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Wavelet-Based Separating Kernels for Array
Processing of Cellular DS/CDMA Signals
In Fast Fading
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Abstract—We propose new detectors for direct-sequence of the multipath channel as low-pass Gaussian processes with
code-division multiple-access (CDMA) signals that outperform their correlation representing ensemble average character-
known approaches in rapidly fading multipath channels. Multi- jqtics  These average characteristics are in turn used to fit
path compensation in CDMA systems is a problem of significant . .
complexity especially when rapidly fading is afflicting the radio parametric mO_dE|S 59 that a bank. of Kalm"’,m filters can be
frequency channel. In this work, we depart from typical ap- Used for tracking. This approach is impractical because the
proaches in search of new kernels that can more accurately parametric models that best fits the channel dynamics have
characterize the time-varying nature of the estimation problem g |Jarge number of free parameters [2], [23]. Moreover, the
and focus on a multiresolution representation of the fading ganeralization of this approach to a multiuser environment
processes. The unknown channel time variations are in fact - . .
decomposed using optimal unconditional bases in the family Where_poss,lbly mUIt'p_Ie dlff.er.ent Channe_l reSponseS. have to
of the orthonormal wavelets. We show that it is possible to Pe estimated/tracked is definitely a formidable task in terms
represent the channel in a reduced-order dimensional space of computational effort. In this work, we depart from these
by matching the scattering function of the multipath channel well-known and obvious approaches in search of new methods
to its decomposition and obtain an approach that is effective that more “economically” can characterize the time-varying
in fast fading environments, such as those practically found in . - .
macrocell wireless communication applications. We apply this nature. of the.detectlon/esum.atlon problem, and we chus on
representation to the development of a practical multiscale filter @ multiresolution representation of the fading process in each
that achieves multiuser separation minimizing a time-averaged component of the channel response, elaborating some ideas
squared error. The technique is studied by means of computer of [26], [31], [6], [11] (and in a sense [9]) as they apply to
simulations and hardware experiments that employ a currently o direct-sequence CDMA (DS/CDMA) detection problem.
deployed base-station system. . - .

_ _ o ) The unknown channel time variations are in fact decomposed
Index Terms—Array signal processing, code-division multiple- —\qing optimal unconditional bases [7] such as orthonormal
access, interference suppression, land mobile radio cellular sys- h . .
tems. wavelet bases [4], [5]. The use of basis expansion models in the
representation of time-varying multipath channels is discussed
in [9], but was used in earlier works on multipath modeling
. INTRODUCTION [3]. It is extremely important to realize that modeling of linear
HE performance of code-division multiple-acces§YStéms by basis functions can turn a time-varying system
(CDMA) systems is severly degraded by frequency-sélentification problem into a time-invariant one. Essentially
lective multipath radio frequency (RF) propagation. Thispired by Fourier harmonic analysis ideas, simple exponential
mitigation of this effect based on the use of multiuser/multR@ses were used in [9]. The exponential basis function of a
antenna detectors has attracted significant interest in recERprer-like decomposition has infinite duration, so clearly
years. The crucial point of almost all of the proposed metho@8Y representation of a time-localized signal is not efficient
is based on the assumption that the multipath channels 8R! adequate. To connect this consideration with a simple
quasi-static, that is, time invariant over the length of th@nd intuitive example, consider a signal made of two pure
transmitted frame. Slow variations of the channels are th@fcillations occurring at nonoverlapping distinct time intervals.
compensated by using adaptive algorithms that ultimately foré8€ Fourier transform (FT) reveals the presence of the two
the estimate to be constantly in search of a convergence pointOff€s, but with no localization in time, which forces a wrong
the channel coefficients variations in time are fast with respd@pPresentation for the signal. In other words, representations
to the convergence time of the adaptive algorithm, significaf@S€d on exponentials lack “parsimony.” The time-varying
degradation may result. A more reasonable alternative is&jlections of electromagnetic waves caused by a moving

model the time-varying components of the impulse respon§@nsmitter (or receiver) are in nature very similar to a signal
where multiple propagation modes are present at different

. . . o times. To represent the frequency behavior of a signal locally
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has directed intense research efforts in the developmentobtained filteringz(¢,a) by w;(¢). Another interesting prop-
functions with “good” time-frequency localization: waveletserty of this representation is that it gives us the ability to select
are the best known tool for linear time-frequency analysifr any given time interval only those wavelet coefficients re-
Another example of multipath modeling using harmonisponsesu;(7) that affect the output during the time interval of
decompositions is also contained in [10], where the probleimterest Assume now that white Gaussian noige) afflicts the

of needing a large number of exponentials for a reasonalsleannel output ag(¢) = y(¢) + n(t). The maximization of the
accuracy was also emphasized. Many more consideratidikelihood function with respect to the transmitted sequence of
regarding the disadvantages of Fourier analysis in practicgmbolsa is easily seen to be equivalent to the maximization of
problems can be found in [8] and [7]. An obvious solutiothe function [28]

to the time-localization problem of the Fourier analysis is to )

localize t_he tones in tr_le Fourier representation by VyindowingLT(a) _ _/ i) /t Mt — P ) dr| dt
several time-consecutive intervals of the analyzed signal. This teT T

is, in fact, the short-time FT which basically operates a partition i 2

(or “tiling”) of the time-frequency plane in rectangles of equal = _/ y(t) — Z Yr(t)zr(t,a)| dt (4)
area. Wavelets can offer a different and valuable compromise: tcT IeT,

the frequency localization is logarithmic in frequency. Looking ) ) ) )

at the time-frequency plane, this means that time localizati$fpere 7 is the time interval over which we observgt)
gets finer at the highest frequencies. The wavelet transfofid #1(t,a) = [,y wi(t — 7)z(7, a) d7. The wavelet-based
replaces the FT’s sinusoidal waves by a family of functiof§Presentation gives the possibility of an economical, but
generated by translations and dilations of a single windoglill accurate, formulation of the optimal detector based on
called a wavelet. Complicated signals can be representB§ maximization of (4). In fact, it is possible to select
using only a few wavelet and scaling functions, and statistica| Subset of the functions and coefficients Zp such that
signal modeling and processing methods based on the wavdiety #(t;t — 7)z(7,a) dr is well represented only over the

transform are in most cases much more effective than classi#&€ intervalZ". This is quite valuable and somehow impossible
time-domain or frequency-domain approaches. using known nontime localized models. We have already

presented an application of this maximume-likelihood (ML)

A. Significance of Modeling Time-Varying Systems Using time-localized approach to ML sequence estimation detection
Wavelets of narrow-band digital signals in [15]. Unfortunately, we will
find that the application of this idea to a multiuser system
i very demanding in terms of computational complexity, so

e will turn our attention to a simplified linear detector, one

8t is based on the desigit, 7) that is expanded onto the
same wavelet basis used in the channel model and whose
coefficients minimize an averaged squared error

In this section, we give a brief explanation of the ideas co
tained in this paper by using an oversimplified continuous-ti
single-user model. Consider a sequence of symbols collecte
the vectom, digitally modulated to form the signal¢, a). The
signal z(¢,a) is input toh(t, 7), the time-varying impulse re-

sponse of a multipath channel, as
t 2

. B 3 Ry
= [ bt et @ Moo= [ et = [ oee-niyar a
oo 2
Assume that the kernél(¢, 7) can be represented by an expan- = / x(t,a) — Z Pr®)yr(t)| dt (5)
sion of the form teT IeT,
h(t,7) = Z wr(T)r(t) (2) whereg;(t) = fioo wy 1(t — 7)g(7) dr. Again, the wavelet-
TeT) based representation gives the possibility of an economical,

) ) but still accurate, design of a time-varying filter by means of
where {9;(#)}rez, is a set of functions (wavelets) andy selection of a subset of functions and coefficient,jrsuch

{wi(7)}rez, are the (wavelet) coefficients of the expansiony, ¢ Jicr 9(t.t — 7)i(r) dr is well represented over the time
Using this representation, we can express (1) as -

interval 7.
" The use of wavelet bases allows the selection of the subset
y(t) = z/)I(t)/ wr(t-7)z (@) dr=>_ ¥r(t)&r¢,a) in Iy (or Z,), which will model thelocal andglobal charac-
IeT), —oo IcT), teristics of the channel dynamics. A clear attempt of the en-

(3) gineering community to have a global characterization of the
time-varying nature of a multipath propagation link is the well-
wherez(t,a) = fioo wr(t — 7)x(r,a) dr. This representa- known wide-sense stationary uncorrelated scattering (WSSUS)
tion can be economical if the s€¥ ()} 7z, contains a small model [21]. The WSSUS assumption is only an approximation
number of functions. The multiplication;(¢)Z r(t,a) empha- of the real propagation mechanism in a dense multipath envi-
sizes the time selection of the input content and its frequen@nment. Indeed, (¢, 7) has smooth (low frequency) variations
translations. Observe thaf (¢, a) for any ! in the setZ;, is the with occasional rapid changes that cannot be possibly modeled
output of a time-invariant linear filtering operation: it is simplyas stationary. In particular, a channel model which is uniquely
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based on ensemble average characteristics will inevitably lodesguency2~* £., while ((m) represents the local mean around
local characteristics that are caused, for example, by rapid tréime 2 m. In this framework, we can think of(¢) as the finest
sitions and sudden changes of the impulse response dynarsiale(P = 0) representation of (¢) itself. The functiomy(¢)

(for example, the mobile transmitter coming to a sudden stojgs to satisfy some critical conditions to ensure that (7) holds
while the multiresolution model will retain such informationfor any square integrable functigfiz). In particular,»(¢) has

in a few high-resolutiordetail coefficients. The idea that theto satisfy the two scale equations

wavelet-based representations can better model not only non-

stationary but also stationary processes is also the motivation P(t) = V2 coln)p(2t —n) (8)
for [31] and [6]. We will however use the WSSUS model to n

tune our channel representation and to eliminate gross redun-

dancy; in other words, second-order statistics will provide gen- )

P(t) = V2 er(n)p(2t —n)

eral guidelines on how to select the low-resolution coefficients.
It is however understood that retaining only the low-resolution
coefficients will not give us the kind of “parsimony” that we exWhere the coefficients;(n) can be nonzefoonly over a fi-
pect from a wavelet-based representation. To achieve this gdééle number of consecutive values of Define 1y, (t) =
a few high-resolution coefficients empirically selected will b@ “?%(27'%t — m) and ¢rm(t) = 27Y2¢(27'%t — m).
maintained. The three orthogonalities constraints imposed d&pd.:
The paper is organized as follows. In Section I, we give A@tm(t)Prm (£)* dt = 6(m—m'),02: [y ()P e (£)* di
brief introduction to wavelet-based signal processing methods.6(m — m/) = §(1 — '), andO3: [ 4y (t)pr o ()* dit
In Section II, we review the CDMA system model, and in Segi(m — m/) = 0. Itis possible to show th&1, 02, O3 are sat-
tion IV, we study the channel basis expansion. In Section V, vigfied by coefficients:;(n) that have the following properties:
motivate a reasonable reduced dimensional representation of the
fading channel. In Section VI, we present possible approaches to Z co(n)co(n + 2k) = 6(k)
detection with a practical time-variant filter, also implemented "
as an adaptive filter. In Section VII, the results of simulations
and hardware experiments are shown.

c1(n) = (=1)"co(n).

A remarkable observation can be madgn) are the coeffi-
cients of a perfect reconstruction two-band (or dyadic) filter

bank with the quadrature mirror reconstruction property [27].

A generic signaf(¢) can be represented in terms of translatefgefore, the design of wavelets is equivalent to the design
and dilates of a single prototype (typically bandpass) wavel ijter hanks. Observe that the conditions imposed up until

P(t) now are not sufficient to construct in practice useful wavelets. In

Il. DISCRETEWAVELET TRANSFORMATIONS

+oo

> Elm2T P27 - m)

I,m=—occ

f®) (6)

or equivalently for somé” > 0

F(O) = m)2 227"t —m)

r
+ DD Llm2 Pt —m) (7)

l=—c0 m

gam = [ :o

are wavelet (odetail) coefficients
o0
/.

are scaling (orapproximation coefficients, and¢(t) is a

where

FO272p(27% — m) dt

¢(m) FO2"Pp(27 "t —m)ydt

fact, they can lead to decompositions with not enough regularity.
Regularity is imposed requiring a large number of vanishing
moments [4], [5]. In practice;(m) and (I, m) can be com-
putedrecursively from £(1 + 1, m) using the efficient pyramid
algorithm proposed by Mallat in [14]. It is not necessary to ex-
plicitly compute the shape af(¢) and+(t). The basic appli-
cation of wavelets in this paper stems from a multiresolution
decomposition [which simply specializes the expansion in (2)]
of a time-varying multipath response of the fo?n(t, 7) atany

7 with respect ta as

htr) =37 ¢lm, )2 2p27 "t — m)

P
+ 3 > elm 27227 —m)  (10)

l=—0co m

where £(I,m,7) are wavelet coefficients and(m,r) are
scaling coefficients. If the channel is modeled as deterministic,
wavelet and scaling coefficients are considered determin-

low-pass scaling function [4], [5]. Particularly important igStic.and if the channel is modeled as random, wavelet and
the interpretation of (7) as a multiresolution analysisfef): ~Scaling coefficients are considered random parameters. The
I indexes thescale or resolution(the smallerl the higher the Wavelet-based representation will exhigiobal characteristics
resolution), whilem indexes thespatial location of analysis. Of the channel dynamics in the low-resolution coefficients,

If the mother wavelet is centered at time 0 a'_qd frequeficy 1By doing so, we restrict our description to compactly supported wavelets
¢(1,m) measures the content ¢f(t) around time2!m and [27].
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Fig. 1. System model in the uplink of a cellular system.

while retaininglocal rapid transitions in just a few coefficientstransmitter has a single antenna (see Fig. 1), while at the base
at higher resolutions. A practical advantage is that the decostation, the multiplexed signal is received throughsasensor
position decouples the variations in time and relegates themaintenna. The received signal at the base-station receiver can be
¥ (t) andg(t), so that the wavelets coefficients are indeed timepresentedas

invariant for anyr. Moreover, since we will assume discretized Vel K

responses with resolvable multipath components of the form PR = anliV S E (D ot t — iT *

= L . . = . i : — +n"(t
ht,7) = 22, f1(H)8(r — ), we will significantly simplify ®) Z Z OV ELOLEE ) ®,
(10) 1‘5:17277"4 (13)

ll. SYSTEM MODEL where f (t,7) = &% a.,(7) * hE(t,7) (+ denotes convo-
lution) is the combined impulse response of each signal path

In this_section, we briefly review the system_model for thSf the kth spreading waveform and the channel from e
reverse link of a CDMA cellular system. No particular asSUMPr-. - 40 thesth sensor and: (i) andéj, are the received signal
tion is made on the geometry of the array at the base statign ' k

and we intentionally neglect the propagation assumptions %?wer and the carier phase of th# transmitted signal rela-
y neg propag P tive to thekth user, respectively. The chanrgl(¢, 7) between

the model. More details regarding these assumptions can ) . o
found in [16], [18], and [17]. In a DS/CDMA communicationfi S:ktlh ;re.u.”n.snjittigr and theth sensor fok = 1,2, ---, K and

system [13], the information signal relative to thtéh user is

given by

M Rt m) = Fr(®)6 (r =78 - (14)

m(T) :Z ap(n)pr, (1 —nTy), k=1,2,---,K (11) =1

n=0 fi,(t) are the normalized fading complex envelope processes

where so thatE;(4) reflects thekth user received energy over the
; N time period corresponding &, andé(n) is the delta func-
1, fo<r<7 . o . . . . .
p#(7) = 0 otherwise tion. The noise in (13) is white Gaussian, with two-sided power

spectral densityV,/2; it can also represent the surrounding cell

anda = {a;(n)}} | is the real or complex message (to includéterference, plus noise. Multipath channels enhance interfer-
any type of digital modulation scheme) composedriofary €Nnce among users, introducing intersymbol interference and ad-

symbols of duratiorf,. The K usersasynchronouslghare the ditional correlation between the spreading waveforms. Received
common channel using the signatures waveforms energies are assumed invariant over the duration of the message:

E; (i) = E;fori=0,---,M — 1. We assume that the receiver
has perfect knowledge of the powers, time delgys and phase
k 4
acx(T) = Z a¢ npr. (T — nle), k=1,2---.K (12) lags of every received user signal. At the receiver, a badk@f
n=l filters for each sensor (see Figs. 2 and 3), each filter matched to

J

_ i ; ; k . J
WherETc = Ts/']_|5 the chip peI’IO(_?I anfla; ,, € (=1;+1)}5—4 2Equation (13) with (12) assumes the code remains the same from bit to bit
is the pseudonoise (PN) spreading sequence of lefgifhe for a particular user. However, 1S-95 and many other CDMA systems use dif-

spreading sianal waveform (12) of théh user has duration ferent parts of a longer code for each bit. Besides substitmfiﬁgr), where
P 9 si9 (12) now the code utilized by theth user depends on the bit indéX, the rest of

T; and is nprm_a“ZEd to unit power. If "?m equ'Valent IOW'pa%e signal model is still valid for systems using long codes (defined aperiodic
representation is employed, thi transmitted spread-spectrunsystems in [29]). For simplicity of exposition, we limit our model description
signal can be written agﬁ\ial ak(i)st (T _ iTS) ac,k(T _ to periodic systems. Since the same multichannel model (16) can be derived for

- . L . . the aperiodic (long codes) case, the presentation of the algorithms that follow
LTS)' This S|gnal is distorted by mUItlpath RF propagation an’caso apply to practical CDMA systems like third-generation (3G)-CDMA and

multiple-access interference caused by other users. Each moisiles.
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Fig. 2. Architecture of the receiver.

a delayed replica of the wanted spread-spectrum signature, penere
forms despreading with the signatures in (12) and is sampled at
symbol rate to obtain the set of samples nEkig (n,m) \/ESefek fiq (nTs)

X/ [£2°% (u Tz,l) Qe k (u+mTS_ 7—;::(1) du
—o0

(n4+1)T.
Yra(n) = / r(T)acy (1 —nT, — 14;) dr. (15)

7 T R iy m) th k1 q(nym) a7)
The input/output relation for the multichannel discrete-time
system can be written as andn},(n) is the noise component.
IV. WAVELET-BASED CHANNEL BASIS EXPANSION

yia(n Zzzhzmq”mak(”_ m) + i (n) . . . . .
kg1 m We would like to obtain a practical basis representation for
K the discrete-time channél’ ; . (n,k) that is easily parame-

= Z Z Ry (n, m)a(n —m) 4+ 0 (n), trized, it retains the essential features of the fading process and

—t ’ it characterizes these features using a small number of time-in-

=12,--- K; k=1,2,---,A4; 1 =1,2,---,Q (16) variant coefficients. These requirements can be satisfied using a
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Fig. 3. Signal processing subsection relative to antenna

discrete-timewavelet series representation. An important teclapplying a half-band low-pass filter having impulse response
nical aspect arises. We do not need the coefficients of the ceatn), followed by a downsampling-by-two operation
tinuous-time wavelet series expansion of

Com(k) = co(Dh(2m — 1 k). (19)
Q l
IR —_ s _j0L £K
R, (8 7) = Z VERS™ fig(®) This equation represents a mapping from a vector space to itself.
=t oo An added “detail” can be obtained by using a high-pass filter
></ Geyi (U—T{fz) ek (u+7_ﬂfzq) du with impulse response (n), then again downsampling by two
(18) &m(k) =Y cr(Dh(2m — 1, k). (20)

i

to obtain arepresentation of the formin (10). We only need a dighe filtersc; (n) i = 0, 1 satisfy some regularity constraints [4],
crete-time wavelet series representation of a sampled versiong)fand form an orthonormal set. If ¢;(n) in the z-domainC;(z)
hiyag(t ), thatishf ;. (n, k) =Ry, (¢, 7)lt=nT,,r=mT.. i = 0,1 is a dyadic perfect reconstruction filter bank [27], one
It is possible to show that for a high resolution (that is largean think of (19) and (20) as @ecompositiorof i(n, k) onto

P) and shortZ, the discrete-time series coefficients and cora discrete-time orthonormal basis with the following (perfect)
tinuous-time series coefficients asymptotically converge to tiheconstruction rule:

same values. The orthonormal expansion we will derive can

N/2—-1 N/2—-1
be thought more properly as a multiscale subband decompgsi- o
tion using filterbanks of the sampled response of a muItipz?tidn’ k) = g_:o Gm(k)co(2m=n) + g_:o Erm(k)er(2m=n)
channel. We direct the interested reader to [27] and in particular - - (21)
to[22], where a “discrete-time” approach to multiresolution rep-
resentations is described. which is indeed a sum of orthogonal projections. Using the

To simplify notation, considef:(n, k) as the generic re- same filters:o(m), ¢1(m), (19) could be split again in low-pass
sponse for a generic set of indicesi1, -, i3. It is fundamental and high-pass downsampled components, and then the low-pass
to observe thak(n, k) can be represented at lower resolutiosomponent could be further split again to a desired “depth” or
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resolution, so that one can always “explode” the low-pass costages of two-channel filterbanks [27]. Specializing (24) to

ponent resolution RE ., i(n, k), we have
N/2—1 Ny/2P -1 .
Ga(k)= D Crrm(k)eo(2m —n) B iR = 0 oy iia ()l (20 m = m)
m=0 m=0
N/2—-1 P Nj2'—1
+ 3 GpmB)e@m—n). (22) +3°0 N i (WA @ —n)
m=0 =1 m=0

26
For example, consider (22) fér= 1 and subtitute in (21) to get (26)
where(s,,, ;. ., i (k) and&r, o o (k) are discrete wavelet

N/2-1 [N/2-1 transform (DWT) coefficients. Using vector notation, it is pos-
hin k)= > | Y G (k)eo(2m’ —m) sible to express (26) simply as
m=0 m’=0 “ N T x .
N/2-1 hil,iz,ig (n, k) = c(P,n) Wil in,is (P, k) (27)
+ Z & e (k)er(2m’—m) | co(2m—n)  where the organization of the wavelet coefficients in
m’=0 Wfl7i27i3 (P, k‘) is
N/2—-1 K
Wi igis (D K)
+ Z Sl,rn(k)cl(zm - 71) e 3,.@ T rr T K T T
m=0 = [CP,il,iz,ig(k) 51,1‘1,1‘2,1‘3(/6) "'SP,il,iz,ig(k) ]
N/22—1 .
with3
= > Gk (@m—n)
m=0 [CP,h 112,13 (k)]nl = CIK’,rn,h 89,13 (k)
2 N/2'-1
+3° Y amk)e’@m—n) (23) and
=1 m=0 ~ 3
[517i17i2,i3 (k)]m = Sl,’nl,il,iz,ig (k)

wherec(? (n), ¢V (n), andc{? (n) are filters obtained in the
z-domain asC{”(z) = Co(2)Co(22), CV(z) = Ci(z),
C']EQ)(;:) = C1(2%)Cy(2). In the last equation, we have use

the Noble identity .[27] whic_h says that a dowpsampler b%r a time-varying multipath event (500 samples, 4is&c
two, followed by a filterF'(z), is equivalent to the .f'lteF(ZQ) sampling period, 100 km/h). The representation of the channel
followed by t_h_e downsampler by two. we can think of (23) a§ spown at increasing resolutions. Observe that (26) is valid
a d(_ecomposmon oh(n, k) onto a discrete-time orthonormalwith equality because of the perfect reconstruction property of
basis at resoluuon leveb = 2. The m.ethod can_be appliedy o dyadic filter bank. We will determine which components
recursively to obtain at generic resolution deptla filter bank of the expansion (26) can be neglected (i.e., zeroed) without

with P + 1 branches compromising the parsimony of the representation.

Evidently, o(P,n) = [ef”(n)T,{V ()T, -, ()T
here[c” (n)]m = ¢ (2'm — n) for i = 0, 1. Fig. 4 shows

multiresolution analysi$” = 5) of a fading coefficient

N/2P -1
h(n, k) = /E: prm(k)cél’)(me —n) V. VALIDATION OF THE DWT CHANNEL
m=0 Statistical characteristics of the fading channel are typically
r N/2' -1 available from experimental measurements in the form of the
+ Z Z Slym(k)cgl)(Zlm —n) (24) scattering function [21]. Assuming the channel to be WSSUS
=1 m=0 [1], we can tune our channel representation: in other words,

- econd-order statistics will provide general guidelines on how
where(p,, (k) andé; (k) are coefficients of the Wavelet—basecfo select the low-resolution coefficients. Low-resolution coeffi-

o () RN
decomposition (WBD), and the filter§"” (n) ande{” (n) With  gients are important for a global characterization of the fading

real coefficients) are given in thedomain by process. It is however important to point out that retaining only
Pl the low-resolution coefficients will not give us the kind of “par-
o)) = o (22 simony” that we expect from a wavelet-based representation. To
o (2) = H o{~# . . . . . . -
=0 achieve this goal, a few high-resolution coefficients (in addition

12 _ to the coefficients necessary for a global representation of the
051)(2) =0 (221—1) H Co (227) ) (25) process) empirically selected will have to be maintained.
=0

SThe notationv],. is used for the:th element of vectow .

: . . . .4 . — o " _
The expression (24) with (25) can be easily obtained making "¢ WSSUS assumption impliesi{h, (tv. m)hy; (t2, 72)} =
. " . . Lr1.kg g (T1, T2 — t1)8(72 — 71), and the expectation is over the channel
use of the Noble identities [27]. This approach essentialissmpic. The scattering function of the multipath channel is related to

uses a binary subband tree structure that is constructed using., «.,~,(7.t) by the FT, first with respect te, and then with respect to
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| Updating Algorithm |———
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Fig. 4. The (time-varying) filter relative to theh user.

Having assumed the model (14), the knowledge of thee also have
second-order statistics of the channel variations is obtained e S T KL V¥ K T
LEswi(Pk 5 (P k = E<hi(k)*h{ (k
from the knowledge of {W‘( )W (B k) } { i (k) hyy (k) }
which is a matrix constructed fronRy,(l, k1, ko, 1, &, 1, &').
E {f,:”jJ1 (tl)f,’j;l2 (tg)} We can validate our model (26) using (28). In other words, we
o _ ~ can determine which components of the expansion (26) can be
which is then mapped to the knowledge of the discrete-time aygglected (i.e., zeroed) without compromising the parsimony
tocorrelation function of the channel of the wavelet-based representation. Defiw¢ (P, k), as
H - . . gy the vector obtained zeroing the | 7’::1:1 N/2™ elements of
E {hi (n, ka )" iy (n + 1, kQ)} = Bnll v 4, 0,1, ) wi(P, k) andc(P,n) , as the vector obtained zeroing the last

M 77 i H H H
with i = [i], i, 4], i = [i1, 42, 43].5 Using (26), we have > ey IN/2™ elements ofc(P,n). A possible indication of
the parsimony in the representation (26) retaining awji2*!
Rp(l, k1, ki, 5,1, K1) DWT coefficients, M = 0,1,2,---, P, is

= o(Pn) E{wi(P k) Wi (P k)" fe(Pontl). 28) A(pM)=3" 3 T

i kR kKo

’ ! 2
)5

ii/

Observe that due to the orthonormality of the DWT, definin%lhere
hf (k) as the vector witlth element ,
[fo (/fl’/f‘z)m}
(b (K)],, = hi(n, k) !

N-1
1 /
8in fact, Ry, (I, k1, k2,1, &, 7, 5”) can be computed from the knowledge of = N E c(Pn)yE {hf(/ﬂl)*h;‘, (kg)T} c(Pn+m

Sk .k1.kg .50 (T1, T2 — t1) and the spreading codes of each user. "0
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A fading event at 100 km/hr (rea! part of h(n k)) at 5 successive resolutions with increasing details and approximation
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TIME EVOLUTION IN SYMBOL PERIODS
Fig. 5. Multiresolution wavelet-based representation of a fading event (real part of the coefficient for a 500 symbol-spaced samples snafisteatifioirag

multipath channel representing a mobile transmitter traveling at 100 km/h. The maximum resolution depth isand the mother wavelet used is generated
from a Daubechies filter of order 6.

and[rf;’,’“,(kl,kQ)]l = Ry(l, k1, ko,i,k,i’,x’). Once a partic- A. Interpretations

ular M has been selected, we can write The method we have outlined can be interpreted as a subspace
selection procedure [24]. In fact, the DWT of thelong vector
RE(n, k) ~ e(n) Wi (k) (29) h{(k) representing the dynamics of the channel atiagn be
expressed as
where c(n) = Iy xq o(Pn), wi(k) = Ly 5 wi(DPk) hi(k) = Wwi (P, k) (30)
with ' = N2=M & = N - N = NY2, 27 Fig. 5

shows a multiresolution wavelet-based decomposition for'¥1€reW is anN x N orthonormal linear transformation ex-
100-km/h fading channel. Fig. 6 shows experiments for tRS€SSIng the operation of the wavelet transform. Consitler

T i 1 —
time-varying multipath DWT decomposition of a 500-sampl Syvi’,{/{ -, Wul", the N x V' matrix formed by the first\" =
(symbol spaced) snapshot. From top to bottom of the figurg-2 ~ columns of W corresponding to thehrinkage(that
the magnitude of a generic Rayleigh fading tap, DW= 5) is the zeromg).that yelds tolerab_ly small values of the metric
for the real part of the tap variations, dynamics of the real p@FEP ;). Applying the trasformation
and reconstructed dynamics using 16 wavelet coefficients. In 08 (k) = WHRf (k) (31)

Fig. 7, we show thelapproximation errorfordiffere[lt resolutio\rR/e essentially define a “subspace parametéitk). The A
depthsf apd for different vglues ,OJM f.or N - ,‘)12' The orthonormal columns oW span an\/ -dimensional subspace
approximation error (shown in decibels in Fig. 3) is defined a3efined Wy such thath, C ¢V (the space of any com-
plex vector of lengthlV). Observe that when the transforma-
MSE, = E{|hf(n, k) — é(n)TWf(k)|2} tion W is selected with\V < N, any estimate (or representa-
tion) of 8¢ (k) is insensitive to disturbance componentapfx)

- - ) o form = N+ 1L,N +2,-..,N, and the resulting estimator
where ¢(n) and wi'(k) contain, for any indicated®, only (, representation) has a smaller variance than the full space
512/2°* components. estimator. Also, any traditional adaptive scheme for equaliza-

tion (or channel tracking) designed to follow the variations of

6The notationl .4 identifies theA x A identity matrix, while the notation hZ 72573 (n, k) attem_p_ts a full-space e.Stlmatlon of th.e Chann.el'
1,15 identifies thed x A+ B) matrix whose first4 columns are the columns 1N Other words, traditional schemes will generate point-by-point
of T4 and the las3 columns have elements equal to zero. estimates spanning”™. The proposed channel representation
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Magnitude of the Fading Dynamics of the Tap
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Fig. 6. An example of time-varying multipath DWT decomposition for a 500-sample (symbol spaced) snapshot. From top to bottom: the magnitudie of a gener
Rayleigh fading tap, DWTP = 5) for the real part of the tap variations, dynamics of the real part and reconstructed dynamics using only 16 wavelet coefficients.

method when incorporated in practical detectors will achieve a VI. DETECTORS
decreased variance of the channel estimate error. It is howeve . . . .
. ) : ) . nce we have achieved a parsimonious representation of the
important to emphasize that this advantage is obtained at the gx- .

oo . . . orm (29), we can write (16) as
pense of estimation bias, because in practice

hf (k) = WoF (k) = Pwhi (k) (32)

e Fi(n) = c(n)tws, (m)ag(n —m) +n5,(n

with Py = W W holds only approximately true, and while yEa(n) kz::lzm: () walmail )
the variance increases with the dimensions of the subspace (that _ a(n)TC(n)WZl +nfi(n)

is V), the bias decreases [24]. Evidently, the goal of selecting . i
a transformatioriw is to optimize the tradeoff between bias, (n) wiit 7771,1(”)’
variance, and computational load. i1=1,2,---  K;k=1,2,--- A [=1,2,---,Q (33)
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-10 ‘ ' ' ' ' ’ ' 1,2,--- K, 1=1,2---,Q, k =1,2,---, A, as indicated in
20 Fig. 4. Denotei, (n) as the output of the filter for the detection
of thenth symbol of thekth user
-30 K Q@ A L
s ol SIS gt nmyytn —m) = a(n). (37)
K= i=1 I=1 k=1 m=L,
g -50 . . . . .. .
= The filter coefficients can be obtained from the minimization of
the averaged squared error
801" Fading Speed = 100 Kmihr
Resolution Depth = P P=6 K Q A I 2
" Retaned Goefiionta N 2 < SIS g (n — m) — ax(n) >
=1 l=1 k=1m=L1 N

8 7 6 5 4 3 2 1 M=0 (38)
RESOLUTION ———88 ™ —
. _ N
Fig. 7. Mean squared error (MSE) (average over 100 experiments) of Wpere we hav_e used the nOtatlm>N - (1/N) E_n=;l Tn f(_)r
multiresolution wavelet-based representation of a fading process (real f@ft/V-sample time average. The orthogonality principle dictates
of the coefficient for aN = 512 symbol-spaced samples snapshot) for ghat
time-varying multipath channel representing a mobile transmitter traveling at

100 km/h. The maximum resolution depthi%s and the mother wavelet used < < Q A Lo
s

K
ZZ Z Z 92}7k(”7m)921(”—m1)

i=1 =1 kri=1m=L1

is generated from a Daubechies filter of order 6. The MSE is plotted vers
M where N/2M is the number of wavelet coefficients maintained in the
representation of the 512-point sample evolution.

where a(n) = C(n)Ta(n), and the organization of the - ak(”)> lefq(n—m2)> =0 (39
filterbank coefficients intoC(n) and the wavelet coeffi- N

cients intow?f, is evident from the context. We can compacior x, = 1,---, A, p = 1,---, K, ¢ = 1,---,Q, my =

in matrix notation (33) organizing the samplg$,(n) for Ly,--- L.

n=2012--M-1,4¢=12,--- K,k = 1,2,--- A, Since we have established that a reasonably accurate repre-
I=1,2,---,Qin avectory, to obtain the familiar model  sentation of the fading channel variations is given by (29), it is

also intuitively clear that the optimum time-variant filter can be

yv = Ay(a)w+n (34) expressed as

Kk T = K,k

9i iy (n,m) ~ c(n) Wil (m).

wherew is a vector that contains the wavelets coefficients and
A r(a) depends uniquely on thie K transmitted symbols = A more detailed explanation of this last statement is in the Ap-

[a1(0),-- -, ax (M — 1)]* and the coefficients of the filterbank pendix. Renaming more conveniently the component(oj
(ultimately the selected orthonormal basis). Using a generalizgdd w (k) as

likelihood [28] argument, we can obtain the (blind) ML rule [15] gliv iz
e(n) = [er(n), ca(n), -, ea(n)]*
a=argminy’ Q.ya (35)
@ T
()2, sty (k]

= arg max yEP . ym (36) Wﬁg]il,fz(k) = [wﬁllil,fz(k)l’ g, -

we can use the following expression:

wherec is the hypothesized sequené€g, =1 - P, and
N

k _ ek g
95{,1‘2 (n,m) ~e(n)twiy (m)= win (m)pep(n)
1=1 I=1 k=1m=1I,

[3151,;2 [9151,7‘2
>J\f
K @ A Lo

N
SOSTS TS STl (m)pep(n)ui(n —m)

i=1 l=1 k=1 m=Ly p=1

2
>N

Pa = A]\{(Oé) [A]w(Oé)HR;lA]w(Oé)] -t A]w(Oé)HR;l

p=1
is the novel separating kernel wilt, = E{nn"}. The gener- and obtain
alized ML rule in (36) presents significant complexity, if quite K Q A I,
attractive conceptually. Indeed, it is rarely practical. A more ZZ Z Z K,k K
9 (n, m)yi(n —m) — ap(n)

feasible approach is to design a time-variant minimum averag
squared-error filter that attempts restoration of the desired user.

2

A. Time-Variant Filter - <

A possible solution to detection is to implement a time-variant
minimum average square-error (MASE) filter for thth user

min . o . — a(n)
indicated attimex asg; ; (n,m),m = L1, Li+1,- -+, Ly, i =
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If we denotey’; (n,m) = ¢,(n)yf(n —m), the orthogonality proposed approach i®[LK AN2~M] for an L long filter,

2,1
principle can bg expressed as K users, andA antennas. In the traditional minimum MSE
K 0 A L. N (MMSE) approac.h, one is forced to use an RL$ approach be-
Z Z Z Z Z o (m1) cause tragkmg d|rec_:tly .the taps qf the fl!ter using a gradient
P i e lglig.tx i approach is ineffective in fast fading. Evidently, one ends up

with a complexityO[(LK A)?], which in most cases is much
- B < os _ higher than the complexity presented by the WBD multiscale
X iy gy 1) ak(n)) iz lo,p2 (n’m2)> =0 (40) filter approach for the same length of the filter, number of

N antennas, and number of users. This advantage in fast fading

for ke = 1,---,A, 4o = 1,--- K, lo = 1,---,Q, mg = environments is extremely valuable and in fact results in sig-
Ly, --,Ly, pp =1, -+, N. ltis easily shown that the solutionnificant performance advantages.
to this estimation problem is Remark 2: One of the reviewers (reviewer B) suggested an

interesting interpretation of the expression in (41). There is an

-1
Wigl, = R dy (41) apparent similarity between (41) and the MMSE linear mul-
tiuser detector of [13]. In particular, the two detectors converge
where ) ) S .
asymptotically to the same detector in the case of time-invariant
Wi = |:W1T wi WAl }T channels. It is then appropriate to state that the detector de-
lel el el Vel scribed by (41) in a rapidly varying environment is a practical
W, — [Wn,kT Wn,kT Wn,kT r approximation of the instantaneous exact Wiener solution. The
[slx el Vel 7 Vlelxe . instantaneous Wiener fiiter cannot be implemented in a time-
ngfz _ [wf;}k l (L1)y, - awf;’ﬁ l (Lo)1. -, w{;}k l (LQ)./\/:| varying environment using average sample-stgtlstlcs estllm.ators
I a a because the processes involved are nonstationary. This is ex-
R = (57(n)¥e(n) ) x (42) e_xctly the reason why the detector (41) ogtperforms Fhe tradi-
tional multiuser MMSE detector (see Section VII), which uses
dy, = (3 (n)an(n)) x (43) sampl_e—stat|st|cs averages for the estimation of second-order
statistics.
with
R T VIl. PERFOMANCE ANALYSIS

~1 T -2 T “A T
Yeln) = [ye(m)" 3en)”, o ye(n)'] r Since an analytical approach to the performance of the out-
¥e(n) = [ygm(n)T’ el Y'SK,Z(”)Tv el ng’Q(n)T} lined detector is beyond the scope and the length of this paper,
~ ~ - T we present the results of a simulation analysis. Consider a mo-
Ve () = [#1 (0 L0), 5511 (s La), -+ 5 (0 L)) - pile radio system when the uplink applies DS/CDMA with a
(44) gross bit rate equal to 48.5 khit/s. The users’ codes are known at

) ) o ] the receiver as the base station has allocated one code for each
Typical approaches to achieve real-time implementation are g{axr \We use Gold codes of 15 chips, 7 equipower users, and

dient-based methods and recursive least squares (RLS)—bq@eg 2 (two-path Rayleigh fading channel) in each channel

methods. The well-known recursion in both cases is impulse response between each user and each antenna array
. - element. The antenna is a three-element uniform linear array
Wigl, (0 + 1) = Wg, (n) + P [Ye(n), wg, (n)]  (45) with 3/4 of a wavelength spacing (this spacing guarantees un-
where correlated scattering at the different antennas). The impulse re-
sponses of the multipath channels are generated so that the de-
Pr [Je(n), Wig, (n)] = p (ax(n) — e(n) wig, (n)) y4(n)  lays are constrained to be an integer number of chip periods ac-
. ) . ] cording to Table I. Users modulate data using quadrature phase-
if the algorithm of choice is the least mean squargif keying (QPSK). A synchronization unit is assumed to esti-
(LMS) and p is a step-size parameter that controls th@ae the delays exactly. We assume the first user to be the refer-
rate of adjustment. Using an RLS approach, we hawgce yser. Signal-to-noise ratio (SNR) in the figures is equal to
Pu[ye(n), wig, (n)] = AKje, where e, = aw(n) —  pe/n, . Atraining sequence of 14 symbols is transmitted every
Ye(n) wig, (n), Ky = (}jnflan)/()‘ "‘yc(”)f’Pnflyc(”,)) 256 symbols, to train the time-variant filter.
andP, = A7 (P, — yc(”){{Pn—lKn)- Als aforgetting  The slots are generated of dyadic length &z )C, (=) are
factor that can be set approximately equal to one becausepiypechies filters of order 3. We assume [12] that
reality, the wavelet coefficients are time-invariant and need

only to be identified, not tracked. Ry (L ky, ko, i, k1K)
Remark 1: It is important to observe that the true vector of o2 Jo(2nl fpT/R) for ky = ko = k andi = i
wavelet coefficients is time invariant, so the task of the adap- = {0 elesewhere

tive algorithm in the proposed approach is to converge to the
channel parameters as opposedrézk them. This makes the where.Jy(z) is the Bessel function of order zerfy, is Doppler

LMS algorithm perfectly adequate for the task. If the WBD respread that depends on the velocity of the mobile transmitter,
tains N2-™ wavelet coefficients, then the complexity of thes? is the variance of the fading process. The Doppler frequency
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TABLE | with
CHANNEL PROPAGATION ENVIRONMENTS FOR PERFORMANCE
EVALUATION RESULTS DELAY SPREADS OF THEMOBILES

y(n) = [y )", 72 ()", 3 )T

User §| 72,, 7, | 72,,72, | 78,78 Speed g “ T - T " T
k10 Tk 2 k10 Tk,2 k10 Tk,2 (n) — [Y1,1(”) ,---,yle(n) v""yK,Q(”) ]
1 07,27, | 17,27, | 1T.,47. | 100 Km/h T
< m/hr YZI(TL) = [yfl(” — L), 795,1(” - L2)]
2 || 17,37, | 0T.,2T. | 3T.,4T. | 80 Km/hr o 17
3 | o741, | 17,57, | 372,47 | 50 Km/he 8k = [g’“ Bk 0Bk }
T T T 71T
4 | 17,21 | o137 | 3TL 4T, | 10 Km/he g = [gfj{“ Y S SRERT - ,---,g?éf‘Q}
5 || 17.,1T, | 2T.,4T, | 3T.,4T. | 20 Km/hr v Tork ek . T
e R &)1 = g5 g (L + 1), 5 (L)
6 27T, 41, | 11,,3T. | 3T.,47. | 80 Km/hr
7 17,,5T | 21,387, | 3Tc,4Tc | 100 Km/hr The solution obtained by applying a recursive QR decompo-

sition to the data matrixY'(n) defines the QR-RLS [19] al-

describes the second-order statistics of channel variatioB8fithm, which attempts convergence to the MMSE solution
Doppler frequency is related through WavelenétMO the for gi. We use in the DWT representation of the time-variant
ith mobile transmitter velocityV; expressed in km/h. The filter P =4 and retainV/2** = 32 (for N = 256). The BER
complex weights are generated as filtered Gaussian proced§ekelative to the first mobile transmitter. Ideal frame and
fully specified by the scattering function. Particularly, eacRYMPol synchronization is assumed, and the LMS is used to
process has a frequency response equal to the square root offifite the wavelet coefficients. A sample sizetof+* was
Doppler power density spectrumit is then straightforward to Used to estimate an error probability b6~*. Fig. 8 shows
verify (using the described validation method) that for speef@sults for the propagation environment reported in Table |,
of the mobile up to 300 km/h and® = 4 or P = 5, it is which evidently represents a fast fading environment, such
possible to retain onlyV/2* = 32 or N/2* = 16 wavelet aS those practicglly found in high—mqbility c_:eIIuIar systems.
coefficients inw . ;. (P,k) without significant penalty in L = L2 — L1 + 1 s the length of the filterA is the number

the matching metricy(P, M). In other words, the excellent of sensors at the receiving antenna array. It is cI_ear that the
“compacting” properties (see [7]) of the wavelet transform afdMSE approach (dashed curves in Fig. 6) is inadequate.
able to compress most of the energy of the time variations 5ig- 9 shows the results of experiments with only the first
the channel in the low-resolution representation of the fadifgree users active simultaneously. The speed of the three mo-
process, and this makes the approach very attractive in practRi€ transmitters is increased up to 400 km/h, the SNR per
The output of the filter at time stepis y..(n) " wg, (n), where bit is equ_a_l to 32 dB. The DWT-l_Jased filter is significantly
the vectorwyg;, (n) is obtained fromwig, (n — 1), ax(n — 1), €SS sensitive to Doppler spread increases.

Ve(n — 1) as in (458 The vectory.(n) is computed from

the baseband samples and the coefficients of the Daubectfiediardware Implementation Results

filters co(n) andc;(n) at each antenna as detailed in (44). A A simpler scenaridK = 2,A = 2,Q = 2) was studied
decision for thenth symbol for thekth user is obtained from ysing baseband data collected from the DSP receiver section
a QPSK slicer whose input is the scalfg(n)”wig, (n).  of Base,, the dual-mode wide-band base station implemented
Bit-error rate (BER) analysis results are shown in Figs. 8 and&. Watkins-Johnson Company [16]-[18]. A block diagram of
We compare with the multiuser MMSE detector updated usinige receiver section of the base station was shown in [16]. The
the QR-RLS (QR-based recursive least squares) algorithvide-band base-station architecture is described in detail in
(probably the best method in terms of tracking performancg0]. Fig. 10 outlines the hardware setup. The dispersive channel
The MMSE-QR-RLS at every iteration solves the followings created using two hardware fading emulators (NoiseCom
minimization problem: MP1600) which model two-ray Rayleigh fading channels.
The signal generator simulates transmission of CDMA frames

min AY (n) | Aag(n) 2 (46) from two different mobiles with the frame format described in
g ||| y(n4+1)T |5 ar(n+1) the previous section. The DSP modem receives two complex

_ . 1,Q pairs at the rate of 727.5 kHz after RF conversion and
whereY (n) anda(n) are recursively defined as digital quadrature downconversion. The wordlength used is 24
bits and the algorithm has been implemented using simulated

Y(n) = AY(n—1) anl(n) = Aag(n — 1) fixed-point arithmetic. Automatic gain control is operated

(n) oyt | ak(n) : . .
y(n) ax(n) on a slot-by-slot basis to exploit full dynamic range of the

7The Doppler spectrum is approximated by rational filtered processes. THIItal signal pr'ocessing UIjlit. Wh"e pgrfect $ynChr0nizati0n
filters are described by their 3-dB bandwidth, which is called the normalizattas assumed in the previous simulations, in the hardware
Doppler frequency. The additional assumption is that all channels and comp@(periments, there is an open-loop synchronizer (both PN code

weights have the same Doppler spectrum. . .
8,4 (n — 1) is the decision on the complex QPSKn symbol Jth user. Ev- and frame synchronization). We use a resolution depth equal

idently, the filter runs in decision-directed mode. While in training, the exad® £ = 5 andM = 3,4,5 (that is, we keep 8, 16, 32 wavelet
knowledge of the first 14 symbols allow the estimatiomaf;, () using (41). coefficients). The results of extensive BER measurements are
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Bit Error Rate (log scale)
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Fig. 8. BER for seven users, 15-length Gold codes in fast frequency-selective fading channels. For propagation parameters, see Table |. 8elidctrees
time-varying separating filter based on the DWT representation. Dashed curves are for the MMSE time-invariant filter based on the tradifienglRdRIpS
scheme.

Bit Error Rate (log scale)

i i i i i i i
0 50 100 150 200 250 300 350 400 450
SPEED in Km/hr

Fig.9. BER forthree users, 15-length Gold codes in fast frequency-selective fading channels with increasing speed of user 1, 2, 3. For progragaticn pee
Table | (first three users). Solid curves are for the time-variant separating filter based on the DWT representation. Dashed curves are for tmeNiVESE it
filter based on the traditional adaptive QR-RLS scheme. The 90% confidence intervals for the measured BER are shown.

summarized in Fig. 11. The propagation environment is de- VIIl. CONCLUSION
scribed in Table I, considering only the first two users and first
two antennas. The complexity of the algorithm is for= 4, A new multipath fading channel representation based on

A =2 K = 2 equivalent to 78 MIPS (millions of instructionswavelets allowed a new formulation of the CDMA detection
per second), which is well within current processing capabilifgroblem in frequency-selective rapidly fading channels. The
of most DSP processors today on the market. channel time variations were decomposed using optimal
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Fig. 11. BER for hardware experiments with one or two users, two antennas, 15-length Gold codes in fast frequency-selective fading channéiffthe leng

filter is L = 4. For propagation parameters, see Table | (first two users, first two antennas).

unconditional bases such as orthonormal wavelet bases. e channel dynamics over the time of observation. This
use of these expansions is well motivated by the excellezgnnot possibly be achieved using traditional time-only or fre-
time-frequency localization properties of the wavelet functionguency-only processing techniques. Using the new model, we
Particularly, the time-localization allows a “parsimonioushave formulated the generalized likelihood detection statistics
(that is, economical while still accurate) representation @fhich, however, present an unmanageable complexity. As a



994 IEEE TRANSACTIONS ON COMMUNICATIONS, VOL. 48, NO. 6, JUNE 2000

practical solution, we focused on a multiscale time-variafithen, we can express (37) as
adaptive filter characterized by the same dynamical features ex-

hibited by the channel, and we proved the approach extremely K
effective with respect to the traditional MMSE multiuser ax(n) =gf (n) |>_ > hi{, max(n—m)+n(n)| (50)
receiver. Simulation results and hardware experiments have k=1 m

been shown to demonstrate that the approach can be more
effective than traditional algorithms in time-varying channetehereg;’ (n) contains the weightgz;’“ (n,m) properly orga-
characterized by large Doppler spread. nized. We can also write

APPENDIX

A H
ar(n) =g (n) |hi(n,0)ar(n
In this appendix, we give a justification to the statement we K(n) = g (n) | (n, 0)ar(n)

made in Section V-A. X«
If the time variations of the multipath responses are well rep- .
resented by an expansion of the form + 2; %: hy(n, m)a(n —m) +n(n)
1,l#k m#£0

=
RE oo (nym) =c(Pn) Wl ., (P,m) (47) = gi (n)[hx(n, 0)ax(n) + bi(n) +n(n)].  (51)

11,12,13 zl ig, 23(

where ¢(P,n)T are coefficients of the discrete-time basidhe MMSE solution forgx(n) [20], [25] is well approximated

and Wi i, i, (P k) are coefficients of the expansion,by
then it is very reasonable to expect that the time-varying
filter that minimizes the MSE betweena,(n) and gr(n) = [hx(n,0)hy(n,0)" + Si] " hy(n,0)
E E 1En 1Em =T gzl (” m)yzl( - m) also _ 1 1
= — S, hk(TL,O)
can be represented as 1+ hy(n,0)7S; Thy(n,0)
ok ~ 8 hy(n, 0) (52)

90l (nom) = o(m)Twiet  (m)
| where S, = E{bi(n)bi(n)?} + E{n(n)n(n)?}, and
wherew[g] ,, (m) are coefficients of an expansion equivalenyhere we have used the fact that the scaling factor

(that is, usmg the same basis) to the expansion valid for+ hy(n,0)”S, 'hy(n,0) changes more slowly than

RE iy is(nym). O hg(n,0). The expression in (52) is justified in [20] and is
Define valid also for decision-feedback filters with some modifica-
tions. The approximation was proved asymptotically valid
hf,’k,z(ﬂ,m) = [hf;k7l(n+L1,m+L1),~~~, by experimental results and in fact used also in [25] to
. 7 analyze the performance of multichannel decision-feedback
X hzkl(n‘i_LQ,m"_LQ)] .
" equalizers.

Si in our CDMA system model is very close to a di-

and agonal matrix in practice ifa;(n) are i.i.d. symbols, the
. ik . T fading processes: ; , (n,m) are assumed independent
yii(n) = [yi,l(n+Ll)7'"7yi,l(n+L2)]T (across antennas and paths), and the PN codes used are
nf;(n) = [nf(n+ L), -, nf(n + La)] assumed ideally uncorrelated with shifted replicas of them-
selves and different codes. Expression (52) makes evident
so that (16) can be written that the dynamics of the linear time-varying filtgy.(») are

asymptotically equivalent (up to scale factors) to the varia-
tions of hy(n,0).

yia(n Zzhzkl n,m)ap(n —m) +ng,(n) (48)

k=1 m

ACKNOWLEDGMENT

of The author acknowledges several important comments and
observations from the reviewers that have led to a significant
- Z Z hy.(n, m)ar(n —m) +n(n) (49 jmprovement in the presentation of the paper. Many superb en-
k=1l m gineers at Watkins-Johnson contributed to the hardware experi-
where ments described in this paper. The technical support from L. Ju-

gler, W. Tarig, M. Oh, A. Faheem, H. Fan, J. Tsay, L. Ruck,

y(n) = [y% 1(n)T7...7y}§7Q(n)T]T J. Taylor, G. Rowe, P. Floyd, B. Hiller, D. Woodruff, D. Bell,
1 T " T S. Wilbur, C. Welch, K. Burr, D. Litke, S. Shaffer, B. Goettsch,
n(n) = [npy(n)" - g o(n)'] T. Dziwulski, T. Potter, P. Kline, J. Vucetic, J. Rugolo, R. Lober
hy(n,m) = [hi ., (n)",--- ,hﬁ7k7Q(n)T]T. is gratefully acknowledged.



MARTONE: WAVELET-BASED SEPARATING KERNELS FOR ARRAY PROCESSING OF CELLULAR DS/CDMA SIGNALS 995

(1
(2]

(3]

[4]
(3]
(6]

(71

(8]

(9]

(20]

(11]

(12]
[13]

[14]

[15]

[16]

(17]

(18]

(19]

(20]

(21]

[22]

REFERENCES [23] M. E. Rollins and S. J. Simmons, “Simplified per-survivor Kalman
processing in fast frequency-selective fading channéBEEE Trans.
Commun,.vol. 45, pp. 544-553, May 1997.

L. L. Scharf, Statistical Signal Processing Reading, MA: Addison-
Wesley, 1991.

M. Stojanovic, J. G. Proakis, and J. A. Catipovic, “Analysis of the impact
of channel estimation errors on the performance of a decision-feedback
equalizer in fading multipah channel$ZEE Trans. Communvol. 43,

pp. 877-886, Feb./Mar./Apr. 1995.

P. A. Bello, “Characterization of randomly time variant linear channels,”
IEEE Trans. Communvol. COM-11, pp. 360-393, Dec. 1963. [24]
Q. Dai and E. Shwedyk, “Detection of bandlimited signals over fre-
guency selective Rayeigh fading channelgEE Trans. Communvol. [25]
42, pp. 941-950, Mar. 1994.

G. D’'Aria, F. Muratore, and V. Palestini, “Simulation and performance

of the pan-European land mobile radio systednEEE Trans. Veh.

Technol, vol. 41, pp. 177-189, Feb. 1992. [26] M. K. T ; : - . . "
. . . . . . K. Tsatsanis and G. B. Giannakis, “Time-varying system identifi-
Il.glgazlubechles,Ten Lectures in Wavelets Philadelphia, PA: SIAM, cation and model validation using wavelettfEE Trans. Signal Pro-
-“O th b f " ted i cessingvol. 41, pp. 3512-3523, Dec. 1993.
» “Orthogonal bases of compactly supported waveldimmmun. [27] P. P. Vaidyanathanyultirate Systems and Filter Banks Englewood

Pure Appl. Math. vol. 41, pp. 909-996, 1988.

R. W. Dijkerman and R. R. Mazumdar, “Wavelet representations of sto-[28] Cliffs, NJ: Prentice-Hall, 1993.

L. Van Trees, Detection, Estimation, and Modulation Theory, Pt.

chastic processes and multiresolution stochastic mod&gE Trans. Y

A > 1. New York: Wiley, 1968.
Signal Proces§m,gvol. 42, pp. 1640-1652, July 1994. [29] H. Liu and M. D. Zoltowski, “Blind equalization in antenna array
D. L. Donoho, “Unconditional bases are optimal bases for data compres- CDMA systems, 1EEE Trans. Signal Processingol. 45, pp. 161-172
sion and for statistical estimatiomXppl. Computat. Harmonic Anapp. Jan. 1997 ’ ' Lo '

100-115, Dec. 1993. ; . wng . .

! . . . [30] P. Kline, T. Harris, and H. Anderson, “Wideband Base Station Archi-
D. L. Donoho, l\:lj.hVetterh! R. AI' D_Eek_:\é)lrze_,rand 'I' ?a“be_l?a'es' Data tecture for Digital Communications System,” US Patent no. 5678 268.
compression and harmonic analysil rans. Inform. Theorypp. Filed July 19, 1995, Issued June 16, 1998.

2435_2.476‘ O.Ct' 1998. . W . . é31] J. Zhang and G. Walter, “A wavelet-based KL-like expansion for wide-
G. B. Giannakis and C. Tepedelenlioglu, "Basis-expansion models an sense stationary random processESEE Trans. Signal Processingpol.
diversity techniques for blind identification and equalization of time- 42, pp. 1737-1745, July 1994

varying channels,Proc. IEEE vol. 86, pp. 1969—-1986, Oct. 1998.

P. Crespo and J. Jimenez, “Computer simulation of radio channels using

harmonic decomposition technique$ZEE Trans. Veh. Technolvol.

44, pp. 414-419, Aug. 1995.

M. I. Doroslovacki and H. Fan, “Wavelet-based linear system modelin= Massimiliano (Max) Martone (M'93) was born in
and adaptive filtering,""EEE Trans. Signal Processingol. 44, pp. Rome, ltaly. He received the “Doctor in Electronic
1156-1167, May 1996. Engineering” degree from the University of Rome
W. C. Jakes Jr.Microwave Mobile Communications New York: “La Sapienza,” Rome, Italy, in 1990.

Wiley, 1974. _ ‘ _ From 1990 to 1991, he was with the Italian Air
S. Verdu,Multiuser Detection New York: Cambridge Univ. Press, Force, and he consulted in the area of digital signal

1998. processing applied to communications for Staer, Inc.,

S. Mallat, “A theory for multiresolution signal decomposition the S.P.E., Inc., and TRS-Alfa Consult, Inc. In 1991, he
wavelet representation[EEE Trans. Pattern Anal. Machine Intell. joined the technical staff of the On-Board Equipment
vol. 11, pp. 674-693, July 1989. B IGRU Division, Alenia Spazio, where he was involved in

M. Martone, “Wavelet-based separating kernels for sequence estima o the design of satellite receivers and spread-spectrum
with unknown rapidly time-varying channelslEEE Commun. Lett. transponders for the European Space Agency. From 1992 to 1994, he collabo-
vol. 3, pp. 78-80, Mar. 1999. . rated with the digital communications research group of Fondazione Ugo Bor-
——, "An adaptive algorithm for adaptive antenna array low-rank progoni. In 1994, he was appointed Visiting Scientist at the ECSE Department of
cessing in cellular TDMA base stationdEEE Trans. Communvol.  Rensselaer Polytechnic Institute, Troy, NY. He was a wireless communications
46, pp. 627643, May 1998. . . consultant for ATS, Inc., Waltham, MA, and in 1995, he joined the Telecom-
—, "On MMSE real-time antenna array processing using fourth-ordefunications Group of Watkins—Johnson Company, Gaithersburg, MD, where
statistics in the US cellular TDMA system|EEE J. Select. Areas he became Head of the Advanced Wireless Development section. In January
Commun.vol. 16, pp. 1396-1410, Oct. 1998. 2000, he joined WJ Communications, Palo Alto, CA, as a Senior Staff Scien-
—, “Cumulant-based adaptive multi-channel filtering for wirelessist to coordinate the development of new technologies for wireless broad-band
communication systems with multipath RF propagation using antenggcess. He has been a leader in the development of several proprietary signal
arrays,”IEEE Trans. Veh. Technolol. 47, pp. 377-391, May 1998.  processing algorithms and digital hardware platforms used in Watkins—Johnson
——, “Complex scaled tangent rotations (CSTAR) for fast space-timgate-of-the-art wireless products. He has published more than 50 papers in inter-
adaptive equalization of wireless TDMAIEEE Trans. Communvol.  national journals and proceedings of international conferences, and he has con-
46, pp. 1587-1591, Dec. 1998. tributed to one book on cellular communications. He has been listed in Marquis
P. Monsen, “Theoretical and measured performance of a DFE modggho’s Who in the World, Who’s Who in Finance in Industry, and Who's Who

on a fading multipath channel/EEE Trans. Communyol. 25, pp.  in the East. His main interests are in advanced signal processing for wireless re-

1144-1153, Oct. 1977. o ) ceivers implementation, spread-spectrum multiple-access communications, cel-
J. G. Proakis,Digital Communications New York: McGraw-Hill, |ylar radio architectures, and VLSI implementations.
1989. Dr. Martone is a Member of the the New York Academy of Sciences and

O. Rioul, “A discrete-time multiresolution theordEEE Trans. Signal  the American Association for the Advancement of Science. He received 14
Processingvol. 41, pp. 2591-2606, Aug. 1993. Wiatkins—Johnson Editorial Achievement Awards.



