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An Adaptive Algorithm for Antenna Array Low-
Rank Processing in Cellular TDMA Base Stations

Massimiliano (Max) MartoneMember, IEEE

Abstract—A new adaptive algorithm for blind interference  (HOS) has stimulated significant interest during the last ten
rejection and multipath mitigation is studied and applied to years [22], [17], [14], [8], [25], [19]. Most works describing
antenna array processing in the reverse channel of a time- HOS-based algorithms, however, were never applied to real-

division multiple-access (TDMA) cellular communication system. . fi . t that tual advant f th id
The method is based on higher order statistics (HOS) processing !S IC environments So that eventual advantages or tnese ldeas

of the baseband vector samples at the antenna array output. The in the solution of practical problems is not clear. The only
similarity between the cumulant-based solution and the standard blind algorithm well studied in its practical implementation

multivariable least-squares solution is exploited to derive an [15] js the constant modulus algorithm (CMA) whose slow

efficient adaptive algorithm based on a low-rank processing cqnyergence under particular situations constitutes the most
architecture. The algorithm exhibits good tracking and enhanced . L
important objection.

identification capability with respect to traditional least-squares . . .
methods. The method proposed in this paper is based on the same

. . . - idea introduced in [13], where the super-exponential algorithm

Index Terms—Array signal processing, higher order statistics, . . - .
interference suppression, land mobile radio cellular systems, of [21] was generalized to the multichannel cage gsmg third-
time-division multiaccess. order cumulants. Here we present the application of the
method to the reception of cellular signals using fourth-order
cumulants and a new adaptive implementation based on a low-
rank processing concept. Low-rank/subspace processing is an

N TIME-DIVISION multiple-access (TDMA) systems, dataextremely important branch of signal processing (see [20] for

dispersion can span several symbols as a consequencepglications and algorithms). The space/time autocorrelation
frequency-selective fading caused by radio-frequency (RRatrix of signals received at different elements of an array can
multipath propagation. In addition, propagation characteristibg ill-conditioned in practice. Any adaptive algorithm based
may change in time due to the motion of the transmitteon full-rank processing (for example, traditional recursive
The received signal is composed of the original plus sevetahst-squares (RLS), [7], [5]) is severly affected by the rank
delayed attenuated replicas, and each replica reaches dbgeneracy problem. We propose here an adaptive algorithm
antenna with different attenuation and angle of arrival. Spadeased on a low-rank approximation of the covariance matrix
only processing methods [28], [29] are not effective becausg&ploiting some important ideas presented by Strobach in [24].
intersymbol interference (ISI) cannot be compensated for usingThe paper is organized as follows. In Section Il we describe
the traditional combining architecture. A careful combinathe system model for the propagation channel and the discrete-
tion of space and time filtering may result in an extremelyme model. In Section Ill the set of equations necessary to
efficient approach to solve ISI caused by multipath fadingplve the deconvolution problem is derived. In Section IV the
and interference caused by multiple cochannel transmitteaslaptive implementation is described, while in Section V the
The space-time filtering approach results in a discrete-timesult of computer simulations are shown.
multiple-input multiple-output (MIMO) model that must be
deconvolved. Standard techniques for equalization are based II. SYSTEM MODEL
on an equivalent minimum phase system modeling approach _ . L .
because they exploit only the second-order statistics (SOS) o N ass_umeU_ mobile transmitters comn_1umcatmg with a
the signal (the minimum mean-square error (MMSE) criteri0|t?ase station with &-element antenna, with” < K. The

for example). However, most real-world channels do n&{ructure of the antenna is assumed to be a uniform linear
present the rﬁinimum p’hase (MP) condition. Motivated b ray,d is the distance between adjacent antenna elements, and

these observations, the equalization of nonmnimum ph ds the wavelength of the signal. Multipath propagation can

: . L i i .
(NMP) channels using higher than second-order statisti § characterized for thbtransmlttler as anv:7-path chan(r;)el
whoserth path (x = 1,2,---, N®) is represented by’
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where T,SJL p,g,),,, and z/;ff,),, are delay, amplitude, and phasevheren;(n) is Gaussian white noise arf, ;(m) is the T-

of the vth delayed signal in the:th path relative to the sampled impulse response
Ith transmitter, whileé(¢) is the delta functiort. Here we

: L . I,
are assuming a time-invariant channel, Whereé%, p,(j?,,, e i(m) o
and %), are time-varying parameters. The assumption is 4 - o Oy [0, —2ekaznt ]
1 ifi i i i i i i = P’ (t_’rm V)ej o A M (3)
justified in many applications of interest, since the observation E: E: P .
interval is often much shorter than the coherence time of the ~=t*=! t=mT

channel which characterizes the time-variant behavior of the this expressionr,(t) is the raised-cosine function with

propagation media. However, the adaptive scheme descrigdess pandwidth 0.35 [18] obtained because we assume that
in Section IV is designed for time-variant channels. Thge receiver filterg, . (t) at each antenna element are square-
complex baseband-modulated signal of tife 'c(s?nsmg};ter IS root raised-cosine filters perfectly matched to the transmitter
my(t) = 32, 2i(n)pee(t —nT), wherez(n) = an” +jbn” are filters p,,(t). In the following derivation vectors and matrices
the complex symbols defining the signal constellation used fgfe pold. M7, vZ, M, andv? designate transposition and
the particular digital modulation s.cherﬁ@,m(t) IS @ square- Hermitian for matrixM and vectorv, respectively. Complex
root raised-cosine shaping filter with rolloff factor 0.35, @id conjugation for scalars, matrices, and vectors is indicated as
is the signaling interval. Thah transmitted signal propagated, M+ and v*, respectively, while notationgM]; ,, and

through therth path can be represented as [v]x stand for thel,m element of matrixM and thekth
oo element of vectow, respectively. We use the notatige|| =

SO4) :/ FO = mymy(r) dr VM o2 for the two-norm of the complexi-vector

P v = [Ulv"',UM]Ta and||[M||r = \/Zf\il Z]N:l |m; 4% for

— prf{,ewmm(t _ nglzl)ejwao(tf‘r,(fL) ) the Fr_opehius norm of thé/ x N complex matrixM whose
= ' generici, j element ism; ;.
We will not consider the contribution of the additive noise in
wherew, = 27 f, is the carrier frequency. The contribution ofthe derivation of the deconvolution algorithm. In th@lomain
thelth transmitted signal propagated through #ttle path with  the transfer function (2) can be expressed as

L sinel -
angle of arrival (DOAYY and phase differenag ?>™*?—= i — R
from the first antenna element to thih element can be written (2) = Z (m)z
(we are neglecting the additive noise) as

(4)

m=—0o<

where the organization of theH;(») polynomials p-
o oY “ o ysimed) " transforms ofh; ;(m)] in H(z) is given by
7 (t, 6) = gdwot m(t — 7, e TETRETS it
H6) ;pw . 2 Hia(z) - Hiv(z)
H(z) =

wheregl), = —27 forl), + v, Sampling at symbol raté, Hicalz) e Hicw ()

we can compact the effect of the RF propagation channeIsAat

. - ) Distortionless Reception
the input of the digital filters at baseband as P

To recover the input signals, a lineArinput U-output filter

U W(z) =3k | W(m)z=™ with length L = Ly — L; + 1 is
uk(n) =" by (m)zi(n — m) + mi(n), applied to the outputs of the sensors. The objective/fir)

=1 m is to achievedistortionless receptian

k = 1727"'7K (2) If we define
_ _ T i Wii(z) - Wik(z)
LIn this model thexth path for thelth transmitter consists P’ delayed W(7) _ . . .

replicas of the signal with the same angle of arrival due to the scatterers nearby i
the mobile. In fact, assuming the scatterers evenly spread out on a circle WU,I(Z) WU,K(Z)

surrounding each mobile, and assuming large distance between the mo&%le . .

and the base station, simple geometric considerations [1] can lead to €H§tortionless receptiomeans that

simplification of apoint-source approximatiofor the scattering mechanism - -

local to the the mobile; that is, we can assume Ihgf delayed replicas of the W(Z)H(Z) =1y (5)
signal are received with approximately the same angle of arrival. For a certain . . . . -
numberN(9) of reflections of théth transmitted signal, particularly reflections Wherel; is al x U identity matrix [9], [4]. The systerdV(z)

in the vicinity of the b_ase station, these a_ssumptions are not reasonable Eﬂﬂequired to be bounded—input bounded-output (BlBO) stable.
different angles of arrival have to be considered. The solution (5) is achievable only ideally. Since the input

210 /s S _ (D) A . : ) > .
_(D'” m/4 D(gPSSU[ZGL [(217)] we ha"g;"m = et “OS([J?%] — signal constellations are symmetric, the statistics of the input
by sin[Adw], bnd = @,y sin[Adw] + b,/ cos[Adn], where  signals z;(n) reflect the same symmetry. Moreovesignal
Aol = 7/4if bitl) =0 andbitl), =0; Al = 3x/4if bit) =1

1,m 2,m 1,m

andbity) = 0; Agy = —3x/4 if bit!") =1 andbit)) = 1; and

1,m 2,m

3The same model with some marginal changes applies to the fractional
] . sampling case as well. We restrict, however, the description of the algorithm
Ady, = —m/4if bitgy)m =0 andbiugg)m =1 to the symbol-spaced case for the sake of clarity.
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reconstruction is possible only up to a constant delay, due The desired responsg that completely restores the informa-
the stationarity of the input processhe recovered signals will tion signal of theith transmitter up to the delay; can be
be subject to a phase ambiguity, a delay, and a permutatexpressed as

ambiguity. The best possible result for practidadtortionless

receptionby means of a linear filter is 8; = [67,,6%,,6%5, . 6%]T (11)
W(2)H(z) = PD(z) (6) Where

P [--,0,0,0,-], i 1

whereP is a permutation matrix and AR i = . (12)

D(Z) — diag{ej¢1z—n1 , ej¢zz—n2’ e qubUZ_nU} ) A )
The generianth element of the vectad; is 6(m — n;), if we
where ¢; € [, ], n; is an integer fori = 1,2,---,U/ neglect the phase shift and we force the solution not to permute
[25], [10], [11]. We say thatH () satisfies thedistortionless the inputs(P = I;;).* This generalizes the one-dimensional
receptioncondition if there exists a BIBO stabtiistortionless case [21]. It is possible to solve this deconvolution problem
receptionfilter W(z). A systemH (%) satisfies the distortion- by solving the minimization problem
less reception condition if and only if [10], [11]
. T~ e 12 .

det(HH (P YY) £0,  forallw e [-ma].  (7) min [Hw: = &% i=12.-, U (13
B. Vector Organization of Impulse Responses In the following sections we will solve the problem of finding
the filter w,; that restores only théth transmitted digital
stream, which is the signal of interest. That is why we omit
the notationi = 1,2,---, U/ in the following expressions.

In the time domain the linear filter can be written

K
zi(n) =YY wij(myy;(n—m),  i=12---U (8)
j=1 m

C. Key Assumptions and Their Justification
wherew ;(m) is the filter corresponding to the polynomial \ye make now the important assumptions on the discrete-

Wi ;(z) andz(n) is theith output of the deconvolution filter e model described and we detail some requirements on
W(z). The overall impulse response is characterized by ¢, statistical properties of the input symbols distribution.

input/output relation The HOS properties of a process are commonly described
U in the time domain by cumulants. Cumulants of interest here
zi(n) = Z Z si j(m)zj(n —m), 1=1,2,---,U. (9) are fourth-order cumulants of complex zero-mean stationary
j=1 m processes [14]. The properties of cumulants that we exploit
The impulse response of the two cascaded filters is given %EF:
the multivariate convolution o LIN: cum[> . £(i)x(i), - -] = >, £(i) cum[x(i), - - -];
K » STATIND: if the samples of a process can be divided into
;.5 (m2) = Z Z w; j(m)h; ;, (M2 — m) two (or more) statistically independent subsets, then their
j=1 m joint cumulants are zero.

K It is also well known that if the process samples are jointly
=Y _H,wi;| . 4ji=12---U  Gaussian, then their joirith-order cumulant is zero fdr > 2.

j=1 The fundamental assumptions necessary to develop the
algorithm are:

mo

where y
* AS1 H(z) is irreducible and H(m) # 0 only for
M jlmn = hij(m=n), —oo<m < o0, Ly <n< Ly m € [Jo,Jo] (J = Jo — Jy + 1) with H(J,) full rank;
and w;; = [w;;(L1),wi (L1 + 1), w;;(L)]". In a » AS2 the complex sequende:;(n)} is constituted by ran-
vector form we can write dom variables identically non-Gaussian-distributed and
o . statistically independent, and the cumulants{ef(n)}
S; = HWi, 1= 17 27 ey U (10) Satlsfy-
whereH, §;, andw; are defined as o E{z;(n)} = E{z3(n)} =0
H,, Hy, -~ Hg, * cum[xi(n),x{(n)] = o7 > 0, only fori = j
- Hi» Hy> --- Hgp s E{zi(n)z;(n)} = E{zi(n)zj(n)} = 0, for
H= : : : any Lv/
L o cumlxj, (n),x;, (), (), x5, ()] = e #
H.;; Ho; --- Hjsuqr 1 i LA AR Y 1 %a |
, SO 0, onlyforji =j2 = js = ji
w; = [Wv‘,,lawv‘,,Qa"'awv‘,,K] 4 . i o .
~ T In practice the permutation ambiguity is not a problem because it can be
S; = [SZTI, SZTQ, SZT?,, sy SZTU] solved by a user identification matching procedure. Specifically, in [26] and
o ’ T [27] the coded digital verification color code (CDVCC) section of the frame
sij=[.8i5(=1),5;(0),5,(1), ] is intended to be used for this purpose.
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Assumption AS1 is required to ensure thelistortionless [ll. DERIVATION OF THE ALGORITHM

receptioncondition for?(z). In fact, undeAS1itis possible  The following two-step iterative procedure defines a class

to design a deconvolution filter with lengih= L_Q—L1+1 > of algorithms for different values gf and ¢ [21], [13]:
[((J—DU)/(K —U))] such that thegeneralized Sylvester

matrix Hz ; of the MIMO system is full column rank [9], si (k) = (Sij(k))p(sij(k)*)q (15)
[4]. This implies that: 1) adistortionless receptiorlinear si (WP = 5, (16)
filter exists (i.e.,H(z) satisfies thedistortionless reception o il \/Z S s (D)2
condition) and 2) (7) is verified. AssumptiohS2 requires e

the same zero-lag fourth-order cumulant and variance for thgere ()W and ()1 stand for the result of the first and

U modulated signal sources;(n). Since theU signals are gecond step, respectively. This iterative algorithm converges

assumed to use the same modulation scheme, this appgarg “super-exponentialrate to the desired solution [21]
reasonable. However, a generalization of the algorithpgr , + 4 > 2. In this work we choosep = 2, ¢ =

to the case of different zero-lag fourth-order cumulants \yhich gives a solution in terms of fourth- order cumu-
and variances is possible. In practical applications Wheints. Since obviouslys; is not available (becaus#l is
H(z) is a time-varying response, it is almost impossiblgot known), we derive a procedure [13] in terms &f.
to guarantee at any time instant the existence of the fulf-we defineg; = &7, &%, g5, gl %, with g;; =
rank least-squares solution of (B)n fact, even if some ['"792‘,]’(_1)791‘,]'(0)79;,]'( 1),--]% as the impulse response
propagation parameters may be considered almost tinj@ctor obtained byj; (k) = ng(/f)& ;(k)*, we can state the
invariant (for example, delay spread or maximum Dopplégast-squares minimization problem
shift), the characteristics of the different multipath channels Cnee ] 2
are independently changing in time and it is, in general, Hv}vl_nHHWi — & 17)
quite unrealistic to make such a strong assumption. The o 7
well-known remedy to rank-deficient (or ill-conditioned)Vhose solution is
Ieast_-squares problems is the use of a minimum-norm wgu :(ﬁHﬁ)TﬁHgi' (18)
solution of (13) based on a low-rank approximation of the
Hermitian matrixHH” H, which is obtained using a dominantTo obtain normalization (16), the second step is
eigendecompositioh. This idea will be later developed &l
in an adaptive algorithm based on a subspace tracking w2 = Wi (19)
concept.The low-rank approximation can also be motivated \/‘;v[ll (HHH) = [1]
by computational efficiency as it will be clear in Section IV. !
The eigenvalue decomposition BIH is HYH = VAV, It should be evident that the solution of the least-squares
whereV = [Vi Vo --- vgr]isthe KL x KL orthonormal problem (17) [given by (18)] and subsequent normalization
matrix of eigenvectors, and\ = diag(\;, Xo,---,A\gz) asin (19) is equivalent to one step of the iterative procedure
is the diagonal matrix of eigenvalues. The dominant (15), (16). Since (15) and (16) converge to the desired solution
eigenvalues are those eigenvalues that exceed a cerfaib), (12) expressed in terms @f; in (13), it is also true that
predetermined tolerance levesl. Hence, using the notation at the point of convergence the solution of (17) is equivalent to
Vo = [vi v2 - V], A, = diag(Ag, Az, o, An), we thedsolutionlof (d13). ﬁ\ discussion on thfe( C())nve;g(enc;e of (18)
- - - - A, 0 and (19), related to the convergence of (15) and (16), is given
can wiite V- = [V Vir,] and A = | Am,r]' n i thfa A?ppendix The procedu?e (18), (19) can be exprgssed
practice one has to find a sufficiently large integesuch in terms of the cumulants of the outputs of the sensors. From
that A* exists. Next we define the Moore—Penrose inversg(k — n) = Z > R i(m = n)z;(k — m), we exploit
(HHH)T =V, A;*VH so that we can solve the least-squaress2 and the properues of the cumulants of linear stationary
problem (13) as processes (see property LIN) so that we can write

— (HYA)HTS, = V,A'VHARS,  (14) cumly;, (k —n), v}, (k — m)]

18
= cum Z Z by, 5, (1 — n)x;, (k — mq),

SWe are trying to point out that the Hermitian mati#%’/ T may be not Ji=1m

only singular but alscclose to singular—that happens wheH is nearly

rank-deficient; in other words, the least-squares problem (ilBganditioned * *
81t is interesting to observe that this modification to the super-exponential Z Z h72712 )%2 (k mQ)
algorithm was proposed independently by Ding in [6], where it was shown Jz=1 ms
that thelength and zero conditiom addition to the low-rank modification U
results in a globally convergent algorithm. Observe that the case treated in Z Z b (k m) 2
[6] is the single-input multiple-output (SIMO) case, and that we are instead " ’J 72 +J
treating the more general MIMO case—in fact, thagth and zero condition =1 k
translates intcASL It is also important to note that [6] does not address the U
problem of extreme practical interest of designing an adaptive algorithm to — Z [HH H . (20)
implement the batch low-rank super-exponential procedure. This is exactly £ 2,57 m,n
the problem we are going to solve in the following sections. j=1
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due to and theK' L x 1 vectorD; of fourth-order cumulants is given
by
cum(x;, (k — my ), x5, (k — my)]
cum [X J(11) x¥ (11)] =02 i1 =2 = D; = [dzjl’ dgj?’ e d; IS] (25)
o 2l 1 — Yx J1 = J2; M = 1my
- {0, otherwise.
[d ] . Culn[zi(k)7 Zi(k)7 z (k)7 y'rn(k B n)] (26)
To derive the second key expression related to the solution A Viz '
(18), let us consider
IV. ADAPTIVE LOW-RANK PROCESSING
cumnlz '(k)vzi(k) 2 (1), v, (k — )] In this section we derive an adaptive algorithm for online
. . computation of the multichannel deconvolution filter param-
—ZZ’%SJ n) cum(zi(k), zi(k), 7 (k), x{(k —m)]  eters. The cumulants of interest in the algorithm can be
j=t m estimated as
N
and 1
cumly(k —n),y"(k —m)l = = > y(k —n)y"(k —m)
zi(K), z:(k), 27 (k), % (k — k=L
cumnlz(k), 2 (k), 2 (k). (k — m) e
U U U
= Sijy (1) si . ()] 4, (n1) L . .
2 o 2 2t TR0, (4,2 (07— )
scumx, (b —I1), 2, (K —ma), 1 & 9
x " = 2Ky (k —n)z(k)
xjg(k—nl),xj(k—m)] N ;
2 *
= '74a:3i,j(m)3i,j(m)v 1 & 1 <
| =2 SRR Y ARy (k)
So we can write k=1 k=1
1 & 1 &
cum [7i(k), zi(k), 2 (k), v, (k — )] — 5 2R YA Ry (k—n)  (28)
U k=1 k=1
Z Z 15, (m = 1) (M) Y1z where we have neglected indexes#0k), z(k) for simplicity,
j=1 m

and we have indicated the estimated cumularit@s(--). At
the end of the convergence process

.

= Y [HE 8], (21) .
; = D, — &%, =0

[

Expressions (20) and (21) can be substituted in the leagtust be satisfied. We assume that the power constraint (19)
squares solution (18) and the following iterative algorithm is always satisfied using an automatic gain control (AGC).
obtained: Clearly at eacm + 1 stage we wish to solve the problem

wi! = D,

[ AY () } ) [ )\ZZ("J
willly+ DT YT st 41
o E ] 22) Y( ) z (” )

_— ~ —1 ~ 7(n—1)
VWi Bl with Y = [AY( T>] ZV = [A?(n)1 L yln) =
i F1(n)" 32(n)7, - 7yzs( )17, yi(n) = [yi(n— L), yi(n—
where the matrix® with dimensionsk'L x KL is given by L1 — 1),---,%i(n — Lo)]*, and zi(n) = (|zi(n — 1) -
202)z;(n — 1). In fact, the normal equationsdefine the
P11 P - Pug desired minimizer a& "+D" Y (4D, = YD Z0 D

2
min

(29)

B Lo P2 0 Pox 23) which is equivalent todw; = D; for n — oc and if we
I : : : employ sample statistics estimators for the cumulants and the

By, By - Brg covariance matrix. The expression f&(n) can be justified
' ., ' by considering the estimation of fourth-order cumulants based

[l = cum[y;(k — Ir;)v}’i (k —n)] (24) on the sample average given by (28) &2 (the third term
0% on the right-hand side of (28) needs not to be estimated since

E{zZ(n)} = 32; 25 si,i(k) E{z;(n)zi(n)} = 0, seeAS2).

"Due 10AS2 Moreover, due to the power normalization (19)
Cum[r,l(n—ml) xj, (N —mg),: Jg(n—m3) rJ(n—k)} E{|Zl(n)|2} :E{zz(n)z;(n)}

_ { Yz, J1i=Jo=7J3=J, m=mo=m3==F = |SZJ(/€)|2E{$Z(7‘L)$:(TL)} = 0'320.
=90 . E : E :
J k

, otherwise.
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Observe that the expression (29) reveals the similarity withat is

the RLS problem where the procesg(n) is the desired _ - I I
signal. The adaptive solution of the problem could be derived IE,IBOQ(Z)R(Z)Q(Z =~ DT = V() A (n)Ve(n)™.

g?'?ﬁeﬂ}fn RoLrtSar?tlg((j)rrg\?vrl?aglisltso;/iﬂﬁflrgﬂsk [;]LS[S]i’s[ltﬁgt?Qier his is known as simultaneous orthogonal iteration [23].
P %trobach [24] and Owsley [16] observed that this iteration can

approach requires at every step, explicitly or implicitly, th . = . . .
existence of the inverséy "+D“y®+D)-1 This cannot Egti:rirgotlifr? cﬂ%()(gh%@((g)) :z slowly varying. The recursive

realistically be guaranteed in any practical situation and, In
particular, in space/time applications. In fact, the multipath @(n) = )@(n — 1)+ 1= N5 (n)y(n)T (35)
channels follow mglqpendent tlme—varyl_ng chara_lcterlstlcs SO D;(n) = AD;(n — 1) + (1 — \)§*(n)z(n) (36)

that the data matrixY ™ may become ill conditioned due

to statistical fluctuation of the received signals. The mosthere A is a parameter close to one that accounts for some
immediate consequence is that rank degeneracy appears ingtkgonential weighting [7]. In addition, using the simultaneous
least-squares problem (29), which makes the results of amyhogonal iteration method and substituting the iteration index
traditional numerical algorithm based on full-rank processinigwith the time-step index, it is possible to approximate (31)
meaningless. In this case one should detect the rank degemnsr-

acy by looking at the singular values ¥ and decide that S - I

certain columns of this matrix can be ignored. In particular, the ®(n)" = Q(n — HR(n) " Q(n)". (37)
KL —r eigenvectors ol ™" Y ) (the left singular vectors The estimate of the filter weights at time stejis so obtained

of Y™) corresponding to the “small” singular values cang
be ignored in a minimum-norm solution of the least-squares

problem (29). . i wi(n) = Q(n — DR(n) " Q(n) Y™ Z{"
The eigenvalue decomposition 3" Y () is = Q(n — DR(n)1Q(n)"D;(n). (38)
Y'Y = V(n)A(n)V(n)H (30) It was shown in [24] that the update on mate(n) can be
performed as
where V(n) = [vi(n) va(n) --- vip(n)]is the KL x
KL orthonormal matrix of eigenvectors, and(n) = A(n) = A(n - 1)Q(n —2)"Q(n - 1)
diag(A1(n), Az(n), -+, A (n)) is the diagonal matrix of + (1= yn)y(n)Qn — 1). (39)

eigenvalues. The dominant eigenvalues are those eigenvalues | o ]

that exceed a certain predetermined tolerance level relafef in-space component, obtaingdningthe in-space vector,
to the numerical accuracy of the computing device we at®

using and to the additive noise pow:r(.n\)Ne us§ the notation zi(n) = 5()TQ(n — 1)f~{(n)_1Q(n)HDi(n) (40)
V(n) =[Ve(n) Vir—r(n)], Aln) = [

, SO . . o .
) ) -0 Axrr(n) while the residual component, obtaingthning the residual
that we can define the generalized inverse

vector, is
(YO YO = Vim)A ()T V()T (8D) ui(n) = zi(n) — %(n).
and the low-rank solution of (29) Expressions (38)—(40) are at the basis of LORAF1 of [24]
. Hor () 5 () as modified for complex signals and applied to our blind
Wi(n) = Vo (n)A(n) "'V, (n) YT 27, (32) deconvolution problem. The algorithm is reported in Table

] ) ] I. The QR decomposition required at every step can be
The low-rank in-space vectoandresidual vectorare defined, efficiently performed using Jacobi rotations [7]. Observe that
respectively, as wi(n) = Q(n — 1)b(n) is not explicitty computed. Some

7 — Y™ (n) (33) important refinement_s of thi_s_basic algo_rithm can be m_a_de
t - 0 improve computational efficiency. Particularly, the explicit
w(n) = Z{"V - 2. (34) updating of the QR decomposition &f(n) can be eliminated
in a scheme which directly tracks th@ and the R factors
A. Numerical Procedure to Adaptively Obtain (32) as new data snapshots are received. This method requires

It is possible to show [24], [7] that if we defin& ™" % Givens rotations per update and is formalized
in the algorithm LORAF2 (see [24] for details). Further
_simplifications can be used to reduce the number of Givens
rotations to2r — 1 and obtain the ultrafast subspace tracking
B scheme defined by LORAF3 in [24]. The algorithm modified
* A(l) = 2(n)QU - 1); for our problem is reported in Table Il. The matri%(n)
* A(l) = Q(DR(I): square-root decomposition is a Givens rotation matrix [7] that sweeps the last row of
(Q() is constituted by orthonormal column®(l) is the matrix it premultiplies. The structure of the problem (29)

upper triangular). may even suggest the use of a square-root-type algorithm for

Y™ = &(n), then an iterative procedure to find @p-
proximateeigendecomposition aP(n) (considered as a time
invariant matrix) is:
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TABLE |
LORAF1-HOS AGORITHM
INPUT
- zZi(n) = (|z,(n — 1)|2 -2 02) zi(n —1), ).'(n), T, A
SUBSPACE TRACKING
Step 1 An) = XA -1)Q(n = 2)7Q(n - 1) + (1 - NF(M)F () ¥ Q(n ~ 1)
Step 2 A(n) = Q(n)R(n): QR decomposition
ADAPTIVE FILTERING
Step 1 D;(n) = 2Di(n - 1)+ (1 = A)¥*(n)zi(n)
Step 2 Solve by back substitution R(rn)b(n) = Q(n)¥ D, (n) for b(n)
Step 3 zi(n) = b(n)TQ(n - 1)H3_'(”)
INITIALIZATION
I
Step 1 Q(n—Z):Q(n—l):[ o :|
Step 2 An-1)=Qn-2)y(n—-1)¥(n-1)¥
Step 3 D((nfl):y‘(n—l)z'.(n—l)
subspace tracking—this approach would have the immediate TABLE I
advantage of reducing the required dynamic range of th@RAF3-HOS AGORITHM. THE MATRIX G(72) IS A GIVENS ROTATION MATRIX
triangular factorR(n). INPUT

- Zi(n) = (Jzi(n - DP = 202) 2(n—1), F(n), r, A
SUBSPACE TRACKING

B. Adaptive Dominant Space Order Estimation

Step 1 h(n) = Q(n - 1)”3’(")
The orderr of the dominant space can be estimated using Step 2 y1(n) =¥(n) - Q(n - 1)h(n)
a threshold leveltol which, added to the estimated noise Step 3 vi(m) =
floor (of the additive white Gaussian noise), will help to s ) .
. . . . n AR(n —1 — A)h(n)h(n
discriminate the relevant eigenvectors. The subspace section of ~ stwp4 [ ) } =G ((1 i;EI)HH)y (( );;( ) }
. . . . - n 1(n
the algorithm is operated with the ordeequal tor,,,. This
maximum subspace ordef,.,. is exp_enmentally _determm_edl Step 5 [ Q) a(n) } - { Qo) F.(n) }G(nw
so that the rank of the autocovariance matrix statisticallfpaprive riirerING
never exceeds this parameter. A possible adaptive noise power Step 1 Di(m) = ADi(m— 1) + (1 — N *(m)i(m)
estimator is Step 2 fi(n) = M7 (n - 1) + (1 = Ah(n)z:(n)
o (n) = KLpy(n) — o Sien s 20 | gm| 0
. x 71 (W) Di(n)
with
1— )\ " Step 4 Solve by back substitution R(n)b(n) = f'+ (n) for b(n)
py(n) = Ap,(n — 1) + 7 tr[y(n)y(n)7]. Step 5 2(n) = b(n)Th(n)
INITIALIZATION
Only the eigenvectors corresponding to the eigenvalues that
exceedo2(n) + tol are used in the computation of the Step 1 Qn—1)= { Ir}
filter w;(n) and as a consequence in signal reconstruction. 0
. . . . Step 2 ffn-1)=0
Observe that the eigenvalues (actually their approximation) Step 3 fin—1)=0

are obtained by extracting the diagonal elements of the upper Step 4
triangular matrixR(») (which is analmost diagonamatrix).
The experimental results of the next section do not make use,
however, of the adaptive space order estimaiidine order TABLE Il i

. . . . COMPUTATIONAL COMPLEXITY ANALYSIS WITH K ELEMENTS,
7 = Tmax IS actually experimentally determined offline for a L TAPS, AND RANK APPROXIMATION EQUAL TO 1
certain propagation scenario as a tradeoff between error rate ”

. . Method
performance and computational complexity.

Di(n—1)=3*(n - 1)z(n—1)

LORAF3-HOS QR-RLS

N. of real multiplications || 8K Lr -+ 10672 + 124r + 20K L — 58 | 10K L + 30(K L)?
N. of Givens Rotations 2r—1 KL

C. Remarks on Implementation

The simulations in the following section are performed us-
ing a word length size of 24 bits, using fixed-point arithmeticThe computational complexity in terms of multiplications and
8There is marginal performance improvement if real-time estimation aﬁo’ementary complex X 2 Givens rOtatlon_ per update Wa_S
tracking ofr is performed in the fixed number of mobile transmitters scenarigalculated and compared to the complexity of the adaptive

which is the case that we simulated. Adaptive order estimation becomes @R-RLS [7]. The approximate number of computations per
dispensable when the number of transmitférsaries dynamically—the rank

properties of the space—time autocorrelation matrix may change dramaticé_ﬁ@/rat'on using filters length equal tband K’ sensors is given
in this case. in Table III.
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Fig. 2. Block diagram of the receiver.

base-station systeBase,. The main purpose of experimenting
the algorithm with data samples collected from hardware
equipment is to demonstrate practical applicability of the ideas
presented. A block diagram of the receiver section of the
base station is shown in Fig. 2. The tuner module performs
a standard single conversion scheme. The analog-to-digital
(A/D) is a high-speed bandpass sampler, while the conversion
at baseband is operated by digital downconverters (wide-band
processing). The slots are 162 symbols long, and 14 symbols
at the beginning of each slot are known at the receldeis
obvious that no blind algorithm can achieve convergence in 14
symbols. The scheme we propose is a hybrid scheme which

n. of multiplications

2l : : : : :
i 4 6 8 10 12 14 during training performs low-rank least-squares filtering, while
rank r after convergence runs in blind mode as described previously.

(b) The difference is only in the desired signal that is fed back

Fig. 1. The LORAF1-HOS algorithm. Computational complexity per updati® the adaptive algorithm. During training the desired signal
of LORAF3-HOS and QR-RLS in terms of multiplications and versuss x{*®(n) instead ofz;(n), wherez{***(n) is the training
the subspace order retained in the adaptive algorithm. (a) Computatiog@lquence that is

complexity versus rank reduction (&)= 9,K =5 and (b)L =9, K = 2. ’

5i(n) = {xgrain(n), training

Zi = 2 2 .

It is evident that the LORAF3-HOS algorithm here proposed (lzi(n = DI? = 203) zi(n — 1), blind.
becomes convenient in terms of computational complexity (41)
with respect to the QR-RLS scheme if the ordeiof the

dominant space remains below a certain value—in Fig. 1 fo . -
K =5andK = 2 and L = 9, the number of multiplications O¥ the sqgargd error obtameoll OV?{ :(,,1)00 '\fome Carlo
required by the two algorithms is computed and plotted vers(#s and is given bMSE; = =37, |¢ " (n)|*. The error

the orderr. LORAF3-HOS is convenient for < 21 for K = 5 obtained at thenth run is "’ (n) = 2*(n) — zi(n — n,),

The mean-squared error (MSE) is defined as the average

and forr < 6 for K = 2. where n; is the delay introduced by the filters and”(n)
is the output of the combined filters relative to thth
V. RESULTS OF EXPERIMENTS transmitter obtained at theth run. Observe that the initial

o training with known symbols associated with the user ID
A TDMA system for cellular communications has been ; . I
. . . matching procedure solves the sources permutation ambiguity
simulated according to [26] and [27]. In addition, we present . : . .

; : nd the phase uncertainty. Of particular importance is the fact
the results of some lab experiments performed using the

Watkins—Johnson wide-band dual-mode (AMPS and 1S-136YThis corresponds to a frame format similar to the DTC of [26] and [27].
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TABLE IV
CHANNEL PROPAGATION ENVIRONMENTS FORPERFORMANCE EvALUATION REsuLTs: DOA’'S AND DELAY
SPREADS OF THEMOBILES. IN ALL CASE&'l(,l) = Tz(ll) = Tl(zl) = 72(21) = 7-1(31) = 72(31) =0
[ &Lr Jules@=0)] &) [ 40 | & £ ] 8 <)
Fig. 4 5,9,22 3 30°, —70° 41.2 ps | 41.2 us 10.3 us 10.3 us 5.15 us 5.15 us
Fig. 5 (a) 2,3,4 2 45°, —90° 103 us | 103 pus | 103 pus 10.3 ps 10.3 us 10.3 s
Fig. 5 (b) 2,3,4 2 45°, —90° 20.6 us 0.0 us 10.3 us 10.3 us 10.3 us 10.3 ps
Fig. 5 (c) 2,3,4 2 30°, —70° 41.2 us | 0.0 us 0.0 us 10.3 us 10.3 us 10.3 ps
Fig. 5 (d) 2,3,4 2 30°, —70° 41.2 us | 41.2 ps 10.3 pus 10.3 us 10.3 us 10.3 us
Fig. 5 (e) 2,3,4 2 30°, —70° 41.2 us | 41.2 pus 41.2 us 41.2 us 41.2 us 41.2 ps
Fig. 6 (a) 2,5,6 1 -—— - 412pus | 0Ops | - —. —— | - —.—= | - —. == | == .=~
Fig. 6 (b) 2,5,6 1 —-——.—= 41.2 ps 0.0 us —_——— |- - — = — - | = ===
Fig. 7 (a) 2,5,6 1 - === 41.2 ps 0.0 us e B B el e
Fig. 7 (b) 2,5,6 1 - - == 41.2 pus 0.0 us —_—— e —_ = — - — = _ = == ===
Fig. 8 5,3:7,15 | 3 10°, —45° 41.2 ps 0.0 us 41.2 ps 0.0 us 41.2 us 0.0 us
Fig. 10 2,9,12 1 - — == 41.2 ps 0.0 us —_————— ] = == | m= == | == .= =
TABLE V

CHANNEL PROPAGATION ENVIRONMENTS FORPERFORMANCE EVALUATION RESULTS: VELOCITY OF THE MOBILES

” i l Va | Vi ] AQR—RLS | ALORAF3—HOS

Fig. 4 8 K'm/hr 8Km/hr | 8Kmfhr | ——.—— 0.97
Fig. 5 (a) 50 Km/hr 50 Km/hr | 8 Km/hr | ——.—— 0.9
Fig. 5 (b) 50 Km/hr 50 Km/hr | 8 Km/hr | ——.— — 0.9
Fig. 5 (c) 100 Km/hr 100 Km/hr | 100 Km/hr | — —.— = 0.9
Fig. 5 (d) 75 Km/hr 50 K'm/hr 8 Km/hr - == 0.9
Fig. 5 (e) 100 Km/hr 100 Km/hr 8 Km/hr —— = 0.87
Fig. 6 (a) 100 Km/hr —-_—— = - - -—— == 0.9
Fig. 6 (b) 100 Km/hr - == - — - = - — = 0.9
Fig. 7 (a) 100 K'm/hr 8 Km/hr 8 Km/hr 0.855 0.87
Fig. 7 (b) || 50/100 Km/hr | 8Km/hr | — —.— — 0.855 0.87

Fig. 8 100 K'm/hr 50 Km/hr | 50 Km/hr | 0.855/0.9 0.855/0.9

Fig. 10 || 8/50/100 Km/hr | ——.—— | ——.—— 0.87 0.855

that we always compare the proposed approach LORAFpread propagation parameters are summarized in Table IV as
HOS with a more traditional QR-RLS approach, explicitly déhey relate to the test cases reported in the figures. Observe
second-order-statistics-based method. The QR-RLS uses ttied the symbol period is 41.2s and that in the described

synchronization sequences while in training and past decisiansdel

while in decision-directed mode.

1 _

11 =

1 2
] = o =

)]

2 3
72(1) = 7_1(1) = Ty1 = 0 ps.

The Doppler frequency usually describes the second-order
statistics of channel variations. Doppler frequency is related
through wavelength\ to the ith mobile transmitter velocity

A. Computer Simulations Results V; expressed in km/h. The model used in this case is based

In the simulations we assumed a sensor spaciny®f The 0N the wide sense stationary uncorrelated scattering (WSSUS)
number of elements and transmitters for each figure is specif@gpumption [3]. The complex weights are generated as filtered
in Table IV. One of the transmitters is at array broadside aussian processes fully specified by the scattering function.
is the signal of interest. We assume a two-path model, aR@rticularly, each process has a frequency response equal to
each path impulse response is modeled as a two-ray Rayleifjle Square root of the Doppler power density specttiiiable
fading channel #, = P, = 2) [26], [27]. The arrival angles V summarizes the Doppler frequency situation as related to the
of the paths are spread arountWith a cluster width of 2. test cases’ results shown in the figures. The SNR
The interfering signals are generated with the same parameters
but with DOA’s clustered around-, and 65, as indicated 10The Doppler spectrum is approximated by rational filtered processes. The
. . . ! . . filters are described by their 3-dB bandwidth, which is called the normalized
in Table IV. In Fig. 3 the equivalent baseband discrete-ti

) ) ) h ) rT]ﬁ)ppler frequency. The additional assumption is that all channels and complex
model is shown relative to th&h mobile transmitter. Delay weights have the same Doppler spectrum.
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<+ d >
Square Square Square
Root Raised Root Raised Root Raised
Cosine Filter Cosine Filter Cosine Filter
‘Adjacent Adjacent Adjacent
Interference interference Interference
Rejection Filter Rejection Filter Rejection Filter
py,(n) v (n b n
? 1 2 yZ( ) ? YK( )
-1 -1 -1
z z z
w1j(L1) w2,i(L1) - wK'i(L1)
— % k—li ———{ % J¢—e — % }—o@
(L1+1) X ‘L1 1) X L1 *
w + w + w, +1)
1, -1 2, -1 K,‘ -1
" z . z eee . z

zl(n)

Fig. 3. Discrete-time model of the filtering sectioi’ (sensors) relative to thé&h transmitter. Observe that an adjacent interference-rejection filter is
concatenated with the (square-root) raised-cosine filter, which by itself does not meet the 1S-136 specification in terms of out-of-band rejection.

for each discrete-time channel impulse response is defingfd?/(z) and shown as the dashed trace. The procedure we
as in [2]. Fig. 4 shows an experiment where the filters aresed to compute the ideal optimum setting $o5(n) was the
running on experimental data (not formatted as in the 1S-138@lowing:

TDMA system) in blind adaption using LORAF1-HOS mode 1) freezetime evolution of the multipath channels param-
for the entire sequence. The speed is relatively low but large  eters at time step.T’;

delay spread is present on the channel, while the cochannep) compute the discrete-time symbol-spaced channels
interference suppression capability of the method is evident hy . (m) form = Jy, Jy+1---J, using (3) and compact
(the three signals are received with the same average power). into matrix H as in (13), sayH(n);

Itis, however, also important to note that the experiment showsz) solve

the weakness of the algorithm—slow startup convergence. . .

Unfortunately, the filter reaches satisfactory MSE only after vlvngll) [H(n)wi(n) — &1

hundreds of symbols. The solution to the slow startup problem '

is, as already mentioned, training, according to the scheme using
(41). Fig. 5 shows experiments (again with no relation to a - - HE N
realistic TDMA frame) where we try to investigate the tracking wi(n) = (H(n)"H(n))'H(n)"5;.

capability of the method. The plots show the trajectory of thejg. 5(a)—(d) shows results for infinite SNR and low delay
real part of the center thbas compared to the center tap of th@pread of the interfering signals (see Table IV). Fig. 5(d) shows
ideal distortionless reception filter (constrained to have finitfe traces of the real part of two adjacent taps. Fig. 5(e) is for
length), computed assuming perfect instantaneous knowleqggt-mean-square (rms) delay spread of 2@s6or all signals

111n equalization literature theenter tapis the tap that carries the maximum'mp'ng'ng over the' array. Fig. 6. Sh_OWS 'd?a_l eXp?“mems with
energy. one single transmitter and periodic retraining with randomly
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Fig. 4. MSE versus time step for the three transmitters with blind adaption (using LORAF1-HOS) during the entire length of the transmitted sequence.
For propagation parameters, see Tables IV and V.
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Fig. 5. An experiment that shows the tracking capability of the algorithm LORAF3-HOS. The smooth dashed trace is the optimum Wiener filter solution,
computed assuming perfect knowledge of the discrete-time channel impulse response. For propagation parameters, see Tables IV and V. SNR is infinite.

generated inputs (not 1S-136 frames). Each case depicts: 1)tthe theoretical behavior of the ideal distortionless reception
Rayleigh-fading amplitude evolution in time of the two-rayilter; and 3) the magnitude of the errgi(n)| for the single
Rayleigh-fading channel; 2) the real part of the center tap atrdnsmitter. Several important comments are in order. Observe
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Fig. 6. For one single transmitter, plots of the two-ray Rayleigh-fading channel amplitudes, real part of the center tap of the filter for LORAFRZH0S ve
the optimum Wiener solution (dashed line), and magnitude of the error. The filter is periodically retrained as the MSE reaches a threshold f&diitgntly,
events of the first ray dramatically affect performance. For propagation parameters, see Tables IV and V.

that fades of the first ray below10 dB dramatically impact in amplitude, the center tap should move to an adjacent tap,
the performance of the adaptive algorithm. In some workghich is a configuration of the taps considerably different from
the concept of traditional equalizers (based on second-ordee original one (observe, in fact, the rapid changes in the real
statistics) not able to identify nonminimum phase channghsirt of the center tap in Fig. 6 in correspondence with a fade
was emphasized. Our results indicate that the use of HOBthe first ray). The filter has to deconvolve a channel whose
cannot totally solve the problem because of the fast variatiosgectral response has dramatically changed and it should be
of the parameters. The algorithm is extremely sensitive tepositioned in timeavith respect to the maximum energy point
fades occurring on the first ray, or if the amplitude of theaptured by the synchronizer. Since the synchronization point
second ray becomes larger than the first one. This problésnnot changed dynamically within one slot, the filter is not
can be explained by the fact that as the first ray decreasdse to satisfactorily deconvolve the channel. The degradation
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Fig. 7. Stability experiments (a) for the two algorithmsSa&{R = 21 dB: QR-RLS and LORAF3-HOS at 100 km/h. The slot is 750 symbols (for testing
purposes only). Top: center coefficient after synchronization. Bottom: instantaneous magnitude of the error after synchronization. (b) dh&SE@EH0
Monte Carlo runs) is shown for real demodulation of 1S-136 slots. For propagation parameters, see Tables IV and V.

could be probably reduced, increasing the time span of tapproximately four times the QR-RLS complexity; foe 15,

filter (larger L), or by introducing a feedback filtering section.L = 5, it is about 1.5 times the QR-RLS complexity; and for
We reserve the investigation of this important topic to future= 15, L = 7, it is about 20% less computationally intensive.
work. Fig. 7(b) shows the MSE averaged over 100 independéihile we obtain improvement in all cases, the remarkable
computer runs versus time step in symbols fgr = 21 dB  esultis thatforl, =7, LORAF3-HOS gives foBER = 1072

for real 1S-136 slots, while Fig. 7(a) is an experiment with 8" SNR-per-bit improvement of about 6 dB.

750-symbol-long sequence and retraining It is shown how

the blind mode is more robust under fast fading than decisio- Hardware Implementation Results

directed mode of traditional schemes such as the QR-RLSA simpler and indeed more realistic scenafif = 2,
algorithm. Bit-error rate (BER) analysis results are shown i = 1)'2 was studied using data collected from the digital
Fig. 8 (at different speeds) with delays as specified in Table I¥ignal processing (DSP) receiver sectionBafse,, the dual-
BER is relative to the first mobile transmitter. Ideal frame an@hode wide-band base station implemented at Watkins-Johnson
symbol synchronization is assumed. The SNR is the same @@mpany. The hardware test setup is depicted in Fig. 9;
each discrete-time channel. The two cochannel interferers 8 Propagation parameters are in Table IV. A hardware
received at an average power 5 dB below the average po\m#Itipath fading simulator is connected to the two antenna
of the first transmitter. A sample size of 0 was used to ports of th.e base ;tgtion. The IS-136 signal generator simqlates
estimate an error probability of 18. Note that forr = 15, transmission of digital traffic channel (DTC) frames coming

L = 3, the computational complexity of LORAF3-HOS is !2This testing environment is also specified in [26] and [27].
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Fig. 8. BER of the first mobile transmitter in a three-mobile environment. For propagation parameters, see Tables IV and V. Also, results for the
no-fading case are shown.

from three different mobiles. Additive Gaussian noise is ifis not as impressive as in the previous experiments, where
jected on both diversity channels. Observe that the D®Rultiple interference sources and a relatively large number
modem receives a sampling rate of 80 kHz (not an integef sensors made tracking the optimum MMSE solution more
of the symbol rate). The wordlength used is 24 and thdfficult. It is exactly in these circumstances that LORAF3-
algorithm has been implemented using simulated fixed-poiHOS outperforms known solutions in terms of performance
arithmetict® A polyphase raised-cosine filter concatenategnd computational complexity. It is important to mention,
with an adjacent interference rejection filter transforms tHewever, that substantial improvement in the two-antenna case
rate to4/7 = 97.2 kHz. Then the two-channel filter workscan be achieved using QR-based decision-feedback schemes
at 2/T rate. AGC is operated on a slot-by-slot basis. Whiland similar extensions of the cumulant-based algorithm.
perfect synchronization was assumed in the previous simu-
lations, in the hardware experiments there is an open-loop
synchronize¥* choosing the optimum positioning of the filters
at 4/T rate. In addition, as required by the specification Ye have studied a new practical solution to the array pro-
[26], [27], there is carrier frequency offset between the I&essing problem in a cellular base station employing antenna
cal oscillator and the transmitted carrier frequency of abo@frays. The method is based on a vector generalization [13] of
213 Hz. The adaptive filter is not able to track this largthe idea presented in [21] and the low-rank adaptive processing
frequency offset. Indeed, frequency offset is more convenienfighcept of [24]. The algorithm is sufficiently fast to track
estimated using a second-order phase-locked loop (PLL) t&&@nnel variations caused by moving transmitters, while at
compensates for the frequency drift. A detailed descriptidRe same time being highly attractive from the computational
of the synchronizer and the frequency offset compensaﬁﬁim of view, proving that the use of HOS does not necessarily
is omitted because it is beyond the scope of this pap&PPly slow convergence and, hence, extremely large sample
The results of extensive BER measurements are summari&§- Fast startup convergence is achieved by the use of training

in Fig. 10. The improvement with respect to the QR-RL§equences. The experimental investigation is of particular
interest because the applicability of the new method was

13A simulation analysis of the dynamic range required not to degrade th/gnfled in a realistic environment specified by the current U.S.

performance of the algorithm as opposed to the floating point implementatisf@ndard for digital cellular communications [26], [27]. BER

was carried out, although the description of such analysis is beyond the scppgults were shown using also data collected from hardware.

of this paper. _leferent yarlables of the algonthm required different _number The algorithm LORAF3-HOS is perfectly adequate to track

of fractional bits to avoid overflow. In particular, the mati#k(») required - .

double-precision representation. channel variations due to Doppler shifts larger than 80 Hz more
14The basic strategy is to cross correlate the incoming signal with tlﬁﬁ'c'ently than traditional decision-directed-based methods,

synchronization sequences adequately interpolated. especially in multiple cochannel interference and fast-fading

VI. CONCLUSION
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Fig. 9. Hardware test setup for laboratory experiments.
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LQRAFs-HQs 100 Kravhr
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LORAFS_HOSE ' P : e b ST X7

ORAF3-HOS 50 Km

Fig. 10. BER for the hardware experiments. For propagation parameters, see Tables IV and V.

scenarios when using a relatively large number of sensomsmarkable result is that &R = 10~2, the improvement of

In these cases, tracking the optimum MMSE solution usingORAF3-HOS in SNR per bit with respect to the traditional

traditional methods such as RLS or its variations is not ontlecision-directed QR-RLS is about 6 dB, using same length
computationally intensive but also not satisfactory in terntd the filters and same number of sensors. Moreover, only
of performance, due to the rank degeneracy problem of t88% of the computational complexity per update of the full-

space-time correlation matrix. The best known method foenk QR-RLS is required to obtain such improvement. The
RLS filtering in terms of numerical properties, the QR-RL$omputational complexity reduction that one can obtain with
was compared to the proposed algorithm, LORAF3-HOS. Tliee low-rank tracking idea is very attractive; in fact, it is pos-
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sible to obtain satisfactory BER results (compliant with [26kernel of H which is orthogonal to the subspace spanned by
and [27]) using less than 60% of the QR-RLS computation®f, which means thaﬁrf can be far from the desired solution.

complexity. We investigate this last important issue. By the chain rule
we have
APPENDIX o U
ON THE CONVERGENCE OF THEALGORITHM O (HW,) _ S b m =)
_ ) ) Ow; pn(m) s
The iterative procedure (15) and (16) applied to the vector k=1 1

=1
§; maintains the index of the tap with largest magnitude, 0¥ (sy)
which was called in [21] théeading tap(see for details [21, Js; k(1) sk D=3 mhay g (—m)
Sec. Ill]). Froms? with elementss? ;(k), we want to achieve et

. . L 44
convergence aftel iterations tos; with elementss; ;(k) that (“44)
are nonzero only for a specifit = jo and k& = ky. While or, in vector form
there is no specific requirement &g (which will result in an o
arbitrary delay) it is evident that it must hojgd = ¢ to restore m = HE aqlESZ) (45)
the information of theith transmitter and not an arbitrary Wi 98 |5, —f1w,

Joth transmitter. Although this problem in our algorithm ha?\low multiply both sides of (44) b)ﬁ(ﬂHﬁ)T to obtain
been solved by use of training sequences, the convergence to

the ith transmitter can be ensured if the leading tagEbis A T8\II(I~{v~vi) ~1 9P (s;)

contained in the vectas? ;, that is, if |s?,(ko)| > |s (k)| is ( ) ow, 005 s _ie

verified for someky, all j # i, and anyk. This situation is 0% (5;) T

always verified as long as one initializeés;, with w; ; = 0 = 85? s (46)

for all 7 # <. The initialization ofw,; is arbitrary. Another
important aspect is the global convergence of the algorittmcauseﬁ(ﬁHﬁ)TﬁH ~ Ty, the U x U/ identity ma-
in th~e \ 5 do_mam to the same solution of the algorithm iR, |t is then evident from (46) that ifxi’rf is an ex-
the s; domain—this cannot be generally guaranteed Wh?r(]amum for W (). that is. if 22 0E%:) - 0. then
w; has finite length. The problem of the convergence of éq/() w. (Wi), o aq}({)i)vi _v”vz-=v:vf_ -
certain function®y, (w,;) = ®(Hw;) (whens, = Hw;) 5 lir_per = 0. Since ||=52|| is continuous with
to the same solution of the functiollf(s;) is a well-known respect tow; ,,(m) andhy ,(m), then we only need to require
and investigated problem in the blind deconvolution literatutbat for a sufficiently smallA > 0 it is satisfied

(see [22, chapter by Shalvi and Weinstein]). This convergence o HE e H

cannot always be guaranteed for both functions. First of all, H(HTH)™ e <4 (“7)

observe that the procedure (15), (16) is a gradient-based seagchuarantee thatZ%>) || is arbitrarily small, which implies

to solve the maximization problem that there exists an extremusf such that|5- — sF|| is
max ¥(§;) (42) arbitrarily small. In other words, the extremum farg, (W;)
> is arbitrarily close to the extremum fak(s;) if there exists a
subject to the constrain}s;||? = 1. In fact, the two steps in sufficiently smallA such that (47) is verified. Condition (47)
(15) and (16) are equivalent to the gradient-based iterationemphasizes the importance of selecting the rank order of the
o (3:) Iow-ran_k filterr_ = rmax carefully. _The selection of a low vz_;tlue
5%, (43) for » will alleviate the computational effort of the algorithm
‘ but will make the algorithm prone to misconvergence, due to
with ®(5;) = 32,5, si5(k)%s; ;(k)*>. 24%) indicates the (47).
gradient of the vector and we choose wery largestep size
1. However, we have translated the maximization procedure ACKNOWLEDGMENT
for ¥(s,) overs; into a maximization for a certai¥ . (w;)
over w;, where

Si=s;+p

The author would like to thank thBase, technical staff of
B the Telecommunications Group, Watkins-Johnson Company,
Ty, (W) = ¥(HwW;) = ¥(8)) for some enlightening discussions.

and we have used; = Hw;,.
Let us assume tha&” is an extremum for®(s;), that is,

0¥ (si) s —s# = 0. It is then obviously true thatvE such [l S. Anderson, M. Millnert, M. Viberg, and B. Wahlberg, “An adaptive
TR ) array for mobile communication systemdEEE Trans. Veh. Technol.
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