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Abstract—In this paper, we focus on orthogonal frequency-divi-
sion multiplexing (OFDM) receiver designs for underwater acoustic
(UWA) channels with user- and/or path-specific Doppler scaling
distortions. The scenario is motivated by the cooperative com-
munications framework, where distributed transmitter/receiver
pairs may experience significantly different Doppler distortions, as
well as by the single-user scenarios, where distinct Doppler scaling
factors may exist among different propagation paths. The conven-
tional approach of front—end resampling that corrects for common
Doppler scaling may notbe appropriatein such scenarios, rendering
a post-fast-Fourier-transform (FFT) signal that is contaminated by
user- and/or path-specific intercarrier interference. To counteract
this problem, we propose a family of front—end receiver structures
thatutilize multiple-resampling (MR) branches, each matched to the
Doppler scaling factor of a particular user and/or path. Following
resampling, FFT modules transform the Doppler-compensated
signals into the frequency domain for further processing through
linear or nonlinear detection schemes. As part of the overall receiver
structure, a gradient—descent approachis also proposed to refine the
channel estimates obtained by standard sparse channel estimators.
The effectiveness and robustness of the proposed receivers are
demonstrated via simulations, as well as emulations based on real
data collected during the 2010 Mobile Acoustic Communications
Experiment (MACE10, Martha’s Vineyard, MA) and the 2008
Kauai Acomms MURI (KAMO08, Kauai, HI) experiment.

Index Terms—Channel estimation, Doppler effect, interference
suppression, matched filters, multiple-input—-multiple-output
(MIMO), multiuser detection, orthogonal frequency-division
multiplexing (OFDM), underwater communication, time-varying
channels.

[. INTRODUCTION

S demonstrated in several recent shallow-water acoustic
communications experiments, orthogonal frequency-di-
vision multiplexing (OFDM) in both single-input—single-output

Manuscript received June 09, 2011; revised March 28, 2012; accepted
September 25, 2012. Date of publication December 21, 2012; date of current
version April 10, 2013. This work was supported by the Multidisciplinary
University Research Initiative (MURI) Office of Naval Research (ONR) under
Grants N00014-07-1-0739/0738, N00014-10-1-0576, and N00014-09-1-0700.

Associate Editor: J. Gomes.

K. Tu was with the School of Electrical, Computer and Energy Engineering,
Arizona State University, Tempe, AZ 85287-5706 USA. He is now with Qual-
comm Inc., San Diego, CA 92121 USA (e-mail: kai.tu@asu.edu).

T. M. Duman is with the Department of Electrical and Electronics Engi-
neering, Bilkent University, Bilkent, Ankara TR-06800, Turkey, on leave from
the School of Electrical, Computer and Energy Engineering, Arizona State Uni-
versity, Tempe, AZ 85287-5706 USA.

M. Stojanovic is with the Department of Electrical and Computer Engi-
neering, Northeastern University, Boston, MA 02115 USA.

J. G. Proakis is with the Department of Electrical and Computer Engineering,
University of California San Diego, La Jolla, CA 92093 USA.

Color versions of one or more of the figures in this paper are available online
at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/JOE.2012.2221812

(SISO) and multiple-input-multiple-output (MIMO) configu-
rations is capable of dealing with the large multipath spreads
of underwater acoustic (UWA) channels without resorting
to complicated equalizer structures essential for the case of
single-carrier systems [1]-[4]. While acoustic OFDM sys-
tems have mostly been tested for single-user (point-to-point)
transmissions, it is also possible to deploy them in a multiuser
environment. Cooperative multiuser systems, differently from
their single-user counterparts where both the transmitting and
receiving elements are colocated, are formed by geographically
separated transmitting and/or receiving elements [5]. These
systems leverage multiple users as an extra degree of freedom
and promise large gains for both capacity [6] and reliability
[7]. While multiuser MIMO may include a broad range of
configurations, such as MIMO broadcast [8], MIMO multiple
access (MAC) [9], and network MIMO [10], in this paper, the
focus is on MAC channels, where distributed users, operating
simultaneously in the same frequency band, transmit inde-
pendent data streams to a centralized receiver with colocated
receiving elements. The major challenge for both single-user
and multiuser systems is that with the low propagation speed
of sound in water (nominally 1500 m/s), the Doppler distortion
becomes much more severe than that typically observed in
terrestrial radio communications, causing significant time-vari-
ation and intercarrier interference (ICI).

To address the issues related to time-variation and Doppler-
induced ICI, a variety of receiver designs have been proposed
in the literature [11]-[14]. Although receivers with general ICI-
mitigation techniques are available, such as the adaptive fre-
quency-domain equalizers proposed in [2], most existing re-
ceiver designs are dedicated to channels where the only source
of ICI is the motion-induced Doppler scaling, i.e., the time com-
pression/dilation that the signal experiences during propagation
[13], [15], [16]. In this case, it is typically assumed that all
the signal arrivals are characterized by approximately the same
Doppler scaling factor, so that resampling the received signal
suffices to compensate for the time compression/dilation [15].
While this assumption may be accurate for certain cases, it does
not hold in general. Particularly, in multiuser systems, Doppler
scaling factors may be very different for different users, since
users are likely to move in different directions with respect to the
receiver, as illustrated in Fig. 1. Here, node 0 moves perpendic-
ularly with respect to the receiver, rendering a Doppler scaling
factor ag =~ 0, while nodes 1 and 2 move toward and away from
the receiver, respectively, giving rise to Doppler scaling factors
a; > 0 and ay < 0. Note also that this disparate nature of
Doppler scaling factors may also manifest itself in single-user
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Fig. 1. User-specific Doppler distortions arise from motion.

environments, i.e., given a particular geometry of the propaga-
tion paths and the transmitter/receiver motion, significant dif-
ference of the Doppler scaling factors may arise when different
propagation paths experience significantly different length vari-
ations [17].

To address the challenges posed by the disparate Doppler
scaling factors, a remedy for the single-resampling (SR) de-
signs has been proposed in [18]. The key idea of this approach
is to optimize the resampling rate in such a way that the Fisher
information of the resulting equivalent discrete channel model
is maximized. To achieve this goal, Yerramalli and Mitra [18]
consider two different optimization criteria: 1) maximization of
the trace of the Fisher information matrix; and 2) minimiza-
tion of the mean squared channel estimation error. While con-
ceptually appealing, due to the complexity of the cost func-
tion, the closed-form expression for the optimal resampling rate
is intractable (particularly when the first criterion is applied),
and therefore, a brute-force approach may be needed. Applying
the second criterion, the authors obtain a suboptimal solution,
which indicates that when the received signal is dominated by
one strong arrival, the resampling rate should be equal to the
Doppler scaling factor of that arrival, while when the arrivals
have almost equal power, the resampling rate should be the
average of their associated Doppler scaling factors. We point
out that while properly choosing the resampling rate may im-
prove the performance, in situations where different arrivals
have markedly different Doppler scales, the residual Doppler
distortion will still be significant, causing severe user- and/or
path-specific ICI that degrades the system performance.

In this paper, we address the design of a receiver structure
that copes with the challenges posed by user- and/or path-spe-
cific Doppler distortions. We find that the receiver should
include multiple-resampling (MR) branches, one for each
distinct Doppler scaling factor associated with different users
or different propagation paths of the same user. Fast Fourier
transform (FFT) demodulation of the resampling branch out-
puts yields a set of Doppler-compensated frequency-domain
samples, which can subsequently be exploited by various
detection schemes. In particular, for the user-specific Doppler
case, two custom designs are introduced, namely: 1) a regu-
larized linear detector that deals with the redundancy in the
observation vector; and 2) a new nonlinear detector that seeks
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additional performance gains through interference cancella-
tion (IC). For the path-specific Doppler case, linear detection
based on minimum mean square error (MMSE) optimization
is adopted. For all of these schemes, we explicitly estimate the
path gains, delays, and Doppler scaling factors of the pertinent
arrivals. Particularly, we propose a robust two-step sparse
channel estimation approach which exploits the initial channel
estimates obtained by standard techniques [16], [17] and pro-
vides a gradient—descent-based refinement step to cope with
the basis mismatch problem. We demonstrate the effectiveness
of these receivers both through simulations and using real data
recorded during the 2010 Mobile Acoustic Communications
Experiment (MACE10, Martha’s Vineyard, MA) [19] and the
2008 Kauai Acomms MURI (KAMOS, Kauai, HI) experiment
[20]. In particular, to emulate a data set with an extensive set
of Doppler rate differences for different users, we resample
the recorded signal at different rates and add the resampled
signals to form a compound signal, which is used as an input
to different receiver structures. To assess the performance of
the proposed receivers, we compare the results with those
obtained by a standard receiver, for which only an SR branch
is employed.

The paper is organized as follows. Section II contains the
OFDM system description. Section III focuses on receiver
designs for the user-specific Doppler case. We derive the
front—end receiver structure based on an efficient FFT im-
plementation. Custom-designed detection schemes are also
discussed. In Section IV, we continue on discussions of the
path-specific Doppler case. Section V presents some practical
considerations involving sparse channel estimation schemes.
Section VI offers simulation results and experimental data
studies, and finally, Section VII concludes the paper.

II. SYSTEM MODEL AND PRELIMINARIES

In this section, we establish mathematical models for mul-
tiuser and single-user UWA OFDM transmission scenarios. For
the former, our focus is the user-specific Doppler distortion,
for which we use a distributed MIMO system model (i.e., a
MAC), while for the latter, the path-specific Doppler distortion
is studied.

A. User-Specific Doppler

Consider an N;-user, N-subcarrier OFDM system with a
cyclic prefix (CP) of duration T, a block duration 7', and mod-
ulation symbols belonging to a complex-valued constellation.
The transmitted signal of the 2th user can be written as [21]

N-1
5:(t) = Re { Z (lgi>ej2”f“tR(t)}

k=0

(1

where {d;’) } are the data symbols modulated onto the frequency
fe = fo + k/T of the ith user, R(t) is a rectangular pulse of
duration T + T,,! and Re{-} denotes the real part. We con-
sider a scenario where a centralized receiver, equipped with
N, receiving elements, simultaneously receives Ny independent
data streams AV, ..., d™*) from N, geographically separated

IResults in this paper can be extended to nonrectangular pulses as long as the
pulses are sufficiently smooth.
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Fig. 2. Path-specific Doppler can arise due to motion.

. , 5 T
transmitters, where d(") = [d((f)., e d%),l] . Throughout this
paper, we assume that the CP is sufficiently long to prevent in-
terblock interference,? and we focus on a single OFDM block.
Further, we assume that the user transmissions are accurately
synchronized, so that their relative delays at the receiver are less
than the duration of the cyclic prefix. This model is mathemati-
cally the same as that of a centralized MIMO system employing
spatial multiplexing [22], but the practical distinction is that the
Doppler factors can be substantially different with distributed
transmitters.

We start by considering a UWA channel, where, for each
. . o (G.m) .
transmitter/receiver pair (¢, m), Ny propagation paths are
present, and, for simplicity, all the paths corresponding to a par-
ticular user are assumed to share a common Doppler scaling
factor.3 The input—output relationship in the absence of noise
can be expressed as

N, NG
ZOEDIEDY h<””> P+ o=y @)
=1 p=0

where h;f’m) and Tlf"m') are, respectively, the path gain and
delay of the pth path, and ‘") is the Doppler scaling factor as-
sociated with the ith user. Denoting by (") the relative trans-
mitter/receiver velocity, the user-specific Doppler scaling factor
is al) = v Ju,, where v, is the speed of sound in water. For
typical UWA systems, we have that |a(")| < 1, but possibly
on the order of 1073 or 10~%. Note that in a mobile multiuser
scenario, each user’s signal is likely to be dominated by a single
Doppler factor, in which case, model (2) applies approximately.
Note also that the channel is time varying; in many cases, pa-
rameters h(L ™) , IS“") ,and a(® change slowly and can be taken
as constants for the frame duration.

2The assumption is practical only when the channel’s impulse response is
small with respect to the OFDM symbol length, in which case the existence of
a CP long enough to handle the channel would not cause significant decrease in
spectral efficiency.

3While, in general, the Doppler scaling that arises in multiuser systems can be
both user specific and path specific, for simplicity of illustration, we only con-
sider cases affected by user-specific Doppler scaling and defer the path-specific
cases to Section I1-B.

Based on (2), we can write the received (bandpass) signal as

Ny No1 NS -1

%m(t):Re{ZZ S g )

i=0 k=0 p=0
xR (t +aldy - Tp) }+{5m(t) 3)

where w,,(t) is additive white Gaussian noise (AWGN), inde-
pendent between receiving elements, with power spectral den-
sity (PSD) Ny /2.4 Equivalently, adopting the complex envelope
representation with respect to frequency fo, the model of the re-
ceived signal yields

N, N—

Z Z d( )P(‘ (1) A+ 1w (1)

i=1 k=0

/UTIL

“

where w,,(t) is a circularly symmetric complex AWGN with
PSD N, per complex dimension, and

. Z\;(j,m) —1 ‘ ‘ o ‘7.27((/+u’(i)/)k
PEM@0 = 3 el e te
p=0

% R (t +a®—

7_’(i,m))

QM (k) = i) 2 h 5)

B. Path-Specific Doppler

To illustrate the path-specific Doppler distortion, we consider
a single-user SISO system—extensions to MIMO systems are
obvious. Grouping the propagation paths into V. clusters, we
assume that each cluster is associated with a distinct Doppler
scaling factor. For example, as illustrated in Fig. 2, this model
may apply to a scenario where the surface- and bottom-reflected
paths are associated with significantly different angles of arrival
and the transmitter movement is toward the ocean surface.

Following a similar procedure as in Section II-A, we express
the baseband signal of the receiving element as

(6)

where dy, is the symbol transmitted at the kth subcarrier, w(t)
is a circularly symmetric complex AWGN with PSD Ny per
complex dimension, and

N1 N -
Z Z )i2macfot pi2m(+ac)k/T
c=0 p=0
X R(t + act — 7o)
()éz(oc) (k) = hc’peijQﬂ—f’ch.p . (7)

Here, NIEC) is the number of paths in the cth cluster; and A,
Te.p» and a, are, respectively, the path gain, delay, and Doppler
scaling factor of the pth path in the cth cluster.

4Noise in a UWA channel is, in general, colored, but we focus for simplicity

on the white noise case as an illustrative example. Extensions of the results to a
specific noise PSD are straightforward, as will become clear later.
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III. MULTIUSER RECEIVER DESIGN WITH
USER-SPECIFIC DOPPLER

Consider multiple geographically separated users transmit-
ting independent data streams to a centralized receiver. Users
from different locations operate in the same frequency band, and
multiuser detection is made possible by combining the signals
received at multiple receiving elements to exploit the spatial di-
versity. In this section, we consider user-specific Doppler dis-
tortion; path-specific scenarios will be discussed in Section I'V.

A. MR-Based Receiver Front—End

We consider transmission of a single OFDM block as-
suming perfect channel state information (CSI) at the re-
ceiver, i.e., knowledge of Doppler scaling factors as well
as channel path gains and delays. Since the noise is white
Gaussian and independent between receiving elements, max-
imum-likelihood (ML) data detection aims to find the sequence

T
d= [d(l)T, o d(”*)T] , which minimizes the metric
o N¢ N—
Ap(d) = / vty =3 Z 4 PET )|t
0o i=1 k=0

Vme{l,...,N.}. (8)

This metric implies a set of frequency-domain samples given by

(o)

y}(cz,m) _ / Vo (t)}D]gL,m)+ (t)dt,
(€))
Since the number of subcarriers is typically large, direct im-
plementation of [V parallel matched-filter branches is clearly not
a viable option. Thus, we focus on an alternative interpretation
of (9), namely, we first restrict our attention to the time interval
that contains the signal but not its cyclic extension,> which ef-
fectively yields

T
1+a(4) N]g“""‘)fl
(i,m) . 1,0M) ( 1.\ % 7j27'ra(L>f t
g™ om(t) Yl (k)"e o
5 =

> e‘ﬂ”(t"‘“mt)k/Tdt

4
14al®)

—j2mal) fot i,m *
-/ tole 25 e
¢]

p=0
5 ()
[SIFATA
x 87]271'(1‘,-1—0, t)l-,/Tdt

) g
AP

where v5 (t) is obtained by compensating for the Doppler-in-
duced frequency shift a®*) fy. Equivalently, we can write

uy ™ ol (kg (10)

SWhile for Doppler-affected channels, the signal in the guard interval (in our
case, the cyclic extension) may contain nonredundant information [23], for sim-
plicity, we follow the standard approach to consider only the part excluding the
cyclic extension for data detection [21].
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with
A’V(l'm)fl ( )( )
. P "L,Tn ]{;
() (k) = Gp V) 1
(81 ( ) pz::O 1+(],(Z) ( )
and
l+a
g},(:"m> 1+(1(’ 71(‘ 772”(1"'“ )t/ T gy (12)

o\

This computation can be efficiently carried out for all the sub-
carriers by a single FFT. Specifically, introducing a change of
variable £ = (1 + )¢ in (12) results in

T
~(i,;m) _ (4) 5 —42wke/T
yk - / m (1 + (L(L)) e (]5

0

(13)

where the integration, when carried out in the discrete-time do-
main, is ust an FFT. From (13), we also notice that evalua-
tion of " ( ) requires resampling of « u,(n (#) according to the
Doppler scaling factor «(*) when there are N, distinct Doppler
scaling factors. In other words, one needs to resample the re-
ceived signal v, (t)N; times, each time according to a distinct
Doppler scaling factor.

Fig. 3 shows the block diagram of the resulting receiver
front—end. It consists of N, parallel branches, each one as-
sociated with the Doppler scaling factor of a particular user.
Each branch performs frequency shift, resampling, and FFT.
The implementation complexity thus increases only linearly
with the number of distinct Doppler scaling factors, and the
processing can be performed in parallel, rendering a computa-
tionally affordable solution.

B. Data Detection

To design a detection algorithm, it is helpful to define an
equivalent discrete channel model that relates the acquired sam-
ples (10) to the data symbols. Substituting the relations (4) and
(5) into the expression (10), we obtain

N N-1
y]gz,m,) _ Z Z @(7 u) (1 m) (14)
u=1 1=0
where
T
(l u) / P[(u m) (t m)* ( )(l (15)
0
and w,(f’m) is additive Gaussian noise with autocorrelation [24]

ngi’lu)(m) =F [w,gi"")'w,(u’m)m} ~ 2NyT - <I>(L u)(m). (16)

Grouping all the carriers together, the above expressions can
also be represented in a compact form as
=®(i,m)d + w(i,m)

y(i,m) (17)
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Fig. 3. MR receiver front—end design of the mth receiving element for multiuser MIMO OFDM systems affected by user-specific Doppler distortions.

where
®(i,m) = [(IZ‘U’I)(m), .
[{)(i’“) (m)}

<I>(i’N")(m)}

(k1) - (I)’gl’f)(m)

T,m i,m T
y{i,m) = [y(g ' ), . 395\7‘71)}

. . T
W(I m) _ [w(()z.,m)7 o 7w_§\lrfll)}

The vectors y (¢, m) can now be grouped for all the transmitter/
receiver pairs to obtain the overall MIMO system model

y(1,1) ®(1,1) w(l,1)
y(2,1) ®(2,1) w(2,1)
=] : (18)
R y( 't., N,.) R ®(N;., N,) . w(Ny, N,.) |
Yy L3 w

The aggregate noise vector w is characterized by the covariance
matrix

Q1) o 0

0 QQ) 0
Q=
0 0 0
0 0 Q(N,)
with
Q(l’l)(m) Q(l’N‘)(m)
Q(m) = :

Q(N‘ ,1) (m) Q(Nt Nt (7771)
whose entries are defined by (16).

1) Linear Detectors: Given (18), we can obtain the com-
monly used linear MMSE detector. While conceptually simple,
the implementation of this detector requires some care since the
matrices ® and 2 are both singular. The singularity problem is a
direct consequence of the fact that different subsets of the signal
vector y are generated from the same input signal sampled
multiple times. As a result, strong dependence exists among

different subsets of the frequency-domain samples in different
branches, and loss of rank for both H and ® is expected.

The optimal solution can nonetheless be obtained through
singular value decomposition (SVD), which can be used to
remove the redundant coordinates in y [25]. Alternatively,
a scaled identity matrix can be added before inversion. The
resulting regularized linear detector is defined by

1y)

where Dec(-) represents the symbol decision. For instance, in
binary phase-shift keying (BPSK), the symbol decision is taken
as the sign of the real part of the symbol estimate. Here, the reg-
ularization factor € is chosen as a small number with respect to
the average of the nonzero eigenvalues of ®®" . For demonstra-
tion purposes, the regularized MMSE detector utilizes the stan-
dard matrix-inversion-based implementation. The size of the in-
verted matrix is N,V x N, N . Interested readers are referred to
[26] for approaches exploring possible computational cost re-
duction techniques.

2) Interference Cancellation: 1C [27] is considered as a
means of improving the error rate performance of the system.
An IC detector forms an estimate of the interference caused
by one transmitter to the other, and subtracts this estimate
from the desired signal before making symbol decisions. The
estimation/detection process is performed iteratively, such that
the nth iteration, carried out for detection of the first user’s data
stream, yields an interference estimate

&MMSE = Dec (‘I’H (‘I"I’H +Q+ ) (19)

Ny

Z & L)

which is used to form the symbol decisions as
&&162 (n) = Dec (

The process is analogous for the other transmitters. The IC de-
tector is initialized by symbol decisions that can be obtained
using one of the linear detectors discussed previously. Note that
after resampling, there is no self-ICI since we only consider
Doppler shifts, and the only interference is due to the presence

I.(1,m)= d()(n—l)

N,

Z (y(1,m) —T1,(1, m))) .

m=1

(20)
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Fig. 4. MR receiver front—end design for single-user OFDM systems affected by path-specific Doppler distortions.

of other users. As will be illustrated through numerical exam-
ples, iterative IC detection offers a significant performance im-
provement over linear detection, while maintaining a relatively
low complexity.

IV. SINGLE-USER RECEIVER DESIGN WITH PATH-SPECIFIC
DOPPLER SCALING

We now consider receiver designs for the path-specific
Doppler scenarios. For ease of illustration, a single-user SISO
system is adopted—more general scenarios can be worked out
in a straightforward manner [24].

A. MR-Based Receiver Front—End

Similarly as in Section III, we consider transmission of a
single OFDM block assuming perfect receiver CSI. A proce-
dure analogous to that of Section III-A yields an MR front—end
in the context of path-specific Doppler by simplifying

/

Ye = PR

w(t) Py (t)dt,

where ;. is the matched-filter output, obtained by correlating
the received signal ©(¢) with the equivalent modulation pulse
P;.(t). With a change of variable £ = (1 + a.)?, expression (21)
reduces to

N.-1

per Y al(k) g (22)
c=0
where
N9 1
P () 2
ow =y L@ (23)
(87
= 1+ a.)
and
i ¢
glic) — /v(c) (m> e—jZTrkE/ng. (24)
-0 C

Here, v(9)(t) = w(t)e 927%fot is a frequency-shifted version
of v(t). According to (22), the received signal v(*)(¢) should
first be shifted in frequency and resampled to obtain the sig-
nals {v(®)(¢/(1 + ac))}i\/:(jl These signals, when cast in the
discrete-time framework, can now be demodulated efficiently
using the FFT. Equations (22), (23), and (24) thus define an
MR receiver for the path-specific Doppler scenarios, where each
branch is associated with one cluster, the output of which are
scaled and added together to yield the final demodulated sam-
ples. The block diagram of the receiver is shown in Fig. 4.

B. Data Detection

Similarly as in Section III-B, we first write the discrete
channel model that characterizes (21) as

N-1
Uk = Z Py, 1y + wi (25)
1=0
where
Gy = / P(£)PE(t)dt (26)

and {wy, } is additive Gaussian noise with cross correlation [24]

Qk’,l =F [wk.w;‘] ~ 21VOT(I)]¢,_’l. (27)
Note that since the channel coefficient ®y; is, in general,
nonzero for any k& and [, the noise samples are correlated. This
is different from the receivers with an SR branch, where the
noise samples are independent.

We can further formulate the discrete channel model (25) in
vector form as

y=0éd+w (28)
where
d =[dy,.. .,dN,l]T
y =1[yo,--- ,Z/Aul]T
w =[wp,. .., wx_1]"

and ® represents the channel matrix, whose entries are defined
by (26).
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With ML detection being computationally infeasible (see yrpr = {yFFT(k)}Qr:—()I, where

[24]), we herein pursue linear solutions based on the standard
MMSE detector

- -1

dMMSE = Dec (@H (@@H + Q) y) . (29)
Since our main focus is on the MR front—end and not on the im-
plementation of detection algorithms, we will use standard ma-
trix inversion to demonstrate the MMSE detection performance.
The size of matrix inversion is N x /N in the adopted solution.
Clearly, low-complexity linear MMSE detectors, such as those

that exploit the banded structure of the channel matrix [26], can
be used instead for a more practical implementation.

V. PRACTICAL CONSIDERATIONS AND ROBUSTNESS OF THE
MR RECEIVER

So far, we have assumed perfect CSI at the receiver. In prac-
tice, however, the channel needs to be estimated, and it is of
interest to investigate how the MR schemes perform with the
estimated CSI. For this purpose, we adopt two sparse channel
estimation schemes, namely, a basis-pursuit (BP) scheme and
an orthogonal matching pursuit (OMP) scheme, which are par-
ticularly effective for UWA channels [16].

As pointed out in [28], a sparse estimator, be it BP based or
OMP based, is subject to a basis mismatch problem when the
parameters of the discrete paths are not in the dictionary. For in-
stance, in our case, a path may exist between two nominally allo-
cated dictionary entries. The remaining estimation error is thus
determined by the dictionary resolution, i.e., it cannot be elimi-
nated by increasing the signal-to-noise ratio (SNR). Increasing
the dictionary size beyond a certain limit is not an option, since
the columns of a super-resolution dictionary may be highly cor-
related, rendering the sparse channel estimation problem ill-
conditioned. Also, unnecessarily high resolution may make the
computational complexity too high.

In parallel to other efforts that deal with the basis mismatch
problem [29], we propose to estimate the channel using a two-
step approach. Using a SISO system as an example,® the first
step is to use a standard sparse channel estimation technique (ei-

ther BP or OMP) to obtain the initial estimates {1, 7. i}
of the channel parameters, where P is the number of identified
propagation paths. The second step is to refine the initial es-
timates by employing a least squares (LS) criterion that aims
at compensating for the estimation errors due to the basis mis-
match. The resulting estimators are called the phase-compen-
sated BP estimator and the phase-compensated OMP estimator,
respectively, because, as will become clear shortly, the major en-
hancement of these estimators is in the refinement of the initial
estimates through effective phase adjustment. Versions without
the second step are called the basic BP/OMP estimators.

We start by establishing a cost function to be minimized as
the squared distance between the FFT demodulator outputs

6Extension to multiuser MIMO systems can be pursued by augmenting the
dictionary to include the propagation paths for all users.

T
yFFT(k) = /’U(t)€7j27rkt/Tdt, k= 0./ 1, PR N -1
0

and their predicted values based upon the adjustmgl(%g
of path gains, path delays, and Doppler scaling factors
yFFT(Ahpa Afp A&p), i.e.,

~ N 2
O(Ahy, A%y, Ady) = HyFFT ~ $rer(Ah,, A%y, Ady) ‘

31)
To reduce the complexity, we break the optimization problem
into two stages: in the first stage, the path gains are fixed and
adjustment is only made to the path delays and Doppler scaling
factors; in the second stage, adjustment is made only on the path
gains. By doing so, we also avoid the ambiguity that exists in
joint optimization of h,, 7, and a,,.

_ To proceed, we first give the estimated ICI coefficient [13],
H,(k,1), obtained from the initial channel estimate, where,
defining Af = 1/T and 8 = (k — )Af — G, f1, we express

Hy(k,1) = hye 9270~ T gine(z8T).  (32)
Then, we express the updated ICI coefficient (based on the up-
dated channel estimate) H,(k, 1)’ as

Hy (k1) = (hy + Ahy)e 27100t A7) =33 T i (r 3T

r_
s e I3 (%“'A%“)e‘j”ﬁ’Tsinc(Wﬂ’T) (33)

where /' = (k — )Af — (4, + Aay) fi. Thus, we can express
the predicted FFT output as

Pl

Yrrr(Ahy, A%y, Ady) = Y H(Ahy, Aty Ady)d (34)
p=0

where the entries of the wupdated channel matrix

I:I;(Aﬁp ATy, Ady) are specified by (33). Note that
since Ad,, f; is very small, (33) can be further simplified as

H, (k1) ~ hye I20fitlip=a%) o =im(B=28a, )T iy (2 5T

= hye 2 eer o702 1Tt ) =i BT (1 BT)

N———
b,

=R e I (k1) 35)
where f, is the center subcarrier frequency fi=fi—f. €p =
A7, — AapT/2,and hy, = h;,/h,. By this approximation, the
unknown parameters in the first stage of the LS problem are re-
duced to {ep};:;ol. Since the cost function (31) is nonquadratic
with respect to ¢,, we pursue the solution using standard gra-
dient—descent algorithm (GDA), with gradient

N-1

€ * OQFFTP(A:)
Vp = —2Re { Z (ZkT

k=0

(36)
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where, defining Jrrr (k) = ?:—01 ﬁp(k,l)(lle’jz’r}”? with
Hy (k1) = hi,H,(k,1)

P-1N-1

SO Hy(kDd

p=0 =

cx = yrrr(k) — e I (37)

is the prediction error of the kth frequency-domain sample
yrrr(k) and

iz

=0

dyFFT OYFFT plF)

()Fp (38)

(b, Ddye 72t (—jor ).

At each iteration of the GDA, the previous value of ¢,(n — 1)
is updated by

ep(n) =€ (n—1)-V, - A (39)
where n > 1 is the iteration index, A is a tunable step size, and

€,(0) = 0. Once ¢,(n) converges, we enter the second stage of
the LS problem. Note that, with €, (n) fixed in this stage, the LS

solution of b’ = [}y i) ... A ]  takes the standard form
n' = (Uu)'ufly (40)
with U = [ug uy ... up_1] and
u, = H,(n)d (41)

where [Hy, (n)],,, = (Hy(k,1)/hy)e 727t is the (k, 1)th ele-
ment of the normalized channel matrix evaluated at the nth it-
eration. We point out that since the initial estimates of the BP or
OMP algorithm are refined using this GDA, the requirement for
dictionary resolution of the proposed two-step approach can be
greatly alleviated, resulting in reduced computational cost and
improved robustness of the sparse channel estimators.

VI. NUMERICAL RESULTS

To demonstrate the effectiveness of the proposed MR
designs, we present numerical results comparing their perfor-
mance with those provided by the conventional, SR solutions.
We start with simulated conditions, where perfect CSI is as-
sumed. Then, we give results for the imperfect CSI case, for
which the channel estimates are obtained using sparse channel
estimators and enhanced versions described in Section V.
Finally, we report on the results obtained using experimental
data recorded in shallow water (100 m) in the recent MACE10
and KAMO8 experiments.

A. Simulation Results: Known CSI

1) Results for the User-Specific Doppler Case: The test
channels used to simulate a user-specific Doppler case are
shown in Fig. 5. The Doppler scaling factors of the two
transmitters are set to —1.0 x 1072 and 1.2 x 1073, which
corresponds to relative speeds of 1.5 m/s as the transmitter
moves away from the receiver, and 1.8 m/s as the transmitter
moves toward the receiver, respectively. Over this channel,
two independent 1024-carrier OFDM signals are transmitted,
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Fig. 6. Performance of linear detection with MR and SR front—ends.

occupying the frequency band from 12 to 20 kHz. The intercar-
rier spacing is 7.8 Hz, which corresponds to an OFDM block
duration (excluding the CP) of 128 ms. A CP of length 30 ms
is inserted, resulting in a complete OFDM block length of 158
ms.

Fig. 6 shows the results of linear detection, focusing on the
performance comparison between the MR and SR front-end
solutions. SR includes resampling according to the Doppler
scaling factor of the first transmitter and that of the second
transmitter. Also included is the case with no resampling. With
the transmitters’ Doppler scaling factors close in magnitude
and opposite in sign, this approach represents the SR receiver
[18], whose resampling rate is roughly the average of the
two. The results of Fig. 6 pertaining to the regularized linear
MMSE detector are obtained with e = 0.005 (the average of
the nonzero eigenvalues of HH" is 0.086). Also included are
the results for the optimal, SVD-based linear MMSE detector.
The regularized MMSE detector with MR obviously performs
very close to the optimal solution. More importantly, it offers a
substantial performance gain over the SR detectors.

Fig. 7 shows the performance of various detectors proposed
for the MR receiver. Included are the regularized MMSE de-
tector, the genie-aided IC detector, in which the interference es-
timate is obtained using known symbols from the interfering
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Fig. 8. Multipath delay profile labeled with path-specific Doppler rates of (a)
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transmitter, and the decision-driven IC detector. The latter is
initialized with decisions from the regularized linear MMSE
detector, and employs three or nine iterations. It is observed
that the IC detector provides performance that is closer to the
genie-aided IC bound, outperforming the regularized MMSE
detector by 3 dB or more. The IC detector takes only three it-
erations to converge, thus offering a good compromise between
performance and complexity. The complexity of ML detection,
even in an approximate form, is prohibitive for this test channel
(at least 4096 states are required in the Viterbi algorithm).

2) Results for the Path-Specific Doppler Case: Simulation
results are reported for the case of a 512-subcarrier OFDM
signal transmitted in the frequency band spanning 30-34 kHz,
i.e., with an intercarrier spacing of 7.8 Hz. We consider two
channels, which will be referred to as channel A and channel B,
whose features are illustrated in Fig. 8. For both channels, the
strongest path is characterized by a zero Doppler rate. Equiva-
lently, we can interpret the Doppler rates shown in Fig. 8 as the
residual values after an SR stage matched to the Doppler rate
of the strongest path. Hence, no further resampling is needed
for the SR demodulator.

First, we compare the magnitude of the ICI coefficients in the
equivalent discrete channel model at the output of the demod-
ulator for the SR and MR demodulation cases. Results are vi-
sualized in Fig. 9 for channel B referring to the noise-whitened
channel model [30]; similar results also hold for channel A. Note

Subcarrier index at the receiver (system output)

Subcarrier index at the transmitter (system input)
(a)

Subcarrier index at the receiver (system output)

420 430 440 450 460 470 480 490 500 510
Subcarrier index at the transmitter (system input)
(b)

Fig. 9. Magnitude of the ICI coefficients [see (25) and (26)] obtained for
channel B after (a) SR demodulation and (b) MR demodulation.

that the entries on the main diagonal can be interpreted as sub-
carrier gains, while the other entries are the ICI terms [see (25)].
From Fig. 9, it is clear that the ICI is much stronger for the SR
demodulation as compared to the MR demodulation. Namely,
the ICI power normalized to the power of the terms on the main
diagonal is +4.5 dB for the SR demodulation and —10.7 dB for
the MR demodulation, which corresponds to an ICI-suppression
gain of 15.2 dB provided by the proposed scheme.

Next, we compare the bit error rate (BER) performance of the
two systems for uncoded BPSK transmissions. The BERs char-
acterizing the various receivers are shown in Fig. 10 as a func-
tion of the SNR, which is defined as the ratio of the signal power
and the noise power in v(¢). For both demodulation schemes,
two different detectors are compared: a symbol-by-symbol de-
tector that neglects all the ICI terms and a linear MMSE-based
detector [see (29)]. ML detection is not considered since its
complexity is proportional to the number of nonzero ICI terms,
which makes it impractical to implement for the set of param-
eters adopted here. The results demonstrate that the proposed
MR demodulation scheme can provide impressive performance
gains with respect to the SR demodulation benchmark. Partic-
ularly, we notice that for the ICI-ignorant receivers, the BER
performance difference is consistent with the ICI-suppression
properties discussed earlier. For the ICI-aware receivers, we ob-
serve that the BER performance improvement is also significant.
In particular, on channel B, the proposed demodulator, com-
bined with a simple symbol-by-symbol detector, offers much
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Fig. 10. BER comparisons between SR and MR receivers for (a) channel A
and (b) channel B.

better BER performance than the standard demodulator com-
bined with a much more complicated linear MMSE detector.

Finally, we compare the performance of the MR and SR re-
ceivers over Rician fading channels. We keep the multipath
structure as well as the Doppler rates of these channels the same
as those of channel A, and randomly generate the gain of each
path based on a Rician distribution. The line-of-sight compo-
nent is selected to be equal to the corresponding path gain of
channel A, and the K -factor is taken as 12 dB for all paths (see
[31]). In Fig. 11, we present average BER results based on 100
Rician realizations. We observe consistent behavior for the MR
and SR receiver performance, which demonstrates that the ad-
vantage of MR is preserved in fading conditions.

B. Robustness of MR Detectors

So far we have demonstrated the BER improvement of the
MR solutions when perfect CSI is available at the receiver.
We now present results that involve CSI estimation. Specif-
ically, we focus on the two-user cooperative MIMO case in
Section VI-A1, where independent data streams are transmitted
from nodes subject to user-specific Doppler rates. The multi-
path structure and Doppler rate for each transmitter/receiver
pair are the same as those in Fig. 5. In contrast with the pre-
vious section, these channel parameters are not known to the
receiver. Instead, they are estimated using the sparse channel
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Fig. 11. BER comparisons for the Rician channels (averaged over 100 realiza-
tions).

estimation algorithms described in Section V. Here, for sim-
plicity of demonstration, we assume that the channel parame-
ters do not change for multiple consecutive OFDM blocks so
that we can devote the first OFDM block for channel estimation
and use the resulting channel estimates for decoding of all the
following blocks. More practical schemes will be needed as will
be discussed in Section VI-C when we deal with results using
real experimental data.

With the known transmitted symbols of the first OFDM
block, we build a dictionary with a resolution of 62.5 ps in the
tap delay and 1 x 10~* in the Doppler rate. The dictionary
covers a delay spread of 20 ms and a Doppler rate variation
of £5 x 10™* around the nominal values of each user. To
mimic the conditions of a real channel, the path delays of the
simulated channels are not constrained to the dictionary values,
but are instead uniformly distributed between closest dictionary
entries with a zero mean and a range of half of the dictionary
resolution.

Fig. 12 shows the actual path locations of the transmitter/re-
ceiver pair (1, 1) overlapped with the estimated path locations
obtained by the BP and OMP algorithms. As expected, due to
the basis mismatch problem described in Section V, the number
of estimated paths is greater than the actual number of paths for
both algorithms, as the sparse channel estimators tend to include
several nearby dictionary entries (around the actual one). We ob-
serve that the BP-based estimator is subject to more false path
locations than the OMP estimator. Consequently, as shown in
Fig. 13, the OMP-based MR receiver gives a better BER perfor-
mance than the BP-based one, for both basic and phase-compen-
sated channel estimation configurations; the former feeds the
demodulator/detector with the initial channel estimate, the latter
with the updated estimates (39) and (40) (see Section V). From
Fig. 13, it is also evident that the performance of the MR re-
ceiver with the phase-compensated OMP estimator is uniformly
better than that of the basic OMP estimator. The BER perfor-
mance of such a phase-compensated estimator is actually very
close to that of the known CSI case, attesting to this approach’s
superior ability to compensate for the phase distortions due to
basis mismatch. We do not observe such an improvement with
the BP estimators, which is due to the inferior quality of the ini-
tial channel estimates obtained by the basic BP estimator.

Using the phase-compensated OMP estimator, we now show
comparisons of BER performance for the MR and SR receivers
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Fig. 14. BER performance comparison between MR and SR receivers (with
regularized linear MMSE detector) for the test channel with basis mismatch
(path delays not in the dictionary).

with basis mismatch in the path delay. Particularly, as shown
in Fig. 14, a sixfold BER reduction is achieved at 21-dB SNR
when the MR receiver is employed. The performance difference
is very close to that obtained under the perfect CSI conditions.

C. Experimental Data Results

To verify the effectiveness of the proposed MR receiver de-
signs with experimental data, we use data recorded in two re-
cent shallow-water (100-m water depth) acoustic communica-
tions experiments, namely, the Mobile Acoustic Communica-
tions Experiment (MACE10) conducted in June 2010 off the

southeastern coast of Massachusetts, and the Kauai Acomms
MURI (KAMO08) experiment conducted in June 2008 off the
western coast of Kauai, HI.

1) Results Obtained With the MACE10Q Data: During the
MACEI10 experiment, one mobile source, towed at a nominal
speed of about 1 m/s, and two fixed receivers were used. The
source was equipped with four International Transducer Corpo-
ration (ITC) 1007 spherical transducers, submerged at a depth of
between 30 and 60 m. The transducer spacings were 48 cm be-
tween the first and second ones, 42 cm between the second and
third ones, and 48 cm between the last two. The two receivers,
both with four receiving elements, were suspended from small
surface buoys. The interelement spacing and sampling rate were
20 cm and 50 kHz, respectively, for both. We particularly focus
on data recorded when the source was about 1.3 and 4.3 km
from the two receivers. The corresponding transmitted signals
contained 15 blocks of 512-subcarrier CP-OFDM signals em-
ploying QPSK modulation and 16-ms cyclic prefix. The sam-
pling rate before digital-to-analog conversion (DAC) was Fs =
107/256 = 39.0625 kHz, and the bandwidth was B = F./8 ~
5 kHz, resulting in a subcarrier spacing of about 10 Hz. The
lowest frequency subcarrier was located at fy = 10.580 kHz.
Interested readers are referred to [31] for examples of measured
impulse response on real UWA channels.

The existing experimental configuration supports transmis-
sion from a single source to multiple receivers. To mimic the
conditions for multiuser transmissions, where independent
streams are emitted from multiple spatially separated nodes, we
use received signals that correspond to two consecutive blocks
recorded at the two spatially separated receivers and sum them
to form a superimposed signal—effectively each block of the
superimposed signal corresponds to 2048 transmitted bits.
The superimposed signal thus contains two independent data
streams with independent multipath structures and different
nominal Doppler rates. The latter is due to different relative
speeds between the transmitters and the receiver. Since the
difference between the relative speeds is small, the difference
between the nominal Doppler rates is also small—on the
order of 5 x 10™*. To mimic scenarios with larger nominal
Doppler rate differences, we resample the received signals
from different receivers at different rates before summing
them. Effectively, we introduce an additional Doppler scaling
to the received signal, and as a result, we are able to control the
nominal Doppler rate difference in the received signal. As an
example, we generate superimposed signals with 4.4 x 1073
Doppler rate differences—the Doppler rates for the two users
are the same in magnitude but opposite in sign. The equivalent
speed difference between the two paths is 6.6 m/s.

We implement the SR and MR receiver designs with the
OMP-based channel estimator, as discussed in Section VI-B.
Since the average nominal Doppler rate of the two users is
zero, the optimal SR receiver performs no resampling. For the
MR receiver, two MR branches suffice as the path-specific
Doppler rate difference is on the order of 2 x 10~* for each
user. Therefore, we adopt a simplified MR receiver implemen-
tation with an SR branch for each user. The resampling rate
is set according to the nominal Doppler rate of that user. The
receivers are implemented in the decision-directed fashion.
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Fig. 15. MACE10 BER performance comparison between MR and SR
receivers in decision-directed mode (Aa = 4.4 x 10™%).

That is, we start the data detection from channel estimates
obtained with pilots signals—the pilot assignment is similar
to that in [16]; then, we use the channel estimates to perform
regularized MMSE detection (Section III-B1), whose tentative
decisions are finally used for IC detection (Section I11-B2). The
detected symbols are then used together with the pilot signals
for the next round of iterative channel estimation and detection.

In Fig. 15, we show the BER performance comparison be-
tween SR and MR receivers with 4.4 x 10~ Doppler rate dif-
ference, where the BER results refer to those obtained at the fifth
iteration ina 2 X 4 system configuration. On average, the MR re-
ceiver results in a twofold BER reduction over the SR receiver.
The BER reduction improves with the difference in Doppler. We
point out that using detected symbols for channel estimation in
decision-directed mode may subject the overall system to per-
formance degradation due to error propagation. A solution is to
involve explicit channel coding in the loop where decoded sym-
bols are fed back for channel estimation. As a preliminary study,
we consider a coded system with each 512-subcarrier QPSK-
modulated OFDM block spanning two length 512, rate 0.9 low-
density parity-check (LDPC) codewords. The channel decoder
takes soft-information, i.e., log-likelihood ratios (LLRs), gener-
ated by the IC detector as its input, and outputs updated LLRs
(after ten decoding iterations) that are used to obtain coded bit
decisions. The decoded bits are then remapped to modulation
symbols, which are exploited in the next iteration for channel
estimation, detection, and LDPC decoding. In Fig. 16, we show
the BER comparisons of MR and SR receivers of the above
coded system. We observe a threefold uncoded BER reduction
for the 8.8 x 10~ Doppler rate difference after three iterations
of channel estimation, detection, and decoding—for both re-
ceivers, the coded BERs drop to zero since they are too low to
be captured by the limited number of transmissions. The perfor-
mance gain of the MR over the SR receiver increases as a result
of the improved channel estimation quality when modulation
symbols mapped from the decoded bits are used for channel es-
timation.

2) Results Obtained With the KAMO0S Data: Last, we con-
sider communication data collected in the KAMOS experiment.
We focus on the results for a 512-carrier OFDM system, where
BPSK modulation was used. The signal spanned a frequency
band between 12 and 20 kHz and had a cyclic prefix of 20 ms,
which implied a block duration of 276 ms including the CP.
The experimental data were collected while the transmitter was
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with channel coding (Aa = 4.4 x 10~%).

moving. The transmitter was submerged at a depth spanning
20-50 m, depending on the specific experiment, and was towed
at a nominal speed of 3 kn (i.e., about 1.54 m/s). The receiver
had a 16-element vertical array. The sampling rate at the re-
ceiver was 50 kHz. The interelement spacing was 3.75 m, with
the top element deployed at a nominal depth of 42.25 m. Partic-
ularly, we consider the case when the transmitter/receiver sepa-
ration was approximately 2 km, and the towing ship was moving
toward the fixed receiver, with the transmitting transducer being
about 25 m below the sea surface.

Adopting the same approach as described in Section VI-C1,
we predistort the received signals to form composite signals that
have controlled Doppler rate differences. We notice that, com-
pared to the MACE10 experiment, the received signals are sub-
ject to lower SNR and, therefore, lead to an inferior channel es-
timation quality. To make up for the performance loss, we use
2 x 6 systems instead of 2 x 4 systems in Section VI-C1. We
see a similar trend of the MR receivers to perform better than
the SR receivers, as shown in Fig. 17. However, attributed to
the inaccurate channel estimates, the performance advantages
of the MR receivers are not as pronounced.

VII. SUMMARY AND CONCLUSION

We have investigated the problem of multiuser detection
when different users’ signals are subject to different Doppler
distortions. This problem is also mathematically analogous to
the problem of path-specific Doppler. Doppler-compensated
receiver front—end designs are presented. In particular, we
focused on OFDM transmissions in the context of multiuser
MIMO and single-user SISO scenarios. In the former case, a
centralized receiver was considered (with collocated receiver
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elements) communicating with multiple distributed users,
which transmit independent data streams simultaneously in
the same frequency band. We pointed out the inadequacy of
standard SR designs and proposed a set of new designs based
on MR front—ends. For multiuser MIMO systems, each branch
corresponds to the Doppler rate of a particular user, provided
that path-specific Doppler for each user can be neglected,
whereas for single-user SISO systems, a resampling branch is
needed for each cluster of arrivals that share a common Doppler
rate. The new designs have the advantage of compensating for
the user- and/or path-specific Doppler distortions, therefore
avoiding strong interuser and/or intercarrier inference inherent
to SR designs. Via extensive simulations and experimental
data studies, we have demonstrated that compensation of user-
and/or path-specific Doppler translates into performance gains
in terms of BER improvement and ICI power reduction.
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