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We have found numerically the optimal number of scales for each Hybrid Nonlinear Moments Subspace Processing for
value of H. The results are shown in Table II; the mean-square errol/ireless Communication Systems Using Antenna Arrays
were obtained two ways: a) the expressions previously demonstrated
and b) the values obtained from simulations of the filter bank with the Massimiliano (Max) Martone
optimal number of scales. As we can see, with the consideration of
the aliasing, the mean-square error values obtained in the simulations
are closer to the theoretical ones (compare with Table I). Abstract—it is shown that hybrid nonlinear (HNL) moments matrices

In previous papers [5], [6], the number of scales used fvas11. can be used to identify a multichannel FIR system. The method outper-

. . L . forms the popular subspace method based on second-order statistics in
As we can see, withl = 4, the mean square-error is minimized ing,, SNR and/or correlated noise, and it is fundamentally equivalent in
the cases considered. This number is smaller than that obtainedeifhs of computational complexity. The method is applied to the chan-
[8] using Wiener filters. nel identification problem in a cellular base-station receiver employing
antenna arrays.

IV. CONCLUSIONS Index Terms—Higher order statistics, identification.

A scheme for the estimation of fBm was developed on the basis of a
bank of multiscale Kalman filters. It takes into account the correlation I. INTRODUCTION
of the wavelet coefficients and the approximation coefficients in the
wavelet expansion. . - = . . S
Numerical results were shown on the optimal number of scales dﬁgﬁr;éd_agx {f‘TE }’{ a Eﬁbwh:&qllgeggtgsgeg t ;HNILi)ant;'érc')S
the minimum mean-square error for different values of the parameger z = BXAET T, v - Y applying
. memory nonlinear (ZMNL) transformation to each componens: .of
H >1/2 in the fBm. ) . . .
%ray processing methods based on HNL matrices were introduced in

Given a complex random vectar whose autocorrelation matrix

It was shown that the mean-square error does not strictly decre ewhere it was shown that HNL matrices retain the same subspace
with respect to the number of scalésand that the number of filters > P

required in a bank of Kalman filters is smaller than the number nee f the correlation matrix in the harmonic retrieval problem and result
in a bank of Wiener filters. This fact represents an improvementL Cﬁﬂsf'gr?;gf Tr?\tllk]r;g?/vzfrlf Oxgl::(t;roensi ftcr):eprirct)lrceusl;ncehrgllcp?rsoglfet;e
the design of the filter bank. - o ' ) e
We hagve presented several numerical simulations. The alias%f blind multichannel FIR system identification. We show that HNL-
) bg%ed methods outperform the popular second-order statistics based

effect was considered. The theoretical mean-square error val thod of [31 whil intaini imatelv simil tational
calculated matched the ones obtained in the numerical simulationa'c0¢ © [3] while maintaining approximately similar computationa
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complexity. We then focus on a practical channel estimation probldaxpression (1) can be compactly stated as

in a base-station receiver employing an antenna array.
y, = Hx, +n, @

Il. SYSTEM MODEL where

We assume a mobile transmitter communicating with a base- , = [y(l)T y(K)T]T gl = [y T

H . - . . 7 3 4 *In » n n ’ s In—N+1

station employing a{-element antenna. Multipath propagation can = [2n,: N ]1*

be characterized as aiV,-path channel whoseith path (n = B = W T 0 B N

1,2,.--, N,) is represented by, received, delayed, and attenuated n, = [n(,Ll)T, ‘.- .n(,f‘) ]T

replicas of the signal. The impulse response of #tke path can ) . .

be expressed ag,(t) = S, poomed U mS(t — 700)., Where with N > M, and the dimensions dif are properly defined.
n\ U — =1 T, 4 LTI )0y

Tn,ms Pn,m, and v, » are delay, amplitude, and phase of theh

delayed signal in theath path, respectively, whereagt) is the Ill. STRUCTURE OF HNL MATRICES

usual delta function [5]. The complex baseband modulated signalf ;,, and ., are two complex random variables, a HNL mo-
is m(t) = T wnp(t — nT), where ment is defined asE{x17(x2,72)}, where an overbar indicates a
xn,  complex symbols defining the signal constellation used faomplex conjugation, and(«,%) is a ZMNL transformation of
the particular digital modulation scheme. u = u, + ju; with « anduw as independent variables (see [1]).
p(t) square root raised cosine shaping filter; If g(u,w) is a polynomial, HNL moments correspond to linear
T signaling interval. combinations of higher order moments and, for particular choices
Assuming reception with a uniform linear array witi sensors, Of the nonlinear transformation, to cumulants. Particularly; &nd
filtering with a square root raised cosine filter, and sampling rate are two complex random variables, we have{yg(z.z)} =
equal to1/T, we can compact the effect of the RF propagatio®ice Snzo (1/11) (1/n)Ez{g(z,2)""} cumly, z:1,Z:n] [2]. If
channels at baseband as y andz can be considered circularly complex, we can further simplify

(2]

(m) . (m) T

(m) _
n, - [’/n s : 7"In71\7+1

>

gy = Z hie (M) Tp—m + nﬁf‘), k=1,2,--- K @)

— 1 1 =
By {yg(=35)}= > Er{g(z, )Y
. V7{yg(7 )} s [T (1_1_1)' 71g( 3 ) }
where ") is Gaussian noisk. - _
- . _ -cumly, z:1,Z: 1+ 1]. 3)

In (1), he(m) = hx(mT) is the sampled responsie,(t) =

N j —72wkd(sin . .
S0P S et (t = T )e 2RO/ where et us define the HNL matrix
Onm = —27foTn,m + ¥n,m, d is the distance between adjacent Gy gl G E)
sensorsy,, is the angle of arrival of theth path? A is the wavelength, P DR R NENPe CRIS|
wo = 2wy is the carrier frequency, and,(t) is a raised cosine G, =E{yg"t=1" v . !
function. The important assumptions on the dicrete-time system (see . : : .
[3] for a discussion) are given in the following. Gy gy L gl

AS1) The transformation in (1) represents a stable system but

. . . _ i H ”
possibly nonminimum phase, satisfying the following. and the ordinary correlation matri®, = Ev{y,y, }, wherey, is
1) All channelsh (). i = 1,2 K. have finite suppord/ a vector defined exactly ag,, but with the generienth component
i(k), i =1,2,---, K, . (1) i . N
2) hi(M) % 0 for some, andh(0) % 0 for somer. obtained fromjlY = g(y%. 7)Y, 1=1,2,--- K (g(u,7) is a proper

ZMNL function). We show in the Appendix that the matiiX, can

) — M Ve —n o __ R
3) ;{ér(;e)s_ Yot hi(n)z"", i =1,2,---, K have no common be expressed as
AS2) The complex sequencéz,} is constituted by random G,=HB,,+ R,K,
variables that are identically non-Gaussian distributed and statis- ad 1 o]
tically independent. We arrange channels in vector faih = B.y= Yy, 1) (H" )" Knyn 4
[HT,HE, .. HL], where o
hilm—n), 0<m—n<M wherey, = cum[z¢:n+ 1,7 :n+1], R, = EN{nnnf}, andK,,
[H:]nm = {OL ’ I S M—Or‘m <0 is a diagonal matrix composed by diagonal matrices as
’ KD o ... 0
and . .
Kn, = : '.. '.. :
hi = [hi(0). hi(1), -, by (M) o - 0 K
1Thi " - [K’(m)] = F { (: (m) —(m))(n+l,n)} (5)
This channel model can be generally described as a one-fipotitput n g = EYgWe Yy
system, and it does also indeed apply to the fractionally spaced case with . - n] v ngl
minor changes. and we have defined for a complex matfd'"'];,; = a; ;@[

2|n this model, thenth path consists of%, delayed replicas of the signal NOW, observe that we can define
with the same angle of arrival due to scatterers nearby the mobile. In fact, def -
assuming the scatterers evenly spread out on a circle surrounding each mobile r, =G,-RKo=1,=HB., (6)
and assuming large distance between the mobile and the base-station simp;:&ve

geometric considerations [4] can lead to the simplification gbint-source use ﬁghi’ same n_o.tzti?r?l . of (1 and
approximation for the scattering mechanism that is local to the mobildZ] S0 ka C“”['y"nvy7; 7Lz =
that is, we can assume th&, delayed replicas of the signal are received N — ! )

with approximately the same angle of arrival. For a certain nundggrof —cum[y,y. -, 4, 0.7, -, ¥, 2,2, -+, 2, 5, %, -, % is the

reflections of the transmitted signal, particularly reflections in the vicinity afomplex cumulant of order(m; k;{; ﬁ)' of the joint complex process
the base station, these assumptions are not reasonable, and different anglég,eff (cumly,z:1,Z:n| is the cumulant of order(1;0;/;n)), and
arrival have to be considered. g(z, 7)) = (804 [ouldw™ ) g(u, w)| u==

u=z .
w=%
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which for a full-rankB,. , = 52, (1/n!(n+1)!) (H")!"|K,~, is and the approximated output. The approximation MSE dor, %)
in the range off. The justification for the decomposition in the lastusing f.(z,%) is defined as

equality of (6) comes from the fact that we haRg = HR, H'+ R, o _ 2

[3], where R, is diagonal with elements?, and that (4) can be MSE.(a”) = Ez{lg(=.7) = fu(2.2)["}

written = E{lg(=.7) —a* 2%} (10)
G, =HH"Kyy +HB, , + R.K, where
= HR.H" K, + HB. , + R.K, @) @ =a; a3 -+ ay]
. o T. 2= 322 . n=n—1 T
becausey, = o2, and(H"*)"|,—, = H". Substituting (7) and the 2=l 27 27 7]

expression forR, into (6), we obtainl’, = HB. ,. Now, define ang - is a generic complex random variable. The minimum
G1,. G2, as the HNL matrices obtained from two different ZMNL\SE, (a*) with respect toa”* can be obtained from

functionsg; (u, @) andgz (u, @), respectively, an&'1,,, K2,, defined
in (5) for gi(u.w) and g2(u,®), respectively. Another attractive a = EZ{EEH}TEZ{Z*g(z,Z)} (11)
decomposition is
‘ » where we have used the symﬂoto identify the pseudoinverse of a
r{» < g1,K20 - G2,K10 = 'Y = BB  (8) matrix. Definem"/, . as thel, m element of the matri, {zz" 1.
A quadratic approximationfs(z,z) of g(z,%) gives particularly
simple criteria to check the full-rank condition f@, ,, andBil,jf).
. The following two propositions formalize the idea. The proofs of
BUY =" m (H")"(K1, K20 — K2,K10) . both propositions are in the Appendix.

n=1 ' Proposition 1: If, for the selected ZMNL functiory(u, @) and

In fact, we can decompos&l, andG2, in (8) as in (7) and express the input process.,, it is true that
ry? as @ g g m) m)
M (m) 21 ATy T )}

(1.2) _ H 'Y p(1) p m m) |- m) —m
I’ =HR.H K1,K2,+ HB; ,K1,K2, +mif(3n>.2.2EY{§5 )|y5 )|29(y5 )1y(L ))}¢0 (12)

+ RVLK10K20 - HRLHHK20K10
~ HBY)K2,K1, — R, K20K1, ©)

where

=]

for m = 1,2,---, K, then the matrixI'’y = G, — R,K, has
rank M + N, and the left singular vectors of its singular value
decomposition perform a decomposition in orthogonal subspaces
that is a basis for signal and noise subspace®&pf provided that
(HT)[|,— is full rank.

Proposition 2: If for two selected ZMNL functionsg:(u, @),
g2(u, @) it is true that

where BY'), = 22, (1/nl(n + 1)) (AN K1, 7, and B, =
<, (1/nl(n + 1)) (HMK2,5,. Since K2, and K1, are
diagonal K2,K1, = K1,K2, so thatl'","* = H(B''),-B?)) =
HBY?. I, (or I'!?) is in the range off as long as the matrix
B., (or B{';”)) satisfies a full-rank condition.
If such a full-rank condition was verified, then the subspac¥ pf By {g (s, 5yt Pyt )
[see (6)] [orl”;l’z), see (8)] would reveal the span of the columns Ey {gl(y('ﬂ,ygm))yﬁm)}

t
of the filtering matrixH, and as in [3], we would be able to identify EY{(12(115171)_ﬁgm))wgm) |2ﬁgm)}

the channels;(l), i =1,2,---,K,1=10,2,---, M. L (13)
Ev{pu™ . 7 g )
IV. DESCRIPTION OFPRACTICAL METHODS form = 1,2,---, K, and
i i ifBi (2) (2 (2) (2
There are two different practical approaches to verifBif , [or My O 50 £m () 1™ ) 51 (14)

B satisfies a full-rank condition. The first one is to choose

ZMNL functions that possess only derivatives up to a certain ordggr m = 1,2, -- -, K, then the matriﬂ“gl*z) =G1,K2,-G2,K1,

(for example, polynomial functions) so that the infinite series ihas rankM + N, and the left singular vectors of its singular value

B, and B&ff) are zero beyond a certain. Alternatively, an decomposition perform a decomposition in orthogonal subspaces,

idea that gives more freedom and flexibility in the choice of thevhich is a basis for signal and noise subspacesRgf provided

ZMNL function is to design a polynomial function that in a meanhat (H")!"!|,—, is full rank.

squared sense approximates the origipak,#). This idea was  Observe that the full rank ofH*)™|,—, is a mild assumption

first introduced in [6]. Nonpolynomial functions that are attractivif H satisfiesAS1 The signal subspace corresponds to the span of

from a computational point of view are very difficult to analyze.the A7 + N left singular vectors of’, or I'\"*?) associated with

An example is given by the following family of ZMNL functions the M + N singular values of the largest magnitude. &t =

1 gh(e,m) = o MlE2m ars(@]Cr/I+H/D) - where int[v] [do dy -+ -.dx n—1] be the ordered left singular vectors. If we define

is the integer part ofv. The analysis of such nonlinearities iSS = [dy di ---,dypn—1] @nd D = [daryn dyrgngr - - dxn—1],

quite complex, even for Gaussian processes [6]. Suppose we tise columns ofS span the signal subspace, whereas the columns of

fu(2,7) = SpZ, arz"z""! as thenth-order approximation of D span the noise subspace. The signal subspace is also the linear

g(#,%), and we select the complex factars to minimize the mean space spanned by the columns of the filtering maffixthe columns

squared error (MSE) between the output of the true nonlinear functioh H are orthogonal to any vector in the noise subspace. We can

then follow [3] to turn this observation into a practical algorithm.

4_Some_ nonIinegr function_s are particularly important singe_the multipl'r_rhe orthogonality condition is expressed forma”y(ﬂ"éﬂ =0 for

cations involved in the estimation based on sample statistics are trivig + N < i< KN — 1. Defining ¢(k) = E{;}/{—J:N d{{H|2’

change-of-sign multiplications and/or swap the real and imaginary part _ls/o_ . +
that the accumulation of complex samples remains the only operations toilbdS €asy to show, following [3], thgtg(h) = h"Qh, where
performed. h = [h{ h.--- hi]", with Q = SV, DD, andD; is



IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 47, NO. 5, MAY 1999 1437

TABLE |
SUMMARY OF AN ALGORITHM USING PROPOSITION 1

o Estimate K as:
- (1,0)
— Estimate Kgm) as [Kgm)] = ﬁ 2551 g (y&m),ﬂ(nm)) fori=1,2,..,Nand m=1,2,..,K,

— form Ro as in (5).
¢ Compute the SVD of t‘y = éy - RyKO =UXVH where U = [do dl---ydI\'N—l] .
e Form D; from d; fori = M + N,..., KN — 1 as indicated in [3].

o Compute the estimate of the channel as the unit-norm eigenvector of Q = E

smallest eigenvalue in the EVD of Q.

KN-1 . H . .
i=MAN D; D associated with the

TABLE I
SUMMARY OF AN ALGORITHM USING PROPOSITION 2

s Estimate G1, as Gly = Tz

o Estimate G2y as C;zy =

1 Yoy using g (u, 7).

- Yn¥H using go(u, 7).

k]

2
2

s O

n

o Estimate K1p as: (10)
1,0
— Estimate Klgm) as [Klgm)] = ﬁ E:ivl 71 (yslm),ﬂ(nm)) for!{=1,2,...,Nand m =1,2,..., K,
IR =

— form ﬁlo as in (5).
o Estimate K2y as:

. (m (1,0)
— Estimate KZE)m) as [KZS )] = ﬁ E:ivl 92 (yslm),i(nm)) forl=1,2,..,Nand m =1,2,..., K,
1, =

|

— form K2 as in (5)-
¢ Compute the SVD of f‘(yl’2) = GlyKZO - GZyKIO = USVH where U = [dg dj...,dxn_1]-
e Form D; fromd; for it = M + N, ..., KN — 1 as indicated in [3].

¢ Compute the estimate of the channel as the unit-norm eigenvector of Q = Ef;IX/I_-:N D; 'DlH assoclated with the

smallest eigenvalue in the EVD of Q.

the filtering matrix associated witl; (see [3]) defined similarly caro runs is defined as MSE = 201og,, /gio:ol Ik — k|2,

H. indi ini iarth - .
o The problem of finding the minimum qf Fhe .functlo;r( ) where h and h, are the true channel and the channel estimated
can also be expressed as a constrained optimization problem with . . i
) " . - . at the rth computer run, respectively. All the simulations are
a linear/quadratic constrain (see [3] for details). The algorithms are . . .
. . . X pérformed using the same parameters of the simulation example
summarized in Tables | and Il. The complexity of the algorithms iS.

H N — " — 4 I — 4 B _ti
approximately equivalent to the subspace method of [3], but the qubven in [3]: N 10’. A . 4, and A.[ 4 are the discrete tlme_
of the autocorrelation matrix is replaced by the SV[YI),fongl’z). complex channels given in [3]. Fig. 1 shows results for white

Gaussian noise with a sample size BV = 500. It is evident
that there is an advantage of 3—4 dB at low SNR using SUBNL4
V. SIMULATIONS or SUBNLS5. Fig. 2 shows results for white Gaussian noise with
Two different sets of simulations were performed. The first sé sample size of ' N' = 1000. Fig. 3 shows results for correlated

is a test case that uses the same dicrete-time channels as in [3p@issian noise with a sample size BV = 500. The Gaussian
allow a comparison. In the second set of simulations, we considiise multivariate procesgn,,). 1 0t V1T was correlated
instead a TDMA system where the mobile-to-base frequency is fiffering white Gaussian noise with a four-input four-output moving
the 824-849 MHz band, and the transmitter employs QPSK at2¥erage model shown in Table IV. In colored noise, the SUBSOS
data rate of 13 Kbps. The labeling system of Table IIl applies to thBethod uses the whitening approach of [3], which assumes a very
results of the simulations presented in this section. Methods SUBNLUrealistic knowledge of the noise correlation properties.

SUBNL2, and SUBNL3 satisfy the inequalities of Proposition 1,

whereas SUBNL4 and SUBNLS satisfy the inequalities of Propositigf cellular TDMA System Simulations

2. . . . . .
In this set of simulations, we evaluate the method in terms of bit

) ) error rate (BER) at the output of a maximum likelihood sequence
A. Comparison with the Subspace Method of [3] estimation (MLSE) detector that uses the channel estimates obtained
The SNR in decibels is defined as SNR = from the subspace methods. Antenna spacing/i8. We assume
10log,o (o2 ||R||?/Koy), and the estimation MSE for 100 Montethat five independent rays are received at the antétja= 3),
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TABLE I
LABELING SYSTEM FOR THE FIGURES

o SUBSOS = Autocorrelation — based algorithm from [3]

o SUBNL1 = Proposition 1 with g(z,7) = |z|?z

o SUBNL2 = Proposition 1 with g(z2,z) = gg}j(z,i) = csign(z)

e SUBNL3 = Proposition 1 with g(z,z) = gg},(z,f) = m (csign(z) +el% csign(z e_j%))
o SUBNL4 = Proposition 2 with :

- g1(z, %) = g(2,%) = ||
= g2(2,%) = gg;,(z,i) = csign(z)
e SUBNL5 => Proposition 2 with :
- 91(2,7) = g(2,7) = |2°=
= _. (8) - 1 . it . _,
- 92(2,2) = gyp(22) = T s (cszgn(z) +e’% csign(z e % ))

S

-10 , , , , , , . i =1,2,3,4,5, are distributed according to the power delay profile,
SUBNL2 which is constitutedof two clusters with one-sided exponential delay.
SUBNL1 ] Each channel is specified uniquely by the delay inteRabetween
the two clusters, which we normalize with respect to the symbol
period T. The angles of arrival of the five rays ate = —10°,

#> = 10°, 83 = 15°, 84 = 65°, andfs = —45°. The normalized (to

SUBSOS

SUBNL3

@25 SUBNL4 symbol period) delay interval of the first path is 0.15, whereas the
o other paths are specified in each test case. The number of elements of
2 a0} SuBNLS the antenna is four. The support of each (FIR) channel (the impulse

response of each path) is truncated to five. Speed specifies time
varying characteristics of the chann&lhe detector is an MLSE
(see [5]) operated on a vector output (vector-MLSE). Particularly,
-40} gggﬁ&siSsl%SNf;bgl’Jag;L"g?g‘g’posmon1 ] this last algorithm was implemented by means of the well-known
SUBNL4: SUBNLS. pmposiﬁbnz M-algorithm withAf = 8 andM = 16 [7] The M-algorithm in the
case of heavily dispersive channels and multichannel signals is less
computationally intensive then the full search of the Viterbi algorithm
(for more details on the use of th&/-algorithm in a multisensor
Fig. 1. Results of simulations. Mean squared error (MSE) versus SNR f9fatenna system, see [7]). In Fig. 4, the BER versus SNR is shown at

white Gaussian noise. Black dots indicate performance of the subspace metg
based on the correlation matrix of [3]. The estimation of the statistics is ma gl%rent delay spread values. Observe that at low SNR, the advantage

-35F TN (Sample Size)=500
White Gaussian Noise, QPSK source

0 5 10 15 20 25 30 35 40
SNR in dB

using 500 samples. of the nonlinear methods is evident.
-10 . ; , . :
] VI. CONCLUSIONS
SUBSOS
209\ SUBNL5 New methods have been presented for the blind identification of
) i\‘ multichannel FIR models. The method exploits some of the ideas in
SUBNL4 [1] and [3], outlying a new approach to the problem. Particularly,
-301 ] the theoretical results of [1] have been extended from the simple
& case of exponentials in noise to the multichannel FIR model to show
= a0l N, -] that subspace information is retained by HNL matrices also in this
@ SUBNL3
= 5The power delay profile is
50|
®,(r) = e, 0<7<D;
White Gaussian Noise, QPSK source i(r) = 0.5¢(Pi=7) D, <r1<2D;
.80 TN (Sample Size)=1000 -
| SUBSOS: SOS Subspace Method where 7 and D; are expressed in microseconds. The values of the actual
SUBNL1, SUBNL2, SUBNL3: Proposition 1 > delays fori = 1,2,3,4, and5 are obtained by uniform sampling &;(7),
7g| SUBNLA, SUBNLS: Proposition 2 , ‘ , that is, 7;,m = m(2D;/P;); then, the power of the rays afe{|p; m|>} =
5 10 15 20 25 30 35 40 ®i(7i,m )

SNR (dB) 8Doppler frequency is related through wavelengthto vehicle motion.
The model used is based on the wide sense stationary uncorrelated scattering
Fig. 2. Mean squared error versus SNR of the channel estimates for whifgSSUS) assumption. According to this model, we generated the time
Gaussian noise. Black dots indicate performance of the subspace method bagefiition in 1 s for the discrete-time channels obtained by symbol sampling
on the correlation matrix of [3]. The estimation of the statistics is made usitfigr a vehicle moving at the speed of 60 m/hr and for delay interizals Do,
1000 samples. and D3 specified in each test. Then, we obtained 100 channel configurations
by taking the channel realization obtained at time instapts: n/100 s with
where each ray is characterized By = 6, P, = 20, s = 18, » :f 1,2,~~-,1f0(;1. For eachdof |the$$1 cht?nnel r_eali;ationj, we sirt:\ulatec_i trlme
erformance of the proposed algorithm by running input data to the particular
Py = 15, and P = 20 paths. The powers of the delayed path btained channel. The results were then averaged over the different results
that is, E{|p:..|”} and the delays ,. for m = 1,2,--- P and obtained for each channel realization.
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Fig. 3. Mean squared error versus SNR of the channel estimates for correlated Gaussian noise. Black dots indicate performance of the subspace method
based on the correlation matrix of [3]. The estimation of the statistics is made using 500 samples.

case. In fact, we introduced two matric€s or F§1’2) that can be (since cumulants of a Gaussian process vanish for order greater than
used to identify the column space of the filtering matfixexactly two), whereas fom = 0

as in [3], where the authors used the autocorrelation majx cunf 0) (m) ‘n 4 1]

Some important assumptions must be satisfied, and we showed that Yimkt1 Yot Jf l“

simple polynomial approximations of the ZMNL function simplify = Zhl (ky — k4 Dl (ky — i 4+ 1)o

the conditions to inequalities that are satisfied by a wide class of k1

nonlinearities, hence resulting in a very attractive practical approach. + [ngm)]h (17)
The results of computer simulations were shown to emphasize the

improvement of performance with respect to the subspace method\étere oz = E.{x,=,}, and

[3], especially in a colored and/or high noise enviroment. Bit error rate

. L T ) i RY™, ;= By dnlD (m)
results in a more realistic cellular communication system simulation [ Jii {n }

show the effectiveness of the method. Substituting (16) and (17) into (15), we obtain the component-wise
version of (4) and (5)
APPENDIX [G(l m)] Z % CUIT'{:ITt n+ 1,7 :n+ 1]

Proof of (4) and (5): Using (3), the generid:, i element of the n=0 (n+1tn!

matrix G = Ey {4 "} is given by x [H(HO)"Ey {g™) 1 70 0 Y
+ I"gm)[RSZ’177)]L:,i
(lxnl) R 1 T ~(m = m) —(m
Gy i = Z RSy where K" = By {g(y;", 7{") "V}

(M) —(m)  \(n+1,m) Proof of Proposition 1: First, observe that thev'™ minimizing
'{g(yf i1 Yi— 7+) }

) MSEs(a”™) is

) (m —(m)
x Cuﬂ?/t7k+1, :UtfiJrl MY gt + 1]' (15) L y(m) ~(m) ~(m) - ~(m)* m) —(m
" = B 2R Y By B0 g )

(2) (2)

Due to the linearity property of cumulants and the independence of m’?o(mm "”E,Zt)mm,z By {20 gy 7)) (18)
the source symbols, we can write for> 0 my(in) 21 MyGm g
() o where
cu Tn, n+1 Ly () m m) 11
n’{UL LZ-H Yiigr " Yp—iqq ¢ ] av — [&?1,( >7 &g( >]1
= hi(k1 = k 4+ D)[hm(kr — i+ 1)]" . m )2 ()
k1 R AR R TR
N . n—+1 . . H
X [hom (k1 =i+ 1)] Now, define K%/ as in (5) andB(f,), as in (4) for fo(u,@).

scumaz, in+ 1,7 in + 1] (16) From (6), 'y, = HB, , and sincek’; ) ~ K., we have that
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TABLE IV

B(3) = 0)

—0.7883 — 0.6440:
—1.6017 + 0.8028:

—0.9700 4 0.1970¢
2.1416 4 0.3649¢

—0.9373 — 0.66761
0.3868 — 0.0762:

0.3650 + 0.6101+
—0.1479 + 0.1063:

B(O) = 0.0499 + 0.5263: —0.1103 — 1.5429:  1.7134 — 0.3482¢ 1.7822 — 0.1681:
0.2352 + 0.9788: 0.6543 — 1.6864: 1.1562 — 0.48051 0.7681 — 0.0680:

—1.4617 — 0.2601¢ 1.6100+ 1.3369:  0.6082 4 0.1064: —0.7617 + 0.9979: i

B(2) = —0.3692 4+ 0.1155: 0.7293 — 0.2901¢ 1.6078 — 0.8970: —0.2730 + 1.0206: ’

1.1310 — 1.2038¢ 0.9472 + 0.8051¢  0.2063 + 1.0812: —2.3280 — 0.3077:

1.5015 + 0.9021: —0.2532 — 0.0132: 1.6959 + 0.2936:  0.9663 — 0.3939: j

0.7910 + 0.7907: —0.0893 + 1.3425¢ —0.7716 — 0.26551 1.9886 + 0.8873: i
B(4) = 0.6541 + 0.3361: 1.1789 — 0.3488: 0.1720 4+ 0.2985:  0.3374 + 0.8204:
1.5183 4 0.8142: 0.6823 + 0.1308: 1.1864 — 0.4979:  0.9673 4 0.3080:

| —0.1206 + 0.9063: —1.5915—0.7726: —0.5155+4 0.2168¢ 0.3650 — 0.8783¢ }

T T T T T
-1
10 “delays=0.15; 0.25, 0.5, 0:45,0.:35 -
F : M=8 M=16 h
I delays=0.15, 0.25, 0.5, 0.75, 1.0 |
I M=8 M=16
Qo r : )
i
©
r
5 10 - § - .
< g : - M=8 L - S ; ]
"-';1 H delays=0.15,-0.0; 0.05; 0:45, 0:5 : : -
10° e
10“’ 1 ] ] | 1 1 ] ] ] 1
10 11.4286 12.8571 14.2857 15.7143 17.1429 18.5714 20.0 21.4286 22.8571 24.2857

Eb/NO (dB)

Fig. 4. Results of simulations in terms of bit error rate for different multipath power delay profiles. The number of samples used to estimate l§h& channe
5000. The channel estimation method is SUBNL4 for the solid curves. The subspace method (SUBSOS) results are shown by means of dashed curves. The
number of paths is the value @ff of the M algorithm. Indicated delays for the double exponential power delay profile are normalized to symbol period.

B.,~BY) =32, (1/nl(n+ 1)) (H")M K ~, must be full expressed in (12) because the generic diagonal elemeht 0f is
rank The terms: > 2 in BY), are 0; in fact, fz(uf"’) gm0 = [K(f ]j,j =Ev{fs (ygm)fgm))(z DY, andfy(y™, 720 s
2a" g™ +ar™ 2y ™) = 2a5™, and of course, given by fo(y{™: 7™ 0 = 238" with a"™ glven in (18).

f2 (U(m),_(m))wrl ") =0 forn > 2 so that we haveB, , ~ Proof of Proposmon 2: From (8), we havd™,""?) = H(B1,,, —
HDWED (1/2). 1f (HT (1], is full rank (as assumed), the B2 . HBI12,,, which satisfies the rank condition if
rank condition required byB.., reduces to a full-rank condition on matrix B12, , is full rank. Define fi,(u,7) and fa,(u,%) as
the matrix K. Particularly, sincek’’

ry) =

is diagonal, it is required quadratic polynomial approximations of;(u,@) and g (u.),
that all its diagonal elements are different from 0. This condition mspectlvely,Kl(”, K25 for fio(u @), fo,(u,@), as in (5)
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and B1Y), B2\ as in (4) for fi,(u.@). fz,(u, ), respectively. A Wavelet Time-Scale Deconvolution Filter
In addition, B1Y) — B2Y) = Bi2{). Since the expansion Design for Nonstationary Signal Transmission
20 (Unln + DY @EDHMNELP K2 — K2 K157), Systems through a Multipath Fading Channel
is 0 forn > 2 (see proof of Proposition 1), anB1) ~ K1,
K2{" ~ K2,, we can write Bor-Sen Chen, Yue-Chiech Chung, and Der-Feng Huang
Bizr,y ~ Blvzgfz Abstract—This study attempts to develop a time-scale deconvolution

filter for optimal signal reconstruction of nonstationary processes with a
stationary increment transmitted through a multipath fading and colored
noisy channel with stochastic tap coefficients. A deconvolution filter
- . ) based on wavelet analysis/synthesis filter bank is proposed to solve this
and express the rank conditiotH* )["]|,., is full rank by assump- problem via a three-stage filter bank. A fractal signal transmitted through
tion] as the generic diagonal elementfoti!” K2/ — K2{) Kk1{" a multipath fgding a?fd ?_Oisy Chanr:jelt is przpt;{itdtid to delmonStratte t?e

- . : esign procedure’s effectiveness and to exhibit the signal reconstruction
being different from 0, that is performance of the proposed optimal time-scale deconvolution filter.

= LE"MNE1 K2{) — K2V K1{7)y (19)

o (m) —(m)\(2.1)1 (m) —(m)\(1,0) Index Terms—Fading channels, fractal signal, wavelet.
EY{flz(yL 3yL )( ’ )}Ey{fzz(yL 7?[ ) ’ }

# EY {f22 (ygm) > yinl))(z,l)}FY {f12 (ygin) > ygrn))(lﬂ)} | INTRODUCT|ON

(20) There has been considerable research on the signal reconstruction

(deconvolution) of a stationary signal in a time-invariant channel
for m = 1,2,---, K. Substituting into (20) the explicit expressiond1l-{6], [10], [16], [17]. Signal transmission is seriously affected by
for flz(y,gm);ﬁ%m))“’0), fzz(y,g"’);ﬁi’"))“’“), flz(yi'"');ﬁim))(z’l), the nonstationary environment, ie., the so-c_alled multipath fa_dlng
ffect [18], [25], [28]. Currently, efficiently treating the reconstruction
roblem in the multipath fading channel case is a relatively difficult
task. Adaptive filtering algorithms have been developed to estimate
the coefficients of a channel to update the reconstruction filter [9],
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