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Wavelet-Based Separating Kernels for
Sequence Estimation with Unknown
Rapidly Time-Varying Channels

Massimiliano (Max) MartoneMember, IEEE

Abstract—A new method for blind maximum-likelihood se- overall shaping filterp(¢) is additive white Gaussian noise.
guence estimation is proposed. The unknown channel time vari- The channel is assumed wide sense stationary uncorrelated
ations are decomposed using optimal unconditional bases such asscattering (WSSUS)[?] The fundamental idea is to apply a
orthonormal wavelet bases. It is shown in this letter that, it is Ii lution d ) iti h th let t f
possible to represent the channel in a reduced-order dimensional mu |re§o ution ecom_p03| 'On,suc ; as the wavelet transiorm
space by matching the scattering function of the multipath chan- (in reality we use the discrete-time discrete wavelet transform)
nel to its decomposition and obtain an approach to per-survivor to h(¢, 7) at any = and to disregard in the representation
processing that is effective in fast fading environments such components of the decomposition that are unimportant for the
as tlhosg practically found in macrocell wireless communication reproduction of the time-varying process. The received signal
applications. 7(t) is the input to an ideal low-pass filter with bandwidfh

Index Terms—Adaptive maximume-likelihood sequence estima- Hz such that the bandwidth of(t) W, satisfiesW > W,.
tion,_band-limited channel, equalization, frequency selective time- Sampling the output of the ideal low-pass filtedtT’ = 2W
varying channels. rate (R is an integer) we have the discrete-time system whose

output samples form a set of sufficient statistics for maximum-
. INTRODUCTION likelihood sequence estimation = Y"1y~ h(n, n— l)a; +

HE FUNDAMENTAL model assumption in many of the» Where a, = 3., é(n — IR)a; is the sequence ofV
known approaches to joint channel-sequence estimatiofMbo!s interleaved withiz — 1 zeros, é(n) is the discrete
is that the channel is static over a certain number of symb&i@€ delta function/i(n, k) = h[(nT/R), (kT/R)], andn,
so that a generalized likelihood (GL) argument can be appli8ff Samples of a white Gaussian discrete-time process with
[1]-[4]. Slow variations of the channel are then compensatddt/in"ln} = ENo/T if No is the two-sided power spectral
by using adaptive algorithms that ultimately force the estimafi€nsity of the channel noise. Assuming that the effective
to be constantly in search of a convergence point. If tfyPPOrt ofg(#) is [-KT, K'T] and that/T" is the maximum
channel coefficients variations in time are fast with respegtration of the fading channel delay profile the effective time
to the convergence time of the adaptive algorithm, significaf@n offu(t, 7) is (D + 1)T/R = (J + K + 1)T so that
degradation may result. In this work we depart from this
typical approach in search of new kernels that more accurately Un = Ak £, n=01--, RN -1 (1)
can characterize the time vz_slrying r_1ature of the e_stimati%,[h an = [an, - an_p]T and b, = [h(n, 0), ---,
proplem and foqus on a multiresolution representation of t n, D)]T. According to the maximum-likelihood principle
Iaallglbnograit)i;o;iﬁz 'igezascgfc[%?q?;:de?; 2( iis%h?)?rigi)rzzp&r&, optimal metric corresponding to th'e hypothesis that the
; o quencéayg, - - -, arn—1]* was transmitted is
apply to the blind sequence estimation problem.

NR—1 NR—1
T 2
II. SYSTEM MODEL L= Z l(an, hy) = Z lyn — o | (2)
=0 n=0
Assuming a baseband continuous-time representation we
model the received signal @§t) = > a,h(t, t—nT)+7(t), wherea, = [y, ---, an_p]?, andl(e,, h,) is the branch

a, are the complex symbols defining the signal constellationetric. In practice the time varying coefficients, are un-
sed for the particular digital modulation schemigit, 7) known and must be identified.
is the convolution of f(¢, 7), the impulse response of a

frequency selective fading multipath channel ag(d), the ~ ‘The WSSUS assumption impliesE{f*(t1, 71)f(t2, 72)} =
Py(71,ta — t1)8(72 — 71) and the expectation is over the channel
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lll. THE NEw KERNEL and [r(k1, k2))i = Ru(l, k1, k2). Once a particuladd has
One approach to implement the discrete wavelet transformgeN Selected, we can write
to use a binary subband tree structure that is constructed using  ~ (Ip @ c(n)D)=O0), -, W(D)T]F = C(n)w (6)

stages of two-channel filterbanks [9]. Defiagn) ¢ = 0, 1 as
adyadic perfect reconstruction filter bank [9] [in thelomain wheré <c(n) = Iy, 5¢(P, n), w(k) = I[q 7 w(P, k) with

C;(z)]. At a generic resolution deptl® we can represent g = NR2™™, = NR—- ¢ = NR Zm 127 and® is
h(n, k) as [5] the Kronecker product. The metric in (2) can be expressed as
Ly ~ Y |y, — alwl? whereal = oI C(n). We can
NR/27 -1 then write
M, k)= > Cpm(B)es”(20m —n) . .
m=0 LN = ||y - AVAVH2 = yHQAy (7)
P NR/2 -1 whereQ, =T—P, andP,y = A(AYA)"1A¥ is the new
+ Z E:O &,m( -n) @) separating kernel WithA = [ao, @y, ---Gnr_1]. Evidently

P, is the projection matrix for the signal spack spanned

where Cp, (k) and & ,,,(k) are discrete wavelet transformPY the columns ofA.

(DWT) coefficients and the f|Iters(P )( ) and cgl)(n) (with
real coefficients) are given in the-domain byOéP)(z) =
Hzl;—ll 00(22") and Cfl)(z) - 01(221—1) Hi;i 00(227'). Us- Real-time algorithms to compute the metric (7) on a sample
ing vector notation it is possible to express (3) simply as by sample basis can be easily derived definihg as the
estimated DWT vector at time step and l(a,, W,) =
h(n, k) = (P, n)Tw(P, k) (4) |4 — &ZWnP as the corresponding branch meftiPossible
approaches are gradient-based methods [like the least mean
where the organization of the wavelet coefficients igquares (LMS)] and recursive least squares (RLS)-based meth-
w(P, k) is w(P, k) = [Cp(B)T& (K)T - €p(k)T]T, with® ods. The typical recursion in both cases is
Cr(B)lm = Cpm(k), [§(B)]lm = & m(k). Evidently
cPn) = [T, M), )T where
Pm)]m = P(24m — n) for i = 0, 1. We assume that Where p,(d,, W,.) = puen(@,, W,)a;, if the algorithm of
the discrete time autocorrelation function of the channehoice is the LMSy: is a step-size parameter that controls the

IV. ADAPTIVE IMPLEMENTATION

VAVn-l—l =W, + Pn (dna VAVn) (8)

E{h*(n, k\)h(n+1, k2)} = Ru(l, ki1, ks) is known* Using rate of adjustment, and, (c,, Wn) = yn — &} Wi.
(3) we have Remark: It is important to observe that the true DWT vec-
tor w is time-invariant, so the task of the adaptive algorithm in
Ru(1, k1, ko) =c(P, n)T E{w*(P, ki)w” (P, k2)} the proposed approach is to converge to the channel parameters
(P, n+1). (5) as opposed tarack them.
Observe that due to the orthonormality of the DWT, defining V. PERFORMANCE ANALYSIS RESULTS

h(k) = [n(0, k) h(1, k), -+, (NR—1, k)]*, we also have  The cellular TDMA system under analysis is 1S-136. Hard-
E{w*(P, ki)w" (P, k2)} = E{h*(kl)hT(k2)} which is a \are experiments are performed using the Watkins—Johnson
matrix constructed fromi;, (I, ki, k2). We can validate our \ideband dual-mode (AMPS and 1S-136) base-station system
model (3) using (5). In other words we can determine whigBase [12], [13]. The slots are generated of dyadic length
components of the expansion (3) can be neglected (i.e., zerogfh r = 2, (NR = 256) the symbol period is 41.2 ms
without compromising the parsimony of the wavelet-baseghd ¢, (»)C(z) are Daubechies filters of order 3 as in [5].
representatlon Defin@, k)as as the vector obtained zeroingwe assume [10] thaRy, (1, ki1, k2) = o7 Jo(2rlfpT/R) for

the Iastzm | NR/2™ elements oizv(P k)ande(P, n)y @s  k; = ko = k whereJy(z) is the Bessel function of order zero,
the vector obtained zeroing the Ia@m 1 NR/2™ elements fp is Doppler spread which depends on the velocity of the
of ¢(P, n). A possible indication of the parsimony in the repremobile transmitterg? is the variance of the fading process. It

sentation (3) retaining onlyv /2% DWT coefficients,M = is then straightforward to verify (using the described validation
0,1,2, -, Pisv(P, M) = X7 _o 3 _o Ir(ky, k2) — method) that for speeds of the mobile up to 300 Km/hr and
v (k1, k2)||? where P =3o0r P = 4itis possible to impos€; ,,(k) = 0 in

(3) for anyl, m, k without significant penalty in the matching
. - metric v(P, M), for M = P. This means that we can have
[var(kes k2)li NR Z (P, m)y ER™(k)R" (k2)}  only NR/2M = NR/2P = 32 or NR/2M = NR/2" =

(P n + l) 5The notationI 4 identifies theA x A identity matrix while the notation
’ I14, p) identifies thed x (A + B) matrix whose first4 columns are the
5 ] ) columns ofl 4, and the lasB columns have elements equal to zero.
The notation[v];. is used for thekth element of vectowr. 60bserve that even i, is ag = NR2—M vector, it still depends on
4In fact Ry(l, k1, k2) can be computed from the knowledge ofD + 1 symbols only. So the same trellis search typically implemented using
Py(7,IT/R) andg(T). (2) is applicable to (7).

NR—-1



80

TABLE |
COMPUTATIONAL COMPLEXITY WITH TwO ANTENNAS, FOUR
STATES VITERBI ALGORITHM R = 2, D = 3, NR = 256

MIPS (millions of instructions per

Algorithm second)

PSPLMS 37
DWTPSPLMS(3) 54
DWTPSPLMS(4) 49
DWTPSPLMS(5) 45
DWTPSPLMS(6) 39
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Fig. 1. Bit error rate at SNR per bit equal to 25 dB and 100 km/h, vers
delay interval (of the two-ray fading channel). Training is used for the firs
14 symbols (1S-136 standard) and slots have a (reverse digital traffic chan

RDTC-like format with 128 symbols.

16 wavelet coefficients inw. In other words the excellent
“compacting” properties (see [11]) of the wavelet transform
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Fig. 2. Bit error rate at SNR per bit equal to 22 dB and 20.6 ms delay

interval and versus mobile speed. Training is used for the first 14 symbols
(IS-136 standard) and slots have a (reverse digital traffic channel) RDTC-like
format with 128 symbols. Observe the different slope of the BER performance
of the traditional approach (PSPLMS) with respect to the new wavelet-based
approach.

algorithms have been designed for analog devices ADSP-
2181 processors (40-MHz clock rate, 16 bits fixed point
arithmetic) and have been implemented in simulated fixed-
point language, while executed on baseband samples collected
from the hardware platform. Bit error rate analysis results are

Eown in Figs. 1 and 2. Fig. 1 shows results at 100 km/h versus

lay interval, while the SNR per bit is 25 dB. Fig. 2 is for
delay interval equal to 20.6s varying the mobile speed and
SNR per bit equal to 22 dB.
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