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Abstract

This paper is aimed at the derivation of adaptive signal processing algorithms that jointly perform the tasks of blind
data detection and generalized synchronization in a digital receiver. Optimal recovery of the synchronization
parameters (timing, phase and frequency offsets) is analytically intractable and, as a consequence, most existing
synchronization methods are either heuristic or based on approximate maximum likelihood (ML) arguments. We herein
introduce an alternative approach derived within a Bayesian estimation framework and implemented via the sequential
Monte Carlo (SMC) methodology. The algorithm is derived by considering an extended dynamic system where the
reference parameters and the transmitted symbols are system-state random processes. The proposed model is well suited
to represent frequency-flat fast-fading wireless channels. We also suggest two possible configurations for the receiver
architecture that, combined with the proposed SMC technique, guarantee the achievement of asymptotically minimal
symbol error rate (SER). The performance of the proposed technique is studied both analytically, by deriving the
posterior Cramér—Rao bound (PCRB) for timing estimation, and through computer simulations that illustrate the
accuracy of synchronization and the overall performance of the resulting blind receiver in terms of its SER.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction

Narrow band mobile communication links are
generally modeled as frequency-flat Rayleigh
E-mail addresses: jmiguez@udc.es (J. Miguez), tadesse@ fading channels. Recently, a lo,t of rese'arch work
ece.sunysb.edu (Tadesse. Ghirmai), monica@ece.sunysb.edu has been focused on the detection of s1gndls over
(M.F. Bugallo), djuric@ece.sunysb.edu (P.M. Djuri¢). such channels [5,15,22]. However, most of these
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Nomenclature

S mth transmitted symbol
S symbol alphabet
M frame length

Wk discrete-time frequency offset process

a roll-off factor

T sampling period

Vi discrete-time received signal

Uk discrete-time noise signal

hy discrete-time complex amplitude of the
received signal

Tge symbol delay at time &

L inter-symbol interference (ISI) span

o coefficient of the autoregressive process

for the symbol timing

pi1,P, coefficients of the autoregressive pro-
cess for the complex amplitude

Y coefficient of the autoregressive process
for the frequency offset

N total number of particles

(So:%» To-k, o)™ mth particle at time k

wy! weight associated to the nth particle at
time k

p(-) probability density function
7(+) importance (or proposal) probability
density function

D smoothing lag

h, = [hk,hk_l]T channel vector

My channel mean at time k

pI channel covariance at time k

contributions assume a perfect knowledge of the
so-called synchronization parameters. It is broadly
recognized that many practical communication
channels present a high degree of structure and
they can be accurately characterized through a set
of reference parameters with a clear physical
meaning. Since the observed signals collected by
the receiver are affected by these parameters, they
should be estimated, and compensated for, prior
to data detection in order to achieve optimal or
close-to-optimal performance. The generalized
synchronization problem consists of the recovery
of a set of such physical parameters as the symbol
timing, phase offset and carrier frequency error.
Unfortunately, optimal estimators of the para-
meters of interest cannot be derived in closed form
and practical methods found in the literature
[14,19] are either heuristic or based on approx-
imate maximum likelihood (ML) arguments.
Sequential Monte Carlo (SMC) techniques
[8,10] (also referred to as particle filtering methods)
are powerful tools for Bayesian estimation that
employ discrete measures with random support for
representing posterior probability distributions of
unknowns of interest. Recently, particle filtering
has been successfully applied in digital commu-
nication problems, including applications such as
channel estimation, equalization or space—time
decoding (see [7] for a recent review of the subject).

The SMC approach is also potentially useful for
joint symbol detection and synchronization be-
cause it provides a way to numerically compute
optimal Bayesian estimators when exact solutions
cannot be derived analytically.

In order to apply common SMC algorithms,
e.g., sequential importance sampling (SIS) [10], the
only (and mild) requirement is that the observed
signals can be written as a dynamic system in state-
space form, which is usually simple to achieve with
most communication signals. Existing SMC-based
schemes which involve timing recovery and phase
offset correction can be found in [2,3,12,16-18]. In
[2,3] a pilot-data aided particle filtering algorithm
is used for the estimation of the delay and the
channel complex amplitude (which includes the
phase offset) in a system with direct sequence
spread spectrum (DSSS) modulation. A similar
problem is addressed in [12], where the code-delay
and the complex channel is estimated using a
suboptimal (but complexity-restrained) combina-
tion of SMC methods and extended Kalman
filtering, together with linear data detection. The
problem of joint timing recovery, phase correction
and data detection in DSSS modulated systems is
addressed in [16-18] using particle filtering tools.
In particular, a SMC algorithm based on determi-
nistic sampling is presented and numerically
evaluated in [18].
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In this paper, we consider the problem of joint
detection and non-data-aided generalized synchro-
nization in general linearly modulated transmis-
sion systems using particle filtering. Specifically,
we propose a new method for jointly and
adaptively estimating the physical channel para-
meters (symbol timing, phase offset, channel
amplitude and frequency error) and the trans-
mitted data sequence, without the aid of any pilot
symbols or training sequences. The SMC algo-
rithm at the core of the new receiver is derived by
considering an extended dynamic system where the
symbol delay and the frequency error are modeled
as first-order autoregressive (AR) stochastic pro-
cesses [11] and the fading process of the complex
channel (amplitude and phase) is modeled as a
second-order AR process driven by complex white
Gaussian noise [15]. The transmitted symbols are
assumed independent and identically distributed
(ii.d.) random variables with a discrete uniform
distribution. Within this framework we suggest
two possible configurations to build an adequate
receiver architecture that allows for complete
removal of inter-symbol interference (ISI) and
attains close-to-optimal symbol error rate (SER):

e An open-loop structure consisting of two
branches, where the first one processes the
received signal in order to compute frequency
error, delay and complex channel estimates
which are used in the second branch to sample
the received signal with corrected timing epochs
and adequately rotate the resulting observation
to compensate the phase and frequency offsets.

o A closed-loop scheme that exploits the sequential
structure of the proposed SMC algorithm to
adaptively adjust the receiver timing, phase
offset and frequency error estimates.

In both cases, symbol estimates can be obtained
either directly from the particle filter or from the
receiver matched filter after convergence of the
synchronization parameter estimates.

The proposed receiver performance is assessed
both analytically, by deriving the posterior Cra-
mér—Rao bound (PCRB) for timing estimation,
and through computer simulations. The latter
allow to illustrate both the comparison of the

delay estimates with the PCRB and the overall
performance of the receiver in terms of its SER.

The remaining of the paper is organized as
follows. Section 2 describes the signal model. The
proposed SMC algorithm and the suggested
receiver architectures are introduced in Sections 3
and 4, respectively. In Section 5, we proceed with
an analytical study of the PCRB for timing
estimation. Computer simulation results are pre-
sented in Section 6 and, finally, brief concluding
remarks are made in Section 7.

2. Signal model
2.1. Received signal

Let us consider a digital communication system
where symbols from a discrete alphabet, s, € &,
are transmitted in frames of length M. The
baseband-equivalent received signal has the form

M-1

) = WO st = mT + (1) + (1) (1)

m=0

where A(r) is the complex multiplicative noise
introduced by the frequency-flat Rayleigh fading
channel, w(¢) is the carrier frequency error, s, is
the mth transmitted symbol, §(7) is a squared-root
raised-cosine pulse waveform, 7 is the symbol
period, 0<t(f)<T is the time-varying relative
delay between the received signal and the local
clock reference, and (¢) is additive white Gaussian
noise (AWGN) with power spectral density N /2.
The receiver front-end consists of a matched filter
that produces the signal

M—-1
WD) = hOd* S gt = mT + (D) + o)) (2)

m=0

where

sin(nt/T) cos(nat/T)
nt/T 1 —4a22/T?

9() = §(0) % g*(—=1) = A3)

is a raised cosine waveform with roll-off factor
0<a<l1 and

v(t) = /OO t(u)g*(u — t)du

0]



2084 J. Miguez et al. | Signal Processing 84 (2004) 2081-2096

is a Gaussian noise process with autocorrelation
function R,(#) = (No/2) g(2).

Sampling the matched filter output with rate
1/ T, results in the discrete-time signal

M-1
Vi = hkej(l)kkTs Z Smg(kTs —mT + 1) + vk

m=0

where y, = y(kTs), hx = W(kTs), © = ©(kTs), o =
wkTy), v, =v(kTs), k=0,1,2,... is a discrete-
time index and 7 is the sampling period.

Assuming that the raised cosine waveform, g(),
has finite duration (which is always the case in
practice) and symbol rate sampling, i.e., 75 = T,
the previous expression can be rewritten as

L
Vi =T N sag(—nT + 1) + v “4)
n=1-L

where the fixed parameter L indicates the ISI span
resulting from the limited time duration of ¢(z).
Note that, sampling at the symbol rate, the noise
term vy = v(kT) remains white with variance ¢? =
Ny/2. Using vector notation, we arrive at the
convenient representation

Vi = hd T g(r) s + v (5)
by defining the 2L x 1 channel vector

g(t) = [9(L — DT + 1), (L = )T + 1),
- g(=LT + )] (6)

the symbol vector Sg = [Sk—r+1, Sk—r142, - - »Sk+L]
and using superindex T to denote transposition.

The general objective is to jointly and adaptively
estimate the transmitted symbols, si, the signal
timing, 74, the frequency error, w;, and the
complex fading coefficients, /; (which include
both amplitude attenuation and phase offset),
using the set of received signals, y,, with k =
0,...,M—1.

2.2. State-space representation

The application of SMC techniques requires
that the signals of interest be modeled as a
dynamic system in state-space form. Following
[11], we model the symbol timing as a first-order

AR process,
Th = OTh—1 + Uj (7

where the perturbation variable, uy, is assumed to
be a zero-mean Gaussian with variance o2.

Similarly, the variation of the frequency error is
also modeled to follow a first-order AR process,

o = yor—1 + [ (3

where f is a zero-mean white Gaussian process
with variance a}. The dynamics of the fading
coefficient, /iy, are adequately approximated using
a second order AR model driven by complex white

Gaussian noise, [15],
hie = Brhi—1 + Bohr—2 + ex )

where the values of the coefficients of the
autoregressive process, f#; and f3,, and the variance
of the zero-mean complex white Gaussian noise
ex ~ A(0,02) are functions of the fading rate of
the channel.

Taking into account the structure of s, and
combining (5), (7)~(9), we obtain the following
dynamic state-space representation of the commu-
nication system:

T = OTk—1 + Uy
ok = Y01 + [
h; = Ah;_| + ce

Sk = Ssi—1 + dg

state equation (10)

Ve = e’kT‘”chhks,Ig('ck) + v} observation equation

(1)

where
A [
by = [, lia]™, e = [1,0]",

o 1.0 --- 0

001 - 0
S=1: : + -

0 00 --- 1

L0 0 0 --- 0
1S an 2L x 2L shifting  matrix, S =

[Sk—i41s--->8ker]” is an 2L x 1 vector, and d; =
[0,...,0,5042]" is a 2L x 1 perturbation vector
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that contains the new symbol, s, ;. Note that the
system state at time k is given by (s, hy, Tx, wg),
while the model parameters, o, 2, 9, a}, B1, Ba» 02,
o2 and L, are assumed fixed and known.

2.3. Validity of the model

The choice of AR process for the modeling of
the synchronization and channel parameters of
interest is due both to mathematical tractability
and the flexibility of this class of random process
to faithfully approximate the statistical character-
istics of more complicated models.

Indeed, the use of AR processes to represent the
complex fading of typical wireless channels has
been proposed and adequately justified in several
papers (see [15,13] for a recent discussion). It is
usually accepted that a second-order AR process is
sufficient to sensibly approximate the dynamics of
most statistical wireless-channel models [13],
which are normally specified in terms of their
second-order statistics. The AR parameters (f;, ag)
are easily chosen to match the autocorrelation
function of the desired channel model using the
Yule—Walker equations.

AR modeling of the symbol delay was suggested
in [11], and we follow the same approach here both
for 7 and the frequency error wy. Unfortunately,
the statistical representation of the fluctuations in
these magnitudes due to highly dynamic environ-
ments (such as those encountered by communica-
tion terminals in high speed vehicles) is not as well
studied as that of fading. We note, however, that
the same approach of choosing the AR model
order and parameters to match the statistics of any
other model available (including ad hoc models
obtained from specific field measurements) is
straightforward. It is likely that, in a practical
situation, an AR process with order higher than 1
is needed, but this can be handled easily in the
same way as it is done with the fading coefficients
in this paper.

Finally, the variance of the AWGN in the
observation equation (4) can be either a priori set,
given the signal-to-noise ratio (SNR) region where
the transmission system is expected to operate, or,
alternatively, it can be estimated prior to synchro-
nization and detection.

3. A sequential Monte Carlo method for joint
synchronization and data detection

In this section, we propose an efficient particle
filtering algorithm for joint reference parameters
estimation and data detection. We focus on the

joint estimation of the symbols, sp-1 =
{So, e ,SMfl}, the delays, T0M—-1 = {‘Eo, . ,‘EMfl},
and the frequency error, wo.p—1 = {wo,...,Op—1},
from the available observations, Yy, =
{»9>---»Va—1}- The complex fading process
ho-pr—1 = {ho, ..., hy—1} 1s handled as a nuisance

process which is analytically integrated out.
Nevertheless, estimates of /; can be easily com-
puted when necessary, as will be shown in
Section 4.

3.1. Particle filtering

We are interested in the sequential estimation of
the transmitted data, symbol timing and frequency
error. From a Bayesian perspective, all necessary
information is contained in the joint posterior
probability distribution function (pdf),
P(S0:k» To:k> Wo:k | Yor)-  Unfortunately, the latter
distribution is analytically intractable and prevents
the derivation of closed-form Bayesian estimators.
An emerging, powerful signal processing tool
suitable to deal with such a problem is particle
filtering. Particle filters consist of discrete measures
with random support that approximate desired
posterior pdfs and can be sequentially updated.
Specifically, we denote the discrete measure at time
k by

Ex = {(Sok» To> 004) ™, wﬁc")},’f:l (12)

where si), < and w{) are sample trajectories of

the data, the delay and the frequency error
processes, respectively, and they are usually
referred to as particles, while wi”) are weights that
approximate the posterior probability of the nth
particle, (s();k,ro;k,wo;k)(”). Note that, in trivial
applications where sampling directly from the
desired distribution is feasible, the weights are all
equal, w/” = 1/N Vn.
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Using (12), it can be shown [6] that the posterior
pdf approximated as

N
P(S0 Toks 00k Vo) = D Wi (Sorks Tk W0k)
n=1

— (S0 Toss @00)™)  (13)

where d(-) is Dirac’s delta function, converges in
mean squared error to p(So:k, To:k, Wo:k Vo) a5 N —
00.

Bayesian estimators of the data, the delay, the
frequency error, or all of them jointly, are
straightforward to derive using the approximated
posterior pdf. For instance, if we work with the
minimum mean square error (MMSE) estimator of
the delay, we have

N
e =" witn. (14)
n=1

Similarly, the MMSE estimator of the frequency
offset is,

N
GHImSe — Z ol (15)
n=1

and the maximum a posteriori (MAP) estimate of
the data sequence is'

N
amap _ (n)
Sox = arg max{ E Wy 0((So:k» To:k> ©0:1c)

S0
0:k =1

— (S0k» Tk @0:5)™ )} - (16)

3.2. Sequential importance sampling

A major advantage of the particle filtering
approach is the possibility to build the discrete
measure Zj sequentially, i.e., to compute Zj
recursively from Zj_; once the kth observation,
V., becomes available. Algorithms for the recursive
computation of discrete measures are usually

"Note that estimating soy is equivalent to estimating So4z,
since S = [Sk—r+1,...,5c+2]" and, for k<0, we can assume
Sk<o = b where b is a known signal level.

termed SMC methods [9]. One of the most popular
SMC techniques is the so-called SIS algorithm
[10].

According to the IS principle [9], an empirical
approximation of a desired pdf, p(x), can be
obtained by drawing particles from an importance

function or proposal pdf, n(x), which

e is strictly positive, n(x)>0,
e has the same domain as p(x), and
e is casy to sample from.

The resulting particles, x" ~ n(x), are assigned
(unnormalized) weights of the form

(n)
X
B = p(x™)

= 1
n(x™) a7
which are said to be proper, meaning that
" p(x)
En(x)[xw] = En(x) [X ﬁ] = Ep(x)[x] (18)

where Ej, -] denotes expected value with respect
to the pdf in the subscript. In the synchronization
application presented in this paper, the desired
distribution is p(So:, To:k> Wo:k|Vox), hence an im-
portance function of the form n(so.x, To:k, @o:k|Vo:1)
is needed.

The sequential application of the IS principle is
possible by resorting to the recursive decomposi-
tion of the posterior distribution

P(S0:ks To:ks D0:k [ Vouic) X P(VicIS0:ks To:kes D0:k> Vori—1)
X P(S0:k» To:k> D0k | Vork—1)
o P(Vi180:k5 T0:kes D0:k> Vork—1)
Xp(tie|tk—1)p(@k|wk—1)
X P(S0:k—15T0:k—15
X00:4-11Yox—1) (19)
which is easily derived using Bayes theorem and
the a priori uniform probability distribution of the
transmitted symbols. Assuming a proposal pdf
that admits a factorization of the form
T(S0:k> T0:k> D0k [ Vors)
= TU(Sk> Ths Wk|S0:k—15> T0:k—1> DO&—15> Vo:i)
X T(S0:k—15 T0:k—15 D0:k—11Vop—1) (20)

Eq. (19) can be used to recursively compute
the discrete measure at time k, Zj, from Zj_;
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and the new observation, y,, by taking the
following steps:
(1) Importance sampling:

(Sk,fk)( "~ n(sksfk,wk|s()k 1?‘5%)"1)( 1:6081/)( 1> Yok

= Ti(Sk4-L, Thy OF). (21

(2) Weight update:
(n)

ﬂ/k =w,_,
p(yk |S(0nl)c5 Tf)nl)y wgil)(5 Yok~ l)p(r(n) ) 1)p(w(n) (n_)l
”k(?/(cnlu Tﬁcn)ﬂ’k )
(22)
(3) Weight normalization:
~ (1)
m _ W
W’k = W . (23)

k

3.3. Computation

The proposed SIS algorithm requires the nu-
merical evaluation of the likelihood function in the
weight update equation. Let A (x; g, X) denote the
multivariate Gaussian distribution with mean pu
and covariance X. It is straightforward to show
that

p(}/k [S0:k5 To:k» W0:k yO:kfl)

= / PWilSk, Tk, o, hy)
hy,

X p(h|So:k—1, Tosk—1, Do:k—1, Voi—1) dhe — (24)
where
POISt 0k, Tk, ) = A (v I Tk g T (1)1, 67)
(25)
and
P(helSo.k—1, To-k—1, D0:k—15Vok—1)
= N (s fype— 1> Zkle—1) (26)

are complex Gaussian pdf’s. Notice that the

predictive channel mean,

Mjpe—1 = EI’(hk‘SO:k—l ST0:k—15P0:k—1:Y0:k—1 )[hk] 27)

and the predictive covariance matrix,
Lhk—1 = Eplig o4 1.704-1.005-1.70-1)
H
x[(he — I‘k|k71)(hk - :uk|k—1) ] (28)

can be analytically computed using a Kalman
filter. Therefore, the integral in (24) can be solved
to yield

P80k Tk Ok Yose—1) = N Vi T 73, (29)

where
Vi =T %g(r) Tsee (30)
and
oy =0y + (@7 gT ()see ) Ehi
x (& TokgT (1)) (31)

As for the importance function, at time k& we
choose

e (Sk, Tk, OK)

— (n) (m) (1)
—p(s/H—L'SO:k,lark;wkafok l,a)()k l’y()/c)

x pleelr” Dp(@xloy” (32)
which can be sampled in three steps. First, we
obtain a new delay particle,

TEC") ~ JV.(OC‘EZIZI, 0'3 . (33)

Then, a sample of the frequency error,
= JV(ywk 1 O'f). (34)

Finally, a sample of the transmitted symbol is
drawn from the first density in the right-hand side
of (32). This is feasible because we can rewrite
PSKISG 1 Tk Ofig Vo) S

P(Star = SISyp_ 1 T 00 Yor)

X pilSk+L = S, sg?( l,r(o”,)(,wg’?{,yo;k_l)

(35)

where S €% is a symbol in the modulation
alphabet, .. Notice that the likelihood in the
right-hand side of (35) can be evaluated using (29).
The resulting importance weights for the new
particles are given by

— (n)
W o w Z N (7,0 fk ) (36)
Sjec!
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where
,(,,) e/kkagT( (n))SEZ])CT ”}(r‘li | 37
of,;f”) = o2 + (e Tong" (T(n))s(n) T)Eg\li—l
x(efkT‘“kgT(r("))s,cJ ) (38)
Sg:}) [s(")Hl’ .. ,sgﬁbl,sk“ =S;]", and ,umfl

and Ek‘k , are the predictive channel mean and
covariance matrix, respectively, obtained by Kal-
man filtering from the observations and the nth
state trajectory, (So:—1, Tos—1, @o—1)".

It is important to remark that the implementa-
tion of the proposed SIS algorithm requires a bank
of Kalman filters (one for each particle) in order to
compute the fading process statistics that are
needed for the importance pdf and the weight
update equation. The combination of the SIS
algorithm and Kalman filtering is often termed
mixture kalman filter (MKF), and it has both been
applied to communications problems [5] and
described as a general procedure to handle so-
called conditionally-linear Gaussian systems
[4,10].

3.4. Smoothing

An important characteristic of the digital
transmission system represented by (11) is that,
for 1, >0, each transmitted symbol contributes to
2L successive observations, where L is the ISI span
parameter. Specifically, the symbol s, is a
component of each data vector in the sequence

Si+r—1} (39)

and, therefore, it is statistically dependent on the
corresponding observations,

Sk—Lik+L—1 = {Sk—L>Sk—L+1>-- >

s Visrr—1} (40)

As a consequence, the reliable detection of the
symbol sequence up to time k, sox, requires the
adequate processing of (at least) the observations

Vi—rksr—1 = k- Vi—r415 -+ -

Yode+L-1-
In order to account for the effect of ISI, it is

convenient to estimate the transmitted data from
the posterior distribution p(So:x—p, To:k> @0k |Vo:i )
where D< L + 1 is a fixed smoothing lag (see, e.g.,
[7]). The SIS algorithm can still be used to
recursively compute the particle filter for the

smooth distribution,

w N
Ap = {(SO:ka’TO:k,CUO:k) Wy }n_l- (41)

In particular, the importance sampling and weight
update Eqgs. (21) and (22), respectively, are
substituted by

(Sk—p» Th )"

~ ”(Ska’Tk’wk|s(()l?1)c—0—1’fgn/)( ]’ka 12 Vo) (42)

and
~ (1)
W,
W(") p(‘l,'(n) (n) )p(w(ﬂ) (n) )L(”)(D)
k—1 (1) ('7) (") () (n) (n)
T(S;_p> T > O 180k—p—1> Tork—1> PCoe—15 Vork)
(43)

where L;")(D) is the smooth likelihood
L (D)

= ZP(VFD;HSE;[;)C_D,Sk—D+L+1:k+L,
g)D
Tgli)w wg”,){, Yok-p—1)-
The summation ) _.»(-) in the above equation is
carried out over all possible combinations of the
sequence Sg_pirt144z € L. Given the nth parti-
cle, s}c"l p» €ach symbol combination yields one
sequence of subsequent data vectors, Si_pi1:x-
A convenient form of the proposal distribution
in (42) is

(n) (n)
(S D:Tkawkls()k D—1>T0:k—1> P0o:k— 1:y0:k)

ZP(Tklf(") )P(wk|w§cn)1)l’(sk D|50k D-1»

Tk Dk Vork) (44)
which allows to sample particles in three steps.
First, the delay is drawn as

~ Nl |, 62). (45)
Then, a sample of the frequency offset is drawn
from
o) ~ N o o). (46)

Finally, the vector sﬁc) p is sampled from

N (m) (n)

DP(Sk—DISy—p_1> Toke» Poo Vo) Recalling  that

the symbols are modeled as i.i.d. uniform
random variables, the latter distribution can be
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decomposed as

(n)
P(Sk— D|50k D— l’TOk’wOIcﬂyOk)
(n)
X p(yk_D;k|Sk—Da So-k—D—1>Sk—D+L+1:k+L>
g)D

(n)

TOk’ka’yOk p-1)- 47)

Notice that in order to build sk p given sﬁc) D1
only one symbol, s;_p;;, needs to be sampled.
Thus, we draw

(n)

S par ~ P (Sk—p+1) (48)
and let
sy =S8 ) +10,...,0,58" ) 17 (49)

The probability mass function (pmf) p"(sy_p4z) is
defined according to (47), i.e.,
P (Sk-p+1)

(n) ) (n)
2 gDPOk_ ik IS0k—p 1> Sk—D+ Ly Sk—D+ L 1k+Ls Toege> D> Vok—D—1)

(1) . ) ()
22 g1 Pk Dk IS0k p15 Sk—D+Like+ Ly Tozs Does Vork—D—1)

(50)

where the summation ), p+1(-) is over all
possible  combinations of the sequence
Sk—pirdsr € P and the likelihoods can be
computed as

(n)
PVk—pek 8045 Toiks @D.pes Yok—p—1)

D
& H N Vi—js Vi—jo Uik_j)

J=0

(51

The latter equation means that, at time k, a
Kalman smoother has to be run for each particle
and for each possible combination of symbols
Sk—D+L:k+L-

The particle filter 44 can be used to sequentially
estimate the synchronization parameters and
received data, namely

N
Ammse — Z n)wgcn) (52)

n mmse

Z (1), 0

(53)

5

2089

are MMSE estimates of the timing and frequency
error, respectively, and

N
Amap (1) (1) ( (1)
E w, 0V(s,” , — Sk_p)
Sk Dey{n_ .k k=D

§p = arg max
(54)
is the marginal MAP estimate of sx_p given .

3.5. Resampling

A major problem in the practical implementa-
tion of the SIS algorithm described so far is that
the discrete measure, 4, degenerates quickly, i.e.,
after a few time steps, most of the importance
weights have negligible values (w(") ~(0) and
only a few particles with significant weights
remain wuseful. The common solution to this
problem is to resample the particles [10].
Resampling is an algorithmic step that stochasti-
cally eliminates particles with small weights,
while those with larger weights are replicated.
In its simplest form, resampling takes A; as an
input and produces a new discrete measure
Ak—{(sok D,rozc,wozc?” LYV where (B0, 70

& ( n=1> > T0:k>
a)O k) (S()k D> Toks @) w1th probability w;”.

4. Receiver architecture

Although the transmitted data with their timing
can be estimated together using the SIS algorithm
described above, it is important to notice that the
proposed method does not remove the ISI. In
other words, although the relative symbol delays,
T, are estimated, the sampling instants, t = kT,
are not corrected to attain a better timing and
avoid ISI. As a consequence, the SER that can be
attained by detecting according to (54) is lower
bounded by the SER of the maximum likelihood
sequence detector (MLSD) with perfect knowledge
of the sequence of channel vectors &7kl g(t;). In
general, and assuming the autocorrelation func-
tion of the continuous-time synchronization pro-
cesses, (t(7), w(t) and h(r)) is wider than the symbol
period, a lower SER is achieved with a matched-
filter receiver sampled at t = kT — 7 (where 741s a
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delay estimate) because ISI-free observations can
be obtained.

The SER of the matched detector can be
attained with the proposed SMC algorithm if an
adequate receiver architecture is used. In this
section, we present two possible configurations
that use the SMC approach for recovering the
timing and removing ISI before detection.

4.1. Open-loop receiver

In the first place, we consider the double branch
structure depicted in Fig. 1. In the upper branch,
the SMC block performs the proposed SIS
algorithm, which is used to compute Monte Carlo
MMSE estimates of the timing according to (53).
The received signal is held in the lower branch,
until the delay estimate is computed, and then
sampled at 1 = kT — ;"™ to obtain the observa-
tion

yk — y(kT Ammse)

smmse
— e1(kT s )Qkhksl—(rg(fk mmse) + g (55)
where sp = [St_r41, ... 8z] s if T — 200> Q,
T Ammse
and  sg = [Sk—r,.. ., Sk4r—1] , if T — <0.

Note that, with the corrected epoch, w; = a)(kT —
), 1 = t(kT — 1™) and hy = h(kT — T"™°)
Ideally, when 7™ =~ 1, the ISI is removed and

P = SET=T 00 4 v, (56)

hence minimal SER is achieved by and adequate
de-rotation of Ve multiplying by

e T - Tmm)‘“’mmschnk followed by a simple thresh-
old detector. The aforementloned channel estimate
is computed as

N
hy = Z c in)wg?_D (57)
n=1

where
p’=E oo [ (58)
k P18 1T,V Y0:k)

is the posterior channel estimate associated to the
nth particle and calculated by Kalman filtering.
Note, however, that this estimate cannot be
obtained until the symbols up to time k, {s0 k}iv s
are available in the particle filter, which occurs at
time k 4+ D due to the smoothing. Hence there is
need to hold y, until it can be conveniently
de-rotated for accurate detection, as depicted in
Fig. 1.

The recursive steps of the proposed SMC
algorithm with the open-loop architecture are
summarized in Table 1.

4.2. Closed-loop receiver

The main drawback of the previous configura-
tion is the fact that the received signal is sampled
twice per symbol period. To avoid this drawback,
the closed-loop receiver architecture shown in
Fig. 2 can be used.

The SMC block represents the SIS algorithm
with resampling described in Section 3, which
yields asymptotically optimal MMSE estimates of
the relative symbol delay, 7™, This estimate is
fed back and used to adjust the epoch of the next
observation. Therefore, instead of sampling the
received signal uniformly, to obtain y, = y(kT),
the sampling time is adaptively selected according
to the most recent estimate of the relative symbol
delay, to yield y, = y(kT — %), where T = af}"}*
is the MMSE prediction of 1.

The observations collected in this way have the

y
o P | suc |3,

t=kT ‘l

hold —

form
yi = ETT0 s T (1 — %) + g (59)
hico
Y| hold J’ A
t=k7-7, | D periods 5o

Fig. 1. Open loop architecture.
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Table 1
SIS with resampling for the open-loop architecture.

Initialization
Hy=0
Xy=1
For k =0 to M (total no. of symbols)
For n =1 to N (total no. of particles)
For each si_piri144r €SP
Kalman prediction: {yA,_j‘k_j_l,Zk,ﬂk,j,l}jD:’Ol

(n) 2
k—1>"u

Draw w}f) ~ A/”(«,vw,(("_)l, 6/2-)
(n

Draw r}(”) ~ N (ot

Draw Sk—)D+L ~ p"(sx_p+r) according to Eq. (50)

; (1)
Build 5" )
Update weights w;~ according to Eq. (43)
Normalize weights w” = (X8, ij))*‘w;’”
Kalman update:

()
k

W, =E h
He—p = ﬂ(hkfnIsgfz.,b-tgﬁ,’ﬁp,uﬁ,{,,b,yo;k—n)[ kol
Z(") =FE
k—D Pyeplsin_ ol yow—p)
R 1
Resample if N = N (M) <N/2
n=1""k

Estimate delay: 3, = >N«
Estimate frequency offset:é, = S~

()
n=1 k
Sample: y, = y(t = kT — %)

()
W

Channel estimate: /i_p = Ef,v:l c’ p}cﬂ_) DWE:)

s _ : - —j((k—D)T—#4_p)oy_p /¥ )
Detect symbol, §_p = arg mingey | j_pe 7 C DT 5%-0W0%np, s

[(he_p — ﬂk—D)(hk—D - llk_D)”],

A

D periods | Sk

y
y() X i
t=kT T},
SMC T
prediction| | _ 1
T Z

Fig. 2. Closed loop architecture.

where hy = h(kT — %), o = w(kT — %) and the
symbol vector is s; = [sk_L+1,...,sk+L]T, if 7, —
%c>0, and s; = [Sk_r, ..., z-1]" otherwise. No-
tice that, if 7x >~ 14, the resulting observation, y,
is free of ISI and the corresponding symbol can
be optimally detected multiplying y, by

e_j(kT_%k)d’}?mse/;k and using a simple threshold

detector that makes a decision based on the
minimal Euclidean distance between y, and
the elements in . As in the open-loop structure,
the final detection step has to be delayed until /4 is
available at time k + D.

The recursive steps of the proposed algorithm
are summarized in Table 2.
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Table 2
SIS with resampling for the closed-loop architecture.

Initialization
=0
Hy =0
Yo=1
For k = 0 to M (total number of symbols)
Sample y, = y(t = kT — %)
For n =1 to N (total number of particles)
For each si_piri144r € 5P

Kalman prediction: {y_;y_;_1, Zk—jik—j—1 },.';’01

() 2

(n) ,
v~ N, o,

Draw t
Draw wi") ~ ,4’”()7(,02"21, afz)

(n)
k—D+L

Build 5",

Draw s

~(n)

Update weights W, according to Eq. (43)

Normalize weights wﬁ(") = (Zfi | ﬂ'}\."))fl )

Kalman update: ;4;2 D E,(("l »
1
)y <N/2

n=

Resample if Neg =

~ p"(sy_py1) according to Eq. (50)

Timing recovery, channel estimation and symbol detection

A N (), (n)
=20 T Wy
~ N (n), (n)
O =3,y W Wy

P N
Ie—p =3 ey Jﬂﬁuwi’q)

~ . (e ST ok
Sk_p = arg mingey | y;_pe -j(k=D)T' fk)wk—l)hk_D —s

Timing prediction: Tx1; = oy

5. Posterior Cramér—Rao bound

Posterior distribution estimates based on SIS
algorithms converge asymptotically to the true
posterior distribution as the number particles, N,
approaches infinity. In practice, however, a finite
number particles is used to estimate parameters of
interest. As a result of this approximations a
certain degradation in performance of the estima-
tion is expected. In order to study the efficiency of
the proposed estimation method, it is of great
interest to compute the variance bounds on the
estimation errors and compare them with the
lowest bounds corresponding to the optimal
estimator. In this section, we will derive a lower
bound for the mean square error (MSE) in the
estimation of the delay process, 7o..

When the parameter of interest is assumed
fixed, the lower bound for the variance of
any unbiased estimator is given by the
well-known Cramér-Rao bound (CRB) [20]
which, in turn, is obtained from the inverse
of the Fisher information matrix (FIM).
However, for Bayesian models where the
parameter of interest is considered random, the
lowest achievable variance is given by the PCRB
[1,21]. Therefore, we wish to derive the PCRB
associated to the timing process, tgx, in order
to obtain a lower bound for the MSE of the
delay estimates.

We define the k+ 1 dimensional vectors 1 =
[‘l?(),‘l?],...,‘l?/c]T and iZ[{'o,%],...,%k]T, where %k
is an arbitrary estimate of t;. For the signal
model of interest in this paper, the PCRB can be
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stated as
A A T -1
Pi = Epsoyzop-00i-bos-vo0) [(I - —1) ] = J(t0x)

(60)

where J(to.) is the (k + 1) x (k + 1) FIM, which is
defined, element-wise, as

[J(’L'()k)],/ = EP(SO:k’TOZk!(UO:k’hOZk!yOZ/c)

> _azlog (p(SOI/O T0:k»> D0k » h():ka y(];]())
6‘5,»6‘5_/

(61)

Notice that the ith element in the diagonal of
J(zo), which we subsequently denote as J;, =
[J(zo:1)];;» corresponds to the inverse of the lowest
achievable MSE in the estimation of ;.

The direct computation of the FIM is compu-
tationally prohibitive as it requires the inversion of
a big matrix which grows with k. It is shown,
however, in [21] that a recursive method, which
sequentially evaluates the inverse of the MSE of
Tx+1, can be applied to compute the FIM.
Specifically

Jiy1 = DP — DI (Ji + DY "D} (62)
The terms in the above equation are
11
Dy = EP(SO:k+l ST0k-+ 1500+ 100K+ 1V 0:k+1)
X[—A% log(p(tit1|ti))] (63)
12
Dy = EP(SO:k+1:TO:k+l"’)0:k+1:h0:k+laYU:k+l)
X[= A% log(p(Th1 k)] (64)
21
Dj = EP(SO:kH:TO:kH’(”O:k+1:h011c+1:)’0:k+1)
x[—Ak, log(p(tis1]w))] (65)
22
Di" = Ep(syps 10041100441 Mo 1 70441)
X[~ A%+ log(p(tiri|z0))] (66)

+ EP(SO:kH T0k-+ 1500+ 100K+ 1V 0sk+1)

X[ A% 10g (POt [Th1,Sk1) ], (67)

where A denotes the second derivative operator,
defined as A = */(0tx01x41) and log(-) is the
natural logarithm. Recursion (62) is initialized at
time ¢ = —1, in the absence of observations, by
considering J_; = 12/ T2, which is the inverse of
the variance of the uniform distribution in [0, T').

Notice that this is the only a priori information
regarding the delay.

It is straightforward to numerically evaluate
Egs. (63)—(66), which yield

11 :
D, =—
k 2
au
o
p2_pt__2~%
k k G%

while, as for Eq. (67),

1
2 _ |
Di” = a2 + EP(SO:k+1sTO:k+1s"’01k+13h0:k+1s}’01k+1)
u
i T 2T 2
w,
] | 1Pk hy| (Sk VTng(T/H—l))

2L 2

02

| y' SkE,VL v

(68)

Unfortunately, it is not possible to obtain a closed-
form expression for the expectation in the above
equation. Instead, as suggested in [21], we can
estimate it using Monte Carlo simulation. When Q
1.i.d. state trajectories are generated, we approx-
imate D3> as

22 1 1
Pe= |t

u

. . 2
0 | My (57, 8 0))

XZZ o’

(69)

6. Computer simulations

Finally, we present computer simulations that
illustrate the validity of our approach. We have
considered a differentially encoded BPSK mod-
ulation (symbol alphabet & = {41}) with symbol
period of 7 = 107* and a flat fading channel with
fading rate 0.0022 (AR parameters f3;, 8, and o2
selected accordingly). The delay has been modeled
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as a first-order AR process with parameter o =
0.999 and noise variance g2 = 3 x 10~*. Similarly,
the frequency error AR process is assigned
parameters y = 0.999 and noise variance of 6%- =
1 x 107*. A time-limited causal raised-cosine pulse
with a roll-off factor a = 0.9 and an ISI spread of
2L = 4 symbols has been used.

The performance of the proposed SMC recei-
vers is addressed in terms of the normalized MSE
attained in timing estimation and the overall SER
achieved by the detectors. For comparison pur-
poses, we have also studied the performance of
classical algorithms for timing error detection and
frequency offset estimation. In particular, we have
studied the performance of the approximate ML
timing error detector (TED) in [14, Section 7.5],
the open-loop frequency estimator of [14, Section
3.4] and decision-directed Kalman filtering for
estimation of the complex fading process [13]. We
have combined these three standard procedures to
yield a conventional receiver. A genie-aided version
of the latter, where the frequency error is perfectly
corrected and only timing error detection and
Kalman filtering are performed, has also been
evaluated. In both cases, detection is carried out
by simple thresholding (the same as in the
proposed SMC receivers).

Fig. 3 shows the normalized timing MSE
attained by the proposed SMC algorithms for
several values of the SNR. The normalized MSE is

10 T T
—* TED and open loop freq. estimator
L A TED with no freg. offset

= S~~o -9~ PF open-loop
B ST~ a -O- PF closed-loop
é =~
(TR}
) 107}
©
3
o
n ==
= N S et
3 -=
=

-2
= 107}
Q
N
<
e | s
o
pd

-3

10 L
5 10 15 20 25 30 35
SNR(dB)

Fig. 3. MSE for several adaptive timing estimators.

computed as

1 M= Ti — ’EAk(i) ?
MSE = — (70)
k=0 i=1

MQ

where Q = 100 denotes the number of independent
simulation trials we have carried out and 7, is the
delay estimate. The open-loop and closed-loop
SMC receivers described in Tables 1 and 2,
respectively, with smoothing lagD =2 and N =
650 particles, attain a similar MSE for the whole
SNR range, which is consistently lower than the
MSE of the conventional and the genie-aided
receivers described above. The main reason for this
performance gap is that the approximate ML TED
is derived under the assumption of fixed delay
(tx = 7 Vk) and low SNR and, as a consequence, it
is relatively simple to implement but a clearly
suboptimal algorithm.

Fig. 4 shows the variation of the MSE with time
for SNR=25dB. We have plotted the lower
bound of the MSE given the PCRB as described
in Section 5. It can be seen that the proposed
algorithms perform close to the optimal bound
and outperform the ML TEDs.

Finally, Fig. 5 shows the SER of the SMC
receivers for increasing SNR. It should be noted
here that there is a delay ambiguity inherent to the
blind estimation of 1y, i.e., Ty = 1, and T, = mT +
Tk, with integer m, are equally valid estimates of

TED and open loop freq. estimator
I} — TED with no freq. offset

ll PF open-loop
— PF closedsy-loop

*- PCRB

A}
Wl ‘)h'l],\,JV ,‘,\uf"!‘[l .', i “’J’,\W\.\\M"l,'v'q'.ﬁ'»"\'y’d
|

Normalized Mean Square Error of 1

10*

0 50 100 150 200 250 300 350 400 450 500
SNR(dB)

Fig. 4. MSE vs. time and PCRB for the adaptive timing
estimators.
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T T
TED and open loop freq. estimator

—+ TED with no freq. offset

—A- PF closed-loop

—- PF open-loop

1 O - optimal detector

5 10 15 20 25 30 35

Fig. 5. SER for several detectors.

the delay, from a statistical point of view, as long
as the data sequence is also delayed by m.
However, this ambiguity is easily removed if the
data sequence length, M, is a priori known, as
assumed in this paper (and always the case in
practice). It is apparent that the SER achieved by
the proposed SMC adaptive receivers is very close
to the optimal SER, obtained using a clairvoyant
receiver with perfect knowledge of 7¢.x, wox, and
the channel process /... The symbol error rate of
the ML TED based receivers is shown to be
considerably worse.

7. Conclusions

We have presented a novel algorithm for blind
generalized synchronization and data detection in
frequency-flat fast-fading wireless channels based
on a Bayesian estimation approach and the SMC
methodology. The proposed SMC technique
allows to obtain asymptotically optimal estimates
of the symbol time varying delays, the also time-
varying frequency error and the fast fading
complex channel process (which includes both
amplitude attenuation and phase offset). The
design of the resulting blind receiver is completed
by considering suitable receiver architectures that
allow the exploitation of the sequential estimation
of the reference parameters in order to remove the

ISI before detection and, thus, to attain close to
optimal symbol error rate. The performance of the
new receiver is assessed both analytically, through
the posterior Cramer—Rao bound of the timing
process, and numerically, through computer simu-
lations that illustrate the superiority of the
proposed detector when compared with conven-
tional techniques based on approximate maximum
likelihood timing error detection, Kalman filtering
and open-loop frequency error estimation.
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