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We propose a restoration method to compensate distortions
caused by cross-polarization interference (CPI) and multipath
propagation when multichannel transmission is employed in
the uplink of an on-board-processing (OBP) satellite. The
proposed baseband signal processing architecture is numerically
robust and efficient as vector operations are avoided by efficient
orthogonal transformations. Since the algorithm is based on
higher-than-second-order statistics, the method is very effective in
severe distortion conditions where a traditional, perfectly trained
Kalman multichannel filter obtains poor performance.
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I.  INTRODUCTION

On-board processing (OBP) is a technique for
commercial satellite communications with various
highly desirable features. At different levels of
complexity and cost, digital technology allows the
demodulation, decoding, switching, modulation and
encoding to be performed on-board the satellite.
Though a formidable technologic challenge, this will
provide high efficiency interconnection for multiple
access schemes and independent choice for signal
modulation and encoding functions in the uplink and
downlink. Specifically it is possible to implement
real-time adaptive filtering to improve signal quality
and compensate the deleterious propagation on the
uplink path. Such enhancement will result in a more
efficient communication system in terms of RF power
utilization and in a considerable increase of the
capacity of the multiple access scheme employed.
One well known and effective method to reuse the
available bandwidth in a satellite communication
system is the transmission of modulated signals by
means of orthogonally polarized waves. Channel
distortions due to atmospheric propagation (for
example rainfall) and antenna imperfections cause
the two waves to be no longer orthogonally polarized
so that the received signals are deteriorated by
cross-polarization interference (CPI). CPI in a dually
polarized satellite channel has characteristics that
are randomly varying in time and are not known
a priori: for example variations having a bandwidth
of about 10 Hz are experienced in rainfall. Usual
countermeausures [1] are based on the estimation of
the scattering matrix (of the propagation channel)
and the introduction of a differential phase shift and
attenuation by means of RF networks to restore the
wave orthogonality. Two main ideal assumptions in
this approach are hardly satisfied in practical systems.
First, since the estimation of the scattering matrix is
performed using two pilot tones, this implies that the
pilot tones can be perfectly separated from the desired
information bearing signals. Second, the pilot tones
are assumed to experience exactly the same distorting
effects as the signals of interest.

Baseband digital signal processing is a more
effective and reliable approach to mitigate CPL This
method was proposed in [2] where the feasibility and
satisfactory results of the baseband approach were
shown. The limitation of the algorithms of [2] was
in the identification capability of the mean square
error processor (or the channel estimator in the case
of the maximum likelihood estimator). The minimum
mean square error (MMSE) criterion is inherently
based on second-order statistics (SOS). Satisfactory
results can be obtained only when the equivalent
vector-channel is (multi-)minimum-phase [3], and
when the underlying random processes governing the
time-varying characteristics of the system are assumed
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to be Gaussian. However, most channels in the real
world are not minimum-phase and their time-varying
statistics are considerably different from the Gaussian
assumption. In addition the MMSE approach requires
a training signal (known at the receiver) which is not
available.

Approaching the issue as a blind detection
problem means that no knowledge of channels or
transmitted signals is available. Blind deconvolution
of nonminimum phase channels using higher
order statistics (HOS) has stimulated considerable
research effort over the past two decades; however,
the generalization to the multichannel case is
rarely practical, mainly because of the increased
computational cost. In a recent paper Shalvi and
Weinstein [4] proposed an algorithm to solve the
blind deconvolution scalar problem using an iterative
procedure. Here we present the generalization of this
algorithm [4] to the multichannel case, and introduce
a new efficient adaptive implementation based on a
multichannel] lattice filter. The algorithm also mitigates
the effect of multipath propagation, which can be
an important degradation factor in mobile satellite
communications.

In Section II we give the necessary equations for
the general model useful in the problem formulation,
in Section III and Section IV we derive the block
processing algorithm and in Section'V we describe
the adaptive implementation. The results of extensive
computer simulations are presented in Section VI.

If. SYSTEM MODEL

Consider a dually polarized satellite digital radio
communications system. Each channel supports two
independent modulated signals (QPSK or BPSK,
however we observe that the method is valid also
for higher order M-QAM modulation schemes). The
generated signal can be represented as

s - a?
o) 5 o

which is a modulation by two linearly polarized
carrier waves in quadrature where (-)) stands for

the vertically polarized channel and (-)® stands for
the horizontally polarized channel, a?,a{” are the
complex symbols, wj, is the carrier frequency, T is the
signaling interval and

Py(0)

» (@)
ptx(t) = |: Ph :l
pv,h(t)

pr(®

is the transmitter (matrix) filter whose Fourier
transform is P, (w). The diagonal entries of P, (w)

are transmitter impulse responses acting as signal
shapers, while the off-diagonal impulse responses act
as cross-channel signal shapers and power distributors.

We work with the baseband complex
representation of the signals and adopt the following
notation: vectors and matrices are bold, M7,

v!' designating transposition for matrix M and

vector v, respectively. Complex conjugation for
scalars, matrices, vectors is indicated as u*, M*, v*,
respectively, while notations [M] Im and [v], stand for
the I,m element of matrix M and the kth element of
vector v, respectively. Finally, I, is the m x m identity
matrix and the symbol “ * ” means convolution.

The channel is characterized in the frequency
domain by the complex matrix

F, W)
]:v,h(w)

fh,v (UJ)

Clw) = [ F(w)

where F, (w), F,(w), are Fourier transforms of

N,
£O = py e b -1,,)

m=1

Ny
5@® =" pymem 80— 1)

m=1

with 7—v,m’ pv,m’ wv,m’ Nv’ 7-h,m’ ph,m’ ’(ph,m’ Nh dela}]’
amplitude, phase and number of rays of the multipath
channel relative to the vertically and horizontally
polarized channel, respectively [5]. 6(¢) is the delta
function. The characterization of 7 ,(w), F, ,(w)

is extremely difficult, but based on some previous
studies {6, 7], we characterize them as follows

FryW) = K Fy(w) + Ky Fy(w) + Ry P
fv,h(w) = K3.7'-V((4)) + K4.7:h(w) + Rzeijz

where K, K,, K3, K, are constants that incorporate
the nonideal properties of the antennas at both ends of
the channels. The exponential terms are nondispersive
cross-polarization responses contributed by an
independent ray.

We are assuming for now a time invariant
channel. This condition holds in many applications
of interest since the observation interval is often
much shorter than the coherence time of the channel
which characterizes the time-variant behavior of the
propagation media. However, the adaptive scheme
described in Section V is designed for time-varying
channels. We assume that noise is additive white
Gaussian on the vertical and horizontal channel and is
characterized by two independent complex processes
(@), n® () such that E{n()n(s)""} = N, 6(t — 5)I,,
where n(t) = (n™(£), 7™ ())T. In matrix notation we
can write

r(t) = /_+OO c(t —)s(r)dr +n() (D

(o]
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Fig. 1. Block diagram of signal processing section of receiver, w, is carrier frequency. Multiplications and additions are complex
operations.

having denoted s(?) = [s®(),s® 1T, r@) =
@, rfP )17, and

wh[“”ﬂﬂq

Fn@ £,

The average power transmitted on the vertically
polarized channel is

(2}

2 p+oo
Rz%/m“mwfﬂmmWMt

and on the horizontally polarized channel it is

U;% e 2 2
B = (PO + |p, @) dr.

In the following we assume that the transmit
filters are square root raised cosine filters, that p, (1)
is diagonal (p, () = p;,,(t) = 0). The receiver matrix
filter p, .(r) whose Fourier transform is P, («w) is also
diagonal and constituted by filters perfectly matched
to the transmitter filters. A Nyquist roll-off factor of
35 percent is assumed.

If we define

H(m) = [hu(m) hy 5 (m)
hao (m)  hyp(m)

we can compactly express the T-sampled discrete time
system as

] = p,x(t) * (1) * ptx(t)|t=mT

y(n) = Y H(k)x(n — k) +n(n) )
k

where now x(n) = [x;(n),x,(W1’ = [a’,aP]T,

¥(m) = [y, (), y,(MIT = [r (T, rP D))", n(n) =

[, (), ny(M]" = [ (nT),n®(nT)]". The two
independent input data streams have covariance matrix
E{x(n)x(n)|"} = diag(s2,02).

. DISTORTIONLESS RECEPTION

In the z-domain the vector impulse response H(m)
in (2) can be expressed as

Hz)= Y Hz ™" =

k=—00

[Hl,l(z) Hy,(2)
Hy1 (@) Hyp(2) ‘

We concentrate on the distorting effects of H(z) on
the signals and discard the effects of the additive
Gaussian noise n(n) for the moment. To recover the
input signals a linear 2-input 2-output filter

{WI,I(Z) WI,2(Z):|

L,
W =Y Wkz*=
@ =) Wk W@ Waa@

k=L,

with length L = L, — L; + 1 is applied to the outputs
of the 2-channel model H(z) as depicted in the

block diagram of Fig. 1 where we used complex
representation of signals. We assume ideally perfect
phase and timing recovery. The algorithm we propose
uses the observations y,(n), y,(n) and the outputs of
the filter z,(n) z,(n) to derive at each time step the
new set of weights. While the statistics of y,(n), y,(n)
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Fig. 2. Mathematical model for deconvolution problem.

are time-invariant (or at least slowly time-variant)
because 7—~l(z) is invariant, the statistics of z,(n) z,(n)
are time-varying because the filter W(z) is updated

at every step until it converges to the inverse of H(z)
(an approximation of its inverse, in practice). From a
mathematical point of view the deconvolution problem
we have to solve is shown in Fig. 2.

The recent tremendous progress in hardware
technology allows the implementation of all the
functions in the block diagram of Fig. 1 to be
performed by digital circuits. Particularly the
baseband downconversion can be implemented
using digital downconverters. The advantage of the
digital implementation stems from the improvement
of accuracy and stability, increased flexibility,
and considerable. cost reduction of the overall
communication equipment on board the satellite.

The main objective for W(z) is distortionless
reception, that is formally

WHE@ =1, 3)

where I, is a 2 x 2 identity matrix. The system W(z)
is required to be bounded-input bounded-output
(BIBO) stable. The solution (3)-is achievable only

in ideal cases. Since the input signal constellations

are symmetric, the statistics of the input signals

x;(n) reflect the same symmetry. Moreover, signal
reconstruction is possible only up to a constant delay,
due to the stationarity of the input process. The
recovered signals will be subject to a phase ambiguity,
a delay, and a permutation ambiguity [9, 10]. The best
possible result for practical distortionless reception by
means of a linear filter is

W()H(z) = PD(z) 4)
where P is a permutation matrix and
D(z) = diag{e/®17 7™, /%2772

¢; € [=m,7],

n; integer for i =1,2.

In the time domain the linear filter can be written
as :

L,
gm =3 wimytn—m), i=12 (5
j=1 m

where w, ;(m) is the filter corresponding to
the polynomial W, ;(z). The overall system is
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characterized by the input/output relation

2
z;(n) = ZZsiJ(m)xj(n—m) i=1,2.

j=1 m

The impulse response of the two cascaded filters is
given by the multivariate convolution

2

5, 0m2) = 33D W Omh Oy — m)

j=1 m

2
= ZHj,jl Wij
j=1

or in a vector form

iLj=12

ny
2
=2 Hpwy  hi=12
i=1
and

5, = Hw, (©6)

where H, §;, W, are defined as

ﬁ - [Hl,l HZI:I
H1,2 H2,2
[Hl,,j]m’” = hl.’j(m —n) —oco<m<+oo, L, <n<lL,
gi = (SZI,S?:2)T (7)
8 = Coonsy j(=1),5,,0),5,,(1), . )T

s T T\T
W =W, 1, w,,0)

W= L)w Ly + 1wy (L))
The desired solution s; that completely restores the

information signal of the ith channel up to the delay
n;, is defined as

i#]
8, i=j

1

& =(8,6), &= ~

{(.‘.,0,0,0,...)
The generic mth element of the vector 3,- is 6(m —

n;), if we neglect the phase shift and we force the
solution to not permute the inputs (P = I,). This
generalizes the one-dimensional case [4]. It is possible
to solve this deconvolution problem by solving the
minimization problem

min |HW, - &I ®)
w;

We now make important assumptions on the
discrete-time model described and detail some
requirements on the statistical properties of the input
symbols distribution.

The high-order statistical properties of a process
are commonly described in the time domain by
cumulants. Cumulants of interest here are fourth-order
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cumulants of complex zero mean stationary processes
x(i) defined as [8]

cum([x(i ), x(i,), x* (i3),x7(iy)]
= E{x(i)x(i)x(i3)"x(i,)"}
— E{x(i)x(,) }E{x(i3)" x(i,)"}
— E{x(i)x(i3)" }E {x(iy)x(is)"}
— E{x(i)x(i)" }E{x(iy)x(i3)*}.

The properties of cumulants that we exploit are as
follows.

LIN: cum[}; f(@)x(),...] = >, f@cum[x(),...,].
STATIND: if the samples of a process can be
divided into two (or more) statistically independent
subsets, then their joint cumulants are zero.

It is also well known that if the process samples are
jointly Gaussian, then their joint kth-order cumulant is
zero for k > 2. :

The fundamental assumptions necessary to develop
the algorithm are the following.

AS1: H(z) represents a stable system.
AS2: The inverse of the system H(z) exists and may
be noncausal.
AS3: The complex sequence {x;(n)} is constituted by
random variables identically non-Gaussian distributed
and statistically independent, and the cumulants of
{x;(n)} satisfy

E{x,(n)} = E{x}(n)} = 0.

cum[x,(n),x;(n)] = 02 > 0, only for i = j.

E{xi(n)xj(n)} = E{x;(mx;(n)} =0, for any i, .

cum[x i (n),xj2 (n),x}f3 (n),x}4(n)] = cumy(x) # 0, only
for j, = j, = Jjz = Js-
The solution of (8) is

w, = (H"H)"'H"'§, 9)

IV. DERIVATION OF THE ALGORITHM

The following two-step iterative procedure defines
a class of algorithms for different values of p and

q [4]

5;,; 00N = (s, (k)P (s, (k)" (10)

1
\/Z?:l 2 |si,j(l)[1]|2

where (O, ()12 stand for the result of the first

and second step, respectively. This iterative method
converges at a “super exponential” rate to the desired
solution for p + g > 2 [4]. Here we choose p =2,

g = 1, which gives a solution in terms of fourth-order
cumulants. Since obviously §; is not available,

5;,; O = s, ()t (11)

(because H is not known) we derive a procedure

in terms of w,. If we define g = (g7},g7,)”, with

g = (.8 ;(=1),8 ;0),g ;(1),...), as the vector
impulse response obtained by g; (k) = siz, j(k)s,-, j(k)*,
we can state the least squares minimization problem

min [HW! — g2 (12)
Wi

whose solution is

wil = HTE)TH g, (13)
To obtain normalization (11), the second step is
~[1]
v"‘vl[Z] — w; (1 4)

N e

A discussion on the convergence of (13)-(14), related
to the convergence of (10)—-(11) is given in Appendix
B. The procedure (13)—(14) can be expressed in terms
of the cumulants of the outputs of the sensors. From

yilk —n) = Y3 Y by ;(m — n)x;(k — m), we exploit
the above assumptions and the properties of the
cumulants of linear stationary processes (see property
LIN) so that we can write

cumly; (k - n),y;," (k —m)]

2
= cum Z 2: by, ;, (my —n)x; (k—my),

Ji=1 my

2
oS h L Omy = mx;, (k—m))

h=1 m
2
=" "hy (e —mhj, ;(k—m)a?
j=l k

2
=0y (HD H; D (15)
j=1

due to

cumfx; (k — ml),x;fz(k —my)]

_ {cum[x,-(n),x;f(n)] =0} J1=Jp mp=m

0 otherwise

To derive the second key expression related to the
solution (13) let us consider

cum(z; k), z;(k), z; (k), v}, (k — n))

2
= 303 H m— mycumlz (), 5.6, (), x; 0 = m)

j=1 m
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and
cum(z;(k), z;(k), z; (k), x}(k — m)]
2 2 2
=D 200 0 D> sip()smy)st ()
J=lh=1pa=1 I} m m
X cum[xjl k- ll),sz(k —my),
X, (k—nyp),x;(k —m)]
= cumy(x)s7 ;(m)s};(m)

where the last equality follows from

filter parameters. A well-known result is that if

the samples are well separated in time, and if the
cumulants are absolutely summable, then theoretical
cumulants are consistently estimated from a data
record of N samples and ensemble averages can be
approximated by empirical averages. We have for the
cumulants of interest in the algorithm

1 N
Sum(y(k —n),y" (k= m)] = 5> y(k = n)y*(k - m)
= (19)

cumx; (n —my),x;,(n —my),x; (n —ms3),xj(n— k)]

_ {cum[xj(n),xj(n),x;f(n),x;(n)] = cumy/(x)

0

So we can write

cum(z;(k), z;(k), z; (k), 7, (k — n)]

2
= ZZhZ,jOn -

j=1 m

n)g; ;(mjcumy(x)

2
= cum,(x) Y (HL g, ), (16)

j=1
Expressions (15) and (16) can be substituted in the

least squares solution (13) and the following iterative
algorithm is obtained

wil = R-ID, (17)
1
wile — (18)
Wi R

where the matrix R with dimensions 2L x 2L, is given

by
~ R R
R = li 1,1 1,2}
R2,1 R2,2
cumly;(k — m),y; (k — n)]
[Ri,j]n,m = : 0_2

X

and the 2L x 1 vector D; of fourth-order cumulants is
given by

Di = (dzy:l ’ diy;Q,)Ty

] = cumlz;(k),z;(k),z; (k), y;, (k — n)]
bmdn cum, (x) ’

(d

V. ADAPTIVE IMPLEMENTATION

In this section we derive an adaptive algorithm for
on-line computation of the multichannel deconvolution

j1=j2=j3:j; m1=m2:m3:k

otherwise

and
cumfz(k),z(k),z* (k),y* (k — n)]

N
= D Ry k)
k=1

1 Y 21 A *
—2ﬁk§|z(k>| ﬁ;zac)y (k —n)

¢ 1
~ 5 2 kP> Wy k—n)  (20)
k=1 k=1

where we have omitted indices for y(k), z(k) for
simplicity, and we have indicated the estimated
cumulant as cum[ - -]. At the end of the convergence
process _

D,—Rw; =0

must be satisfied. We assume that the power constraint
(14) is always satisfied using an AGC (automatic gain
control). From the derivation it clearly follows that at
each 7 + 1 stage we wish to solve the problem

AY® N AZO N |2
o i 21
w.-“f(ﬂmnr)“ <Z,-(n+1)) @
with
Z" = G, 52),...5m)
Y = §(1),52),....¥
Y)Y = (@y(),y(2),....y(n)) 22)

¥y = §, )7, y,(m)""
)v’i(n) = ()7,'(” - L1)7yi(n — L1 —1),... ,yi(” - Lz))T

and
z,(n) = (|z;(n)|* — 202)z,(n).

In fact, the normal equations define the desired
minimizer as Y&+ y@o+ Dw, = Y+ ZE””)

(23)
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TABLE I

Dimension of Lattice Parameters

el 2x1
™ ext
eglm'l)s 1x1
cel | 2x2
cri™ [l2x2
A Taxe
@
AT 1x2

which is equivalent to D; — Rw, = 0, if we employ
sample statistics estimators for the cumulants and

the covariance matrix. Expression (21) can be
justified by considering the estimation of fourth-order
cumulants, based on sample average given by (20)
and AS3 (the third term on the right-hand side of
(20) does not need to be estimated since £ {z,-z(n)} =
> k8 j(O2E{x,(m)x,(n)} = 0). Moreover, due to the
power normalization (14),

E{lz;(m*} = E{z;(n)z; (n)}
=3 S IsRPEx K )} = o2,
ik

Expression (21) reveals a similarity with the
standard recursive least squares (RLS) problem where
the process Z,(n) is the desired signal.

The Multichannel Lattice Deconvolution Filter:
The derivation of the recursive expressions for the
lattice predictor, not described here, can be made
by an algebraic or a geometric approach (see for
details [11-13]). The main modification with respect
to the traditional lattice least squares filter is in the
joint process estimation. The process z;(n), obtained
from the output of the filter estimated at time step
n—1, is at each time step the desired signal. The
straightforward generalization of the single channel
algorithm to the multichannel case is given in the
following.

Superscripts denote order of the lattice stage (m = L,
L, +1,...,L,). Dimensions of the lattice parameters
system are in Table 1.

Backward/Forward Recursions
Forward Prediction Error:

eflm) = eslm—-l) _ (Aglm))T* (C;(m))— 1 rszniII).
Backward Prediction Error:

r(m) — r(m 1) (Aglm))T* (Cfl(m))~—1e$lm—l).

Forward Error Correlation:

(m—=1) ¢ a(m—1)\T*
e(m) _ y2e(m) e (e )
Com = X C" + ——————( oy

Backward Error Correlation:
(m 1)(r(m 1))T*

rim) _ 2 r(m)
C.™ = A"C, o - 1))2
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Forward/Backward Cross-Correlation:
e(m— 1) (r(m— 1) )T’

—_ Y2 Am)
A = NAT + o o= 1))2

Likelihood Variable:

(Y2 = (5 D)2

Joint Process Recursions
Joint Estimation Error:

- INT* -1 -1
— (emDYT" (Cetm) =L gm=D),

e = =L A(myE(Cm)~lelm D,

Estimation Cross-Correlation:

1 -1 *
I P a0

n—1

my _

A" ( (m 1))2
Initialization

e = (y,(n—Ly),y,(n—L ))T

r(L‘)—(yl(n L)yz(n' L))

(I =1, (02 =

m =0, o) = Z(n).

Cy" =0, Ci™ = 0.
Al =0, A(m)i = 0.

The output of the filter is
Zi(n) = Zi(n) -

The recursive inversion of the matrices C&™, Cr™
can introduce numerical difficulties. We employ

the solution proposed by Lewis in [14] who
formulated the typical lattice recursions in terms of
QR decompositions of the forward and the backward
error matrices. This is achieved by a factorization of
the matrices C&™, C™ observing that they have a
structure similar to a correlation matrix (ie., ZT'Z).
Using QR decomposition of the matrices resulting
from the factorization of C&, CI(m, A it is
possible to express the recursions as in the following
[14]

(4 =Dy~1eln- b7 (7(»»:;1))—1r('n~1>T (m=1)
n— n—1 V- i
I: Axe(ml) 0 }
n—
o’ X x
RZ('”) Xﬁ(m) ﬁe(m)

(Losd)*
ey,

e(m)
AR
— (Givens Rotations) — [

o o Y e ) g

r(m) r(m) x(m)
Rn—l Axn-—l 0 Xnm 1
o7 X X X
— (Givens Rotations) — - - - -
m m
R; m X; I@; ) X‘; n

1 T‘
l.(m) - r:nm ) Xf;(m) ﬂ;(m)

1
i = D - X g

e’ = em-1r _ ) B

QP = (i = BT B,

]

55



The initialization is
— — — — ) —
R;('") = X;(m) = Rfl(m) = Xf[(m) = Xﬁ(m =0.

It is well known that the improved numerical
behavior of square-root algorithms is due in large
part to the reduction of the numerical range of the
variables. Generally, if the inversion update for the
autocorrelation matrix is implemented using the
traditional RLS-Kalman update one needs twice the
numerical precision to achieve the same accuracy of
the proposed QR-lattice algorithm [14, 18].

VI.  RESULTS OF SIMULATIONS

It was shown [15] that for mobile satellite
communications (VHF/UHF low Earth orbiting) the
RF link experiences propagation problems mainly
in the form of shadowing by trees, buildings, etc.

Still the vegetative and structure shadowing is

the main impairment in the L and S bands GSO
mobile communications. At higher frequencies
atmospheric effects gain importance, and while if at
C-band these effects are not severe (that is the main
reason for the great success of C-band geostationary
satellites) current developments in research programs
indicate the high interest in frequencies above

10 GHz. For example, Ka-band GSO fixed or mobile
communications (VSAT systems), but also GSO
communications above 30 GHz suffer by gaseous loss,
cloud loss, rain fade, and rain depolarization.

We performed simulations of the adaptive method
using a word length size of 24 bits, using fixed-point -
arithmetic. Digital signal processing processors are
commercially. available with this characteristics.

We also reduced the number of bits to 16 to use
fixed-point arithmetic processors with different costs
without observing major degradations of performance.
As expected, the QR-lattice filter exhibited excellent
numerical behavior and robustness to roundoff

errors. The traditional Kalman recursive least squares
algorithm required instead double precision to achieve
reasonable convergence in any channel condition.

The simulations are intended to study QPSK in
presence of multipath and CPI. CNR and CIR are
defined as CNR = (B,,/2)/(Ny/T)|4g With P, =P, + B,,

P, and F, as defined in Section II,

_ SRRy | [1FWPdw
S Fpp@)Pdwly  [1Fp@)Pdw|y’

CIR

~ The multipath model for f£,(¢) and f,(¢) is a two-ray
Rayleigh fading model. This means that N, = N, = 2,
while p, ,,, py ,, for m = 1,2 are four independent
complex zero-mean Gaussian processes with variances
avz’m, a,zl,m, defined by the desired delay spread profile.

‘We assume that the two rays in the main channels and

the 2 independent rays in the cross-channels have the

same power (which is a worst case scenario reflecting
severe distortion), and that the impulse response of
the multipath channel is normalized to unit energy.
The delays T, ,, 7, , are fixed as specified in every
experiment and normalized to the symbol period,
while it is assumed that 7, ; = 7, ; = 0.

The Doppler frequency usually describes the SOS
of channel variations. The model used is based on
the wide sense stationary uncorrelated scattering
(WSSUS) assumption [12], so that Pyom> Phms Ry TOT
m = 1,2 are generated as filtered Gaussian processes
(with variances o2, Jim, ”1261’ o%,» Tespectively)
fully specified by the scattering function. Particularly
each process has a frequency response equal to the
square-root of the Doppler power density spectrum.
We approximate the Doppler spectrum with rational
filtered processes. The filters. are described by their
3 dB bandwidth which is called the normalized
Doppler frequency. The additional assumption is
that all the complex factors on the vertically and
horizontally polarized channel have the same Doppler
spectrum.

The power of the interference is totally controlled
by K, K, K3, K, 0}, 0%, -

The model is not intended to depict the underlying
physical mechanism of propagation effects on satellite
communication links for a particular application.
However, it is general because it can characterize
phase and amplitude distortions (due to multipath
propagation) of the main channels (vertical and
horizontal) as well the CPI resulting from RF
propagation and represents a good assumption in
evaluating the technique we are proposing.

We also investigated the performance of the
algorithm by comparing it with the second-order
statistic-based linear MMSE filter implemented as
a RLS Kalman filter and the simple gradient-based
blind methods proposed in [16] based on the CMA
and in [17] based on the Sato algorithm (actually, its
generalization to the complex case).

The RLS Kalman estimator is a filter having
perfect knowledge of the transmitted sequence [12,
18]. This multichannel adaptive filter is updated using
the RLS algorithm of [14].

The CMA approach is based on a popular
stochastic gradient-based search idea proposed by
Godard [16]. The update of the coefficients is

Wik + 1) = Wi (k) + u§ " (k)z,(k) |2,(k) [P~ (|2, (k)|P — R;)

where w,(k) is the vector of filter weights at time step
k as it is defined in (7), y(k) is defined in (22),

B
P~ E{mmP)

and p is the adaption gain. The CMA method is
obtained for p = 2.
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Fig. 3. Results for L =7, CNR = 10 dB and at different CIR
values. Channel is static in each run but has different realization
from run to run. Average is computed over 100 Monte Carlo runs.
Delays are Tyl = Thy = 0, T2 =Tha = 0.25, D, =D, =0.15.

The Sato algorithm uses the same multichannel
architecture and the same gradient-based procedure,
but the nonlinear cost function is given by the
(complex) sign function so that the update algorithm
. is described by

Wik + 1) = W,(k) + 1§ 0[5k — csign(z, (k)]

where csign(x) = sign(Re{x}) + jsign(Im{x}).

We evaluate the instantaneous performance of
the system for the vertically polarized channel as the
multichannel ISI (intersymbol interference)

2
Zj:l DY |51,j(l)|2 - |s'1njx 2

| s

MDI,(S) = MDI,(S) =

where s77 =max,_ 0, =105 ;)]

In Fig. 3 we evaluate the case when the delays for
the reflected paths are 7,, =7,, =025, D, =D, =
0.15 at different CIRs with CNR =10dB and L =7.
The channel is static in each run but the MDI, (S)
is averaged over 100 Monte Carlo runs, and each
experiment presents a different realization of the
channel parameters.

For CNR = 15 dB, CIR = 5 dB and same situation
of Fig. 3, the convergence rate of the real part of the
restoration filter impulse response is shown in Fig. 4.

Fig. 5 shows (in the same channel conditions
of Fig. 3 for CIR = 10 dB) the above mentioned
comparison with the CMA algorithm with the lattice
fourth-order cumulant-based method here presented.
The improvement in speed is evident and is mainly
caused by the efficient orthogonalization performed by
the lattice section of the filter.

Fig. 6 (same situation of Fig. 5) reports the
performance of the proposed method with respect to
the RLS Kalman filter, whose error function benefits

06 T T T T T T T T

&
&8 - 8 2

Real Part of Dec. Filier Weights ——e

&
=

]

0 0 100 I

il 1 1 L 1

1
00 250 300 350 400 450 500

26

Iterations

Fig. 4. Convergence event for real part of coefficients
representing impulse response of multichannel lattice, under same
conditions of Fig. 3 and CIR =5 dB.

. ISI (dB)
=

20

/

25 -] l I L 1 L)
0 500 1000 1500 2000 2500 3000 3500 4000

1
4500 5000
ligrations ——>

Fig. 5. Convergence of proposed HOS-lattice filter (based on
fourth-order cumulants) as opposed to performance of CMA
(Godard-like) method under same conditions of Fig. 3, for
CIR =10 dB.

of a perfect knowledge of the transmitted signal.
Also the Sato algorithm performance is shown. The
proposed blind method is considerably slower than a
trained method. The improved identification properties
consequent to the use of high-order statistics are
evident by a lower ISI (the RLS algorithm remains
flat at about —20 dB, while the lattice-HOS filter
continues to improve as new samples are processed).
In Fig. 7 we show the bit error rate (BER) results
of the simulations versus CNR for a channel with
delays in the reflected paths 7,, = 7,, = 0.15 and
D, = D, = 0.05 for different values of CIR and
with a deconvolution filter length equal to L = 3.
BER measurement is performed after the first 500
symbols, which exclude the transient behavior of the
initial convergence process. In the BER evaluation
the channel is time varying with the product of the
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Multidim. IST (dB)
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Fig. 6. Convergence of proposed HOS-lattice filter (based on
fourth-order cumulants) as opposed to performance of
Kalman-RLS method and SATO algorithm (same channel
conditions of Fig. 5). RLS algorithm is not blind. It is assumed to
have complete knowledge of transmitted symbols.

L=3

o CLR= 5B (NoFiter)

CIR=10dB

0.00IE

Carrier To Noise Ratig, ———

Fig. 7. BER for time-varying channel with f,7 = 0.0004 at
different levels of CPL Delays are 7, ; =7, =0, 7,, =7,, =0.15,
D, = D, =0.05. Filter has length L = 3.

maximum Doppler frequency f,, and the symbol
period T given by f,T = 0.0004. Also the BER
performance of the system without compensation filter
(labeled no filter) is shown for CIR = 5 dB.

In Fig. 8 BER results are shown for severe
cochannel and multipath distortions (7, , = 7;,, = 0.35,
D, =D, =0.25T, f,T =0.0003), and using the same
methodology used in Fig. 7. The implicit trade off
between performance and complexity required for
the choice of the length of the restoration filter L is
evident.

Fig. 9 shows tracking performance of the
algorithm over a time-varying channel when 7, , =
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Fig. 8. BER for time-varying channel with f,T = 0.0003 at
different level of PPI and at different level of hardware
complexity (different L values) with severe multipath. The delays
are 1,; =7, = 0, T2 =Tha = 0.35, D, =D, =0.25.

7o =03 and D) = D, = 0.1, fpT = 0.0006. The real
part of the restoration filter impulse response (which
in our implementation is a lattice filter) is plotted
against the optimum asymptotic performance obtained
by computation of (9) as the channel changes.

A sudden rain event, that is a sudden change in
the propagation characteristics, is also simulated by
a sudden decrease of the CIR of the matrix transfer
function C(w) from 20 dB to 5 dB when CNR =
10 dB with 7,, = 7;,, = 0.2 and Dy = D, = 0.05. The
results of this experiment are reported in Fig. 10.

VIi.  CONCLUSIONS

We have presented a blind adaptive multichannel
linear filter for compensation of CPI and
multipath propagation for OBP satellites. The
proposed algorithm is particularly attractive due to
computational efficiency. The high performance of
the high-order statistics-based estimation approach
is achieved by means of a lattice architecture.
Considerable improvement in convergence rate with
respect to other blind identification procedures is
possible due to a specific implementation of the
orthogonalization of the received samples. The
results of the computer simulations and a theoretical
analysis of the residual error at the point of
convergence confirm the effectiveness of the
method.

APPENDIX A.  PERFORMANCE ANALYSIS

Some of the results derived in [4] can be used to
analyze the algorithm in order to obtain asymptotic
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Fig. 9. Tracking performance of HOS-lattice approach with CNR 30 dB. Channel is varying and product maximum Doppler

frequency-symbol period is equal to 0.0006. Delays are 7 W =Th1 =0, 7,, = Thy = 03,D, =

D2 = (.1. Dashed curve is trace of real part

of weight W, ;(0) obtained computmg (9) while solid curve is obtained using adaptive algorithm.

performance evaluation. We outline a procedure

to obtain an error rate bound that can be used to
take important system level decisions on the actual
parameters of the digital signal processing section
of the receiver (for example filter lengths). The
following relation holds (we indicate estimated
quantities as (- -)):

2 2
Rm,n = Z H;tjl Am,nH

n’jZ
h=1j=1
where the n,m element of matrices A is given by
cum[x,.(n D, x*(n m)]
[A; ,J]l m = 02

Now consider the matrix R, that is the matrix
obtained by the cumulants estimation based on sample
averages, and the approximation

=1

R ~R'-RIR-R )R

=H"D)' —HH) B A - L)HE H)™!
where A is the block matrix with the generic i, j
block given by Ki, i The iterative procedure (10)-(11)
applied to the vector §; maintains the index of the

tap with largest magnitude which was called in [4]

the leading tap (see, for details, [4, Section III]).
Assuming the reference channel is the vertical channel
(channel 1), and that the leading tap is s ;(0) observe

that D, ~ I?IT*E1 where EI = (g{,l,'g‘{%g{y...,_g{z)T

Multidim. 1S{ (in dB)

1 iy 1 i
0 500 1000 1500 2000 2500 3000
Time step in symbols

Fig. 10. Response of adaptive filter to a sudden change of the
propagation conditions (for example a sudden rainfall). Delays are
T =T =0, 7,5, =7,,=02, D, =D, =005, CNR = 10 dB,
CIR is changed from 20 dB to 5 dB.

and the nth element of the vector g ; is

cum|x,(1); x;(); x} (); x*(t —n)]
cumy,(x) '

(&l = 51 1(0)s1,(0)

If L (length of the deconvolution filter) is taken large
enough, H(HT H)~'H”" will tend towards the identity
matrix and g ~ s, ,(0)%s%(0)8,. Thus
_"‘—_1-—— ST o e 2%
wil=R D, ~H"H)'H"u
with

~ 5, (00253 (O, + (I — A), 1.
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We can now write the predicted result for the impulse
response of the deconvolution filter as

il
W = WlT
o/ W Rt
~ (HTH)"'H " u,
Vul BT By~ A ARGET )L,

(HTH)~'H "y,
\/ uf*Zul

The decision variable for the nth bit of the vertical
or horizontal channel can be expressed in a scalar
form as

zi(n) = 5, (O)x,(m) + Y > s, (n—k)x;(k)
ik

(24)

i=1,2 (25)

Ly 2
+) > w (n—konk)

k=Ly j=1

where the double sum Z; >, excludes the term with
J =1, k=n. A simplifying assumption commonly
made, is that one can focus on the nonexcess
bandwidth transmission case, that is we assume that
P, (w)C(w)P, (w) = 0 for |w] > 7/T so that the noise
power is measured in the Nyquist band (the receiver
filter is perfectly bandlimited). The term v,(n) =

Zk i1, Z, 1 W, j(n—kn;(k) in (25) has Gaussian
distribution w1th Zero mean and variance

2 L,
on = E{lpmPt =Y > wijGkowi, (k)

Juiz=lkika=Ly

X E{n; (n—kn}(n—ky)}
2

L
=N > > wy owl ().

j=1k=L,

In the case of QPSK the decisions with thresholds
equal to O are taken independently on Re{z;(n)] and
Im[z;(n)] (the method can be also extended to any
digital modulation with rectangular constellation).
These two random variables have Gaussian
distribution, variance given by E{Re[v,(n)]*} =
E{Im[~;(n)]*} = 107 and mean easily derived from
(25). For a fixed sequence of symbols transmitted
on the vertical and horizontal channel the probability
of making an error in the decision on Re[z;(n)] and
Im([z;(n)] can be expressed, due to the Gaussian noise
term, as an erf(-) function related to the variance

of the noise term. Then one should compute the
expected value of this quantity with respect to all the
possible transmitted sequences, using the probability
density function of the term Z st i(n—k)x (k)

in (25), which is analogous to when one tries to
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compute the probability of error in a communication
system afflicted by ISI [12, 19]. Unfortunately it is
well known that this is a problem of considerable
complexity and several approaches were proposed
over the years to approximate the exact probability
of error in this case.

One of the methods to evaluate a bound on the
error rate of a system with ISI is the Saltzberg method
[19] as used in [6], based on Chernoff bounding
techniques. This immediately gives for the probability
of error on the vertical channel and the horizontal
channel

P® < exp (—l

ls1,1 )
202/2 + 02/22” Z|s1,j(k)|2
(26)

Z|Sz,j(k)|2>

27

52,0
202/2+ 0225,

P® < exp (

where the summations Z;’ 4 are summations over
j=12and k=...,-1,0,+1,... which exclude the
term s, ;(0) in (26) and the term s,,(0) in (27). It is
important to observe that the s; ;(k) response needs

to be computed from §; = Hw, for i = 1 (the vertical
channel) and i = 2 (the horizontal channel), using
for w; the asymptotic result (24). The bounds (26),
(27) are not very tight, but, as already observed,
they can be successfully used as an indication of the
performance related to the important parameters of the
system.

Obviously the derived expressions are related to
a particular realization of the multipath channels.
The result should be then averaged with respect to
the time-varying characteristics of the fading
processes.

APPENDIX B.
ALGORITHM

ON THE CONVERGENCE OF THE

From s with elements s, (k) we want to achieve

convergence after / 1terat10ns to s with elements s; j(k)
that are non-zero only for a spec1ﬁc J=Jjyand k =k,
While there is no specific requirement on k, (which
will result in an arbitrary delay) it is evident that it
must hold j, =i to restore the information of the ith
channel and not an arbitrary ]Oth channel. This is
assured 1f the leading tap of §? is contained in the
vector s;, that is if [s?;(ko)| > |s (k)| is verified for
some ko, all j #i and any k. Th1s situation is always
verified as long as one initializes w; with w, i,; =0 for
all j # i. The initialization of w;; is arbitrary. Another
important aspect is the global convergence of the
algorithm in the w; domain to the same solution of the
algorithm in the §; domain: this cannot be generally
guaranteed when w; has finite length. The algorithm
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in the w; domain (13)~(14) projected back in the s;
domain becomes
~(1]

[
~ ity SN Bhadly S0 ~ S:
s =HHT'H)"'Hg, ¥ =_”§,m”
i

whose point of convergence easily obtained (see [4])
is

1
\/STH(ET B T3,

HH"H)'HT 5,

§; =

This expression is coincident with §; =
HH”H)~'H"" §; solution of ming, |HW, — ]|, up
to a gain factor. The problem of the convergence

of a certain function ¥y, (W,) = \Il(flv"vi) (when s, =
HW,) to the same solution of the function ¥ (§,) is

a well known and investigated problem in the blind
deconvolution literature (see [20, chapter by Shalvi
and Weinstein]). This convergence cannot always be
guaranteed for both functions. Shalvi and Weinstein
show in [20, Appendix E, ch. 5], the conditions under
which this is true for the impulse response to be
deconvolved. Those considerations can be applied
to the super exponential algorithm, observing that
procedure (10)—(11) is a gradient-based search to
solve the maximization problem

max W (s;) (28)
Si

subject to the constraint |§;||*> = 1. In fact the two

steps in (10)-(11) are equivalent to the gradient-based

iteration

with ¥ () =325, s, ;(k)2s; ;(k)*2, 8 f(v)/dv indicates
the gradient of the vector v and we choose a very
large step size 6. When we maximize ¥y, (flwi),
generally we do not converge to the same solution

of (28). In [20] it is demonstrated that the extremum
that we find working on w; is arbitrarily close to

the extremum of (28), if the system H(z) is stable
(this condition is in our model assumptions) and if
the order of w; is the one that allows satisfactory
deconvolution (in the case of deconvolution of

a finite-impuise response (FIR) system, perfect
deconvolution with a linear FIR model cannot

be achieved). Important results for this class of
algorithms can also be found in [21].
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