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Abstract—In this paper, we present a new time delay maximum
likelihood estimator based on importance sampling (IS). We show
that a grid search and lack of convergence from which most
iterative estimators suffer can be avoided. It is assumed that
the transmitted data are completely unknown at the receiver.
Moreover the carrier phase is considered as an unknown nuisance
parameter. The time delay remains constant over the observation
interval and the received signal is corrupted by additive white
Gaussian noise (AWGN). We use importance sampling to find the
global maximum of the compressed likelihood function. Based
on a global optimization procedure, the main idea of the new
estimator is to generate realizations of a random variable using an
importance function, which approximates the actual compressed
likelihood function. We will see that the algorithm parameters
affect the estimation performance and that with an appropriate
parameter choice, even over a small observation interval, the time
delay can be accurately estimated at far lower computational cost
than with classical iterative methods.

Index Terms—Cramér—Rao lower bound (CRLB), Monte Carlo
methods, non-data-aided (NDA) estimation, optimization methods,
symbol timing recovery.

I. INTRODUCTION

ARAMETER estimation is a crucial operation for any dig-
P ital receiver; in particular the recovery of time delay intro-
duced by the channel. Typically, in network communications,
the time delay is usually assumed to be confined within the
symbol duration [1]. Particularly, symbol timing recovery al-
lows for sampling the signal at accurate time instants in order
to achieve satisfactory performances. The key task of timing re-
covery consists in determining the time instants at which the re-
ceived signal should be sampled in order to perform reliable data
recovery. However, in many other applications such as radar or
sonar systems [2], [3], where it can exceed the symbol duration,
the time delay is used to localize targets.
During the last few decades, many time-delay estima-
tors have been developed trying to achieve the well-known
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Cramér—Rao lower bound (CRLB). A key step in time recovery
schemes is the determination of an objective function from the
statistics of the received signal from which an estimate of the
time delay can be extracted. According to the criterion under
which this function is derived, time delay estimation techniques
are classified as [4]: minimum mean-square error (MMSE)
schemes, zero-forcing (ZF) schemes, early-late schemes and
maximum-likelihood schemes. In this sense, it is known that the
maximum-likelihood estimator is an asymptotically efficient
estimator, and that it performs close to the CRLB at relatively
high signal-to-noise ration (SNR) values [7], even for short data
records. Therefore, it has been subject to intense research. In the
case of data-aided transmissions, where the transmitted data are
a priori completely known, an expression for the global max-
imum of the log-likelihood function is analytically tractable.
However, when the transmitted data are completely unknown
(i.e., the parameter of interest should be blindly estimated),
the log-likelihood function becomes extremely nonlinear and
it is difficult to analytically find its global maximum. In this
case, maximum-likelihood (ML) solutions must be numerically
tackled. The grid search technique is the most basic alternative
to numerically find the maximum of the nonlinear likelihood
function. Unfortunately, this technique can be used only if the
range of the parameter is confined to a finite interval, otherwise,
iterative maximization procedures must be envisaged. The most
famous iterative procedures are the Newton—Raphson method
[5] and the expectation-maximization algorithm [6]. However,
these two prominent methods are known to converge to the
ML solution only if the initial guess is close enough to the true
unknown parameter value. If not, these iterative algorithms
may converge to a local maximum of the likelihood function,
or even diverge. To circumvent this problem, these algorithms
may use many initial values to improve their performance, but
this increases in counterpart their computational complexity
without even ultimately warranting their convergence to the
global maximum.

In this work, we resort to an entirely different approach for the
estimation of the time delay parameter. The compressed likeli-
hood function is derived considering the transmitted symbols
as unknown but deterministic. Based on this function, an itera-
tive algorithm earlier implemented in [8] performs better in the
high SNR region than the low-SNR unconditional ML (UML)
timing error detectors (TEDs) [1], but its performance still de-
pends on the initialization value making it therefore prone to
severe degradation due convergence uncertainty.

Motivated by these facts, we develop in this paper a new
noniterative approach to find the time delay conditional max-
imum-likelihood (CML) estimates. We implement the CML
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algorithm in a noniterative way. We avoid the grid search,
essential in traditional iterative approaches, by using the im-
portance sampling technique which has been shown to be a
powerful tool in performing NDA ML estimation. In fact,
this method was successfully applied to estimate other crucial
parameters such as the direction of arrival (DOA) [9], the
carrier frequency [10] or the joint DOA-Doppler frequency
[11]. The importance sampling technique is used in this paper
in the context of time delay estimation. Moreover, we adopt the
discrete-time model widely used in the field of sensors array
processing [12] and more recently formulated in the context
of time-delay estimation [8]. The resulting IS-based estimator
attains the modified CRLB (MCRLB) over both the medium
and high SNR regions, whereas the traditional UML TED,
being derived under the assumption of low SNR, does not
approach the MCRLB at the high SNR region.

The remainder of this paper is organized as follows. In
Section II, we present the discrete-time signal model that
will be used throughout this paper. We derive the compressed
likelihood function in Section III. In Section IV, we introduce
the importance sampling method that will be used in this article
to find the global maximum of the compressed likelihood func-
tion. Section V deals with the choice of the importance function
and discusses the impact of some parameters on the estimator
performance. The newly proposed algorithm is developed in
Section VI. Simulation results are discussed in Section VII and,
finally, some concluding remarks are drawn out in Section VIII.

II. DISCRETE-TIME SIGNAL MODEL

First, we present a list of notations and definitions that will
be used in this paper.

E.{}
1]
O OF

The expectation with respect to z.
Euclidean norm.

Transposition and conjugate transposition.

SNR Signal-to-noise ratio.

IS Importance sampling.

ML Maximum likelihood.

CML Conditional maximum likelihood.
MCRLB Modified Cramér—Rao lower bound.
QAM Quadrature amplitude modulation.
PAM Pulse-amplitude modulation.

Consider a traditional communication system where on one
hand the channel delays the transmitted signal and on the other
hand an AWGN with an overall power of [Ny corrupts the re-
ceived signal as follows:

y(t) = VEx(t — %)’ + w(t)

where 7 is the unknown time delay to be estimated, 6 is the
unknown but deterministic channel distortion phase, w(t) is an
additive white Gaussian noise (AWGN) with independent real
and imaginary parts, each of variance % and \/FE, is the signal

(D

IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 59, NO. 10, OCTOBER 2011

amplitude. The unknown transmitted signal z(t) is modeled as
follows:

K-1

Z Cih(t — LT)

=0

z(t) = @)

where K is the number of transmitted symbols in the obser-
vation interval, {cL}IKZB1 are the unknown complex-valued
symbols, h(t) is the shaping pulse of energy Fj, and T is the
symbol’s duration.

In the sequel, we outline the discrete-time signal model which
was proposed for the first time in [8] to derive an iterative CML
timing recovery algorithm. The received signal y(¢) is passed
through an ideal lowpass filter of bandwidth % and sampled at
a frequency Fs = TL = % where k is a given integer which
guarantees that F is above the Nyquist rate. Then, the received
samples y = [y(0), y(T,), y(2T%), ..., y((M — 1)T,)]" can be
written in a matrix form as follows:

y=A.r+w 3)
where M is the number of samples of y(¢) and w and A« are
defined as follows:

w = [w(0), w(Ty), ..., w(M=DT)]" @&
A‘r* = [GO(T*)7 a’l(T*)7 ceey aK—l(T*)] (5)
with
a;(*) = [h(=iT — %), h(Ts —iT —7%), ...,
h(M = 1)T, —iT — )" (6)

In (3), « is the set of unknown data and signal phase, which
is given by

z=ce’ =[co, 1 ... cx_1]T P, @)
Moreover, the covariance matrix of w is given by
Cw = 20’211\/[ = NgFSI]\,[ (8)

where I refers to the (M x M) identity matrix and 202 =
NyFs. The sampled data y is a linear function of the vector
z but depends nonlinearly on the time delay 7*. We mention
that the model of (3) presented in [8] is inspired from the model
widely used in array signal processing where each column of the
transfer matrix is a function of a different parameter, usually the
direction-of-arrival or the frequency of each incoming signal.
In the context of time delay estimation, the entire matrix A, «
depends on the same parameter 7*.

III. LIKELIHOOD FUNCTION

The conditional likelihood function of the observed data y is
given by

1
Awlai) o plales ) = Cosp {5l = ArslP . )

where p(y|z;7) is the probability density function (pdf) of
y conditioned on x and parameterized by 7, and C' is a pos-
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itive constant which does not depend on the time delay and
therefore will be dropped, without loss of generality. Note
here that 7 is any possible value of the time delay parameter

*

7* and that A(y|z;7) attains its maximum at 7 = 7%, i.e.,

*

7" = argmax A(y|z; 7).

Actuall}T/, one needs to maximize A(y|z; 7) with respect to 7
in order to find the ML solution 7*. However, (9) imposes a joint
estimation of  and 7*, which is very difficult to perform. There-
fore, two principal approaches are developed in the literature in
order to obtain a likelihood function that depends only on 7. On
one side, the unconditional maximum-likelihood (UML) esti-
mator introduced in [1] considers the data symbols as random
and hence averages the joint likelihood function over x to obtain
a function that depends only on the time delay as follows:

A(y|7) = Ex {A(ylz;7)} .

On the other side, the data symbols are modeled as unknown
but deterministic in the formulation of the conditional likelihood
function. Therefore, Z, the solution that maximizes (9) with re-
spect to z, for a given 7 is used in (9) as a substitute of . Actu-
ally, £ which maximizes A(y; z, 7) also maximizes the log-like-
lihood function given by

(10)

1
L(y;z,7) = —T‘QHZI—AJH2~ (11)

Therefore, taking the gradient of L(y|z; 7) with respect to
and setting it to zero,

OL(y;x,7) _ 1 T T .
- (Afy— ATAT:E) -0, (12
yields the following result:
-1
5= (AT4,) ATy=4ty (13)

where A% = (A,TAT)_IAZ is the pseudo-inverse of the ma-
trix A, . Substituting 7 into (11), one obtains the so-called com-
pressed likelihood function, that depends only on the unknown
time delay parameter
Liy;m.x) = —%y‘q (IK - ATAf) y (14)
which can be further simplified by dropping the constant terms
to obtain the useful compressed likelihood function denoted by
L.(y; ) as follows:
-1
L(yim) = y" A, (ATA,) ATy, (15)
Note that the expression in (15) represents the cross-energy
between the pseudo-inverse filter AfE and the sampled matched
filter Af. For 7 equal to the timing parameter to be estimated,
the filter Af becomes a zero-forcing equalizer since the com-
ponents of Afy are intersymbol interference (ISI)-free (i.e.,
A%y = x + A7 w, see [8]).

IV. GLOBAL MAXIMIZATION OF THE
COMPRESSED LIKELIHOOD FUNCTION

To perform maximum-likelihood estimation, we have to
maximize (15) with respect to 7. Unfortunately, a closed-form
expression for this optimization problem is not analytically
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tractable since the objective function in (15) is extremely non-
linear with respect to 7. Therefore, many methods have been
developed to numerically find the maximum, but most of them
are iterative [1]-[8]. We cannot deny that these methods provide
good performance in terms of error variance, but unfortunately
they require, in counterpart, a sufficiently close initial guess
to converge to the global maximum of the likelihood function.
Otherwise, the result may be a local maximum, which does not
correspond to the true time delay value. This is why a subop-
timal algorithm needs to be applied firstly and then its output is
considered as an initial value for any iterative technique.

To avoid this challenging drawback of iterative methods, we
propose in this paper an entirely different technique which does
not claim any initial guess of the time delay parameter. We apply
the global maximization method earlier proposed by Pincus [13]
which provides a powerful tool for accomplishing nonlinear op-
timization and guarantees finding the global maximum without
any initialization concerns. In fact, the theorem of Pincus states
that the maximum of L.(y; 7) is given by

7% = lim
p—00

J

TLlc’p(T)dT (16)

where

exp {pL.(y;7)}
Jyexp{pLe(y;)}dr

can be viewed as the normalized function of exp{pL.(y;7)}.
Note that in (16) and (17), J is the integration interval in which
7 is supposed to be confined. In a certain way, L ,(7) can be
viewed as a pdf (since it verifies all the properties of a pdf), but
since 7 is actually deterministic, L, ,(7) is more conveniently
called a pseudo-pdf [9]. It is also worth noting that, as p — oo,
L. ,(7) becomes a Dirac delta function centered at the location
of its original maximum. We leave broad details on this point in
Appendix A.

The ML estimator for the time delay parameter, obtained
from the location of the global maximum of L.(y; 7) is given,
for a large value of pg, by

’
Le (1) =

7)

(13)

Now, we need to evaluate the integral given in (18), although
a direct integration remains always difficult if not impossible.
However, this integral is in a way the mean value of a random
variable distributed according to L , (.). It was shown in [14]
that this type of integral can be efficiently evaluated using Monte
Carlo simulations as follows:

19)
k=1

where {Tk}le are realizations of 7 distributed according to

the pseudo-pdf, L, , (7), and hence the global maximization

problem reduces simply to a generation of random variables.
Yet, since it is a nonlinear function of 7, the direct generation
of realizations according to L, , (7) is computationally hard.
Thus, instead of pursuing a fruitless path, we use the importance



4508

sampling technique, as done in [9]-[11] for the estimation of
the signal directions of arrival, the carrier frequency and the
Doppler frequencies, instead of directly using (17).

V. THE IMPORTANCE SAMPLING TECHNIQUE

It has been shown that the importance sampling technique is a
powerful tool to compute multiple integrals; in particular the one
given in (18). In fact, it can be easily seen that for any function!

fO):

/f()cpo dT—/f

J

g (r)dr (20)

where ¢'(.), called the normalized importance function, is an-
other pseudo-pdf which must be chosen as a simple function of
7 so that realizations distributed according to ¢’(.) can be easily
generated. Then, the Monte Carlo method is used to empirically
compute the integral in (20) simply via the following summa-
tion:

& )
/f c PO dT R ; f(Tk) g/(Tk) (21)

where 7y, is the kth realization of 7 according to the normalized
importance function ¢’(.) and R is the number of realizations.
Typically, ¢'(.) and L , (.) should be very similar to reduce
the variance of the estlmates However, ;. , (.) remains a com-
plex function and in counterpart ¢’(.) needs to be as simple as
possible. Therefore, some tradeoffs must be found in the con-
struction of the importance function. In fact, the inverse ma-
trix (AT A, )71 in the actual compressed likelihood function,
L.(y; ) (or equivalently L/ , (.)), is very nonlinear with re-
spect to 7. Intuitively, one can replace this inverse matrix by the
diagonal matrix ;‘gh
the compressed likelihood function is

L(yim) ~ —y"A ATy

. 22
En (22)
The approximation of (AZWAT)_1

sonable for most of the conventional pulse shaplng functions.
For instance, it can be verified that for the widely used square

root-raised cosine pulse, the diagonal elements of (AT A,)

are dominant compared to its off-diagonal ones. In fact, as de-
fined in (5), the columns of A are built upon shifted versions of
the shaping pulse h(.), therefore every element of A” A, can be
seen as the convolution of two shifted versions of A(.) (the shift
being an integer multiple of 7"), which value is maximum when
the shift is the same, i.e., in the diagonal elements. Whereas,
when the shift is not the same, the value of the convolution is
very low. See Appendix B for more details about this obser-
vation. In the particular case where the pulse shape does not
generate inter-symbol interference, the approximation becomes

ITn our case, we have f(7) = 7.
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strict equality and (22) yields the exact compressed likelihood
function. Then, a reasonable importance function is given by

2

K-1 T M—-1
9p: (T)=expq p1 Z N Z y*(iTs)h(iTs — kT —7)
k=0 =0

(23)
where p; is another constant different? from pg. Note that the
normalization of g, (.) by [ 7 9p, (z)dz yields the normalized

importance function g;, (.) (i.e., g, (7) L(T))l). But
9py (z)dz

since the periodogram of the data evaluated at the time delay
7, Ix(7), is given by

M-1 2
Ii(r) = | Y y*(iT)h(iT, — kT — 7)
=0
k=0,1,..., K—-1 (24

then, we rewrite the importance function as follows:

K—-1

=[] exp {piTx(7)} (25)
k=0
with
T,
Py = E—hm (26)

The normalization of (25) leads to the pseudo-pdf ¢’(.) which
will be used, hereafter, to generate the realizations involved in
(21):

Kr:[ exp {1 Tu(7)}
f] Kl_—Il

1, (r) =

27
exp {p1Ir(v)} dv

It is also worth noting that the performance of the new
maximum-likelihood estimator depends on the choice of p.
In fact, our ultimate goal is to find the global maximum of
the function L.(y; 7) = y7 A (ATA,)” A y. However, this
function exhibits many local maxima even in the total absence
of noise, and it is often difficult to distinguish between the
global and a local maximum. For this purpose, p) is chosen
to render the objective function in (27) more peaked around
its global maximum which will have a relatively higher peak
compared to the local maxima. This behavior is illustrated
in Fig. 1, which plots the function g/, / () for p{ = 10 and
py = 20, in the total absence of the additive noise. Moreover,
we show in Appendix C how this parameter renders g ()
more peaked around its global maximum. Based on this fact it
can be stated, a priori, that it is better to arbitrarily increase p)
in order to achieve better performance. However, this is much
easier said than done since, in practice, this leads to numerical
overflows. Actually, the best value of p] is the highest possible
without resulting in any overflow in the computation of g;),l ()
as it will be seen in Section VII. Same argument is valid for

2In our case, p; can be equal to po, unlike for the multiple parameters esti-
mation where p; should be different from pg.
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Fig. 1. Plot of g;), (.) for p; = 20 and p} = 10 using a root-raised cosine
pulse and for K = 100.

T
Ep
that the quantity L.(y;7) = y7 A, (AZAT)_lAzy is almost

equal to £ L(r) where L (r) = y#A, ATy (note that

the superscript (@) in L£“>(T) refers to the word “approximate”
where we approximate L.(y;7) with Lg"')(T) by replacing

-1
(ATA,) " by g} I'). This means that py will results in an
overflow in exp{poL.(y; T)} as far as p; results in an overflow

in exp < p1 g} LS“)(T) . Therefore, the optimal value, pg” ! of

—1
po. In fact, the approximation of (AZA,) " by L=Ix means

po verifies po?' = piP' where p{?" is again the optimal value
of pr = Z-p}.

We also note that the matrix A, in (22) exhibits an interesting
structure since its columns are simply shifted versions of the
pulse shape. Hence, the matrix-by-vector operation Afy can be
viewed as a filtering operation of the received samples y with a
filter h(.) whose coefficients are the central row of A” . There-
fore, the computation of (27) is quite simple and realizations
distributed according to g/, (.) in (27) can be easier generated

than according to L., | (.) in (17).

¢ P0

VI. ESTIMATION OF THE TIME DELAY

In the sequel, two scenarios will be proposed depending on
the range of the unknown time delay parameter. In the first sce-
nario, we assume that the time delay parameter takes values
within [0, PTY], where P is a strictly positive integer (i.e., P >
1). In the second scenario, we assume that the time delay pa-
rameter takes values within [0, 7.

A. First Scenario: 7™ € [0, PT]

As already mentioned in the introduction, in many applica-
tions such as radar or sonar transmissions, the actual time delay
introduced by the channel may exceed the symbol’s duration.
In this subsection, we assume however that the time delay does
not exceed PT, where P is a given strictly positive integer,
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i.e., 7* € [0, PT]. This upper limitation of the interval is jus-
tified since, in each communication system, we always have an
a priori idea about the maximum range3 of 7. As we have seen
in the previous section, the maxima of g'p,1 (.) are periodic, with
period T'. Therefore, many secondary peaks may appear which
ultimately affects the estimate 7 of 7. In fact, to obtain unbi-
ased estimates of 7%, the expected value of the estimation error
Te = TF — 7* should be equal to zero, i.e.,
E{r.} =E{r" -7} =0. (28)
However, it may occur that the difference between 7% and
7* is very important. In fact, to simplify, assume that g;),l (.) has
only two peaks and neglect the others. Then the generated values
will take values around 7* and 1" + 7%, with higher probability
around 7* where the highest peak is located. If we denote by
C1 the set of realizations taking values near 7* and C the set
of realizations taking values near 7% + T, then from (21) the
estimated, 7%, can be approximated by

—~ card(Cy) , = card(Cy)
T =
R R

(f*+T) (29
with card(C) denoting the cardinal of C, i.e., the number of
elements of C. Therefore, 7# # 7* since R = card(Cy) +
card(C9) and card(Cs) is always not equal to zero. Moreover,
the bias is larger at low SNRs and/or short data records. This
property was also previously observed in the case of frequency
estimation in [15].

To circumvent this problem, the pseudo-pdf, g/, . (.), must be
centered around 7*. To that end, two intuitive methods may
be envisioned. We may either eliminate the secondary peaks to
keep only the principal one, or we can generate other peaks in
a way that the number of secondary lobes on either side of the
principal lobe is the same. The first idea seems to be the most
efficient, but it is unfortunately unrealizable and we opt for the
second alternative. Indeed, as we have seen, the estimation bias
stems from the peaks taking place after the principal lobe. Thus,
we have to modify g} . (.) so that it becomes quasi-symmetric
around 7. To that end, the simplest way is to suppose, virtu-
ally, that 7 takes negative values although 7 is always positive.
We extend the interval of definition of g/, . (.) from [0, PT] to
[-QT, PT], where Q is a positive integer smaller than P. In
this way, virtual secondary lobes appear before as well as after
T*. Moreover, as it can be seen from Fig. 2, the probability of
generating realizations around 7% 4 47" is almost the same as
the one of generating realizations around 7* — 77". Hence, the
estimator becomes unbiased and the estimate 7* is more accu-
rate. So far, we have established an unbiased estimator based
on a linear average of the generated realizations. But through
simulations, we noted a performance change according to the
constellation type. In fact, for a constant-envelope constellation
such as phase-shift keying (PSK), the estimator works perfectly.
However, its performance degrades dramatically for noncon-
stant-modulus constellations such as pulse-amplitude modula-
tion (PAM), quadrature amplitude modulation (QAM), etc. In
fact, as we have previously seen, the main problem that faces

3Note that P can be always chosen as large as desired to ensure that 7* €
[0, PT7.
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Fig. 2. Plot of the cumulative distribution function (CDF), G’(7) whose pdf is
g'(7), SNR = 5dB.

the new ML estimator is the presence of secondary peaks. Al-
though we have explained, in Section V, how to reduce the ad-
verse effects of these peaks, they generate irreversible errors in
the case of nonconstant-envelope constellations. To simplify the
problem, without loss of generality, we suppose again that g ( )
exhibits only two peaks, one located at 7* and the other located
at 7" + 71" From (25), g,/ (7*) and g, (7 + 1') can be written

as follows:
K—1|M—1 2
9o, () = exp oy SOy ((TOR(T, — kT - 7%)
k=1 | i=0
M—1 2
xexp 4 ph | Yyt (T (T, — %) (30)
i=0
and
K—-1|M-1 2
(T +T)=exp{ p} Z Z Y (iTs)h(iTs—kT —7")
k=1 | i=0
M—1 2
xexp pi | D v (iT)h(iTe— KT —7) 31)
i=0

Noting that the samples of the received signal are limited in
time to [0, KT and the magnitudes of h(t — KT — 7) for ¢ €
[0, KT] are very small compared to those of h(t — KT — 7)
fort € [KT, (K 4 1)T], then, the term Zf\[o Ly (T )h(iTs —
KT — 7) can be neglected. Considering this result, we express
gy (7) as a function of g, (7* + T):

)

where Ip(7*) depends mainly on the amplitude of the first
symbol. In practice, it may occur that the amplitude of the
first transmitted symbol is the smallest one. In this case, the
contribution of exp{p} lo(7*)} in g, (7*) is far less important

9ot (T7) = g (77 4+ T) exp {p Lo(7 (32)
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than the other terms, i.e., exp{p}lo(7*)} < exp{p|Li(T*)}
fori =1,2,..., K — 1. As aresult, g,/ (7*) will be closer to
gp, (7" + T), which is a local maximum making the estimate
7* shift toward 7* + 7'. The same problem occurs when the last
transmitted symbol has the smallest amplitude with the only
difference that the shift will be toward 7* — T'.

To avoid these problems, Ip(7*) must be as large as possible.
To that end, we slightly modify the algorithm in the case of
non-constant-modulus constellations by sending two a priori
known symbols: one at the beginning and one at the end of the
frame. Moreover, these two known symbols must be of highest
energy among the constellation points. Then, Iy(7*) is no longer
negligible compared to I;(7*), for i # 0, and the difference
between the magnitude of g,/ (7*) and g,/ (7* + T') is large
enough to avoid an important detection error. The same thing
holds for g, (7*) and g, (7* = T).

B. Second Scenario: 7* € [0,T)]

In many cases, the time delay does not exceed the symbol
duration T'. Therefore, we must look for the global maximum
only in [0, 7. As previously explained, the maxima of the im-
portance function are periodically located, with a period equal
to T'. Moreover, since we know a priori that 7 does not exceed
T, then we can more conveniently use the circular* (instead of
the linear) mean to evaluate the mean in (18). It will be seen in
Section VII that the use of the circular mean provides consid-
erable performance enhancements in the low-SNR region. As it
will be explained later, the use of the circular mean considerably
reduces the computational cost.

To introduce the concept of a circular mean, consider a cir-
cular random variable which takes values in a finite interval
that can be mapped into the unit circle. For instance, let « be
a random variable defined in [0,1] with pdf P(«). Then, the cir-
cular mean of « is defined as:

Efa} = %Z /exp{jQwa}P(a)da

where / denotes the angle in radians. Having R realizations of
o, its circular mean is [16]

(33)

1

R
1
a= LR ; exp{j2ra,}. (34)

In our case, if the time delay is not confined within the interval
[0,1], it can be easily transposed into this interval by normalizing
7* by T'. Then, the resulting transposed estimate is inversed to
obtain an estimate in the original interval. Hence, the IS estimate
of 7* using (34) and (21) is

R
—~ T 1 Ll(1:) 27Ty,
*=—/= < 35
TR ) T )
or, finally,
-~ T
T =

R
1 2T
ﬂlﬁ ;:1 F(7;)exp {J%} eqno(36)

“4Note that the circular mean cannot be used in the first scenario when 7 may
exceed T since it always returns an estimate in [0, T'] by virtually bringing, into
this interval, all the secondary lobes of the normalized importance function.
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where
L, ()

<,Po

F(x) ACE

(37)

Note that we need to find the angle of a complex number, and
thus, we can remove any positive real factor taking place in (36)
without affecting the final result. This means that the two strictly
positive normalization constants [, L'(v)dv and [, ¢'(v)dv can
be simply dropped. Moreover, an overflow may occur since both
the numerator and the denominator are exponentials. To circum-
vent this problem, we replace’ F'(r;) by F'(7;):

K-1
F'(7;) = exp {POLc(Ti) — Y Ik(m)
k=0

K-1
- max, (poLc(Tz) -y Ik(ﬂ)) } (38)

k=0

where we multiply F'(7;) by a real scalar factor.

C. Summary of Steps

In the following, we summarize the steps of the new algorithm
for the two considered scenarios.

1) Based on the sampled data y(i7'), s = 0,1,...,M — 1,
evaluate the periodogram I (7) according to (24).

2) Compute the normalized importance function in (27). Note
that, in practice, we use a discreet model by substituting the
integration in the denominator of (27) by a summation as
follows:

K—1
[T exp {p11(7)}
k=0 (39)

S0 T e ()

9;/1 (1) =

where N is the total number of points in the time delay
interval.

3) Generate I realizations of the parameter {ﬂ-}f;l using the
inverse probability integration as detailed in Appendix D.

4) Evaluate the weight coefficient F'(7;) defined in (37) (or
F’'(7;) defined in (38) if we consider that 7 is in [0, T']) for
each generated value ;.

5) Compute the mean of the generated variables multiplied by
the weight coefficients to find the ML estimate of the time
delay.

VII. SIMULATION RESULTS

In this section, we will present numerical results to substan-
tiate the performance of the new ML estimator as a function
of the SNR. We will also refer to our new IS-based ML esti-
mator as “IS algorithm.” The normalized (by 7'?) mean-square
error (NMSE), defined in (40), will be used as our performance
measure:

NMSE(r) = M

SNote that the same simplifications have been used in [9] to estimate the signal
DOA.

(40)
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and computed over 1000 Monte Carlo runs. The modified
Cramér-Rao lower bound (MCRLB) is also normalized by
T2 and the total number of transmitted symbols, K, in the
observation window is set to K = 100 and p} is taken equal
to 28. Unless specified otherwise, a root-raised cosine shaping
pulse of roll-off factor of 0.5 is used. First, the effect of p;
(or equivalently p}) on the performance of our IS-based ML
estimator is shown in Fig. 3 at an SNR of 10 dB. As it could be
predicted, the mean-square error decreases as p; increases to-
ward its optimal value and, for too large values, the performance
deteriorates due to numerical overflows. In the implementation,
P’y can be set as a function of the power of the received samples
y. Moreover, using computer simulations, we verify that for a

root-raised cosine filter the ratio ch‘,”(oT()T) is almost equal to 1.
Then to reduce the computational complexity, we can set this
ratio to 1 in (21) and (36). In fact, Fig. 4 shows the NMSE of the
IS-based time delay ML estimator when this ratio is preserved
in the importance function and when it is set to 1. As it can
be seen, this simplification does not degrade the performance
of the estimator while reducing the computational complexity
considerably. This simplification is also valid for any linear
modulation scheme. Therefore, in the following simulations,
we consider that
!/
L("I’”io(T) =1 (41)
9p! (1)
Note that this simplification remains valid when the inter-
symbol interference is not important (for high values of the
roll-off factor). As the roll-off factor tends to O, it appears nec-
essary to consider the ratio in order to achieve better perfor-
mance of the estimator. Moreover, we implement the iterative
CML estimator, called CML-TED, proposed in [8] and com-
pare its performance to the performance of our IS-based CML
estimator. As far as we know, among all the existing synchro-
nization techniques, the CML-TED algorithm achieves the best
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1 with QPSK modulation.

performance, but, as an iterative procedure, its performance de-
pends strictly on the initial guess. To corroborate our claims,
we consider in Fig. 5 two initial values of 7* for the CML-TED,
which should be seen as the result of another estimator. In Fig. 5,
the small crosses represent the normalized variance where the
initial value is very close to the true time delay value, i.e., veri-
fies |75 — 7% = {5, with 7 being the true time delay value to
be estimated and 75 is the initial guess. As it can be seen from
this figure, even with a close-enough initial guess, our IS-based
estimator outperforms the CML-TED estimator in the high SNR
region although the CML-TED achieves better performance at
low SNR values. We also note that, at high SNR values, the
performance of our IS-based estimator is close to the MCRLB.
This means that, in this region, our new time delay estimator ex-
hibits performances equivalent to those that could be achieved if
the transmitted data were perfectly known to the receiver. How-
ever, if we consider |7 — 7| = %, the performance of the
CML-TED deteriorates considerably over the entire SNR re-
gion. This illustrates the fact that the CML-TED algorithm fails
to estimate the time delay if the initial value is not appropriately
chosen, while no initialization concerns are raised with our new
IS-based CML estimator. Moreover, the second variant of the
IS algorithm, namely considering the time delay as a circular
variable, is also represented in Fig. 5. We see in this case that
the variance error is reduced in the low SNR region. In addi-
tion, in both cases, starting from an SNR value of about 5 dB,
our IS-based algorithm surpasses the iterative algorithm, even
when assuming a sufficiently accurate initial guess.
Furthermore, in Fig. 6, the CML-TED algorithm exhibits
a variance penalty for a roll-off equal to 0.2. This penalty is
higher for smaller excess bandwidth. It has been shown in
[8] that the CML-TED reaches the asymptotic compressed
CRLB (CRLB.), and the difference between the MCRLB
and the CRLB. becomes more important as the roll-off factor
decreases. Then the performance of the CML-TED cannot
approach asymptotically the MCRLB for small roll-off factors.
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Fig. 5. Comparison between the estimation performance of the IS algorithm
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QPSK modulation.
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Fig. 6. Comparison between the estimation performance of IS algorithm and
the tracking performance of CML TED using QPSK modulation and for a
roll-off factor of 0.2.

In contrast, the new IS-based algorithm always reaches the
MCRLB in the high SNR range, irrespectively of the roll-off
factor value.

In Fig. 7, performance curves are drawn for 16-QAM and
64-QAM, as examples for non-constant-modulus constella-
tions. As explained in Section VI, we force the first and the
last transmitted symbols to be of maximum energy. To illus-
trate the performance degradation in the case of higher-order
modulations, we also plot the NMSE for QPSK. As we can
see, the IS algorithm achieves close performance for the three
modulations orders, with, however, a small improvement for
the QPSK modulation. To illustrate the performance enhance-
ment achieved by forcing the first and the last symbols to
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Fig. 8. Comparison of the estimation performance with and without forced
symbols using 16-QAM modulation and for a roll-off factor of 0.5.

have maximum constellation magnitude, we plot, in Fig. 8 the
performance of the new IS-based ML estimator without this
constraint. As anticipated, the performance is strongly affected
by the two edge symbols since the curve corresponding to the
nonforced symbols does not approach the MCRLB. Therefore,
for non-constant-envelope modulated constellations, it is es-
sential to force the first and the last transmitted symbols to have
maximum energy, as explained in Section VI.

VIII. CONCLUSION

A computationally efficient technique has been developed
to implement the CML estimator of the time delay parameter.
Based on a discrete-time model, the transmitted symbols are
supposed to be unknown and no restriction on their distribution
was assumed. To avoid iterative techniques and their drawbacks,
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the importance sampling method was used to find the ML solu-
tion. Its main advantage over the iterative procedures is that it
does not require any initial guess of the time delay parameter
and that it is far less computationally expensive while retaining
good performances. Moreover, its convergence to the global
maximum is guaranteed. Relative to other proposed methods
such as the CML-TED, the IS-based estimator exhibits better
performance at high SNR. In practice, the choice of the algo-
rithm parameters po and p} is critical for the estimation per-
formance and for a good choice of these parameters, a small
number of generated realizations can be sufficient to achieve
satisfactory performance and reduce the computation burden.

APPENDIX A
PROOF OF pol—i}’-lr}oo L., (1) = 6,
In the following, we prove that L, , (7) defined in (17) tends

to a Dirac delta function centered at the location of its global
maximum as pp — +0o0. To do so, consider the general case
where f(z) is an integrable function having one global max-
imum, denoted a:

@ = arg max f(z) 42)
and denoting by F'(x) the following normalized function:
exp {pof(x)}
F(z) = (43)
W= Trew lpof )

where [ is the definition domain of F'(.). Then, for a given real
number b # a, we have

Fp) = —2dpof 0} exp{pof(@)}
Jrexp{pof(z)}dz = [;exp{pof(z)}dz

However, since f(a) is the maximum value of the function
f(z), then f(b) — f(a) is a negative number and, therefore,
exp{po(f(b) — f(a))} tends to O, as well as F'(b), when py
tends to co. As a result

(44)

lim F(z)=0,

po—00

(45)

for any real * # a. Moreover, if we consider that

lim F(a) = 0, then whatever z € R, we have
PO 0

lim F(z) = 0and lim [72° F(u)du = 0, which is
po—00 po—00

in conflict with the assumption that fj;: F(u)du = 1.
Finally, we conclude that lim F(a) # 0 and since

po—00

lim sz F(u)du =1, F(z) becomes a Dirac delta function

pPo—00

centered at a when pg tends to 4oc0.
APPENDIX B
JUSTIFICATION OF THE APPROXIMATION AL A, ~ Zo 1

The diagonal elements of AZ A, are the convolution of the
same shifted version of h(.) (AL A,],, = a¥ (1)ai(7) fori =
0,1,... K — 1 where a;(7) is defined in (6)). Whereas, when
the shift is not the same (i.e., [AfAT]m- =al(1)a;(1),i # j),
the value of the convolution, a! (7)a;(7), is, according to the
Nyquist criteria, equal to zero. However, since we take some
samples of h(.), [AfAT]i_j = al(7)a;(1),i # j is not re-
ally equal to zero but still ’Very small and negligible in front of
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t/T

Fig. 9. Plot of go(.), g1(.) and g2(.).

[AT A, +-i- To clarify, we plotted in Fig. 9 the following three
functions: go(z) = h(z)xh(z) = h(z)?, g1(x) = h(z)xh(z—
T) and go(x) = h(z) x h(z — 271\) and we take for example
[ATA.],,, = af(r)ax(r) = Ym_y g1(mTy). Then, notice
from this figure that some samples of ¢ (.) are negative, which
will compensate for positive samples in 271\7/11:—01 g1(mTys) from
the same function thereby resulting in very low convolution.
However, the samples of go(z) are always positive and there is
no compensation effect in [AZAT]I;1 = an\f;ol go(mTy) added
to the fact that go(x) > g1(x), this results in the following con-
clusion: [Aqu.]l;1 > [AZAT]I;Z. Using the same arguments
for the other off-diagonal elements of AL A, leads to the fol-
lowing approximation:

E h
Ig.
T K

S

ATA, ~

(46)

APPENDIX C
PROOF OF THE EFFECT OF p} ON g/, (.)
1

In the following, we briefly show how p) (or equivalently
p1) can render g/, (.) more peaked around its global maximum.
Starting from g/, (7*), define the function H-(p}) = g, (77):

1 1

exp {1 L () |

(47)
Jyexp {p’nga) (v)} dv

H(py) =

where 77 is the true time delay value to be estimated and L (1)
is the approximation of L. (y; T) defined in the right-hand side of
(22),ie., L (r) = y# A, ATy. The first derivative of H(p})
with respect to p} is given by

1
(fJ eXp{P’nga) (’U)} d’”) :
x L) exp{ L () |

H' (py)=
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x / exp{ 4 L8 (0) b dv—exp{ L0 () }
J
x [ LOw e {ALO @)} do
= ' !
(fJ exp{p’nga)(v)} dv) ?
x [exp{ AL ()}

[e{hziw} i
J

- / L (v) exp{p’lLE“)(v)}dv . (48)

J

x | L)

And noting that 7* = arg max, Lga)(r), it follows that

[ 1O wesn {20w)} o

J

<10 [ep {p1Ow} . @9
J

Therefore, H..(p}) > 0Vpj. Hence, H,-(p}) is an
increasing function with respect to pf, ie., for every
p'1(2) > pll(l) we have HT*(pll(Z)) > HT*(pll(l)), which

means ¢, (7*) > ¢, (7*). We conclude that p} renders
p

the objectlive function more and more peaked around its global
maximum.
APPENDIX D
METHOD TO GENERATE [r;]%

In this appendix, we detail how to generate realiza-
tions according to ¢'(7). First, we generate a vector
u = [u1,us2,...,ur| of R realizations uniformly distributed
in [0,1]. Then, we search 7, = G'~(u;), where G'~1(.) is
the reciprocal function of the cumulative distribution function
(CDF) G'(x) of x defined as

x

G@:/%@m

0

(50)

Unfortunately, a closed-form expression of G'~1(x) is not
analytically tractable. Moreover, since G’(z) is a steep-slope
function, a fine search to find 7; as arg min, |u; — G'(7)] is re-
quired and makes the process computationally intensive. How-
ever, since G’(7) is an increasing function of 7, the function
S(t) = |u; — G'(7)| is unimodal. This observation allows us
to adopt the golden search [17] to find the location of the min-
imum of S(7). The golden search is appropriate for this problem
because it converges after a small number of iterations and re-
quires only one function evaluation per iteration.
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