD.
or(2) def log E [exp(zsy)], = € R, Algorithm refinements can be added so as to improve the
convergence speed and avoid local minima, such as the En-

3, (u®) ¥ 10gE [exp( (S)Tz)} . u® eRrM. hanced Line Search (ELS) procedure [33], [20]. Other CanD

algorithms can be used [19], [20]. In order to identify thesio
Replacingz by its model and neglecting the noise contribugyitable algorithm in the CAF context, we have compared the
tion leads to the decomposition of the observation gemegatial S-ELS approach with the gradient-ELS descent and the
1 o _ _ _ _ Levenberg-Marquardt (LM) optimization methods for vasou
In order to simplify notations and calculations, withoutyateoretical

impact, we prefer using the generating function insteadchefaharacteristic tensors following model (2) (reSU|t5 not Shown)- Among thes
function. the LM method has shown a good compromise in terms
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of convergence speed and estimation accuracy. In addititmeoretical aspects are similar to the real case, the dearac
the successful tensor-based applications of the LM methistic function core equation (1) cannot be used directlyhia t

in different applications [19], [34], [35] has motivated ts complex field therefore the CanD of the derivatives given in
introduce a LM-based algorithm called LEMACAF, which(2) is no more valid in the complex sources case.

achieves the decomposition of higher-order tensors aactsil The generalization of the CAF approach to the complex case
from the derivatives of the characteristic function asdat: involves the following steps: i) choosing an appropriateeco
Define H(® as the estimated matrix corresponding to thequation, ii) deduce the associated tensor decomposigion b
i'" mode of the CanD (2); = 1,...,P, and G as the differentiating this core equation and, finally, iii) fortating
estimated matrix corresponding to th& + 1)-th mode. Let an efficient algorithm to estimate the mixing matrix from the
THD,... HP), G) be the tensor built from the estimatedstructure of the obtained tensor decomposition. In thisicec
matrices. Note that ideally we should habE! = H® = we address the two first steps.

-..=HWP) =H andT = T. We consider the minimization

of the following quadratic cost function: )
A. The new core equation

1 , 11
fe(p) = §||e<1>(P)||F = 59@(p)e¢(p), 3) Observationz and sources vectors belong now to the
_ O o . complex field as well as the mixing matrid. .
wherees (p) = veo(7 -7 (H'),... \H!"), G))is the residue The second generating function of the observatidns.can

andp is the parameter vector defined as: still be decomposed into a sum of marginal second generating

p= [ (ved HOT)T ... (vedHPT)T  (veq GT))T T’ functions of sourcespy, k=1---K. IP o.rder to see this,
4) start from the definitions ofp, and ¢, in the complex

where veé.) maps a matrix or a tensor to a column vector bgeld. Generating functions of a complex variable are attual

stacking its columns one below the other. The LM update
iterationk + 1 is given by:

p(k+1) = p(k) = [J7(k)I(k) + MK)I] "g(k), (5)

where J denotes the Jacobian matrix given by (k) =

§fined by assimilating to R?. Thus the second generating
unction of thek*" source; taken at the point of C is
defined as a function of the real and imaginary partg: of

PRI}, S{1}) = log E [exp(R{s, JR{L} + S{5,)S{1)] -

1

%g’Tﬁgm, g is the gradient vector given (k) = J(k)Tes(p), In a more compact form we have:
or equivalently: g;(k) = afg’—(j") and (k) is a positive . B .
regularization parameter. At every iteratiéng, J, p and A Pre(R{L}, 3{1}) = log E[exp(R{L"s,.})] ©6)
are updated. There are many ways to proceed, and we retaipfifl pijection also applies td.. Hence,®. taken at the point
the scheme described in [36]: ) w of CV is actually defined irR2Y by

1) ComputeA, (k) = —[IT(k)I(k) + A(k)I]  g(k) i '

2) Computep(k + 1) and deduces(p(k + 1)) &, (R{w}, S{w}) € 1og E [exp(x"R{w} + y S{w})],

3) ComputeY = |fo(p(k + 1)) — fa(p(k))| - | fo(p(k +

1))T_ fa(p(k))|~! were fo = fa(p) + dZ:fJTeq) + wherex = ®{z} andy = &{z} and thus we have
1d/J7Jd, is the second order approximation f. ~
2 p - H
4y if T >0 then p(k + 1) is acceptedA(k + 1) = A(k) * @ (R{w}, H{w}) = log E [exp(R{w"z})] .
1 3 — i
maz (3,1 = (20 — 1)) andv = 2. Otherwisep(k+1)  Nqy, replacingz by its model and neglecting the noise
is rejected, A(k + 1) = vA(k) andv = 2 % v. contribution yields:

Compact forms of the gradient vector and Jacobian matrix for

a third order tensor can be found in [34] and [20]. Those can be d.(w) = logE [exp(éR{ﬂHm})} ,
easily generalized for higher order tensors. After coneecg,

an estimateH of the mixture is obtained from the average of = logE [exp(?R{EH th%})] ;
HW, ... HP after a column-wise normalization. %

It is worth mentioning that, although ELS refinements and
symmetric constraints are applicable to improve the cenver
gence speed of the LEMACAF algorithm, our preliminary

numerical simulation study has shown no significant imp{ovﬁ/hereh is the k" column of H. Then, using the sources
23 1. 3

ment. Therefore, these refinements are not considered h?ﬁﬁ . . . .
. . ; tual statistical ind d hypoth deduce:
Order 3 and 4 versions of the LEMACAF algorithm will be ual stafistical independence hypothesis we can deduce

considered later in Section V. & (R{w), 3{w}) = ZlogE [exp(R{w'h,5,})]
k

log E [H exp(%{ﬂHhkﬁk})l )
k

IIl. EXTENSION TO THE COMPLEX FIELD 4 (6 vield
an ields:
In this section, we generalize the Bl problem based on ©y
the characteristic function to the complex field, i.e. to the §_(R{w}, S{w}) = Z@ (R{w'h;},S{w'h;}) .
case of complex mixtures of complex sources. Although the o o B T T
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Finally, we define two real matriceA andB so thatH = 1) Order 2 derivatives. At order 2, we obtain:
A + jB. This leads to the new core equation that copes with
the complex case: 2P (w® K K
N ﬁ\ﬂ;) = D ApApGii = Y A BuGii
O (R{w}, S{w}) =D @ (Z A R{w, }+ v k=1 k=1
k n K K
Z By Agr G + Z By Ba G5 (9)
Bnk%{wn} ) Z Ank%{wn} - Bnk%{wn}> . (7) k=1 k=1
Note that defining®. and ¢, in R*" and R? respectively
instead ofC"¥ and C allows their differentiation. Hence, the 52§)Z(W(s)) K K
next step is the differentiation of (7). “on0u, Z BBy Gl + Z B Agk Gl +
k=1 k=1
B. Differentiation of &, (R{w}, S{w}) K K
— - 12 22
Let us defineu = R{w}, v = S{w} andw = (u,v), ZApkquGSk +ZAPkAquS’“(1O)
so thatw belongs toR?". From these definitions, (7) can be k=1 =1
rewritten as:
i (w) = -
(8) 82<I)Z(W(5)) _ iA kB kGll +i"4 kA kG12 _
Z Qbk <Z Ankun + Bnkvn 5 Z Ankvn - Bnkun> 3 a’u/pavq h—1 P ¢ sk =1 b ? sk
k n n K K
where Z BpkquG‘];]% - Z BpkAqk Ggl% (11)
o, RN SR k=1 k=1
w o — P (w). where
We also introduce three functiong, g> and g, respectively
, ) . 25 (s)
defined by: Gl — 9 %O(ksgg(w )25) Ci=1,2:j=1,2.
a(w) = Y Autin + Bugvn, 9gi(w(*))dg;(w())
go(w) = Z Apion — Buptin, Th_ereby, each of the three_ second-prder derivatives.(:a)-(l
—~ are given by a sum of four different third-order CanDs involv
and ing the elements of the mixing matrix in different ways. Note
. ) that, since all values g and ¢ are taken into consideration,
g: R —R (9)-(11) cover all the partial second order derivatives.dew
w o g(w) = (g1(w), ga(w)). in Appendix A how to derive (9)-(11) from (8).
Functions@, mapR? to R: 2) Order 3 derivatives: By differentiating both (9) and (10)
SR R with respect tou') andv!®, r = 1--- N, we can obtain the
Yk - - four different order 3 equations. Let us define
g > @r(g)
This yields a compact representation of (8) as follows: ahii _ Pr(g(w))

~ B sk _8 (s)aZ ($))9a; ()"
D.(w) = DBk (9(w)). gn(w')0g:(w'*))0g;(w'*))
k
Using the fact thatz%\! = G12! = G1? and G2 = G172 =

Now, we can compute the partial derivatives ®f(w) with G212 we get:

respect to the realu,,n = 1--- N) and imaginary 4,,n =
1---N) parts of w. Similarly to the real case, in order to N x X
have a sufficient diversity of equations, we have to use Mighm — ZApkAqkAr-kGiil _ ZApkAqurkGillcl_

differentiating orders. The objective is to increase thdeor Oupduqgdur k=1 k=1
of the tensor, with the goal of achieving a better estimation K K
quality. In the theoretical part of this study, we limit oehges D A B AnGi' = Bur A AnGEi' +
to second and third orders, being understood that equations ’“;1 ’“;1
_assoc_lat_ed with higher differentiation orders can be oleti ZApkquBrkGiﬁl n ZBpkAqurkGiil‘F
in a similar manner. Pt Pt

The number of equations can also be increased for a fixed K
differentiation order, by computing partial derivativeis®. in By Bar ArkGoi' — Z Bk Bak Bri G2,
S different points ofR*", denoted here ag®) = (u(*), v(*)), =1 k=1
s=1---8. (12)

M=

bl
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0. (w') _ iA DA BG4 iA DAL A LG It appears that the CanD of these tensors or of any combinatio
OupOug v, pROGRTTRTeR T g PR TR ek of those is insufficient here. Therefore CanD based algosth
such as ALESCAF are not pertinent in this case.
ZAPkquBrkGillcl - ZBpkAqurkGillcl— By applying the same reasoning to third order equations
’C;l kzl (12)-(15), we can build a fifth-order tensd? of dimensions
Z ApkquArngil - Z BpkAqkArngil"‘ (N7 N’ N’ S’ 3) as
k:;( k:;( 7— ag(i)Z(W(s)) . TiB _ 63&)2(“’(5)) . (18)
S BuBuBaGE + Y BuBuAnGRE, M T 5 g B, 0 e T 5 6,6
k=1 k=1
(13) - -
930 (w) - PP, (w®))
7;)qr53 ) pqt;ﬁsél = . (19)

Bv,(,s) Bvés) o’ Bv,(,s) avés) ou')

3% (w®)
UpOUqOr k=1 k=1 Our goal is to devise an algorithm capable of jointly
o estimating the real and imaginary paAsandB of the mixing
> By Agk BriG + ZAPkquBrstk T matrix from 7%2 or 7®3. This issue is addressed in the next
=t =t section.
ZBpkAqkA'rkG221 + ZApkquArstk +
k=1 k=1
K K IV. ALGORITHM FOR THE COMPLEX CASE
AphAge Bk G+ AprAge Ak GE, L .
kzzl e ‘ kZ:l e § A. Building the derivative tensor
(14) First of all, we have to build™®2 or 73 from realizations
. . of z and (16)-(17) or (18)-(19), respectively.
o (w) 111 211 Tensor entries are computed one by one just like in the real
—_— = Bk Bk Arik Gl — Bk Bk Bri G5 = . . . . .
vy OO0, kzl PRk Sk sk kzl phBak BriGak + case. We call’, the first generating function of defined in
K R2N by:
Z BpkAqkArngk + Z ApkquArstk - ~ def
k=1 k=1 L.(w®)=E exp(u(S)Tx—i-v(S)Ty)} ) (20)
K
A BrkGEY =S " Apr By Bre G223+ - N
;:: pROAR TRk ; PRk TRk in order that®, = logT',. In practice, the expected value is

estimated by the sample mean over all realizations. Note tha
pkAqkArkGiil ZApkAqurka. this estimator is consistent but it leads to a biased estmat
k=1 of the partial derivatives ob., if the latter are computed by
(15) finite differences of (20). As in [30], it is preferred to contp
farmal derivatives, and estimate the obtained expressidths
éhe help of sample means.

Let us defineD:(w(*)) as the partial derivatives af. (w(*))
with respect to the components of vectou§” and v(*).
For instance,D;;g(w(S)) is the second-order derivative with
respect to componeni of v(*) and component of u(®,

As we have seen in Section I, in the real case the secoBamples of first, second and third order derivatives are:
order derivatives ofp, can be stored in a third-order tensor,

Mw

Thus, in the case of order 3 derivatives, each equation
now given by a sum of eight fourth-order CanDs involvin
the elements of the mixing matrix in different ways.

C. Tensor stowage and decomposition

the CanD of which gives a direct estimation of the mixing i (o) def OL (W) o

. A L . Dy(w') = ———= =z, (w'¥),
matrix. The situation is quite different in the complex casé P Ouy
we still use a tensor approach to jointly exploit the differe
forms of derivatives. Let us first consider the case of second 92T (s) ~

. . . vu (s)y def FZ (W ) (s)
order derivatives. From (9)-(11), we propose to build a flour Dyg(w'™) = T von. YpTglz (W),
p q

order tensofl ®2 of dimensiong N, N, S, 3) containing all the
three derivative equations by concatenating all the aatexti

3 & s
decompositions, as follows: DY (v (s )) def 0 ‘I’z(W( ))

= ypyq:rrf‘z (W(S)).

. . par -~ Ov,dv,du,
P2 _ 0 (I)Z(W(S)), T<f>2 _ 0 (I)Z(W(S)). (16) ~
N O PN O S S OF SO The first order derivatives ob, are given by:
92, (w® b (w®)  Du(w® )y  D(w®
732, = (w'*) arn 92w pW) 0. (W) Dy (W) 1)

dug vy du, T.(w®) ' v L.(w)
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At order 2, the elements GF %2 (i.e. second order derivatives) The basic scheme of LEMACAE is thus similar to the
are obtained by differentiating (21): LEMECAF one. However, in this case, we are dealing with
D (w(®) D (wl) D (wl) highly structured fourth- and fifth-order tensors (when-con

T8 _ . (22) sidering7®* and 7** respectively). Thereby the parameter
. I (wl®) IZ(wl*) vector, the cost function and the construction of the Jagobi
Duo(w(®)  Du(w*) DY (w(®) matrix and the gradient vector used at each LM update are
7;qs2 = . (w®) - T2(w) , (23) completely different, involving more complicated caldidas.
: In the LEMACAFC-2 case, the quadratic cost function is
e DOV DEWOIDIW) o g !
L. (w(®)) T2 (wle))

1 1
o o fa(P) = 5 llea(P)llF = 5e(Ples(p),
At order 3 the elements of *3 (i.e. third order derivatives)

are obtained by differentiating order 2 equations: whereeg (p) = vec(T — ?‘f?(p)) is the residue ang is the
(s Wl ()N TV f e (8)N T fn (s parameter vector:
s Dprvl)  2Dp(w) Dy (w ) D (wl) .
parst o (w() 3 (w) veqA')
D (ws)) Dt (wl)) + D (w*)) Dt (wl*)) veqBT)
_ ‘iﬁ (W(S)) p= vecz(@llT) c R(2N+BS)K><1’
 Du(w) D (wl) veq(G12T)
Pw) veq G22T)
25 ) .
(29) The LM update at iteratio: + 1 is still given by:
pis - _ D (W) 205w Dy (w) Dy (w) p(k+1) = p(k) — [J7(k)I(k) + A(R)T) g (k),
pqrs s I s
q)Z( ) eI(w) whereJ andg denotes the Jacobian matrix and gradient vec-
Dy (w®) D (w'®)) + Dp(w'®)) D (w'?) tors respec'uvely These are obtained by computing acalji
- = Oeg
D2(wis)) Jij(k) = Pp andg( ) =J(k)Tez(p).
D¥(w(®) D (w®) Elements of the Jacobian matrix are given in Appendix B for
- 5 (” ) , LEMACAFC-2 and LEMACAFC-3. At every iterationk, g,
2(w) 26 J, p and \ are updated according to the LEMACAF scheme,
(26) described in section II. After convergence of the algoritiam
W *) (®) *) estimateH of the mixture is obtained byl = unveqpz; +
Fhs D;Zﬁ’( V) 2Dy (W) Dg(w)Di(w™) - jpst (up to column permutation and scaling).
pqrs3 Z( (S)) (i)g (W(S))
D;’(w(s))Dgg(w(S)) + D;(W(s))pgg(w(s)) V. SIMULATION RESULTS PARTI: THE REAL CASE
B ég(w(s)) In this section, we compare both ALESCAF and
DY (w®)Dr? (wl®) LEMACAF algorithms on mixtures of synthesized BPSK
- £ = (”ST) , sources, with the well known 6-BIOME (Blind Identification
PZ(w)) of Overcomplete MixturEs) algorithm [27], also referredat®
ind Identification of mixtures of sources using
(27)  “BIRTH” (Blind Identification of mi f i
Redundancies in the daTa Hexacovariance matrix) when the
és DZZ?( w(®)) 3 2D8(w) DY (w)D:(w'*)  chosen cumulant order is 6. For these comparisons we retaine
pgrsd d.(w(®) B3 (wls) third and fourth order versions of ALESCAF and LEMACAF

Dg(W(S))Dz};(W(S)) i D;(w(s))Dgﬁ(w(s)) (respectively: ALESCAF-3, ALESCAF-4, LEMACAF-3 and
— = LEMACAF-4). Note that as far as we know, ALESCAF-4

03 (w) had never been implemented before. Algorithms are evaluate
_ Dy(w)Dp(wl) according to the Normalized Mean Square estimation Error
P2 (wl®)) ' (NMSE):
(28) f (L) = vedH — H)TveqH — H)
B = T edH) Tved H)

B. Description of the algorithm _where the permutation and scaling ambiguities present in
The proposed algorithm is named LEMACBFO, where H are fixed in the same manner as in [20].

“O” indicates the order of differentiation. For instance The precision of the estimation relies upon three main

LEMACAFC-2 consists of iteratively fitting the tensgre? global parameters: the "underdeterminacy level”, the nemb

built from model equations (9)-(11) t&®? built from (22)- of observations and the signal to noise ratio (SNR). Their

(24), using the Levenberg-Marquardt method. respective influences on the five algorithms are evaluated us
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[ JALESCAF-4 L] pLEscAT
80 . . . LEMACAF-3 [ ALESCAF-3
I ALESCAF-3 I | EMACAF-3
60l I L EMACAF-3 € & I 6-510ME
I 6-BIOME
a0l . 30 30
20t 1 0 0
le-5 le-4 le-3 le-2 le-1 le-5 le-4 le-3 le-2 le-1
10000 observations 5000 observations
0 80 80
le-5 le-4 le-3 le-2 le-1
4 sources 60 60
60 . . . . 40 40
20 N 20
0 o l ol il
le-5 le-4 1le-3 le-2 le-1 le-5 le-4 le-3 le-2 le-1
2000 observations 1000 observations
201 . 80 60
60 . :
40
40 .
le-5 le-4 le-3 le-2 le-1 20 20
5 sources
o i ob——  mm ||
80 T T T T le-5 le-4 le-3 le-2 le-1 le-5 le-4 le-3 le-2 le-1
700 observations 500 observations
60} . 7 60 60
A0+ ] 40 40
201 . 20 20
0 0
0 le-5 le-4 1e-3 1le-2 le-1 le-5 le-4 1e-3 1le-2 le-1
le-5 le-4 le-3 le-2 le-1 300 observations 200 observations
6 sources

Fig. 1. Real case, NMSE distribution according to the nundfesources. Fig. 2. Real case, NMSE distribution according to the nunabebservations

distinct Mpnte Carlo simulations. Hence, For each smultat algorithms provide some (less thad%) NMSE values under
and algorithm, NMSE values are computed from 100 indepen:_ ; .

o o : . In this case, with about5% of NMSE values under
dent realizations of source and mixing matrices. The num

-2 .
of sensors,N, is always equal to 3. Concerning the CA , order 4 algorithms are clearly better than ordet 3%).

. o . . 6-BIOME is on the average with more th&0%. Once again
algorithms, the derivatives are computed at 8 differenhizoi s
(that is, R — 8), randomly drawn in the rangje-1; 1]". LEMACAF is slightly better than ALESCAF.

d) Conclusion: In this first experiment, it clearly appears
that order 4 algorithms are particularly attractive when th
A. Impact of the number of sources underdeterminacy level is high, at the opposite of order 3

In this first simulation the noise is null, we use 1000@lgorithms, while 6-BIOME has average results. It also appe
observations and we made three Monte-Carlo experimetiiat LEMACAF usually provides a better convergence than
corresponding to three different source numbeis £ 4, ALESCAF.

K = 5, K = 6). Histograms of the identification error are
represented in Fig. 1, for the five algorithms, and summdrizg
in table I. :

a) 4sources. Whatever the algorithm most NMSE values Now, the number of sources is set to 4, and the number
range between0~* and10~2 and the largest part is betweerof observations is varied from 200 to 10000. The results are
10~* and 10~2, indicating that all algorithms perform well. shown in Fig. 2 in the form of histograms. The variation of
There is no significant difference between CAF algorithnibe median value of the NMSE is plotted in Fig. 3.
which all performed slightly better than 6-BIOME. As expected, the performance improves linearly with an

b) 5 sources: All NMSE values are greater thard—%. increase in the number of observations. Globally, beyori50
ALESCAF-4 and LEMACAF-4 provide the best result®{% observations the majority of NMSE values are lower than
of NMSE values are less thard—3) followed by the order 10~*. Between 5000 and 1000 observations the NMSE values
three CAF algorithms30%) and lastly 6-BIOME (les20%). are comprised betweel)—* and10~2. We have observed no
According to the median error values, LEMACAF seems momggnificant differences among the performance of the fouFCA
efficient than ALESCAF. algorithms. On the other hand, according to the median plot

c) 6 sources. A majority of Monte-Carlo runs did not of Fig. 2 , they all give better results than 6-BIOME in all
converge. This holds true for all algorithms. Only the CARhe eight situations. Additionaly, these results also sttioat

Impact of the number of observations
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TABLE |
REAL CASE, MINIMAL , MAXIMAL AND MEDIAN VALUE OF THE NMSEACCORDING TO THE NUMBER OF SOURCES COMPUTED FROM00 MONTE-CARLO
RUNS.
4 sources 5 sources 6 sources
min (1e-4) | max | med (1e-3)| min (1e-3) | max | med (1e-2)| min (1e-3) | max | med (1le-1)
ALESCAF4 0.22 1.04 0.33 0.11 0.89 0.24 0.3 1.43 0.3
LEMACAF4 0.22 1.04 0.27 0.11 1.18 0.16 0.3 1.45 0.2
ALESCAF3 0.26 1.54 0.41 0.14 1.77 0.51 1 1.75 5.38
LEMACAF3 0.26 1.54 0.4 0.14 1.58 0.39 1 1.95 4.91
6-BIOME 0.21 2.08 0.56 0.22 1.93 0.33 0.6 1.98 0.84
107, —6— ALESCAF-4| | [ JALESCAF-4
N —+— LEMACAF-4 [ 1LEMACAF-4
N 80 80 [ ALESCAF-3
N % ALESCAF-3 B LEMACAF-3
g~ - @ LEMACAF-3 o © I 6-5I0ME
VU - ¢ - 6-BIOME

NMSE

300 500 700 1000 2000 5000

200 10000
Observation number
Fig. 3. Real case, evolution of the NMSE median value acogrdo the

numbers of observations .

the difference between the two classes of algorithms is mc
significant under 700 observations.

C. Impact of the signal to noise ratio

Finally, the algorithms are compared with the help of si
Monte-Carlo experiments corresponding to different SNR
and considering 4 sources and 10000 observations. Theges
are presented in Fig. 4 in an histogram form, while th
evolution of the median NMSE value is plotted on Fig. 5.

From an infinite SNR unti20 dB, a large majority (between
60 and70%) of the NMSE values are comprised betwden*

1073 and10~2 and betweeri0~2 et 10! for the 0 dB case.
As can be seen in Fig. 5, CAF results are again very clo
to each other. CAF algorithms should be preferred for high
SNRs (above&0 dB) whereas 6-BIOME outperforms themaat
dB SNR. Note that, in this case, very few Monte-Carlo resul
are satisfactory whatever the algorithm. In the middle & tt
SNRs range (i.e. arouriddB), LEMACAF4, ALESCAF4 and
6-BIOME present similar performances . Finally, LEMACAF
is once again slightly better than ALESCAF.

D. Discussion

From the previous simulation results, it can be cor
cluded that the CAF algorithms perform similarly in more
"favourable” scenariosi. when the SNR and the numbet
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No noise
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80dB
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0

le-5 le-4 le-3 le-2 le-1

80

60

40

20

le-5 le-4 le-3 le-2 le-1

0dB

_3 . R ) Fig. 4. Real case, NMSE distribution according to the SNR.
and10~. In the5 dB case this majority is comprised between

10 .
—e— ALESCAF-4
—+— LEMACAF-4
10 % ALESCAF-3| |
B LEMACAF-3
- & - 6-BIOME
%]
s 10 E
b4
10° E
""" MR
‘‘‘‘‘‘‘‘ . T
1074 1 1
0 20 50 80
SNR (dB)

of observations are high and the undeterminacy level is.low)

However a clear distinction between third- and fourth-orle

Fig. 5.

gorithms can be made in more difficult cases. As expected, iR

Real case, Evolution of the median

NMSE value acogrdo the
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improvement obtained with higher order algorithms becom
significant when the indeterminacy level increases. The
results show that LEMACAF is an interesting alternative t - | | 4S°f‘rce5 Etgmﬁgﬁig:g
ALESCAF. It is worth mentioning that LEMACAF converges B 6-5I0ME
faster than ALESCAF at the price of a higher computation 20l ]
complexity per iteration [20]. Although ALESCAF can stileb
useful with larger tensors, we think that LEMACAF should b 151
recommended in more practical situations.
By properly chosing the differentiation order, the familfy o 10
CAF algorithms arises as a better option than the 6-BIOM

algorithm, especially when the number of observationsus Ic 5
and/or when the underdeterminacy level is high and/or wh 0
the SNR is aboveés dB. Indeed, in many situations, the 6- 0.0001 0.0005 0.001 0.005 0.01  0.05
BIOME algorithm offers similar performance as third-orde NMSE
CAF algorithms however it is consistently overpass by fourt 5 sources
order CAF algorithm. 30
251
VI. SIMULATION RESULTS PARTIl: THE COMPLEX CASE 20

In this section, we compare the performances «
LEMACAFC-3, LEMACAFC-4 and 6-BIOME algorithms 157
considering complex mixtures of synthesized 4-QAM sourci 10}
at different SNRs and underdeterminacy levels. Similaoly 1
the real case, the different algorithms are evaluated imder
of the NMSE. The influence of the SNR and underdetermina ol [owm |
level is evaluated with the help of two distinct Monte-Carlc ~ 0-0001 0.0005  0.001 Sﬁgﬁ 001 005
experiments. For each simulation and algorithm, the MS
values are computed from about 50 realizations of sourc 6 sources
and mixing matrix. The number of sensord’)(is always ‘ ‘ ‘
equal to 3 and the number of observations is set to 20000.
each run, the derivatives used in the LEMAGARIgorithms
are computed at 10 different point& (= 10), the real and
imaginary parts being randomly drawn in the range; 1]V.

a4t

A. Impact of the number of sources

2 L
We have made three different experiments corresponding ﬂ

4,5 and 6 sources. Th_e SNR is_setZthB._An histog_ram of 0%001 0.0‘005 0001 0005 00l 005
the NMSE values is given in Fig. 6. Minimal, maximal anc NMSE
median value of the NMSE according to the number of sour:
are given in table II.

€) 4 sources: Fig. 6 clearly shows that both LEMACAF
algorithms provide statistically the best estimations)csi o _
about 40% of the obtained NMSE values are under3 Fig. 6. Complex case, NMSE distribution according to the benof sources.
against about only 16% for 6-BIOME. Note also that
LEMACAFC-4 performs better than LEMACAE-3: 18% of
its NMSE values are undén—3 against 8% for LEMACAFE-
3 besides only 8% are above.10~3 against 14% for
LEMACAFC-3 (and 20% for 6-BIOME). Table Il confirms
this observation. Note that the maximum value obtained with g) 6 sources. 15 Monte-Carlo runs have been used for
LEMACAFC-4 is only 0.01. this test. This is a difficult situation where the underdater

f) 5 sources. For the three algorithms, there are veryacy level is high. Note that the NMSE values of 6-BIOME
few values underl0—3 whereas a significant number ofdo not decrease under.10~2, contrary to LEMACARC-4
NMSE values are betweerd—2 and5.10~3. LEMACAFC-4 and LEMACAFC-3. In addition 6-BIOME provides only one
dominates with 50% of its NMSE values in this range, againgalues unde.10~3 against 3 for LEMACAR-3 and 6 for
40% for the other algorithms. More generally, in this case EMACAFC-4. However, according to the median values, the
LEMACAFC-3 and 6-BIOME are slightly equivalent. This is6-BIOME algorithm offers a performance that is in between
confirmed by the median values stored in Table II. third- and fourth-order CAF algorithms.
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TABLE Il

MONTE-CARLO RUNS.

10

COMPLEX CASE, MINIMAL , MAXIMAL AND MEDIAN VALUE OF THE NMSEACCORDING TO THE NUMBER OF SOURCESCOMPUTED FROM SEVERAL

4 sources 5 sources 6 sources
min (1e-4) | max | med (1e-3)| min (1e-4) | max | med (1e-3)| min (1e-3) | max | med (1le-2)
LEMACAF4 2.9 0.01 1 9.1 0.13 32 36 0.32 12
LEMACAF3 4.0 0.03 1 3.0 0.83 45 4.0 0.36 41
6-BIOME 36 0.02 2 53 1.63 49 71 0.14 22
B. Impact of the signal to noise ratio
In the following simulations, the algorithms are compared
for five SNR values § dB, 10 dB, 20 dB, 30 dB and 50
dB), and assuming 4 sources. The results are depicted
Fig. 7 and 8. Regarding the median NMSE plotted in Fic [ ]LEMACAFC-4
8, it can be observed that performances logically degrade 30 50‘dB I | EMACAFC-3
the SNR decreases. However, one can clearly discrimin; I 6-BIOME
two opposite situations. Above 5dB SNR, LEMACER 20 I
and LEMACARFC-4 offer similar performances and clearly 10
outperform the 6-BIOME algorithm. On the other hand, ¢
around 5dB SNR, 6-BIOM.E pr_ovides Ipetter results. . 0%001 00005 0001 0005 00l 005
The histograms plotted in Fig. 7 refine these observatiot NMSE
In the SNR range from 50 dB to 10 dB, the number of NMS| 30dB
values aboves.10~2 remains stable while a large majority 30 ‘
of NMSE values is consistently located betweHr3 and 20t
5.1073. This means that all algorithms perform satisfactoril
in these conditions. 10¢
Now, let us focus on the number of NMSE values locate 0
under10~3. This number gradually decreases with the SNF 0.0001  0.0005 0.001 Sﬁgﬁ 0.01 005
from about 50% to 12% for LEMACAE-4, 40% to 18% 20 dB
for LEMACAFC-3 and 20% to 4% for 6-BIOME, indicating 30 ‘
the superiority of the CAF approach in this range. On tt 20l
other hand, in the 5 dB SNR case, 25% of 6-BIOME NMSI
values are less than.10~3 against about 8 % and 4 % 10t
for LEMACAFC-4 and LEMACARC-3 respectively. In other 0
words, it confirms our previous observations, since for SN 0.0001 0.0005 0.001 0.005 0.01  0.05
values which are higher than 5 dB, CAF algorithms ar ’l‘gA?BE
more attractive than 6-BIOME, otherwise the latter is dligh 40 ‘
more efficient. Furthermore, it is worth noting that at th
exception of the 10 dB SNR case, LEMAC®&H consistently 20l
provides a larger number of NMSE values located urider®
than LEMACARC-3 does. Therefore, higher order versiol
of LEMACAFC still promises a better convergence (from 0%001 0.0005 0.001 0.005 001 005
statistical point view). NMSE
VII. CONCLUSION 30
In this paper we have proposed several new contributio 201
to the blind identification of undertermined mixtures usin 10}
the characteristic function. Notably, we have extended tl
theory of CAF approach to the case of complex mixture 0%001 00005 000l 0005 00l 005
of complex sources. Hence an appropriate core equation v NMSE

developped to cope with the complex case. By differentiatir
this core equation, we obtained a generalized tensor decc
position from which an estimation of the mixing matrix car
be deduced. A Levenberg-Marquardt algorithm, herein dalle

LEMACAFC, was proposed to blindly estimate the mixingrig. 7. Complex case, distribution according to the SNR.

matrix by exploiting the structure this tensor decomponiti
Two performance studies were carried out. In a first partya ne

LEMACAF algorithm, suitable for the real case, was compared
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'L o— LEMACAFC-2 it Wogld pe ir_lter_esting to study unigueness issues and their
@+ LEMACAFC-3 practical implications to the CAF-based Bl problem.
K- | -A-6-BIOME

APPENDIXA
COMPUTATIONAL DETAILS OF FIRST AND SECOND ORDER
DERIVATIVES OF @, (R{w}, S{w})

NMSE

The differentiation of (8) with respect ta,, p = 1--- N
gives:

0P.(w) i 0fx(9(w))
duy, — ou,
5 10 20 30 50 _ i 9%rk(g) 0g1(w) n 0%k (g) 0g2(w)
SNR (dB) dgr Ouy dga  Oup, )’

E
Il

1

Fig. 8. Complex case, evolution of the NMSE median value m@tiog to
the SNR. =

M=

<3¢k(9) A — o¢i(g) Bpk) ' (29)

h on 992

_ : _ _ .. _Inthe same way, the differentiation with respectjpgives:
to higher order versions of ALESCAF in various situations

involving BPSK sources. In a second part, the performance 0 K 5 >
g9 p P 0. (w) _ Z <8‘Pk(9) B, 0Pk (Q)Apk) ' (30)

1

of the LEMACARFC algorithm using third- and fourth-order

e : p —\ 9n 992
derivatives were evaluated from mixtures of 4-QAM sources. k=1
In each situation, the 6-BIOME algorithm was used as @ow we differentiate (29) and (30) with respectdés) and
reference for the comparison. o g=1---N.

From our simulation results, in both the real and complei] ’
cases, we can recommend the use of the CAF family oRd, (w(*)) K 10264(g) *Prlg)
algorithms, especially in the case of highly underdeteemiinW - Z <M Pk Dg20uq Pk> ’
mixtures and the medium-to-high signal to noise ratios,(say k=1
above5 dB). The choice of the differentiation order is led by 0 s &ﬁk(g)A 0 & Bgak(g)B
the desired tradeoff between estimation accuracy and ctampu R ; ug F T Bgy ; dug
tional cost. In the least favorable situation, we recommntéed B B 31)

use of higher order derivatives. In practice it appearsahader
3 versions are enough to compete with (and often outperfor@jbstituting (29) into (31) yields:
an algorithm using 6-order statistics such as 6-BIOME. N x
| i 20 (w) 0%k (9) 9*¢n(g)
n the case of real sources, although LEMAGAFS appli- z — ZAPk ( Pr\Y Age — Pr\Y qu)
cable, one should prefer ALESCAF or LEMACAF algorithms 9upduyg P 991091 991092

since they are simpler and quicker. Since both offer quite B 5
¢ ¢ \ \ in(a%ok(g)Ak_a%ok(g)Bk)_
=" T 0209y

similar performance in terms of estimation error, the chagc
led by the convergence speed, which means that ALESCAF 992091
is only preferable for large tensors. (32)

Higher order versions of LEMACAE, such as

i i 12 __ 21 i
LEMACAFC-4 algorithm are time consuming. This js-inally, using the fact thaliy = G, we obtain (9).
. . . . The same reasoning can be applied to obtain the successive
mainly due to the computation of the Jacobian matrix. Ou

results show that there is generally no need to go beyoOIr rivatives of (30) and (29) with respect &g andv,, hence

order 4, which would be very computationally costly (th ) and (11).

computational complexity dramatically increases with the

differentiation order). Although we have focused our ditem APPENDIXB

on simplest derivatives, other derivative tensors couldeha  JACOBIAN FORMULATION FOR LEMACAFC-2 AND
been constructed for higher differentiation orders, legdo LEMACAFC-3

different versions of the LEMACAE algorithm. For example,  We provide the details of the structure of the Jacobian matri
one can combine derivatives of different differentiatiod&rs used in LEMACARC-2 and LEMACARC-3, (higher orders
to increase diversity, as demonstrated in [30] in the reaécacan be obtained in a similar manner). Although the Jacobian
Finally, as we have pointed out previously, the higher-ordean be computed automatically for a given differentiation
derivative tensors that arise when working with complex-miorder, this solution is usually very time consuming. Theref
tures of complex sources follow a decomposition in a sum ofie would rather use the following pre-calculated entiTés
structured CanD blocks. We think that block decompositiomgadient can be directly deduced from the Jacobian and the
[37] can be used to decompose these tensors. In this contexior term.
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A. Jacobian for LEMACAFC-2
e is the multiway error function which is defined as follows:

12

B. Jacobian for LEMACAFC-3

At order 3, we have now a x 6 blocks matrix:

epqSt(A7B7G117G127G22) dCf E?;Et(A B Gll G12 G22) 7;)&()1§t JAI ']B1 JGill chll JG?ZI JG§22
The Jacobian matrid of e is built as a3 x 5 blocks matrix: JA: JBa JeiU Ja3v jGE' 3632
JA4 gBe gt ger gor T e gm gon gem e go
J=| J4 JB: 3G JG° JG¥° JA: 3Ba JGIM geI g gaE
JAs  JBs JGél JG};2 JG§2
and we define
JA« 3B JG' 3G JG¥ contain partial derivatives of
e..+ with respects to the elements 4f B, G'!, G2 and G*? i=(p—-1)SN?*+(¢g—1)N?+ (r —1)N +s,
respectively. For instance, defining:
i=(p—1)SN+(g—1)N +s, Ji=(n—-1N+k,
jr=(n—-1)N+Ek, jo = (1—1)S +k,
f=(-1)5+k withp=1---N, ¢g=1---N,r=1---N,n=1---N, s =
with p = 1--N, ¢ = 1---N, n = 1.--N, s = 1---S andk = 1---K Block entries are computed by
1-..Sandk =1---K we have: differentiation of (12-15).
11 12 22
Jf;f d:cf 6€pqs2(A7Bé§ , G G ) J;‘;; _ 5n (AqkArkGlll _ Aqu'rkG211
nk
A B.Gl g2 g2 — B Ari G211 + By B G27Y)
7;;1152( (g} ) ’ ) AL A A 211
- IA . +5n ( pk Tstk - pkBrkG
_ N _ A GA' + BB G232
Each block has its own analytical formulation. Henck, PRk sk Pk 1;11 )
is computed one block after another. Block entries can be +6m(Ap;€Aqus — Apk Ban Gk

computed term by term by differentiation of (9), (10) and
(11). One obtains the following relationships (weras the
Kronecker delta function):

T = 6np (AgrGh — BaGi7) + 0nq (ApeGit — BprGi7)
J552 = Oup (ApG2 4+ BiGi}) + 0ng (B G} + ApkG2)
T4 = 6, (BGLL + AGL2) + 60g (A G G%)
T = 6pp (BarG2 — AgG7) + 0nq (Buk G — AprGL7)
T52 = 8 (BoGLE + AgG12) + 6pg (Bpu G + ApuGl2)
T = —6np (BokGi + ApkG22) +0nq (AqGL — BarG2)

JEU = 610 (AprAgs)

Jé -
ijo — Yls (Bpkqu)
JG — 6. (A
ijo — Yls ( pkqu)
JGI —

)2
Gy’

—0s ( pk Bk + BpkAqk)
Jijs

= dis (BpkAqk + Apkqu)
T8 = 015 (ApkAgk — Bpi Byy)

)2

pk Aqusk + Bpk qu Gsil )

I3 = 0np(Agu BriGi' + Age Ak G
— By Bk G5 — By A G5
+6nq(Apk B G —l—ApkArkGQ”
ok BG4 — Bor A G231
+0nr (Apk A G2t — A By, G331
BpkAqusk +BpkquGsi2)

52 = 6np(Bar Bru G2 + Bye A Go7!
+ A B Gt + A A GR2)
+5nq( pkBrstk + BpkArstk
+ Ap B GZ + Ay Ak G2322)
+nr (BpkquGglil + BpkAquglzl
+ Ak B G + Apk A Gi7)

JA =,

91

p(Bae Ark G — By B G2
+ A Ak G3Y — Ay B.G%)

+0ng(Bpr Ak G2 — Bp B, G232t
+ App A G2 — Ap B G22)

4+ (BpkquGé]il + BpkAqui,il
+ ApkquGglil + ApkAquiil)
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ij2

ij2
sl
ij2

fere
ij2
a2
iJ2
a2
iJ2

iJ2

IE = 6p( — A AG2 3 +AqurkG221
+ By Ak G2t — B BinG32)

g — ApkArstk + Ay Bk GH
+ B A G3Y — B B G23)

+nr(— ApkAqusk + ApkquGsk
+ BpuAgpG3' — By By G%2)

Jgf = Opp( — Agp BrGA — Agp A G222

+ Byk Brk G2 + By A G22)
F0ng( — Apk Bk G2t — AprAr G2Z!
+ Bpp By G2 + By Ak G2E2)
4—5nr(z4pkz4qk(;ll zipkl3qk(;211
pkAqusk + BpkquG221)

J2 =6,

91

p(Bak BriG i, + Bor Ak G2}
+ Aqurngil + AqkArngil)

+5nq(BpkBrkG;]1gl + BpkArng}cl
+ ApkBrsz]lgl + ApkArngzl)

+6nr (Bpk By Gi' + Bpr Age G21)
+ ApkquGzllcl + ApkAqu?il)

TB% = 5 (B Ak GLY — B Bry G2
+ AqkATkGﬂ — Ay B G2
+0n ( pkArkG pkBrkG211
+ Apr Ark G2 — Ape B G3Y)
+5”’”( - BPkquGgi pkAqusk
— App Bg G2 — Apk A G32)
G222
= 515 ( pkAqkA k) ; ”21 = —515 (BpkquBrk)
222
= 01 (ApeAgiBri) 5 J52 = 010 (BorBar Avk)
222
= 6ls ( pkquB k) ) 523 = (Sls (ApkAqkArk)
222
= dis ( pkquArk) ; 524 = —0is (ApkAqurk)

1

= 5ls (ApkAqurk + ApkquArk + BpkAqkArk)
1

= 6ls (ApkAqkArk
1

= 6ls (BpkquArk + BpkAqurk + ApkquBrk)

- ApkquBrk - BpkAqurk)

= _5ls (BpkquBrk - BpkAqkArk - ApkquArk)

= 015 (Apk Byt Bri, + Bpk Aqk Bric + Bpi By Avk)
= —015s (Apx Bgr Arke + BprAguAvie — Bpi Bai Bric)
= 015 (BprAqeArk + Apk B Arie + Apr Age Bri)
= —015 (BprAgi Bric + Api Bar Brie — Api Aqre Arkc)

13

REFERENCES

[1] P. COMON, “Independent Component Analysis,” Higher Order
Statistics, J-L. Lacoume, editor, pp. 29—-38. Elsevier, famam, London,
1992.

[2] C. ESTEVAO and R. FERNANDES and G. FAVIER and J. C.
MQOTA, “Blind channel identification algorithms based on #&RAFAC
decomposition of cumulant tensors: the single and multiucseses,”
Signal Processing, 88, 6, pp. 1382—-1401, 2008.

[3] F. ASANO and S. IKEDA and M. OGAWA and H. ASOH and N.
KITAWAKI , “Combined approach of array processing and ineiegent
component analysis for blind separation of acoustic sghallEEE
Transaction$On Speechand Audio Processing, 11, 3, pp. 204-215, 2003.

[4] A. KACHENOURA and L. ALBERA and L. SENHADJI and P. COMON
, “ICA: a potential tool for BCI systems,” IEEE Signal Processing
Magazine,specialissueon Brain-Computernterfaces, 25, 3, pp. 57-68,
2008.

[5] L. DE LATHAUWER and D. Callaerts and B. DE MOOR and J.
Vandewalle, “Fetal electrocardiogram extraction by seusubspace
separation,” inEEE Workshopon Higher Order Statistics, Girona, Spain,
pp. 134-138, 1995.

[6] A. CICHOCKI and S.-I. AMARI, Adaptive Blind Signal and Image
Processing. New York: Wiley, 2002.

[7] P. COMON and C. JUTTENHandbook of Blind Source Separation,
IndependentComponentAnalysis and Applications. Academic Press,
2010, iSBN: 978-0-12-374726-6.

[8] J.D. CARROLL and J. J. CHANG, “Analysis of Individual Dérences
in Multidimensional Scaling via N-Way Generalization ofkact-Young
Decomposition,” Psychometrika, 35, 3, pp. 283-319, 1970.

[9] P. BURGISSER and M. CLAUSEN and M. A. SHOKROLLAHI,
Algebraic Complexity Theory, 315. Springer, 1997.

[10] R. BRO, “PARAFAC, Tutorial and Applications,Chemom.Intel. Lab.
Syst., 38, pp. 149-171, 1997.

[11] C.A. STEDMON and S. MARKAGER and R. BRO, “Tracing
dissolved organic matter in aquatic environments usingve aygproach
to fluorescence spectroscopylarine Chemistry, 82, 3-4, pp. 239-254,
2003.

[12] R.A. HARSHMAN, “Foundations of the Parafac procedukéodels
and conditions for an explanatory multimodal factor analyys UCLA
Working Papersin Phonetics, 16, pp. 1-84, 1970.

[13] A. SMILDE and R. BRO and P. GELADI "Multi-Way Analysis,”
Wiley, 2004

[14] R. A. HARSHMAN, “Determination and proof of minimum wpieness
conditions for PARAFAC-1,” UCLA Working Papersin Phonetics, 22,
pp. 111-117, 1972.

[15] J. B. KRUSKAL, “Three-Way Arrays: Rank and Uniquenest o
Trilinear Decompositions,Linear Algebraand Applications, 18, 95-138,
1977.

[16] J.M.F. TEN BERGE and N.D. SIDIROPOULQS, “On uniquen@ss
CANDECOMP/PARAFAC,” Psychometrika, 67, 399-409, 2002.

[17] T. JIANG and N.D. SIDIROPOULOS, “Kruskal's permutatidemma
and the identification of CANDECOMP/PARAFAC and bilinear dets
with constant modulus constraintsTrans.on Sig. Proc., 52, 9 2625—
2636, 2004.

[18] L. DE LATHAUWER, “A Link between Canonical Decompogiti in
Multilinear Algebra and Simultaneous Matrix Diagonalipat” SIAM
Journalon Matrix Analysis, 28, 3 642-666, 2006.

[19] G. TOMASI and R. BRO, “A comparison of algorithms for ifiiy the
parafac model,"Comp. Stat. Data Anal., vol. 50, pp. 1700-1734, 2006.

[20] P. COMON and X. LUCIANI and A.L.F. DE ALMEIDA, “Tensor
Decompositions, Alternating Least Squares and other Tallsurnal of
Chemometrics, 23, 9, pp. 393—405, Sept. 2009.

[21] N.D. SIDIROPOULOS and G. B. GIANNAKIS and R. BRO, “Blind
PARAFAC Receivers for DS-CDMA SystemsJrans.on Sig. Proc., 48,
3, pp. 810-823, 2000.

[22] L. DE LATHAUWER and J. CASTAING, “Blind identification ©
underdetermined mixtures by simultaneous matrix diagesian,” IEEE
Trans.Signal Process., vol. 56, no. 3, pp. 1096-1105, Mar. 2008.

[23] P. COMON, “Blind identification and source separation2x3 under-
determined mixtures,JEEE Trans.SignalProcess., pp. 11-22, Jan. 2004.

[24] A. L. F. de ALMEIDA and G. FAVIER and J. C. M. MOTA,
“PARAFAC-based unified tensor modeling for wireless comivan
tion systems with application to blind multiuser equali@af’ Signal
Processing, 87, 2, pp. 337-351, 2007.

[25] J. F. CARDOSO, “Super-symmetric decomposition of tharth-order
cumulant tensor. Blind identification of more sources thanssrs,” in
Proc.ICASSP’91, Toronto, 1991, pp. 3109-3112.




hal-00537838, version 1 - 19 Nov 2010

IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 59, FEB. 2011 14

[26] L. DE LATHAUWER, J. CASTAING, and J-. F. CARDOSO, “Folt Pierre Comon (M’'87 - SM'95 - F'07) gradu-
order cumulant-based blind identification of underdetasdi mixtures,” ated in 1982, and received the Doctorate degree
IEEE Trans.Signal Process., vol. 55, no. 2, pp. 2965-2973, Feb. 2007. in 1985, both from the University of Grenoble,

[27] L. ALBERA, A. FERREOL, P. COMON, and P. CHEVALIER, “Bluh France. He later received the Habilitation to Lead
identification of overcomplete mixtures of sources (BIOME)Lin. Researches in 1995, from the University of Nice,
AlgebraAppl., vol. 391, pp. 1-30, Nov. 2004. France. He has been for nearly 13 years in industry,

[28] A. TALEB, “An algorithm for the blind identification ofh idependent first with Crouzet-Sextant, Valence, France, between
signals with 2 sensorsSSPAQ1, Kuala Lumpur, 2001, vol 1, pp. 5-8. 1982 and 1985, and then with Thomson Marconi,

[29] P. COMON and M. RAJIH, “Blind identification of complexnderde- Sophia-Antipolis, France, between 1988 and 1997.
termined mixtures,”ICA Conference, Granada, 2004, pp. 105-112. He spent 1987 with the ISL laboratory, Stanford

[30] P. COMON and M. RAJIH, “Blind identification of under-tgmined University, CA. He joined in 1997 the Eurecom
mixtures based on the characteristic functioBjgnal Processing, 86, 9, Institute, Sophia-Antipolis, France, and left during taé 6f 1998. He is now
pp. 2271-2281, 2006. research director with CNRS since 1998 at laboratory I3$h#eAntipolis,

[31] A. M. KAGAN and Y. V. LINNIK and C. R. RAO Characterization France. His research interests include High-Order StatigHOS), Blind
Problems in Mathematical Statistics, Probability and Mathematical Deconvolution and Equalization, Statistical Signal anda#r Processing,

Statistics, Wiley, New York, 1973 Tensor decompositions, Multi-Way Factor Analysis and igplations to
[32] W. FELLER An Introductionto Probability Theoryandits Applications, biomedical end environment.
Wiley, vol.ll, 1966 Dr. Comon was Associate Editor of thé&cEE Transactionson Signal

[33] M. RAJIH, P. COMON and R. HARSHMAN, “Enhanced Line Searc Processing from 1995 to 1998, and a member of the French rd&tio
: A Novel Method to Accelerate PARAFAC,SIAM Journalon Matrix ~ Committee of Scientific Research from 1995 to 2000. He wagdioedinator
Analysis Appl., 30(3):1148-1171, Sept. 2008. of the European Basic Research Working Group on HEEOS, from 1992

[34] D. NION, “Methodes PARAFAC generalisees pour I'extian aveugle to 1995. Between 1992 and 1998, he was a member of the Tetlamda
de sources. Application aux systemes DS-CDMA,” Thesis atidhiver- ~ Scientific Council of the Thomson Group. Between 2001 and42@® acted
site de Cergy-Pontoise, 2007. as launching Associate Editor with tHEEE Transactionson Circuits and

[35] A.L.F. DE ALMEIDA, X. LUCIANI, P. COMON, “Blind identification ~ Systemsl, in the area of Blind Techniques. He is currently belongshe
of underdetermined mixtures based on the hexacovariandehigimer- SPTM IEEE Technical Committee, and is a member of the edittwards of
order cyclostationarity,”"Proc. SSP’09, Cardiff, 2009, pp. 669-672. the Elsevier journabignalProcessing, and ti&lAM Jour.on Matrix Analysis

[36] K. MADSEN and H. B. NIELSEN and O. TINGLEFF, “Methods for and Appl.

Non-Linear Least Squares Problem3gchnicalUniversity of Denmark,
Informatics and mathematical Modelling, 2

[37] L. DE LATHAUWER, “Decompositions of a Higher-Order Teor in
Block Terms—Part Il: Definitions and Uniqueness3IAM Journalon
Matrix Analysis Appl., 30(3):1033-1066, Sept. 2008.

Xavier Luciani was born in Toulon, France, in
1979. In 2003 he received both the ISEN engineering
diploma (College of electronic and numeric engi-
neering) and a Master’'s Degree in signal processing
from the University of Toulon. He received the Ph.D
Degree in engineering sciences from the University
of Toulon in 2007. From march 2008 to september
2009, he held a postdoctoral position at the 13S
Laboratory, Sophia Antipolis, France. He is currently
a postdoctoral researcher with the LTSI Laboratory,
U642, INSERM and University of Rennes 1 in
France. Its research interests have been in tensor mod#ifigorescence
signals, blind source separation and blind identificatiaaseldl on tensor
approaches, algorithms for joint diagonalization and denanalysis and
applications to chemometrics and telecommunications.

André L. F. de Almeida received the B.Sc. and
M.Sc. degrees in electrical engineering from the
Federal University of Ceara, Brazil, in 2001 and
2003, respectively, and the double Ph.D. degree in
sciences and teleinformatics engineering from the
University of Nice, Sophia Antipolis, France, and
the Federal University of Ceara, Fortaleza, Brazil,
in 2007. In 2002, he was a visiting researcher at
Ericsson Research, Stockholm, Sweden. He was a
postdoctoral fellow with the 13S Laboratory, CNRS,
Sophia Antipolis, France, from January to December
2008. He is currently an assistant professor at the Depattoideleinformat-

ics Engineering of the Federal University of Ceara, Fera) Brazil. He is
also a senior researcher at the Wireless Telecom Reseamlp GGTEL),
where he has worked on several funded research projects.rediearch
interests lie in the area of signal processing for commuioics, including
blind identification and signal separation, space-timec@ssing, multiple-
antenna techniques, and multicarrier communications. refient work has
focused on the development of tensor models for transcdasgn in wireless
communication systems.




	I Introduction
	II Problem formulation and CAF approach in the real case 
	III Extension to the complex field
	III-A The new core equation
	III-B Differentiation of z({w},{w})
	III-B1 Order 2 derivatives
	III-B2 Order 3 derivatives

	III-C Tensor stowage and decomposition 

	IV Algorithm for the complex case
	IV-A Building the derivative tensor
	IV-B Description of the algorithm

	V  Simulation results part I: the real case 
	V-A  Impact of the number of sources 
	V-B  Impact of the number of observations 
	V-C  Impact of the signal to noise ratio 
	V-D Discussion

	VI Simulation results part II: the complex case
	VI-A  Impact of the number of sources 
	VI-B  Impact of the signal to noise ratio 

	VII Conclusion
	Appendix A: Computational details of first and second order derivatives of z({w},{w})
	Appendix B: Jacobian formulation for LEMACAFC-2 and LEMACAFC-3
	B-A Jacobian for LEMACAFC-2
	B-B Jacobian for LEMACAFC-3

	References
	Biographies
	Xavier Luciani
	André L. F. de Almeida
	Pierre Comon


