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SPARSE CHANNEL ESTIMATION AND DATA DETECTION ALGORITHMS
FOR OFDM-BASED UNDERWATER ACOUSTIC COMMUNICATION SYSTEMS

ABSTRACT

Communication over acoustic signals in underwater results into a multi-scale multi-
lag channels, which occurs due to the multipath propagation. Hence, a robust
channel estimation technique has to be present at the receiver, and the solutions of
the terrestrial-based systems are not applicable. In this work, using path-based
channel model that characterizes underwater channels by a delay, a Doppler shift,
and an attenuation factors, three new pilot assisted, time domain-based channel
estimation algorithms are proposed for single-input single-output communication-
based and diversity communication-based underwater acoustic systems. The
multicarrier transmission technique assumed is OFDM. In addition, depending on
the base stations deployment in underwater, the sparse underwater channels
undergo Rician or Rayleigh fading, where channels in this work are generated using
Bellhop software. In the first two proposed approach, the overall sparse channel tap
delays and constant Doppler shifts are estimated using Matching Pursuit and
Orthogonal Matching Pursuit algorithms, where the sparse complex channel path
gain vector is estimated by maximum a posteriori probability (MAP) technique, and
the prior densities of the channel gains follow Rician distribution with unknown
mean and variance vectors, where Maximum Likelihood is proposed for their
estimation. The first approach considers a colored noise and uniform Doppler
spread, and the second approach considers a non-uniform Doppler shifts with white
noise. The third proposed approach considers transmitter diversity with Alamouti’s
coding, where the channel estimator iteratively estimates the complex channel
parameters of each subcarrier using the expectation maximization method, which
in turn converges to a true maximum a posteriori probability estimation of the
unknown channel, where Karhunen-Loeve expansion and ESPRIT algorithm are

assumed for complexity reduction and delay estimation, respectively. Finally, in



order to assess the performance of the proposed algorithms, the computer

simulations show the behavior in terms of mean square error and symbol error rate.

Keywords: Channel estimation, detection, equalization, underwater acoustic
communication, Alamouti coding, space-time coding, expectation maximization

algorithm, maximum a posteriori channel estimation.



DFBC TABANLI SUALTI AKUSTIK HABERLESME SISTEMLERI ICIN SEYREK
KANAL KESTIRiMIi VE VERI TESPIT ALGORITMALARI

OZET

Sualtindaki akustik sinyallerle haberlesme cokyollu yayiimdan dolayr ¢ok ol¢ekli
¢ok gecikmeli kanallara yol a¢maktadir. Bu nedenle, kara tabanh c¢oziimler
uygulanamamakta ve ahic tarafinda Kkuvvetli kanal Kestirim teknikleri
sunulmahdir. Bu c¢alismada, tek girisli tek cikish haberlesme tabanh ve cesitli
haberlesme tabanh sualti akustik sistemleri icin sualti kannallarim gecikme,
Doppler kaymasi ve soniimleme unsuru ile karakterize eden yol tabanh kanal
modeli kullamlarak iki yeni kilavuz yardimcili, zaman bélgesi tabanh kanal
kestirim algoritmalar1 onerilmistir. Cok-tasiyicih verici teknigi olarak dikey
frekans bolmeli ¢coklama (DFBC) kabul edilmistir. Ek olarak, baz istasyonlarinin
konuslanmalarmma bagh olarak, seyrek sualti kanallar1 Rician veya Rayleigh
soniimlemesine ugramaktadir ve her ikisi de bu calismada goz Oniinde
bulundurulmustur ve Bellhop yazihmm bunlarin iiretimi icin kullamlmstir. i1k
onerilen yaklasimda, seyrek karmasik kanal yol kazan¢ vektoriiniin maksimum
sonsal olasihk (MSO) teknigiyle kestirildigi durumda, kanal kazancinin oncelikli
yogunlugunun bilinmeyen ortalama gradiyent ve varyans vektorlerine sahip Rician
dagilinu takip ettigi ve bunlarin kestirimi icin enbiiyiik olabilirlik (EO) tekniginin
onerildigi durumda genel seyrek kanal c¢ikma gecikmeleri ve sabit Doppler
kaymalar1 Matching Pursuit (MP) algoritmas1 kullanilarak Kkestirilmistir. ilk
yaklasima bir genisletme yapilms, algoritmada diizensiz Doppler kaymasi
degerlendirilmis ve Orthogonal Matching Pursuit (OMP) kullamsmstir. Ikinci
onerilen yaklasimda ise Alamouti kodlamasiyla verici cesitliligi degerlendirilmis,
kanal kestirici tekrarh olarak her bir alt tasiyicinin karmagsik kanal parametrelerini
beklenti maksimizasyonu (BM) metoduyla kestirmekte olup, bilinmeyen kanalin
kestirimi dogru maksimum sonsal olasihik (MSO) Kkestirimine yakinsamis, ve

karmasikhik azaltmak ve gecikme hesabi i¢in sirasiyla Karhunen-Loeve genisletmesi



ve ESPRIT algoritmasi kabul edilmistir. Son olarak, onerilmis algoritmanin
performansini degerlendirmek icin bilgisayar benzetimleriyle sistem davranisi

ortalama karesel hata (OKH) ve isaret hata oram1 (IHO) cinsinden gosterilmistir.

Anahtar Sozciikler: Kanal kestirimi, belirleme, esitleme, sualti akustik haberlesme,
Alamouti kodlama, uzay-zaman kodlama, beklenti maksimizasyonu algoritmasi,

maksimum sonsal olasilik kestirimi
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1. INTRODUCTION

1.1 Motivation

The surface of the earth planet is covered by more than two thirds of water including
oceans, seas, rivers and lakes, where the need of having a robust communication system
in the underwater environment is essential. Various applications for several domains that
operate in aquatic environments require a wireless communication link for reporting and
data exchange. Research laboratories and governments tend to develop this type of
wireless communication in order to meet different applications such as submarine
communication, seismic (tsunami) detectors, offshore oil field exploration and
monitoring, intrusion detection for tactical surveillance (port and border security),
maritime archaeology, data collection, environmental (pollution) monitoring and various
of military applications that even wireless sensor networks found their way to such
environment (Liu et al., 2008) (Chen et al., 2014.) (Zhang, et al., 2014) (Bernard and
Meinig, 2011) (Mandalapa et al., 2016). The channel estimator design at the receiver side
is a challenging problem in underwater due to the impairments that the signals face in
such medium, which the overall system performance depends on it. The performance of
an acoustical communication system in underwater depends on estimating different
parameters regarding the communication channel, where the characteristics of the

channel in this medium affect the channel impulse response.

1.2 State-of-the-art on Channel Estimation Algorithms

Different approaches are well-studied for a robust channel estimation. Space-time coding
and multi-input multi-output (MIMO) configurations as well as orthogonal frequency
division multiplexing (OFDM)-based communication systems, which were originally
introduced in the context of terrestrial radiofrequency (RF) wireless communication, have

been successfully applied to underwater communications in recent studies (Pelekanakis



and Baggeroer, 2011) (Li, et al., 2009). These techniques seem to be primary candidates
for next generation UWA systems, due to their high information capacity and robustness
to large multipath spreads (Tu, et al., 2011) (Emre et al., 2008) and bring significant
improvements in both throughput rate and error rate performance. On the other hand,
when the deployment of multi transmit/receive elements is not possible due to space or
power limitations and pathloss becomes a performance limiting factor, relay-assisted
(cooperative) communication has also been applied to UWA systems to take advantage
of diversity benefits. These works have been mostly focused on capacity and power
allocation (Choudhuri and Mitra, 2009) for UWA relay channels with intersymbol
interference (ISI), distributed channel coding and space time corporative schemes for
UWA channels (Vajapeyam et al., 2008) (Jalil and Ghrayeb, 2014), and on channel
estimation and equalization for amplify-and-forward cooperative relay based OFDM
systems in UWA channels (Panayirci et al., 2016). Notably, in (Panayirci et al., 2016),
Rayleigh fading channels between source, relay and destination, an efficient algorithm is
developed based on the space-alternating generalized expectation-maximization (SAGE)
technique for the latter purpose.

The fundamental performance bounds of such systems are determined by the inherent
characteristics of the underwater channel and by reliable channel state information (CSI)
available at the destination, to enable high transmission speeds and high link reliability.
However, almost all the existing works assume perfect channel estimation, which is a
critical task in the receiver design, and is extremely challenging in the UWA
communication context due to the large number of unknowns as a result of large delay
and Doppler spread. A work on channel estimation of doubly selective UWA channels
based on the use of a basis expansion model first, to reflect the time-varying nature of the
channel (Qu and Yang, 2008) (Leus and VVan Walree, 2008) through which some subspace
algorithms, namely root-MUSIC and ESPRIT, can be applied for channel estimation (Van
Trees, 2002) (Pesavento, et al., 2000).

Inspired from array processing, a subspace method can be applied to determine the
distinct path arrivals, after which the complex path gains can be estimated based on pilot
subcarriers. However, it has been shown that these techniques work well only for channels
that have limited Doppler-spread. Also, the number of the unknowns that need to be

estimated increases substantially depend on the time varying nature of the UWA channel,



imposing substantial demands on the channel estimation (Qu and Yang, 2008) (Leus and
Van Walree, 2008). Channels with mild or more severe Doppler distortion require
dedicated intercarrier interference (ICl) equalization (e.g., (Li, et al., 2008) and (Huang
etal., 2011)) and channel estimation is typically accomplished using pilots only (Li at al.,
2008), (Huang et al., 2011), (Stojanovic, 2008), or decision feedback instead or in
addition to pilots (Li et al., 2009), (Radosevic et al., 2011).

The channel estimation algorithms described in the recent literature have been mainly
based on exploiting the sparse nature of UWA channels (Li and Preisig, 2007),
(Stojanovic, 2008). Given sufficiently wide transmission bandwidth, the impulse
response of the underwater acoustic channel is often sparse as the multipath arrivals
become resolvable (Stojanovic, 2009). Also, in the presence of large Doppler spread,
channel estimation algorithms have been recently shown to be highly effective, based on
experimental results for both single-carrier (Cotter and Rao, 2002) and multi-carrier
(Berger et al., 2010), underwater transmissions. In these works, orthogonal matching
pursuit (OMP) and other basis pursuit (BP) variants have been tested and based on the
simulation and experimental studies, it was shown that BP has better performance than
OMP in the UWA environment.

A channel estimation for relay-based UWA systems is investigated in (Panayirci et al.,
2016). The authors considered a sparse CIR and a non-Gaussian channel gains in their
channel model. The expectation-maximization (EM) along with the matching pursuit
(MP) algorithms were employed for the Doppler shift and the delay estimation. In (Ma et
al.,, 2017), the authors adopted superposition coding with OFDM for downlink
communication in the presence of multiple stations (sensors).

Based on statistical representation of each underwater station’s channel state information
(CSIl), a resource allocation mechanism is proposed that obtains the transmitting power
of each subcarrier for each user. An adaptive channel estimator based on least squares
(LS) and recursive least-squares (RLS) is proposed in (Shi and yang, 2016). The results
show a promising bit error rate (BER) performance and the average mean square error
(MSE) can be obtained better than the linear minimum mean square error (LMMSE) or
the LS. The authors of (Kumar and Sarvgaya, 2016) investigated different modulation,
channel estimation, and channel equalization techniques for OFDM-based and pilot-

assisted UWA systems. They assumed in their simulations a channel that follows a



Rayleigh distribution. Their results show that QPSK, DPSK, and 16QAM are the most
suitable modulation schemes for UWA applications. The authors of (Yu et al., 2015)
proposed a low computational complexity channel estimation algorithm based on fast
block-Fourier transform (FFT) and orthogonal matching pursuit (OMP) in the presence
of large pilot spacing. In (Peng et al., 2015), the authors proposed an OMP-based
algorithm for channel coefficients estimation with no prior CSI knowledge in the presence
of doubly selective channel. Two different Doppler estimation techniques are discussed
in (Ahmed, 2015) for pilot-assisted OFDM-based UWAC systems. The first technique
consider a cross correlation operation performed on the observed signal with the local
known OFDM symbol, then the peak location(s), after that, the authors compare each
peak location with the corresponding known peak location, where the difference
determines the Doppler scale. The other technique is very close to the first one; mainly,
after determining the peak using the local signal, an auto correlation operation is
performed on the successive data OFDM symbol to determine the peak location(s). The
authors compare the peak location with the reference of the corresponding peak location,
where the difference in peak location pairs defines the Doppler shift (). In both

approaches, however, a sampling operation is performed in the time domain on the

observed signal in order to compensate the dominant Doppler shift, i.e. Tt?

The noise generated in acoustic type of communication in underwater has also received
efforts, due to the fact of its high power. In such environment, the main resource of noise
is not only the activities of the ships, and other man-made sources, shrimps, rainfall, and
wind contribute in noise generation. Authors of (Jenserud and Ivansson, 2015) proposed
a study that shows a better channel impulse response modeling when out-of-plane
scattering and reverberation are taken into account, whereas the authors of (Kuai et al.,
2016) proposed an algorithm where the receiver can detect the impulsive noise positions
using the signal amplitude in the time domain, and the impulsive noise and the Doppler
shift estimation are based on the null subcarriers of the OFDM symbol.

In (Chen et al., 2017), the authors consider impulsive noise in the underwater region due
to the generated by snapping shrimps and other sources noise sources, where an impulsive
noise mitigation operation is carried out on the received signal. Basically, the authors
consider the non-zero channel coefficients at the pilots, where the impulsive noise is

detected by calculating the average power of the current OFDM block, then collects the



positions of possible impulsive noise into a vector that are greater than a predefined power
threshold, then the algorithm subtracts the estimated impulsive noise from the received
signals. Another channel estimation approach was discussed in (Liu, et al., 2016). The
authors consider the non-zero paths in their channel estimation (CE) procedure, where an
inverse direct Fourier transform (IDFT) operation is performed and then the algorithm
selects the paths with high powers, then convert it back to the frequency domain through
direct Fourier transform (DFT) operation, then the signal is equalized.

The reminder of this work is organized as follows. Chapter 2, investigates the state of the
art of the underwater acoustic communications, the underwater channel characteristics,
and an introduction to Bellhop acoustical toolbox. Chapter 3, discusses the proposed
channel estimator along with the proposed channel and system models. In addition,
chapter 3 proposes an extension to the proposed model with detailed formula derivations
and simulation results with comparisons. Chapter 4, discusses the proposed channel
estimation algorithm proposed for a multiple-input-single-output type of communication.

Finally, chapter 5 contains concluding remarks.

1.3 Contribution of This Work

In this work, a synthetic type of channel impulse response (CIR) generated using Bellhop
MATLAB-wrapper acoustic toolbox is proposed for the channel estimation problem
considering the characteristic of underwater region of Sapanca Lake in Turkey. However,
the proposed channel estimators are computational friendly. In the first approach, a SISO
type of communication is proposed with correlated colored Gaussian noise to be added to
the received signal in order to simulate a real underwater environment, where the second
approach assumes a MISO type of communication with white noise, which also fits in
underwater environments. In addition, the first approach assumes Rician fading channel,
whereas the second algorithm assumes Rayleigh fading.

The main difference of the work in chapter 3 and (Panayirci et al., 2016) is that, this work
is concerned with a synthetic type of channel based on a real environment obtained from
Sapanca Lake in Turkey using the BELLHOP-MATLAB acoustic toolbox (Porter, last
accessed, 2018), whereas the work in (Panayirci et al., 2016) assumes an exponentially
decaying type of channel. In addition, the channels proposed in chapter 3 assumes Rician

fading, whereas the channels in (Panayirci et al., 2016) undergo Rayleigh fading.



Moreover, in this work of chapter 3, maximum a posteriori (MAP) is proposed for
channel gains estimation with maximum likelihood (ML) for the prior densities
estimation, whereas in (Panayirci et al., 2016) Expectation Maximization (EM) algorithm
was employed. Finally, the work in (Panayirci et al., 2016) investigates a system model
with cooperative-based system, while in this work in chapter 3 the system model deals
with direct communication.

The main difference of the work in chapter 4 and (Cirpan, Panayirci, & Dogan, 2006) is
that this work assumes space-time type of diversity, whereas the work in (Cirpan et al.,
2006) assumes a space-frequency one. In addition, the work in chapter 4 uses a sparse
underwater channel generated by BELLHOP-MATLAB acoustic toolbox for Sapanca
Lake in Turkey, where the work in (Cirpan et al., 2006) uses an exponentially decaying
channel. Finally, the work in chapter 4 is extended by using ESPRIT algorithm for sparse
channel delay estimation and a comparison of it is shown with the work discussed in
(Cirpan et al., 2006).



2. STATE-OF-THE-ART ON UNDERWATER ACOUSTIC
COMMUNICATIONS

In this chapter, the main characteristics of underwater acoustic communication will be
discussed. The objective of this chapter is to provide an insightful knowledge on the

challenges and impairments that acoustic signals face in underwater environment.

2.1 History of Underwater Acoustical Communications

In 400 BC, Aristotle had noted that sound could be heard in underwater medium as well
as in the air. In 15th century, Leonardo da Vinci observed the wireless communication
can be made over acoustical signals in underwater environment, where his words were
“If you cause your ship to stop, and place the head of a long tube in the water and place
the outer extremity to your ear, you will hear sips at a great distance from you” (Vaccaro,
1998). Due to the development of electronic devices, the use of underwater acoustics has
been made through hydrophones, where the latter converts the acoustic energy into
electrical signal (and vice versa). Since then, several articles were made on underwater
acoustic signal processing (UASP) considering solutions of multipath spread, rapid

channel fluctuations, significant ambient noise, and channel estimation.

2.2 Why Acoustic Signals

Many contributions regarding wireless communications in underwater environment are
well studied to enhance the performance of the overall wireless-based communication
system. In order to fulfill a wireless communication link in underwater environment;
there exist three candidate type of signal waves (electromagnetic, optical, and acoustic)
proposed to achieve this task, where the acoustic signals are found to be the most suitable.

Electromagnetic (EM) waves have been deployed in wireless communication for over a



century achieving a superior performance in terrestrial wireless communications offering
a robust wireless link with a decent speed of propagation that provides an insignificant
delay for real-time applications. Unfortunately, the radio waves were found to experience
high attenuation for underwater wireless communications because of the conductive
nature of the underwater medium, where a higher transmission power has to be used in
order to solve this problem (Zhou and Wang, 2014).

Lately, the trend of communication over visible light has received a lot of interest among
researchers, and numerous number of well-written papers are proposed for
communication over this type of signals. Regrettably, due to the nature underwater
medium, the optical signals scatters, and the optical powers can be absorbed rapidly
(Webster et al., 2017).

Fortunately, acoustic signals are found to be capable of achieving this type of wireless
communication with minimal damage and considered as the best candidate for wireless
communication in underwater environment. Research papers for this type of signals in
underwater medium are increasing tremendously due to its unique characteristics such as
temporal variations, abundance of transmission paths, and wideband property in nature
(Bernard and Meinig, 2011). Table-2.1. summarizes the different characteristic of
acoustic, EM, and optical waves in underwater medium (Zhou and Wang, 2014).

Table 2.1Comparison of acoustic, EM and optical waves in underwater medium

Acoustic Electromagnetic Optical
Nominal speed (m/s) ~ 1500 ~ 33333333 ~ 33333333
Power loss relatively small  large o turbidity
Bandwidth ~ kHz ~ MHz ~10 - 150 MHz
Frequency band ~ kHz ~ MHz ~ 10 - 10%°Hz
Antenna size ~01m ~05m ~01m
Effective range ~km ~10m ~10-100 m

2.3 Characteristics of Underwater Acoustic Channel

Acoustical signals experience a different type of dilemmas other than those that can be
found in terrestrial communication over EM or optical waves. In the next context, part of

the characteristics that distinguish underwater acoustical communication will be



introduced, which make underwater acoustical channel one of the most challenging

channels for wireless communication.

2.3.1 Sound Velocity

The propagation speed of the sound signals is extremely slow compared to the EM and
optical waves. The average speed of acoustic signals in underwater medium is 1500 m/s
(Wang and Wang, 2016). Acoustic signals propagate with different speeds in underwater
environments. Basically, the acoustic signals propagate with different speeds that depend
on the depth, the water temperature, and the water salinity (Porter, last accessed, 2018).
However, a typical speed of sound in water near the ocean surface is about 1520 m/s,
which is more than 4 times faster than the speed of sound in air (~ 343 m/s), but five
orders of magnitude smaller than the speed of light. The water layers can be categorized
into three main layers (Zhou and Wang, 2014)

o Surface layer: this layer is also referred to as mixed layer. The depth of this layer
is within tens of meters away from the water surface, where the salinity and the
temperature of the water in this layer tend to be homogenous (due to the effect
wind) that leads to a constant sound velocity of the acoustic waves. This layer is
also called shallow water.

e Seasonal and permanent thermocline layers: this layer is the second deeper layer
than the surface layer, where the water temperature decreases in this layer as the
depth increases, and the temperature varies from season to season.

e Deep isothermal layer: in this layer, the temperature is almost constant for all
depths, where the water pressure plays role in determining the acoustic wave
speed.

2.3.2 Propagation Loss

The strength of the received signal is quite related to the placement of base stations, in
the underwater environment. Based on the surface (sea conditions) and the bottom
topology of the underwater area, each channel gain can be assumed to have different
distribution statistical characterization. For instance, when the receiver is in shallow water

and close to the transmitter, diffuse random multipath contributions are negligible and the



channel tap gains can be assumed to obey the Rician distribution. On the other hand, with
increasing distance between the transmitter and the receiver, the large sea dynamics
prevent direct path contributions, and consequently, the diffuse multipaths dominate,
resulting in the channel gains having Rayleigh distribution. Since the underwater
communication topology is in a continuous change, the channel tap gains may also obey
other type of distributions, such as log-normal and Nakagami-m distributions.
Acoustical waves experience two different energy loss factors while propagation in
underwater medium. Mainly, the absorptive and the scattering (the bottom and the surface
loss) loss due to the geometry of the underwater region. The scattering of sound coming
from the sea surface and the scattering and the absorption of the sound waves from the
sea floor can also contribute significantly into signal attenuation and dominant when the
base stations are placed in shallow water.

Finally, the refraction and reflection of sound (which mainly depend on the sea
conditions, sea floor type, isothermal layer depth, sudden and unexpected temperature
changes in underwater etc.,) can create the so called phenomena shadow zone resulting
in a significant attenuation of signal energy (Nguyen et al., 2009). Due to the scattering
and the large fading of the acoustic signals, the channel impulse response is considered
to be a time variant sparse channel, and only received taps with significant powers are
considered.

2.3.2.1 Absorptive Loss

In general, underwater applications operate in low frequency, where the pH of the water
in the underwater region plays an important role in the attenuation, that is, the higher the
pH, the larger the attenuation, where an accurate attenuation computation is a must
(Browning et al., 1988). In underwater medium, the energy of acoustic wave converts to
heat. The frequency-dependent loss experienced by acoustic waves occurs due to the
existence of the chemical substances (boric acid a;, magnesium sulphate «,, and
viscosity of water a3). Different contributions on underwater absorption were made for
a better acoustic wave attenuation estimation. The frequency-dependent loss can be
expressed as (Moll, et al., 2009):
a=a+a,+as, (2.1)

where
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where A; and P; can be estimated as follows:
o A;=493710"*-25910"°T+9.11107’T?-1.510"8T3 , for
T < 20 °C,
o A3;=396410"*—-1.14610"°T +1.45107’T?2 —6.510710T3, for
T > 20 °C,
o P;=1-38310"2z+4.9107*z2,

where £ is in kHz, pH in NBS, salinity (S) in g/kg, temperature (T) in Celsius, depth (z)
in km. The formula results in an absorption value measure in decibels per kilometer
(dB/km). For simplicity, a simplified version of the attenuation formula can be used
called Thorpe attenuation which can be expressed as (Zhou & Wang, 2014):

40 f2 0.1 f2
200+ fZ2 1 17 /2 (22)

where f is the carrier frequency in kHz and a°"?¢ is in units of dB/m. For the case of

aThorpe (f) —

an ultra-high frequency (UHF) deployment is assumed in underwater mediums (up to 10
GHz), Akhiezer and Landau-Rumer type of attenuation should be considered (Telichko,
et al., 2015).

2.3.2.2 Scattering Loss

In underwater medium, the scattering loss of the sound waves increases as the acoustic
wavelength decreases. Scattering in underwater is induced by the roughness of the water
surface and sea bottom, whereas high interface roughness induces large spatial energy
dispersion. The scattering occurred by the bottom mainly depends on the roughness of

the geology of the sea bottom such as, sand ripples, and roughness of the rocks.
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An important scattering parameter in the surface side is the environmental conditions of
the sea, that is, in the presence of high wind, where the wind-generated waves increases
the roughness of sea surface, and the higher the scattering order is experienced (Yuan et
al., 2016).

2.3.3 Ambient Noise and Interference

In any communication system, signal-to-noise ratio (SNR) is very essential for ensuring
a smooth and reliable carriage of the transmitted data. SNR, however, gives a comparison
of the strength of the intended signal to that of the noise. In underwater acoustical
communication, depending on the sea conditions, the acoustic channel can be
considerably affected by the ambient noise generated by the diverse origins.

The ambient noise experienced in underwater environment is relatively high. Different
natural sources of noise such as surface waves, rainfall, biological sources (marine
mammal vocalizations, snapping shrimp) and other man-made sources (underwater
machineries, ships and boats) affect the acoustic communication in underwater medium
(Chitre et al., 2006) (Guimaraes et al., 2014). For instance, in (Adzhani et al., 2016), the
experiment shows a wind noise of 50 dB, where the experiment in (Prince et al., 2015),
shows an aerial noise in the range of [46.8, 53] dB, where the rainfall (depending on the
precipitation) can produce noise up to 50 dB, whereas noise spectrum level decreases
with increasing frequency from about 140 dB at 1Hz to 30 dB at 100 KHz (Santoso et al.,
2015). Consequently, modulation order in underwater coherent communication systems
plays an important role in data detection at the receiver side. SNR can be given in the
following formula:

SNR(d, f) = 10logyo (Ps) — T; — 10 logyo (Py), (2.3)

where Ps is the total signal power, T; is the transmission lose, Py is the total noise power,
and the final result of SNR is then measured in dB. However, the transmission loss T;
presented in (2.3)is a function of the distance, (d) and the attenuation factor a(f)
(discussed in subsection 2.3.2.1). It was stated in (Igbal et al., 2013), that the total noise
power (Py) can be divided into four main sources, mainly, noise generated by ships
activities, noise generated by wind, noise generated by heat, and noise generated by

turbulence. Consequently, the noise equation can be formulated as:
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N(f) = N(f,8) + Nu(f, W) + No(f) + Ne(f), (2.4)
where
Ny(f,S) = 40+ 20 (s — 0.5) + 26 log,(f) — 60 log,o(f + 3),
N, (f,W) = 50 + 7.5Vw + 20log;o(f) — 40 log,(f + 0.4),
Np(f) = =15+ 20 logy,(f),
Ne(f) = 17 — 30 logyo(f).

There exist huge efforts for acoustical noise estimation and measurements in underwater
environments, i.e., QUONOPS and LIDO systems (André, et al., 2016). QUONOPS
system is connected to several underwater sensors at different bathymetries, while
temperature and salinity measurements process is carried on. In LIDO is responsible for
automatic processing of an acoustic data from the observed signals. Basically, it measures
the noise levels, then identifies the acoustic source that contributed to the measured
acoustical noise. Finally, an online interface can be accessed for real-time monitoring.
On the other hand, the EU Ocean of Tomorrow program has started AQUO project to
achieve quieter oceans by shipping noise footprint reduction. The was methodology was
to take into account all the key components and measurements of noise coming from
ships as the noise source at the receivers, basically sensors. The procedure they pursued
is presented in Fig. 2.1 (André, et al., 2016).
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However, the main two parts of their study regarding the man-made noise reduction are:
e A noise footprint assessment tool development was formed,
e A development of the radiated noise model of ships was developed, that consider

a variety of commercial ships and their corresponding characteristics.

However, depending on the underwater area and sea conditions, the noise modelling for
wireless acoustical communication in such environment has been growing. For instance,
(Liling and Dupeng, 2017) came up with a solution for underwater noise stimulated by
an airborne source. The study uses the propagator matrix and the wave number integration
to establish an air and underwater acoustic field spatial distribution model stimulated by

the moving source in the air.

2.3.4 Large Doppler Shift

Due to the nature of acoustic signals, a major change in the wavelength (frequency) of
the sound wave that arises as a result of the medium instability (i.e., movement of the
transmitter/receiver due to wind) (Beygi and Mitra, 2015). This kind of frequency change
is referred to as Doppler shift or Doppler effect. Because the moving surface of the sea,
the Doppler shifts have an unpredictable variant values. Consequently, underwater
acoustic communications (UWAC:s) are fragile to Doppler shift, where the relatively low
sound speed in underwater medium generates a large Doppler shift. For example, in the
presence of an acoustic wireless communication with a carrier frequency centered at f, =
20 kHz, where the average velocity of the sound wave in underwater medium is
approximately. 1500 m/s, thus the Doppler shift induced by the moving sea surface for a
system placed in shallow water with a received line of sight (LOS) signal can be
determined as (Ha et al., 2017):

Vs X f. 1.5 x 20,000
fTXSn = C—SCOS(HSn) = W =20 HZ,

where 65 is the angle between the surface-normal velocity Vs and the scatterer-
transmitter axis, Cs is the speed of the acoustical signal. For the case when the received
signal is a scattered component, the Doppler shift formula can be expressed as:

Vs,
X
CS - VSnCOS(eRn)

fourx = (e + frys,) cos(Op,),
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where 6y is the angle between the surface-normal velocity Vg and the scatterer-receiver
axis, and the total Doppler shift generated by the sea surface can be expressed as:

fp.s, = fsryx T frys,,.
However, Doppler shift can also arise due to the movement of the receiver, and thus, can

be given by this formula

- fe X Vg
Ln CS

cos(a;, ) cos(m — af),

where f; ,, is the resulting Doppler shift of the n“*path a;_ is the angle of arrival (ACA),

and i = 1,2 which denotes the signal is reflected from surface (i=1) or bottom (i=2),

respectively.

2.3.5 Long propagation Delay

Multipath spread is a significant characteristic of the underwater acoustic communication
channels affecting the channel impulse response at the receiver side, where the long
propagation delay experienced in this region is due to the low sound speed. In addition,
the reflection of the sound wave off the sea surface and sea floor as well as the refraction
of sound such as bending rays of the propagation paths create many different propagation
paths, and hence, the underwater channel is considered to be time-variant. Mainly, the
nature of the underwater environment is responsible of creating the multipath channel,
where the longer the communication range, the longer the delay experienced at the
receiver side. The wave reflections from the surface and the bottom generate several
arriving taps (sparse type of channel with large delay spread) can be observed at the
receiver in applications that use transmitter/receiver placement in shallow water,
whereas, the applications where transmitter/receiver are placed in deep water, the surface
and bottom reflections can be neglected (Zhou and Wang, 2014)] (Nguyen et al.,2009)
(Mason et al., 2008).

2.3.6 Multipath Propagation and Channel Models

Channel modelling provide an excellent tool for predicting the performance of
underwater acoustic communication systems before their deployment, and, of course,

they are very essential for system design.
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One of the essential dilemmas in the underwater acoustical communication is the
corruption of the data, due to multipath interference. Underwater acoustic
communications suffer from the time variant type of channel. A particular underwater
channel can be represented depending on the sea conditions, the range of communication,
and the depth of the stations. At the receiver, the received signals can be direct, reflected,
scattered from the surface and bottom, or refracted by variations in the acoustic velocity
profile, which lead to multipath propagation. Thus, the received signals then suffer from
severe and rapid amplitude fluctuations and fading. When the communication range is
short, then the receiver will experience a direct path (steady component), and different
random paths (diffused components) which can be as a result of boundary scattering. In
the case of long communication range, the received signal is then a superposition of a
number of time-delayed, randomly propagated components arriving via different paths
(Falahati et al., 1991).

Figs 2.2 and 2.3 attempt to simulate the time-varying characteristics of underwater

channels observed experimentally.
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Figure 2.2 Short-range propagation.

Figure 2.3 Long-range propagation
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Multipath causes a receiving of a series of pluses at the receiver, that are originally a
single impulse sent from the transmitter. In the case of a multiple echoes, the received
data can overlap in time, thus, become degraded. This type of interference can be largely
avoided by using asynchronous serial transmission. In this type of transmission, the
transmitter sends of short signal, each followed by a much longer quiet period. However,
a suitable arrangement of the transmitting and receiving transducers has to be made.
However, all the signals are then received before the next burst is transmitted.
Successful channel models that can be found in the literature are based on statistics.
Mainly, a statistical channel model encounter physical laws of acoustic propagation
(frequency-dependent attenuation, bottom/surface reflections). In addition, these
statistical channel models reflect the effects of inevitable random local displacements.
Specifically, random displacements that involve distances on the order of a few
wavelengths (small-scale effects), and those that involve many wavelengths (large-scale
effects). The small-scale type of effects includes the scattering and the motion-induced
Doppler shifting. The aforementioned effects are responsible for the fast variations of the
instantaneous channel response. On the other hand, the large-scale type of effects
describes the location uncertainty and the changing environmental conditions, and thus,
affects the averaged power of the received signals. Since the transmission conditions in
the underwater environment differ from the nominal ones due to the changes in system
geometry and environmental conditions. Consequently, the necessity of having a
relatively accurate channel model is a must. However, the channel model is responsible
for allocating the appropriate resources (power, bandwidth) before system deployment,
as well as to examine the pre-designed signals processing techniques on both the physical
link layer and the higher network layers. Channels can be generated at labs. Using a ocean
wave basin, a real underwater channel can be modeled. Moreover, an experimental type
of channel is always preferred to study the behavior of channel estimators. Experimental
channels take into consideration the exact depths of the underwater area, the sediments,
the Doppler scales per path, real-time delays, and the exact type of sea bottom including
the what exist at the bottom i.e.,sand ripples roughness of the rocks. However, a technique
for channel modeling known as beam tracing that consider underwater acoustic
communications can be found in an acoustical toolbox known as BELLHOP, more about
BELLHORP is discussed in the next section.
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2.4 Bellhop Acoustic Toolbox

In this section, an overview about BELLHOP acoustical toolbox will be given. Note that,
BELLHOP is an open source software, and it does not come in a standalone fashion, it

comes wrapped in another compiler, i.e. MATLAB-wrapper BELLHOP.

2.4.1 Overview

Bellhop is a set of algorithms that trace the ray in underwater environment. It was
originally written in Fortran language, later on, programmers prepared many versions of
Bellhop written in different languages to support different operating systems (Porter, last
accessed, 2018). BELLHOP uses ray theory to provide an accurate deterministic picture
of the underwater channel.

In addition, Bellhop is capable of producing various useful outputs such as, ray
coordinates, travel time and amplitude forming channel impulse response, eigenrays, and
transmission loss. The ray trace, which shows the propagation paths of the acoustic
signals for the given underwater region and communication specifications along the
communication range. In addition, user can find the channel impulse response through
requesting the time of arrival and amplitude of the arriving acoustic signals. In order to
run Bellhop, the user inputs the sound speed profile associated with the specifications of
the underwater region, and requests the desired output.

Bellhop considers sea surface heights with a single valued function of position and time,
whereas in Virtex (Virtual Timeseries EXperiment), which is an update version of
Bellhop, it approximates the motion of the environment itself by a sequence of snapshots
with different heights instead of one snapshot as in Bellhop. In addition, Virterx, along
with its advancements, has the ability to include the motion of the source, and/or the
receiver in its calculation, with an unsteady sea surface motion, where the Doppler
introduced by the unsteady sea surface motion is calculated by the eigenray data produced
by Bellhop. Virterx was developed to simulate the effect of channel variation in a manner
that is computationally more efficient than repeated application of the Bellhop beam
tracing. This algorithm operates by tracing multiple interrelated beams to assess the
cumulative effect on the signal of a given frequency. However, the complexity of Virterx

may still have an issue. For instance, it takes around of 15 seconds for a two-transmitters
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and six-receivers underwater communication system to simulate a channel using Virterx.
In each second, Virtex requires around 30 channel realizations, which leads to a total of
5400 runs of BELLHOP, considering a Doppler distortion of the order of 0.015 KHz
(Qarabagi and Stojanovic , 2013).

2.4.2 Environmental Profile

The input file to Bellhop is called environmental profile. In this profile, the specifications
of the underwater region along with the acoustical wireless communication link are
imputed in the file manually along with the intended output. The wireless communication
link information consists of the carrier frequency, the antenna aperture, the depth and the
number of the transmitter/receiver, the number of beams to be sent considered per
transmission, and the communication range. In addition, Bellhop offers a set of
interpolation techniques (cubic spline interpolation, C-linear interpolation, N2-linear
interpolation, and analytic interpolation) where user can specify the technique in order to
find the sound speed and its derivatives along the ray.

Moreover, different acoustic pressure approximations are proposed by Bellhop to be
inserted in the environmental profile (geometric beams, Cartesian beams, use ray-
centered beams, Gaussian beam bundles). In addition, attenuation can be specified in
different units (dB/m (kHz), Nepers/m, Q-factor, and dB/wavelength). However, Bellhop
gives the ability for users to include the surface type and bottom shape as flat shaped or
user can include them using an external file for a better ray tracing and arrival signal
channel. One of the most important aspects of the communication over acoustic signals
in underwater environment is the sound speed profile. This profile reflects the speed of
the signal at different depths in the underwater region.

In other words, according to the transmitter/receiver depths, the signal propagates in the
underwater region towards the bottom of the underwater region and the surface sides,
where the speed of the sounds is not constant along the depths, consequently the channel
impulse response is affected. Unfortunately, BELLHOP does not encounter the random
channel variation (Qarabagi and Stojanovic, 2013).

In order to cope with channel modeling, different studies were carried on modelling the
UWA channel stochastically, e.g., (Qarabagi and Stojanovic, 2009) (Ruiz-Vega,

Clemente, Otero, & Paris, 2012). However, these studies were shaped based on the
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analysis of an experimental type of an acoustic data, collected in a particular location.
Depending on the system model of the study, the underwater channel was found to obey
a Rician fading (Qarabagi and Stojanovic, 2009), (Radosevic et al., 2009) or Rayleigh
fading (Socheleau et al., 2009), (Galvin and Coats, 1996), (Chitre M. , 2007).

In addition, fading of underwater channels was also detected to follow log-normal
distribution (Qarabagi and Stojanovic, 2011) (Tomasi et al., 2010), K-distribution (Yang
and Yang, 2006) (Zhang et al., 2010), and a general class of Rician shadowed distribution
(Ruiz-Vega et al., 2012).

2.4.3 Sound speed profile

In order to fulfill the task of Bellhop, the sound speed profile (SSP) consists mainly of
the sound speeds at different depths. In the case of lack of information regarding the
underwater region; users can estimate the sound speed profile through various formulas,

such as Medwin formula as follows (Bahrami et al., 2016):

SSP(T,S,D) = 1449.2 + 4.6T — 0.055T2 + 0.00029T3

+ (1.34 — 0.017) (S — 35) + 0.016D. (2:5)

The formula shows that the speed of acoustic signal in underwater medium grows when
any of the parameters (T, S, D) increases. At a certain depth, depending on the water
temperature, water salinity, and water depth, the formula accurately calculates the speed
of the acoustic signal at that specific depth, and the resulting value is the sound speed that
can be used along with the corresponding depth in the SSP of Bellhop’s environmental

profile.
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3. SPARSE CHANNEL ESTIMATION AND DATA DETECTION
FOR OFDM-BASED UNDERWATER ACOUSTIC SYSTEMS IN
RICIAN FADING

In the following sections and subsections, two new pilot assisted channel estimation
techniques that employ OFDM transmission scheme in doubly-selective Rician UWA
channels are proposed. The chapter fully discusses the first algorithm and presents its
simulation results, then the second algorithm, which is an extension of the first one, is

then presented with simulations.

3.1 Introduction

The main contribution in this work is twofold. First, the sparse structure of the UWA
channel impulse response is exploited to improve the performance of the channel
estimation algorithm, due to the reduced number of taps to be estimated. The resulting
algorithm initially estimates the overall sparse channel tap delays and the Doppler shift
by using a conventional matching pursuit (MP) algorithm (Cotter & Rao, 2002) (Zhang,
Han, Huang, & Nramdt-Pearce, OFDM transmission over time-varying channel with self
interference cancellation, 2014), assuming correlated ambient Gaussian noise affecting
the system from source to destination.With the path delays and Doppler spread
information, then a computationally efficient and low complexity novel channel
estimation algorithm is proposed by combining MP and maximum a posteriori
probability (MAP) estimation to estimate the complex channel path gains whose prior
densities have Rician distributions with unknown means and variances. They are, in turn,
estimated separately by the maximum likelihood (ML) technique. The likelihood function
of those parameters is determined by properly averaging it over the Rician distributed

complex channel gains.
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This chapter is organized as follows. Section 3.2 presents the system and channel model
for an OFDM-based underwater wireless communication system and describes the main
parameters of the UWA channel and the ambient noise. Section 3.3 proposes the new
sparse channel estimation algorithm. Section 3.4 describes the equalization and detection
algorithms for the overall OFDM based UWA communications system. The computation
complexity is presented in 3.5, and the computer simulations with BELLHOP simulated
channels in Sapanca Lake are presented in 3.6. Section 3.7 presents the second proposed
approach which extends the work to a non-uniform Doppler scale and use orthogonal
matching pursuit (OMP) instead of MP in the case of white noise. All related equations
and simulations of this extension can be found under subsection 3.7. Finally conclusions

regarding the two approaches are presented in section 3.8.

3.2 System and Channel Model

The proposed UWA communication scenario is OFDM-based in which a single-antenna
source node S transmits information to a single-antenna destination node D. The UWA
channel between source and destination nodes is characterized by multipath propagation,
typically with a few significant paths, resulting in a sparse multipath channel model
(Mason, Berger, Zhou, & Willett, 2008). This type of channels can be represented by a
parametric channel model, consisting of a limited number of distinct paths parameterized
by the path delays and path gains. The parametric channel model effectively reduces the
dimension of the signal estimation problem, and the corresponding channel estimation
can achieve better performance than that of non-parametric channel model-based
estimators.

The time-varying UWA channel impulse response (CIR) from source to destination (S

— D) link is sparse and characterized by

h(ED) = ) A4(6) 6(t = 7o(t) 3D
£=0

where, L, A,(t) and 7,(t) denote the number of non-zero paths, the real channel path
amplitudes and the time-varying path delays, respectively. In this work, the path gains are
assumed on each link to remain constant over one OFDM symbol transmission and vary

independently from symbol to symbol. Thatis, 4,(t) =A,,£=0,1,...,L — 1.
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The continuously time-varying delays t,(t) are caused by the motion of the
transmitter/receiver as well as scattering of the moving sea surface or reflections due to
sound speed variations (Mason, Berger, Zhou, & Willett, 2008). For the duration of an
OFDM symbol, the time variations of the path delays can be approximated well by a
Doppler rate as 7,(t) =1, — yt (Kuai, Sun, & Cheng, 2016) (Beygi & Mitra, 2015). The
path delays, t,, are assumed to be constant over an OFDM symbol duration and all paths
have a similar Doppler scaling factor, that is y, = y. However, in general, the Doppler
scaling factor can be different for each path (Mason, Berger, Zhou, & Willett, 2008).
However, it was stated in (Li, et al., 2009) that as long as the dominant Doppler shift is
caused by the direct transmitter/receiver motion, this assumption can be justified.

Taking these assumptions and approximations into account, the time-varying continuous-

time multipath UWA channel impulse response model above is simplified to

h(eD) = ) Ar 8= (z2 = YO (32)
£=0

The baseband equivalent channel impulse response of h(t, 7) in (3.2) can be determined

as.

L-1

ho(6,0) = D hy 9N 5T~ (1, = y0) (33)
£=0

where h, 2 A, e /2™fcrte,

The model in (3.2) deals only with real channel path amplitudes, A4,, obtained from a ray
tracing technique. However, there are many diffuse multipath components diffracted or
scattered by the rough sea and bottom surface. Consequently, the multipath components
will have random phases uniformly distributed over [0, 2], and by the central limit
theorem. In addition, the channel coefficients (taps) h,’s on the link are assumed to be
complex Gaussian random variables with independent real and imaginary parts.

Based on the sea conditions, each channel gain |h,| can be assumed to have a different
distribution. When the receiver is in shallow water and close to the transmitter, diffuse
random multipath contributions are negligible and the channel tap gains may be assumed
to obey the Rician distribution. On the other hand, with increasing distance between
transmitter and receiver, large sea dynamics prevent direct path contributions and mostly

the diffuse multipaths dominate, resulting in the channel gains having Rayleigh
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distribution. In this work, the channel path gains are a priori assumed to obey a Rician
distribution where h,’s are complex Gaussian random variables with independent real
and imaginary parts with mean u, and variance o7. In addition, the Doppler shift on each
path is assumed constant, thus, no intercarrier interference (ICI) in the received signal is
considered.

Let Q, = E {|h,|?} = 2u3 + 207 denotes the power profile of the relevant Rician
multipath channel, and Y523 Q, = 1. Moreover, the Rician k — factor for the £** tap is
the ratio of the power in the mean component to the power in the diffuse component, i.e.

ke = usz/ oj , and each channel tap is given by

h, = K"Q"(1+j)+ Y v e 01 L1
o= v (GF) * faeglet= 00t @y

where h, is a complex Gaussian random variable with zero mean and unit variance.

However, by taking k¥ = 0, a Rayleigh distributed underwater acoustic channel model can
be also taken into account.

The additive ambient Gaussian noise, v(t), generated by underwater acoustic channels
has several distinct physical origins each corresponding to particular frequency range
(Barbeau, et al., 2015).

The power spectral density of the ambient noise is assumed to be in the 10 - 100 kHz
band as a function of frequency in Hz as

_ fodé
SO =5 m ok (3.5)

where ¢Z is the noise variance, and f; is chosen as a model parameter of the colored noise
autocorrelation function (f,Ty = 0.01,0.05,0.05, 0.1, etc.), where the autocorrelation
function of the ambient noise can be obtained from (3.5) as
R,(t,t") = o e 2mlt=tfoTs, (3.6)

where Ty is the sampling period. In addition, an assumption that the CIR remains constant
over a period of one block transmission and varies independently from block to block is
considered.

At the source node, the OFDM based UWA system with N subcarriers employs actively
K subcarriers to transmit data symbols and nothing is transmitted on the remaining N — K
subcarriers. During any OFDM symbol, each active subcarrier is modulated by a data

symbol d,,[k], where m and k represent the OFDM symbol index and the subcarrier
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index, respectively. After taking an N-point inverse fast Fourier transform (IFFT) of the
data sequence and adding a cyclic prefix (CP) of duration T.p before transmission, to
avoid intersymbol interference (1SI), the basedband-equivalent, continuous time-domain
transmitted signal can be expressed as

L) 21k
s(t) = \/iﬁ pXy 2;_5 dml[k] exp (% (t = mTgym — a7)

TCP)) ®gT(1),0 <t < Tgyy,

where ® denotes linear convolution and gT(t) is the impulse response of the transmitter
filter. Tsyyy = T + Tcpis the total OFDM symbol duration and Af = 1/Tis the OFDM

subcarrier spacing. Then, the received passband signal can be expressed as
y(©) = §(O®A(t,7) + ¥(t)

(z he 92700t S((1+ )t — m) efz”fct} + 90, (38)
£=0

where Re {z} denotes the real part of z and #(t) = V2 Re {v(t)e/™<t} is the passhand

= V2 Re

representation of the additive correlative Guassian ambient noise v(t).

However, in typical UWA communication systems, the receiver directly samples the

passband signal due to a relatively low carrier frequency (Berger, Zhou, Preisig, &

Willett, 2010).

Consequently, resampling, passband-to-baseband downshifting as well as Doppler shift

estimation, compensation and channel estimation are often performed in the digital

domain.

As specified in (Berger, Zhou, Preisig, & Willett, 2010) (Mason, Berger, Zhou, & Willett,

2008), and (Qi, Wang, & Wu, 2011), to mitigate the frequency dependent Doppler effect

in the received signal (3.8), the following three operations are carried out on the sampled

received passband signal to obtain the final discrete frequency-domain samples.

1) The main Doppler scaling effect is removed through the resampling operation with a
resampling factor (1 + ¥) leading to the resampled signal yzs(t) = Jrs(t/1 + 7).
From (3.8) it follows that
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L-1

Jrs(t) = Re {el2m/ct gi2nfcht he s((1+b)t
=0

(3.9)

- T{’)} + ijS(t)'

where b = =% and
1+y
~ ~ t
Prs(®) = 7 (55) (3.10)

The Doppler effect, is divided into a non-zero valued Doppler rate, caused by relative
movement of the transmitter and the receiver, and a Doppler spread, centered around zero
caused by different travel paths and receiver angle shift. As can be seen from (3.9), the
non-zero mean of is removed by the resampling. Consequently, the new residual Doppler
shift b on each path is spread around zero within [—v,, 4., ¥ Vimax] (Beygi & Mitra, 2015),
after compensation by 7, v,,,4, can be chosen based on the Doppler spread, with resolution
Av = 2,4/ Ny, Where N, is the number of grid points on the Doppler spectrum.

2) Atthe receiver, the baseband-equivalent received signal yg¢(t) is then obtained from

(3.9) via a demodulation process yielding
L-1

Yrs(0) = €M) hy s((1+bYt = 17) + vps(D) (3.11)
£=0

where v £ f_b, represents the residual carrier frequency offset (CFO) and vgs(t) is
the baseband equivalent noise of the resampled ¥x¢(t) as in (3.10). Then a fine
Doppler shift compensation is performed on yRs(t) to obtain zzs(t) =
yrs(t) e 72 ‘where ¥ is a fine estimator of v (Berger, Zhou, Preisig, & Willett,
2010).

3) Finally after perfectly compensating the residual mean Doppler shift by its estimated
value ¥, zgxs(t) is converted into the discrete-time signal by means of low pass
filtering and analog-to-digital (A/D) conversion with sampling interval T.

Since the time varying-channel impulse response is assumed to be constant over the

duration of one OFDM symbol and the number of channel paths, and the path delays do

not change during an OFDM symbol, it is sufficient to consider channel estimation only
symbol by symbol. Therefore, for notational simplicity the OFDM symbol index m in

(3.7) is omitted.
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Consequently, with the assumption that T.p is greater than or equal to the maximum
channel path delay, and K active subcarriers are within the flat region of the frequency
response of transmit and receive filters, after the CP removal, the received baseband
equivalent discrete-time signal at the sampling instants t = mTsyy + nTs + Tep, With
m = 0, can be expressed from (3.7) and (3.11) as follows:

K

1 3 2
h, \/_N z d[q] exp (J% ((1 +b)n — Tg))

q=-

1

zgs[n] =

L_
=0 (3.12)

N

+ vgs[n],
where N = T /T, and ¥, 2 1,/T, represents the £** normalized path delay. Similarly,
vgps[n],n=20,1,..,N — 1, is the baseband equivalent discrete-time ambient noise
samples obtained through the sampling of ¥x¢[n], in (3.9). From (3.5) it can be easily
shown that the noise samples are complex-valued and correlated Gaussian distributed
random variables with zero means. Hence, the autocorrelation function becomes,

uT; ) e—jwctL?uTs.

Rypslul = R, (m 1+

(3.13)

An N-point fast Fourier transform (FFT) is applied to transform the sequence zzs[n] into
the frequency domain. Assuming that the K subcarriers by which data is transmitted are
within the flat region of the transmitter and receiver filters of unity gains, the

kt"subcarrier output of the FFT during one OFDM symbol can be represented as

7l = 1 2mnk
wlll = = D" zslnl exp (~ )
n=0
K1
= 2. __xdqHlk q] + Vis[k], (3.14)
2
where
P S
2 ) ) ") 2
L-1
2mqTy
Hlk ql = ) ke exp (—j 51 Feg®))), (315)
£=0
Sin(@k‘q) N -1
a® = oy (T %) )
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where Oy, = m(q(1 + b) — k). The frequency domain noise samples Vzs[k] in (3.14)
are determined from Vis[k] = \/iﬁ ¥ o vrsIn] exp (—j %) Consequently, inserting

(3.15) into (3.14) the vector form of (14) can be expressed as

Zps =Hd + Vi, (3.17)
where

K K K Tk
ZRS= ZRs[_E],ZRs[_E'i' 1:|,,ZR5|:E_1:| eEC )
T
d= [d k,d k _,..,dk ] e CK,
Y _E+1 ;—1

K K K 11" o«
VRS= VRsl:_§:|,VR5|:_E+1:|,...,VR5|:§—1:| € C )

and the [k, q]*" element of H € C¥*X is determined from (3.15). It is obvious from
(3.14) that the ambient noise vector in the frequency domain, Vgg, is also a non-white
Gaussian. Thus, without going further toward the channel estimation step, the observation
model in (3.17) can be reduced to one with additive white Gaussian noise by the use of a
noise-whitening filter, based on the singular value decomposition (SVD) of the
covariance matrix of Vgg, as Ry, = UYUT, where U € C¥*Kis a complex valued
unitary transformation matrix, Y is a K X K _diagonal matrix with positive real entries and
()T denotes the conjugate transpose. Therefore, the colored noise can be transformed into

a white noise through the linear transformation W = ¥ Vz; where ¥ = Y~1/2 Ufis
K K K T

the whitening matrix and W = [W [— —],W [—— + 1], o W [— — 1” € CKis a
2 2 2

white Gaussian noise vector whose components have zero mean and unit variance.
Multiplying (3.17) by W from the left the following final form of the observation model
can be obtained as:

Z=Gd + We C¥, (3.18)

whereZ = WZpgsand G = WH € CX¥*Kisthe convolution matrix generated from data

symbols.
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3.3 Sparse Multipath Channel Estimation

3.3.1 Preprocessing

In this work, an estimation of a fast time-varying UWA channel, based on the observation
model in (3.18) is taken into account. As explained earlier, the overall continuous time
channel impulse response is represented by a parametric model in which each distinct
path is characterized by a few significant complex-valued path amplitudes, {h,}5_3, the
normalized path delays {#, = t,/T,}5* and the Doppler spread b, resulting in a sparse
multipath channel model.

In the following subsections, the algorithms are presented to estimate the sparse complex-
valued channel gains, channel path delays and Doppler spread in a computationally
efficient way. A Rician fading is assumed in which h, has k-factor x,, for£ = 0,1, ..., L —
1. By taking x, = 0, a Rayleigh fading is also obtained as a special case.

From (3.18), the computation of the observation vector Z at the pilot subcarriers, {P =
{p1p2,...,pp} € K }of the OFDM symbol from which the least-squares (LS) estimates

of the diagonal elements of the combined channel matrix G can obtained as:

~ z
Glpr. vx]l = ;pk]

= Gpr, pi] + VIp«l,
Pk (3.19)

where V[py] = Xqepq2pdp, ClPr. ql + W[p,]. By means of (3.15) and (3.16), (3.19)

can be expressed as

Zp= Aph+Vp, (3.20)
~ ~ ~ T
where Zp = [G[pl'Pl]'G[Pz'Pz].---,G[pp,pp]] € C”, V, =
[U(pl)lv(pZ)! ey v(pp)]T € CPand AP € CPXL matrix given by
El(b)e_jznplf‘)/]v fl(b)e_jznplfL—l/N
Ar= 3 : : (3.21)
El(b)e_jzin%O/N ‘e El(b)e—jZTTpp"fL_l/N

K
_ vz ¢ ; th i
where &, (b) = Zq=_§¢i+§+1, k+§+1Fk,i(b) , Yimn IS the (m, n)** element of the matrix

W and F ;(b) is given by (3.16).
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3.3.2 Path Delays and Doppler Spread Estimation

The sparse path delays and the Doppler shift are estimated by the conventional matching
pursuit algorithm (Zhang at al., 2014) (Cotter and Rao, 2002). However, in practice, the
sparsity assumption does not always hold and consequently may not represent a truly
sparse channel impulse response in UWA communications due to the non-integer
normalized path delays in the equivalent discrete time baseband representation of the
channel. Therefore, such an estimated channel may differ substantially from the original

channel. The A/D conversion at the input of the OFDM receiver is implemented first with
an oversampling rate REQ) = 0/Ts, 0 = 1,2, ..., leading to a finer delay resolution matrix

AEDQ) € CP*NNv called dictionary matrix, obtained from the A, matrix in (3.21). Its
columns correspond to the (8,7;)%" discrete multipath channel taps and Doppler rate
positions, respectively, where o is the oversampling factor, and 1/T; is the baseband
Nyquist sampling rate. Consequently, the real-valued normalized path delays %, ¢ =
0,1,..,L —1 can be discretized as 7, = |o ,] and take values from the set of the
possible discrete path delays:

T, € {0,1,2,..,N; — 1}, (3.22)

where N, = 9 Lep, Lep = Tep/ Ts and Tgp is the duration of the CP. However, g is
usually chosen to be one in MP-based channel estimators. Similarly, the real-valued
Doppler spread b can be discretized as § = [(b vyax)/ A, ] and takes values from the set

of the possible discrete Doppler rates:
g e {0,1,2,..,N, —1}, (3.23)

where N, = (2 vnax) /A,. Based on the associated discrete random channel tap

positions {7;}5Z5, and Doppler rate 3, the received signal in (3.20) can be rewritten as

L-1

Zp = Z ar, hy + Vp, (3.24)
£=0

where a,, is the r;"column vector of the finer resolution matrix Af.f’)whose columns
correspond to the (B, 7;)®" discrete multipath channel tap and Doppler rate positions,
respectively. For a given r, & (B,7;), the k**component of a,, is determined from
(3.21) as
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ar, [k] = Aplk, €1lp=- vpox+80, %= T/0" (3.25)
where g € {0,1,2,..,N,—1} and 7, € {0,1,2,..., N, —1}. The total number of

columns of AS,Q) iIs N,N, and they are labelled as r, = 1, 2, ..., N,N;. The conversion

between r, and (8, J;) can be easily obtained as:
Tp = :8 + ij} + 1,
Ty
B = 1, mod(N,) — 1and, Ty = || - 1.

As a first step in the MP algorithm, the column in the dictionary matrix,

A = [a,a,, ..,ay, n.—1], associated with the observation equation (3.24), that is best
aligned with the residue vector p, = Zpis found and denoted by a,, . Then the projection
of p, along this direction is removed from p,and the residual p,is obtained. The
algorithm proceeds by sequentially choosing the column that is the best match until a
termination criterion is met. At the #" iteration, the index of the vector from AES) most

closely aligned with the residual vector p,_, is obtained as follows (Berger, Zhou,
Preisig, & Willett, 2010):

|a}- P{’—1|2 .
Ty = argmaxT,] =12,..,N,N; — 1,
j <)
! (3.26)
j e {TliTZi "'Irf—l}'
and a coarse channel path amplitude estimate at r, is
a Peo-1
_ T
he = Al ar, (3.27)
from which the new residual vector is computed as

p: = Pe—1— hpa,, . Theiteration is repeated until a specified number of_channel taps,

L, have been selected or the residual becomes sufficiently small, i.e. || p,|| < e.

3.3.3 Path Gains Estimation {h,}

With the path delays and Doppler spread information, the channel path gains {h,};_3 can

be estimated by the MAP technique in an optimal fashion. Using the reduced dimensional
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observation model given by (3.24) to estimate the complex valued channel gains h,. For

notational simplicity, equation (3.24) can be re-written in the following form:

z= Yh+v, (3.28)

wherez = Z,,Y = [eg, ey, ..,e,_1], €, = a,,, h= [hy,hy, ..., h;, ;] and v = V.

Let the two notations s, = 7,17 = 1/07, define the channel path gains are assumed to
obey a Rician distribution in which h,’s are complex Gaussian random variables with
independent real and imaginary parts with mean p, and the variance s, and with Rician
factor, x, = u3/s,, again assumed equal for each multipath channel. Consequently, the

parametric form of the prior joint probability density function (pdf) of h can expressed as
L-1

1 1

o = [T (- )

f(h||,s) s, P gfl ¢ — Hel (3.29)
£=0

Where nuf ,ng(l +]) Sf - 259 and ll [HO:[’ZI' ---uaL—l]Tl S = [§0I§1I ---'§L—1]T are

vectors of 2L parameters controlling the prior mean and variance of each channel

coefficient h,. For fixed values of the parameters governing the prior, the posterior

density of the channel coefficients vector is complex Gaussian as follows:

with p, = Z,(nYTz+ I ') and 2, = (pYTY + 1)1, where T = diag(s).
Thus, from (3.30) the MAP estimator for h is given by
hyiap - arg ml?Xf(hlﬁ' S)=pp
t 1 B t L
= (yy+ 1) (yrz+ rm) (331)
The column vectors of Y = Ap = [ey, ey, ..., €,,_1] are approximately orthogonal. That
is efe, ~0fore # ¢ and £ # £ € {0,1,..L — 1}. The column vector e, of the

matrix in (3.21) can be expressed as

ep = [Fy,p,(bp) e J2mpiTe/N | Fy,p,(be) € —Jj2mpiTe/N Fyppp(be) e ~J2mp1Ty/N]T

where
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sin(0,, »,) N-1

Fpk‘pk(bg) = exp (_jT ka,pk> x exp(j2n(f,bp — V)Tcp)
Nsin (—p"’p")

N

and G)pk'pk = T[(b[ Pr + (ﬁ;bg — ﬁ)T)

It then follows from E, ., (b,) that
P
) 2mpy (T — Tpr)
e{-’re{” = z Bopi (D) By, (byr) exp <_] N '
k=1

Note that, the Doppler rates {b,} are uniformly distributed within [—b,4x +Dmaxl,
where bpax = Vmax/C, being the maximum velocity standard deviation and c is the
sound of speed. In practice, even in the presence of a severe Doppler spread, b4 IS In
the order of 5 x 107*. Hence, |by|<< 1 for £ € {0,1,...L — 1}. On the other hand,

assuming v, the residual mean Doppler shift, is estimated almost perfectly, it follows that

|feb, — D] << 1. Consequently, the term E, ., (by) 5, », (byr) in e}e{ﬂ can be replaced

with unity that yields to an upper bound for the value of e;ey. Then e}ey takes the form

P

+ AP 2mpy (T — Tpr)
ejey = exp [ —j N .

k=1

The real-valued, normalized path delays 7,’s in e}e{,/ are estimated by the MP algorithm
at equally spaced pilot positionsp; = 0,p, = p; + A, ...,pp = (P — 1) A, taking values
from the set of possible discrete path delays, {0, 1, ..., L¢p}, normalized to the sampling
interval T. Hence for ¢ # ¢',7, — T, = m, where m # 0 is an integer. Note also
that PA = N. Now substituting %, — ¥, =m and p,=(k—1)A in eje, and
performing the resulting summation, for m =+ 0, the result can be shown as follows

P-1

+ 2mkmA
dere 3 e (2812)

k=0

1— e—jZn’mPA/N

~ 1 _ g-j2nmPA/N

1— e—jZn'm

= 1 _ g-j2nma/N
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= 0.

Consequently, Y™y is a banded matrix and can be approximated as Y'Y =
diag(|leoll?, llell?, ..., lle,_111%), where e, is the £t* column vector of Y. Then, the
matrix inversion in (3.31) can be computed easily as:
1 -1
(y*y + Er-l) = diag (A9, A1, o, Apeq), (3.32)

with 1, = (g |leyll> +1/5,)~*. However, for £=0,1,..,L —1, the unknown
parameters u, = f,/(1+j) and s, = §,/2, representing the independent real and
imaginary parts of the Rician distributed channel coefficients, h,, can be estimated from
(3.28) by marginalizing over h, and then performing ML estimation. Details are given in

the following subsection.

3.3.4 ML Estimation of the Prior Unknown Mean and Variance {u,, s,}5~1

The reduced dimensional observation model given by (3.28) is used to obtain the ML
estimates of the variance s = [sy, sy, ..., 5;_1]7and the mean vector p =
(1o, 1, sy —1]T of h as follows:

(MmL, SmL) = arg rr:lix logp (z|w,s)., (3.33)

In (3.33), p(z|wn, s) can be evaluated by averaging it over h as

p(zlw,s) = fh p(zlh) p(hlw,s). (3.34)

From (3.28) it follows that
p(zlh) ~ exp{-7 llz— Yhl|*}, (3.35)
and p(h|p,s) is given by (3.29). Substituting (3.35) and (3.29) into (3.34) and defining
Y, = (1 +j) Y, the integral of (3.34) with respect to h is computable and given by
p(zls,w) = n77 det(C;1) exp{—(z— Yo' ;' (z—Yow)}, (3.36)
where C, = YAYT + (1/n) Irand A = diag(2sy, 254, ..., 25,._1). The loglikelihood
of p and s can then be expressed as
logp (zlw,s) = (z— Yo' C; ' (z— Yow) +logdet(C,).  (3.37)
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Then the ML estimate of p. Can be found by minimizing (3.37). By taking the
derivative of log p (z|p, s) with respect to p and setting the resulting gradient to zero,

the following solution can be obtained:

~ _ -1 _
Ave = (YL C71Y,) Re{ylcitiz). (3.38)
Using the matrix inversion lemma, C; ! z can be expressed as

GZ'= (YAY + A/m 1)}
1 -1
_ _ t Z t
= —ny(¥'y + () a) ot (3.39)
As mentioned earlier, YT Y can be approximated as YTy =

diag(lleoll?, lle4ll?, ..., lle,_111?) , where e, is the £t column vector of Y. Then, (3.39)

can be computed easily as:

C:l=nlp— nYTAY, (3.40)
where A = diag (A, A4, .., A1) With 2, = ([le,l|? + 1/(2n5,)) L.

On the right hand side of Eg. (3.38), the term (Y} ¢! ‘yo)_lcan be expressed as

follows
(i e yo) " = (A+Ha- DY )
— 1 Tc—l -1
- E(‘y z y) :

Substituting C;'= (YAYT+ (1/n)1,)"1, obtained in Eqg. (3.39) and Y'Y =

diag(|leoll?, llell?, ..., lle,—11?), into the above expression yields,
-1 1
(Yic:'y,) = 57 Y'Y -Y'yayTY™
1 . -1
= (diag(lleoll® llesll?, ..., lle;—11I?) — diag(lleo[|* 2o, lle1|1* Ay, ..., lle—1[1*2,-1))
1
= E(diag((lleoll2 — (1= Zolleol!™) ™, oo, Ulep—1 It = (1 = Ap_qlles—11D™H)
On the other hand, the second term, Re{yg c;t z} in (3.38) can be expressed as
Re{Y§ € 2} = n Re{Y§ (1, — YAY") 2}

= nRe{Yl1, —Ylyayh) z}
= nRe{Y} —Y'yAY}) z}
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= nRe{(1, — Y'YA) Y}z}

=n diag((l — lleoll* 20), ..., (1 — llep—1I? /1L—1)) Re{yEZ}-
Note that in the last equation, the third equation from the above follows from the second

equation due to the fact that Y, 2 (1 + j)Y. Inserting (Y} ¢;* yo)'l and Re{Y? ;1 2}
in Eq (38), the final result can be expressed as

Au, = % diag(lleoll =2, lles ™2, ..., lle,—1 117 Re{Y{ z}. (3.41)
The ML variance estimate of s is then found by maximizing the following objective
function with respect to s:
J (i, s) = arg maxlogp (z|fwL, ). (3.42)
Substituting (3.40) and (3.41) into (3.37), and discarding the terms independent of s,
(3.42) takes the form of,

L-1 L-1
1
T, ) = D tog(lledl 5o+ ~) =1 ) (a2 2= 1), (349)
£=0 1 £=0

where t 2 z — Yy, and g, is the £t component of the vector g = YTt.
Definingt 2 z — Y iy, and q = ygt, Eq (3.37) can be expressed as
logp(z|p, s) = tT C;1 t + logdet(C,).
Substituting the expression of C;* given by Eq. (39) and C, = YA YT + (1/n) I, into
logp(z|u, s) , consequently,
logp(zlu,s) = nt'(1p — YAY™) t +logdet(Y A YT + (1/n) Ip).
=n(t't - q'A q) +logdet(Y A YT + (1/n) Ip).
Using the matrix identity det(Y A YT + (1/n) I,) = n and discarding the terms

independent of s, log p(z|u, s) can then be expressed as
L-1 L-1

detlogp(zlu,s) ~ ) log(2llecll” sp+ 1/m) =1 ) log(1qel* 2, = It
£=0 £=0

Taking derivative of detlog p(z|u, s) with respect to s,, equating it to zero and solving

the resulting equation yields the ML estimation expressed as

Sy, = max (2L led?)” (3.44)
ML 2lleli*n /"’

where [x]* = max (0, x). Finally a normalization is performed on the optimal mean and

variance estimates so as to satisfy the following:
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S0 = Thoa(2al 50 + 280070 ) = 1, (3.45)

where for £ = 0,1, ...,L — 1, Agpy, 5, and Q5" are normalized versions of

~ A X _ A~ PN . a2 (nor) ;a2 (nor)
fomrr Semrs and Qp =2 fpyy + 28,01, respectively. Also, kp = [ /S,

where K, is the Rician k — factor for the £ tap of the channel. The normalized 0"

is determined by means of ﬁ%’? and §{5’}‘;’Lr das
=(nor) _ Q, _
Qf - Z‘ll’;‘L_:lOﬁm, ‘e— O, 1,...,L— 11

from which the required normalized ML estimates of mean and variance are obtained

respectively as:
a(nor) __ ﬁ%”"r)
LML T 2(1+k,p)’

ﬁ(nor)
~(nor) — Kpil, (3.47)
Hemi 2(1+K)

3.4 Equalization and data Detection

(3.46)

The final equalization and data detection steps at the receiver based on the received
signal model in (3.18) is discussed in this subsection. Supposing P known data symbols
(pilots) in each OFDM symbol are evenly inserted into the K subcarriers. Let P =
{p1,p2, ..., pp} denote the set containing the pilot positions and d(q), g € P denote a
pilot symbol d = [d,, d, ..., dx_1]" (3.18) is a superposition of the pilot vector, dp,
and the vector of the unknown data symbols, dp, asd = dp + dp.
However, the vectors dp, dp € CXcontain nonzero components only at the pilot
positions p;,i = 1,2, ..., and at the data positions P, respectively. Consequently, (3.18)
can be expressed as
Zp 2Z—-Gdp (3.48)
= Gdp + V.

Then, the equalized soft data symbols dp, are recovered at the output of a linear
minimum mean-square error (LMMSE) equalizer as

dp = GT'(GG' + y 1)1 Zp, (3.49)
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where is the signal-to-noise ratio (SNR). The [k, g]¢"element of G is computed from
(3.15), (3.16) and (3.18) by replacing the channel estimates {h,, (b, £,)}5~*, obtained at
the channel estimation stage. However, although the MMSE equalizer outperforms
other linear equalizers, the matrix inversion in (3.49) requires 0 (K?) flops which
represents a significant burden when K is large. However, as already documented in
(Berger, Zhou, Preisig, & Willett, 2010), the UWA channels produce nearly-banded
channel matrices G and this property can be exploited to reduce the complexity
substantially by means of the factorization of Hermitian banded matrices (Rugini,
Banelli, & Leus, 2005). Finally, the soft equalized data symbols are mapped onto M-ary
quadrature amplitude modulation (QAM) or phase-shift keying (PSK) symbols by an
ML detection technique. The final channel estimation, equalization and detection

algorithm is summarized in Fig.3.1.

MMSE £ Data dp
Z (Freq. Domain) ) Algorithm _) Detection
___________________ < (Channel Equalizer)

~

1

: . I A
M—> MP Algorithm  {b, T}
' ( Estimation of Path :

._!_.) Delays and Doppler

Spread

; )
l{f», 3
—T—> ML Algorithm

pilot_ !

( Parameter Estimation
of Prior Distribution )

1

1

1 A A

: (B Sy} l
1

—/M—> MAP Algorithm <

: ( Estimation of Channel

' i Path Gains )

-------------------

MP-MAP Algorithm

Figure 3.1 Block diagram of the MP-MAP channel estimation and equalization

algorithm.

3.5 Computation Complexity

The computational complexity of the proposed algorithm is presented in Table-3.1.

However, Doppler spread, path delays, and path amplitude estimates, in (3.26) and (3.27),
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obtained by the MP algorithm require approximately (P+1) N,N, complex
multiplications (CMs) and PLN, N, complex additions (CAs). Also, the computational
complexity of the parameter estimates of the associated prior distribution of the channel
gains, fd,mr and $,vy, can be obtained as follows. In (3.41),
diag(lleoll ™% lleLll ™2, ..., lle,—11I72) requires N(L - 1) CMs and (N - 1) CAs. Similarly,
computation of Re{y] z} requires LN CMs and L(N- 1) CAs. Consequently, total
computations for fi,, require 3NL CMs. Similarly, the estimates of $,\, in (3.44)
require 6L CM and L CA. On the other hand, to implement the MAP algorithm for
estimation of the complex channel path gains in (3.31), it can be easily checked that it
requires L(N +4) CMs and N(L+1) CAs.

Table 3.1Computational complexity details

Prior Distribution Parameters Estimation

Eq. Variable CMs CAs
No
(3.46) SpML ~2L(N — 1) ~ 7L

MP-MAP Estimation Algorithm

(3.26), o = (b, %)) ~(P+1) N, N, PLN,N,
(3.27)

(3.31), Rom ~NL + 4L L

(3.32)

Equalization Algorithm

(349) | GT(GGT + Yy~ 1) | *)3N?(L + A+ 2)NL ~2N?(L+A+2)+ N(L
- 1)

In computation of the equalizer output, dp in (3.49), the channel matrix G and the
Hermitian matrix GT(GGT + y~'I,) can be approximated as banded matrices whose
total number of diagonal and sub-diagonals is A. This property results in a substantial
reduction of the computational complexity. Namely, the computation of dp requires
approximately 3N?(L + A+ 2)NL CMs and 2N?(L+A+2) + N(L — 1) CAs. As a

result, it follows from Table-3.1 that the total computational complexity per iteration of
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the MP-MAP channel estimation and equalization algorithms is approximately 2NL +
2L(N-1) + (P+1)LN,N, + NL + 4L + 3N3(L +A4+2) + NL CMs and 2LN + 7L +
PLN,N; + L + 2N?(L + A+ 2) + N(L - 1) CAs. Consequently the complexity of the
algorithm is on the order of O(NL) per OFDM subcarrier.

3.6 Computer Simulations with BELLHOP Simulated Channels in Sapanca Lake

In this subsection, the computer simulation results are presented to assess the performance
of OFDMbased communication systems in UWA channels with the proposed channel
estimation algorithm. The performance of the proposed algorithm is investigated over
Sapanca Lake in Turkey, where the channels for the simulation part are generated by the
BELLHOP-MATLAB wrapper acoustic toolbox (Kuai, Sun, & Cheng, 2016), which
precisely reflects the characteristics of geographical location based on environmental
factors such as sound speed profile and morphology of the lake bottom. Sapanca Lake is
located at a latitude and longitude of 40.7163 and 30.2628, respectively. The lake has
fresh water, and the dimensions of the lake are approximately 16-kilometres long, 5-

kilometres wide, and the deepest point of the lake is about 53-metres (Fig 3.2).

B

Figure 3.2 Source and destination stations in Sapanca Lake

The source and destination are located 5 km apart from each other and the corresponding
transmitter and receiver are placed at a depth of 50 meters.

Simulation parameters are summarized in Table-3.2. For the given environment,
BELLHOP generates a variety of outputs such as the arrival time-series, the amplitudes
and travel times associated with each echo. This yields the deterministic raw CIR which

is then normalized and augmented by introducing Rician fading. Using the ray tracing
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technique implemented by BELLHOP, Fig 3.2 shows the direct path and the reflected
paths of the acoustic waves with significant power at the receiver (non-zero paths)
between the source and destination, which enables us to compute the channel Rician
factor.

However, as explained in (Llor & Malimbres, 2013), in detail, the Rician factor is
calculated by applying a repetitive computation using BELLHOP for a set of varying
environmental conditions (surface height, wave activity, small node displacements
around nominal locations, etc.), an ensemble of transmission losses can be compiled for
a given deployment information (water depth, salinity, operational frequency range) and
later used to infer the statistical model parameters, including the fading distribution and
the Rician k — factor. While it is possible, in principle, to run a deterministic propagation
model for a large number of different surface conditions, the underlying computational
demands are high. Hence, the statistical prediction model (SPM) is adopted in (Llor &
Malimbres, 2013), to facilitate the BELLHOP in the presence of channel fading for the
Sapanca Lake simulations.

For the given SSP of Sapanca Lakes, the SMP is implemented by varying the parameters
(wave height and wave lengths) related to the surface wave activity. Also, the stations are

moved slowly in a random way at the source and receivers ends in vertical and horizontal
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Figure 3.3 Ray tracing for a range of 5km

directions from their nominal positions.However, the surface wave height of Sapanca

Lake was taken between 0.5 m -1 m (in steps 7.5 cm) and surface wave length between
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25m-50m (in steps 1m). The probability density function estimated by the SMP was quite
fitted in a Rician distribution with a Rician factor xk — factor x, ~ 10, for all channel
paths, and consequently, used throughout the computer simulations. The proposed
environmental profile, hypothesizes that the bottom type of Sapanca Lake is flat.
However, a slight Doppler effect would arise due to the semi-steady state of the water
motion in the lake. In order to get the sound speed for Sapanca Lake, Medwin’s formula
(2.3) is used. The water temperature have been under measurement along the years (2000-
2007) (Akcaakan, Koker, Gurevin, & Albay, 2014), where the average water temperature
of Sapanca lake is around (16.0°), with salinity 0.5 ppt. Using these two values along the
depths 0-53 m, an SSP is generated for the proposed Sapanca Lake. Fig 3.4 shows the
sound speed profile of Sapanca Lake obtained by BELLHOP.
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Figure 3.4 Sound speed profile for Sapanca Lake

Based on the carrier frequency, f., and the sound speed profile (Fig. 3.4), a raw
deterministic sparse CIR is generated having a specific number of taps between the
transmitter and the receiver. The initial CIR (called the “raw CIR by the BELLHOP) is
obtained directly from BELLHOP software as shown in Fig. 3.5 (a), using the information
as input, about the carrier frequency, SSP, the aperture of the transmit and receive
antennas, their positions located in the lake and the communication range. The CIR,
showing in Fig. 3.5 (b) with reduced number of effective taps, L, is obtained after
performing a clustering process on the taps in Fig. 3.5 (a) as follows. If the delay between
two consecutive paths is smaller than 1/BW, then the two paths are considered to be
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merged into one path where the power of this path is determined by the summation of
powers of the two corresponding paths. However, since the proposed communication
range is 5 km and the average sound speed in the proposed underwater region is around
1.455kml/s, the acoustical waves are expected to be received at the receiver with a delay
about 3.43 s that can be seen in Fig. 3.5 (a) and Fig. 3.5 (b). In order to obtain the taps
with only significant powers, a thresholding process is carried out on the CIR obtained in

Fig. 3.5 (b), following the clustering process.

Amplitude
Amplitude

o cmtn ¢ oliogns | au

C Tmel ST Timeter
(a) (b)

Power
Power

& Tim<e (ms) Time (ms)
(c) (d)

Figure 3.5 CIR for a range of 5km. (a) Original CIR with 607 paths; (b) Clustered paths
with 79 clusters; (c) L = 3, delay spread = 28.5383 ms (normalized); (d) L =5, delay
spread = 28.5383 ms (normalized).

That is, only the channel taps gains that are greater than 0.08 Y, | h|;, and 0.04 Y% |h|,,
are considered, as shown in Fig. 3.5 (¢) and 5 (d), resulting in 3-paths and 5-paths sparse
channel, respectively, with a delay spread of about 28 ms.The proposed simulations for
the proposed algorithm include average mean square error and symbol error rate versus
signal to noise ratio in the presence of (BPSK, QPSK, and 16QAM) signaling, different
oversampling factor [2, 4, 8, 16], different residual Doppler shift
[1072,1073,107%,107%], and different pilot spacing values [2, 4, 8] considering the
proposed MP-MAP approach and comparing it to MP alone.
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Considering a comb-type pilot structure with equally spaced pilot subcarriers and
measure the performance of the system in terms of the frequency-domain mean square
error (MSE) of the proposed channel estimator and the corresponding symbol error rate
(SER). The sparse path delays and the Doppler shift are estimated by a conventional MP
algorithm first. The estimates of the complex-valued channel gains are then obtained by
the proposed MP-MAP algorithm.

Table 3.2 Channel and simulation parameters for Sapanca Lake

Carrier frequency (f2) 16 kHz

Channel bandwidth (BW) 4 kHz

Number of subcarriers (K) 512

OFDM symbol duration (T) 128 ms

Subcarrier spacing (4f := 1/T) 7.81 Hz

Cyclic prefix duration (T¢p) 30 ms

Model parameter of the ambiant noise (f,75) 0.05

Maximum Doppler rate (b,,q5) 1073,5 x 1074,10~*
Doppler spread resolution (4,) 1073Hz

Channel Rician factor (x,) 10

Modulation formats BPSK, QPSK, 16QAM
Pilot spacing (A,) 2,4,8

Oversampling factor (o) 2,4,8,16

In order to get statistically accurate results, the number of Monte Carlo runs is set as a
function of signal-to-noise ratio values. the number of Monte Carlo runs increses
according to rpt = step * (1: length(SNR_dB)), so that, the more Monte Carlo runs,
rpt, increases as SNR gets larger. The the step size parameter, step, is adjusted to 250,
which was more than sufficient to obtain estimation errors up to 10~> with sufficient

accuracy.

Figs. 3.6 and 3.7 show the MSE and SER performance curves of the MP and MP-MAP
algorithm, corresponding to the UWA channel whose CIR is given by Fig. 3.5, for binary
phase shift-keying (BPSK), quadrature phase shift-keying (QPSK) and 16-ary quadrature
amplitude modulation (16QAM) signaling formats as a function of SNR in the presence
of extreme Doppler spread. During simulations, the pilot spacing, Doppler spread and the

resolution factor are chosen as A, = 8; byax= 1073 and o = 8, respectively. However,

44



bmax= 1073 represents a severe Doppler spread for UWA channels, corresponding to a
maximum speed of v, 4= Chiax = 1.5 m/s for a speed of sound ¢ = 1500 m/s.

As seen from Figs. 3.6 and 3.7, the MP-MAP algorithm, having excellent channel
estimation and symbol error rate performance, uniformly outperforms the MP estimator.
For instance, within the 25-30 dB SNR region, the MSE and SER of the MP-MAP
algorithm are about 10 dB and 4.5 dB better than those of the MP algorithm, respectively.
This is mainly due to the fact that the MP-MAP algorithm makes use of the prior

information of the Rican distributed channel gains very effectively.
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Figure 3.6 MSE vs. SNR performance comparisons of the MP-MAP and MP algorithms
for different constellations: ¢ = 8, b0, = 1073,4, = 4.
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Figure 3.7 SER vs. SNR performance comparisons of the MP-MAP and MP algorithms
for different constellations: ¢ = 8, b;ax = 10‘3,Ap =4,
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In Figs. 3.8 and 3.9, the MSE and SER performances of the MP-MAP algorithm are
shown as functions of SNR for different values of the oversampling factor, o = 2; 4; 8;
16, for maximum Doppler shift 1073, oversampling factor A, = 4 and 16QAM signaling.
It can be seen from these figures that an oversampling factor of ¢ = 8 would be sufficient
to obtain the best sparse channel estimation performance of the proposed MP-MAP
algorithm. However, another investigation is performed on the proposed approach with
respect to the effect of the Doppler spread on the MSE and SER performances of the
system with oversampling factor ¢ = 8, pilot spacing A,= 4 and 16QAM signaling.

TR MENE e =

—— mpP Algorithm (e=2)
MP-MAP Algorithm (e=2)

>

1932 l&— MP Algorithm (e =4) il

- - MP-MAP Algorithm (e =4) | ]
<— MP Algorithm (e=8)
,,,,,,, )< - MP-MAP Algorithm (e =8)

Bt
1073 S
o
(<3
é “t, i

104 E et Q il

"""--,.-s“‘la
107> 1 L
o 5 10 15 20 25 30
SNR (dB)

Figure 3.8 MSE vs. SNR performance of the MP-MAP algorithm for different
resolution factors: by,q, = 1073, 4, = 4, 16QAM signaling.
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Figure 3.9 SER vs. SNR performance of the MP-MAP algorithm for different resolution
factors: byey = 1073,4,, = 4,16QAM signaling.
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Figs. 3.10 and 3.11 show that the proposed MP-MAP algorithm is quite robust to Doppler

shifts up to b,,,4,= 10~ 3beyond which can be considered as severe Doppler effects.
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Figure 3.10 MSE vs. SNR performance of the MP-MAP algorithm for different Doppler
rates: ¢ = 8,4, = 4, 16QAM signaling.
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Figure 3.11 SER vs. SNR performance of the MP-MAP algorithm for different Doppler
rates: ¢ = 8,4, = 4, 16QAM signaling.

The effects of different pilot spacings (A,= 2, 4, 8) on the MSE and SER performances
are also investigated as functions of SNR in Figs 3.12 and 3.13. The parameters are

chosen as @ = 16 and by, q,,= 1073 with 16QAM signaling. It can be seen from these
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Figure 3.12 MSE vs. SNR performance of the MP-MAP algorithm for different pilot
spacings: ¢ = 16, b,,,,,, = 1073, 16QAM signaling.

curves that the channel estimation algorithm can tolerate a pilot spacing of A,= 4
sufficiently to handle the maximum Doppler rates around b,,,,= 1073. The SER
performance degrades rapidly as the pilot spacing increases beyond that. In addition, it
can be seen in Fig. 3.13 that the proposed MP-MAP algorithm achieves almost the same
in the SER for A,= 2 and A,= 4 for the given severe Doppler shift. Fig. 3.13 figure

gives an important insight for the pilot design regarding system bandwidth usage and the
complexity in the calculations in the oversampling matrix.
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Figure 3.13 SER vs. SNR performance of the MP-MAP algorithm for different pilot
spacings: ¢ = 16, byq, = 1073, 16QAM signaling.

3.7 OMP-MAP Estimation

In this section, an extension of the proposed algorithm is performed. The aforementioned

proposed approach considers matching pursuit algorithm for Doppler and delays
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estimation and MAP probability estimate for path gains’ estimation, where the channel
multipaths were assumed to experience the same Doppler scale factor and hence there is
no Doppler “spread” but just an uncompensated residual Doppler. In this section,
considering white noise, another member of the matching pursuit family called
orthogonal matching pursuit (OMP) is proposed for Doppler and delays estimation. In
addition, in this section, the multipath channel is assumed to have different Doppler
scaling factors (non-uniform Doppler shifts) exist in the Doppler-compensated received

signal.

3.7.1 OMP-MAP Algorithm

The Doppler scaling factor b, in this section, is considered to be different for every path
¢ € {0,1,...L — 1}. Consequently, define, b,, as the Doppler scaling factor of the £t"
path. However, the MP-MAP formulas, in this section, are kept the same, except that
OMP algorithm is used instead for Doppler and delay estimation, and hence, OMP-
MAP is presented. The OMP algorithm can be found in (Yu et al., 2015), where the
OMP-MAP algorithm is shown in Fig. 3.14.
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Figure 3.14 Block diagram of the OMP-MAP channel estimation and equalization

algorithm
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However, since the Doppler scale is considered to be different for each path, adjustments
have to be carried out on part of the formulas presented earlier in this chapter, mainly in
the system and channel model. Equations (3.2) and (3.3) which show the time-varying
continuous-time multipath UWA channel impulse response in passband and baseband,

respectively, are rewritten accordingly to meet the non-uniform Doppler scaling, as

follows
h(eD) = ) Ap 8= (v = bib)). (32)
£=0
ho(6,) = D hy 2T 5= (1= byt)) (33)

Equations (3.8), (3.9), (3.11), and (3.12) that represent the received passband signal
followed by resampling operation, passband-to-baseband conversion, and Doppler

compensation procedure, are respectively rewritten as follows,
y() = 5(O)Qh(t,7) + ¥(t)

= V2 Re (Z hy /2™t s((1+ byt — Tf)) ejZ”fCt}

=0 (3.8)

+ 7(t),

Frs(t) = Re {e/2mfet g2mfchet Z he s((1+ byt
= (3.9)
- Tf)} + Trs(8),

L-1
yas(0) = €™ N hy (14 bt —1) +vps®, (3.11)
Zps[n Z hy — ZKd exp <— ((1+ bp)n— u)) 312

2
+ vgs[nl,

The formulas of H[k, q] and F; 4(b) in (3.15) and (3.16) can be respectively given by
L-1

2mqTy
Hlbk ql = ) ke exp ()= Fg(be), (3.15)
£=0
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Sin(@k’q) . N-1
Fa®) = T (T %) a9

where 0, , = m(q(1+ b,) — k).
Using the aforementioned equations in the sparse UWA channel generation and

BELLHOP-MATLAB wrapper, OMP-MAP algorithm is then performed, where the

simulation-related curves are provided in the next subsection.

3.7.2 Simulation Results for UWA Channel undergoing Rician Fading with
different non-uniform Doppler rates

The communication parameters of the OFDM system used in this section are the same in
table 3.2. The underwater parameters such as, the residual Doppler shift values (b,,4x),
signalling type, the value of the resolution factor (), and the value of the pilot spacing
(4,) used are all provided in the discussions of the figures and their captions.

Figs. 3.15 and 3.16 show the MSE and SER performance curves of the OMP and OMP-
MAP algorithms, corresponding to the UWA channel whose CIR is given by Fig. 3.5 with
different Doppler scaling factors. Considering different constellation models, OMP-MAP
is presented in binary phase shift-keying (BPSK), quadrature phase shift-keying (QPSK)
and 16-ary quadrature amplitude modulation (L6QAM) signaling formats as a function of
SNR. During simulations, the pilot spacing, Doppler spread and the oversampling

(resolution) factor were chosen as A, = 4, b,,,q, = 107* and o = 4, respectively. As seen
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Figure 3.15 MSE vs. SNR performance comparisons of the OMP-MAP and OMP

algorithms for different constellations: ¢ = 4, b, = 10‘4,Ap = 4.
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from Figs. 3.15 and 3.16, the OMP-MAP algorithm, having excellent channel estimation
and symbol error rate performance, uniformly outperforms the OMP estimator. For
instance, within the 25-30 dB SNR region, the MSE and SER performances of the OMP-
MAP algorithm are about 8-10 dB and 3-5 dB better than those of the OMP algorithm,
respectively, depending on the modulation scheme employed. This is mainly due to the
fact that the OMP-MAP algorithm makes use of the prior information of the Rician
distributed channel gains very effectively.

OMP Algorithm (BPSK) ’\
L == OMP-MAP Algorithm (BPSK)
==Lp - Perfect CSI (BPSK)

== OMP Algorithm (QPSK)
== OMP-MAP Algorithm (QPSK)

Symbol Error Rate (SER)
/

(-)--- Perfect CSI (QPSK)
—3j¢— OMP Algorithm (16QAM)

— 3} — OMP-MAP Algorithm (16QAM) )
rees3fé = Perfect CSI (16QAM)

o 5 10 15 20 25 30
SNR (dB)

Figure 3.16 SER vs. SNR performance comparisons of the OMP-MAP and OMP
algorithms for different constellations: @ = 4, by, = 1074, 4, = 4.

In Figs. 3.17 and 3.18, the MSE and SER performances of the OMP-MAP and OMP
algorithms are shown as functions of SNR for different values of the oversampling
factors, o = [2, 4, 8], in the presence of maximum Doppler shift of b,,,,= 107%, pilot
spacing A, = 4 and 16QAM signaling. It can be seen from these figures that an
oversampling factor of o = 4 would be sufficient to obtain the best sparse channel
estimation performance of the proposed OMP-MAP algorithm. In case of higher order

oversampling factor, the enhancement in the average MSE and the SER would be
negligible with a higher computation complexity.

52



T T T
N — - OMP Algorithm (@ =2)
54 ‘\\ OMP-MAP Algorithm (e =2)
\ \\ = OMP Algorithm (e =4)
= \\\ - OMP-MAP Algorithm (e =4)
< \\\\ ., OMP Algorithm (€ = 8)
= OMP-MAP Al ith > =8
5 oL % W\ —3— gorithm (e )
= F
Ll
©
=
S
w
=
©
5}
=
103 ¢
10 | L L L L
0 5 10 15 20 25 30

SNR (dB)

Figure 3.17 MSE vs. SNR performances of the OMP-MAP and OMP algorithms for
different resolution factors: b4, = 1073,4,, = 4,16QAM signaling.
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Figure 3.18 SER vs. SNR performances of the OMP-MAP and OMP algorithms for
different resolution factors: b4, = 1073, 4,, = 4,16QAM signaling.

Moreover, Figs. 3.19 and 3.20 investigate the effect of the Doppler spread on the MSE
and SER performances of the system with oversampling factor ¢ = 4, pilot spacing A,=
4 and 16QAM signaling. Figs. 3.19 and 3.20 show the average MSE vs. Doppler rate and
SER vs. Doppler rate. It can be observed from these plots that the proposed OMP-MAP

algorithm is quite robust to Doppler shifts up to b,,4, =5 X 1073, beyond of which can
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be considered as severe Doppler effect, and that it has uniformly better performance than

the OMP algorithm for by, Values varying between 107>— 1073,
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Figure 3.19 MSE vs. Doppler rate performances of the OMP-MAP and OMP algorithms
for different Doppler rates: ¢ = 8,4,, = 4, 16QAM signaling.

10°

@
0)
0

Symbol Error Rate (SER)
*
IP

|
|
|
I
I
|
|
|
*
|
|
|

— (= = OMP Algorithm (SNR=15 dB)
—— OMP-MAP Algorithm (SNR=15 dB)
— 3} — OMP Algorithm (SNR=30 dB)
—3jé— OMP-MAP Algorithm (SNR=30 dB)

1072

1672 10 1073
Doppler Rate (bmax)

Figure 3.20 SER vs. Doppler rate performances of the OMP-MAP and OMP algorithms
for different Doppler rates: ¢ = 8,4, = 4, 16QAM signaling.

In Fig. 21, the effects of different pilot spacings (4, = 2, 4, 8) on the SER performance
as a functions of SNR is investigated. The parameters are chosen as ¢ = 4 and b,y =
10~* with 16QAM signaling. It can be seen from these curves that the channel estimation

algorithm can tolerate a pilot spacing of A, = 4 sufficiently to handle Doppler spreads
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around b,,., = 107*. The SER performance degrades rapidly as the pilot spacing
increases beyond that.

Symbol Error Rate (SER)
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Figure 3.21 SER vs. SNR performance of the OMP-MAP algorithm for different pilot
spacings: @ = 4, b,qx = 1074, 16QAM signaling.

Finally, in Figs. 3.22 and 3.23, MSE & SER vs. SNR performance results are presented
when residual Doppler scales b, and paths delays x, are drawn from random distributions
such as uniform U([—b,,ax » + bmax]) and Poisson distribution respectively, for every
trial run. The purpose here is to show that the results hold for a wide range of 7, and b,
and are not influenced by certain specific choices of t, or b, as in the present simulation
set up. In the same figures, the performance results include the fast iterative shrinkage-
thresholding algorithm (FISTA) that can be found in (Yuta et al., 2015), a fast version of
the ISTA algorithm and a part of the basis pursuit (BP) family, and compare them with
the proposed OMP-MAP algorithm. Note that, to operate the FISTA algorithm efficiently,
the regularization parameter, the initial values for the channel coefficients, a parameter
called learning rate as well as a suitable threshold value, to compute the shrinkage
function, should be chosen very carefully. These parameters affect the convergence rate
of the iterative algorithm, substantially. The figures below (Fig. 3.22 and Fig3.23) show
the computer simulation results of MSE-vs-SNR and SER-vs-SNR curves corresponding
to the OMP-MAP and FISTA algorithms. It can be shown in these plots that the OMP-
MAP algortihm also outperforms the FISTA, although the gap between the proposed
OMP-MAP and FISTA is narrower than that of the OMP algorithm, but at the expense of

more involved and higher computational complexity to operate the FISTA algorithm.
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Figure 3.22 MSE vs. SNR performances of the OMP-MAP, OMP and FISTA
algorithms with QPSK signaling, ¢ = 4, bypg, = 107%,4, = 4.
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Figure 3.23 SER vs. SNR performances of the OMP-MAP, OMP and FISTA algorithms
with QPSK signaling, ¢ = 4, by, = 10744, = 4.

3.7.3 Simulation Results for UWA Channel undergoing log-normal and Nakagami-
m Fading with different non-uniform Doppler rates

In this subsection, an investigation on the MSE and SER performances of the proposed

channel estimation algorithm by computer simulations in the presence of different fading
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models such as log-Normal and Nakagami-m, while retaining the same receiver side
algorithm that is constructed based on a Rician/Rayleigh model.

The channel path coefficients of the Rician/Rayleigh fading are complex-valued Gaussian
random variables with independent real and imaginary parts having mean and variance,
e and of for each path £ = 0,1, ...,L — 1. That is, discarding the channel path indices
¢ for notational simplicity, hgician = Q = 2u3 + 207, E = {|hgician|*} = # = 80} +
16075 + 4u;.

Similarly, for log-normal fading the complex-valued fading coefficients are generated
from h = exp(Xg + jX;), where Xz and X; are independent Gaussian random variables

with mean M and variance S2. Its second and fourth moments are given as
2 5z
E= {lhlog—normal| } = exp <M + 7);

4
E= {lhlog—normall }: exp(ZM + SZ)-
Finally for Nakagami-m fading, the complex-valued fading coefficients are generated

from h = /G exp(jo) where G is a Gamma distributed random variable with parameters
m and w where m is the shape parameter and w is the spreading factor. Its second and

fourth moments are given as

E= {thakagamilz} = %%’
E = {thakagami|4} = %(%)2

In the following computer simulations, for mismatch analysis, the parameters (M, $2) and
(m, w) of the log-normal and Nakagami probability density functions (pdfs), respectively,
are determined in terms of the Rician parameters namely, the mean u and variance o2
for each channel path. These parameters have been obtained to yield equivalent second
and fourth moments of the underlying channel coefficients as suggested in (Radosevic,
Proakis, & Stojanovic, Statistical characterization and capacity of shallow water acoustic
channels, 2009), that is

E = {lhRicianlz} = E{lhlog—normallz} =E= {thakagamilz} =4

E = {lhRician|4} = E{lhlog—normal|4} =E= {thakagami|4} =
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This normalization ensures that the mean value of the log-normal random variable is in
the range of mean values of Rician and Nakagami fading channels. By solving the related
equations above, it can be shown that these parameters can be obtained for the log-normal

distribution as

M =1In(Q) — G) In(»)

§2 = G) In(») — (%) In(2)

and for the Nakagami-m distribution as

QZ
= (=)

w= .

Consequently, as will be seen from the computer simulations shortly, if a different fading

model other than Rician/Rayleigh, such as log-normal or Nakagami-m, is simulated while
retaining the same receiver side algorithm that is constructed based on the Rician fading,
the MSE and SER performance is degraded mainly by two types of mismatch situations.
1) The real and imaginary parts of the fading coefficients of the log-normal and Nakagami
random variables are no longer Gaussian. Hence, the Gaussian assumption on the prior
distribution employed in the proposed algorithm is violated.

2) The mean and the variance of the log-normal and Nakagami distributions cannot be
made equal to that of the Rician distribution because of the normalization process that is
applied to those distributions, as described earlier, to make the second and fourth order
moments equal to each other.

Figs. 3.24 and 3.25 present computer simulation results for the MSE and SER
performances in such mismatched situation in the presence of log-normal and Nakagami
fading when the Rician fading is the correct model. In these simulations, the residual
Doppler is drawn uniformly from ([—b;nax, + bmax]) @nd path delays are generated from
a Poisson process within [0, L¢p].

As can be seen from the MSE-SNR and SER-SNR curves shown in Figs. 3.24 and 3.25,

the log-normal fading model was affected most when it is running over the channel
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Figure 3.24 MSE vs. SNR comparisons of the OMP-MAP and OMP algorithms for
different fading models with QPSK signaling, ¢ = 4, b0 = 107%,4,, = 4 (random

case channel).

estimation algorithm. Other than the non-Gaussian mismatch between the Rician and log-
normal, it can be observed that there are substantial discrepancies between the mean and
variance parameters of these two fading models. On the other hand, the Nakagami fading
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Figure 3.25 SER vs. SNR comparisons of the OMP-MAP and OMP algorithms for
different fading models with QPSK signaling, ¢ = 4, by = 10‘4,Ap = 4 (random

case channel).

model seems to be less sensitive to the model mismatches, as can be seen also from the

same plots. This would be due to the reasons that its mean and variance parameters are
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fairly close to that of the Rician distribution and the pdf of the Nakagami distribution is
more Gaussian in the vicinity of the mean value. From these curves it can be observed
that the performances of Nagakami-m and lognormal fading models employing the OMP

algorithm are almost same as the one achieved by the Rician fading model.

3.7.4 Conclusion

In this chapter, two low-complexity novel pilot assisted channel estimation and
equalization algorithms for OFDM-based UWA systems are presented with uniform and
non-uniform Doppler scaling. The roposed algorithms estimate the unknown parameters
of the UWA channel such as sparse complex-valued channel gains and the channel delays
are estimated by the MP-MAP and OMP-MAP algorithms, respecively. On the other
hand, the means and variances of the prior distributions of the channel gains are obtained
by ML estimation. The performance of the proposed algorithms has been assessed by
detailed computer simulations on synthetic data based on real underwater channel
environmental characteristics. These computer simulations show that the UWA channel
is estimated very effectively and the proposed algorithms have excellent symbol error rate
and channel estimation performance, and is robust to the effects of Doppler mismatch. In
addition, the second approach is compared to FISTA algorithm (as a candidate of BP
algorithms) with different random channel cases, where the second proposed approach
showed a better estimation. Thus, the proposed approach and the resulting channel
estimation algorithms are very promising for this kind of challenging and severe channel

estimation scenarios.
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4. SPARSE CHANNEL ESTIMATION FOR SPACE-TIME BLOCK
CODED OFDM-BASED UNDERWATER ACOUSTIC CHANNELS

In this chapter, a Maximum a posteriori probability-Expectation Maximization-based
channel estimation algorithm for OFDM-based underwater acoustic systems undergoing

Rayleigh fading for a 2 x 1 transmission diversity is derived and presented.

4.1 Introduction

Communication over acoustic signals, underwater results in multi-scale multi-lag
channels due to multipath propagation. Hence, a robust channel estimation technique has
to be present at the receiver. In this chapter, assuming underwater channels undergoing
Rayleigh fading, a path-based channel model that characterizes each path of the time-
varying sparse channel by a delay, a Doppler scale, and an attenuation factor is
considered. Alamouti’s space-time block transmit diversity scheme is used in the form of
two-transmit antennas and one-receiver, hence, the proposed OFDM-based non-data-
aided algorithm iteratively estimates the complex channel parameters of each subcarrier
using the expectation maximization (EM) method, which in turn converges to a true
maximum a posteriori probability (MAP) estimate of the unknown channel, where
Karhunen-Loeve expansion is performed for complexity reduction. Finally, the novel
channel estimation algorithm combines the aforementioned MAP-EM technique with
ESPRIT algorithm to accommodate the delay estimation by reflecting the sparseness of
the underwater acoustic channels. The performance of the proposed algorithm is then
presented in terms of average mean square error (MSE) and symbol error rate (SER) for
QPSK signalling with extreme Doppler spreads and different pilot spacings. The
computer simulations presented show that excellent MSE & SER vs SNR performance is

achieved even in the present of extreme Doppler shifts.
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Channel estimation methods considering different diversity techniques have been
introduced with orthogonal frequency division multiplexing (OFDM) for frequency
selectivity compensation in different land-based telecommunication systems (Cirpan et
al., 2006), and have attracted significant attention in underwater acoustic communications
(UWACs) due to their robustness against large multipath spreads. Different studies have
considered the least-mean-squares (LMS) algorithm in multiple input-multiple-output
(MIMO) UWAC channel estimator design (Xi et al., 2017) (Yang and Zheng, 2014). In
(Xi et al., 2017), the authors have combined turbo equalizers with fast self-optimized
LMS, where the resulting channel estimator is found to yield a low bit error rate
performance for a 2 x 4 MIMO communication model. The proposed approach in (Yang
and Zheng, 2014) iteratively estimates the channel using an improved version of the
normalized-LMS with maximum a posteriori probability (MAP) with two transmitters
and six receivers. (Biagi, 2014) and (Beaujean and Bernault, 2003) have adopted a single-
input-multiple output (SIMO) type of diversity. The channel estimator in (Biagi, 2014)
introduces pulse position modulation for power efficiency and positioning, while a Rake
receiver is considered for diversity. The authors of (Beaujean and Bernault, 2003) have
developed a design for 1 x 4 MIMO considering long range communications in shallow
water. On the other hand, channel estimation and equalization for amplify-and-forward
cooperative relay based OFDM systems in UWAC channels was investigated in
(Panayirci et al., 2016), assuming a Rayleigh fading channel model between source, relay
and destination, an efficient algorithm is developed based on the space-alternating
generalized expectation-maximization (SAGE) technique. Furthermore, numerous
channel estimation techniques have been developed based on Alamouti’s coding schemes
(Alamouti, 1998). For instance, (Li et al., 2010) proposed a space-time coding OFDM-
based algorithm for a 2 x 12 UWA MIMO communication system. In (Eghbali et al.,
2014), a differential space-frequency block coded (SFBC)-based MIMO OFDM UWAC
system was presented with a channel estimator and a differential maximal ratio combiner
for data symbol detection for a single-input single-output communication model, and by
deploying two transmitters with various numbers of receivers. (Gwun at al., 2013)
considered synthetic data for channel generation using the BELLHOP Acoustics Toolbox
(Porter, last accessed, 2018). Assuming different diversity models, the approach utilizes
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L1-norm minimization to detect channel taps with high power, and then estimates the
channel using LMS.

In this chapter, assuming a sparse underwater channel undergoing Rayleigh fading with
transmitter diversity in the form of multiple-input-single-output (MISO) with Alamouti’s
coding. Using the data in the pilot symbols of the OFDM system and the information
carrying symbols on the optimization of the channel estimation, the proposed non-data-
aided based algorithm iteratively estimates the channel according to the MAP criterion
using the Expectation-Maximization (EM) algorithm. In addition, Karhunen-Loeve
expansion and ESPRIT algorithms are presented for a lower computational load on the
channel estimator, and delay estimation of the sparse channel, respectively.

The reminder of this chapter is organized as follows. Section 4.2 provides the Alamouti’s
transmit diversity scheme proposed for an OFDM system. In Section 4.3, the sparse-time-
varying underwater channel model is presented. Section 4.4 presents the proposed EM-
based MAP channel estimator. Section 4.5 includes synthetic data generation description
for simulation of the underwater channel, and the computer simulation results are
presented to assess the performance of the proposed approach. Finally, section 4.6

contains concluding remarks.

4.2 Alamouti’s Transmit Diversity Scheme For OFDM Systems

In this section, a generalized Alamouti’s (Alamouti, 1998) space-time block coded
transmit diversity scheme for an OFDM-based UWAC system is used. Thus, second order
diversity can be achieved assuming two-transmit antennas and one-receiver. During the
n" OFDM block (symbol) interval (nT,(n+ 1)T), the data symbols d,(n), k =
0,1,...,N — 1, modulated by the kt"subcarrier are simultaneously transmitted from the
two antennas indexed by u = 1,2. They are assumed to have unit variance and be
independent for different k’s and n’s. For every kth subcarrier, the proposed Alamouti’s
encoding scheme maps every two consecutive symbols d; (2n), and d,(2n + 1), to the
following (2x2) matrix:
time—

d2n k)  d@n+1k) 4.1)
space | [—d*(Zn +1,k)  d'@nk) |

63



where (*) stands for the complex conjugate operation. The rows of the matrix shown in
(4.1) are transmitted with successive time intervals with the first and second symbol
simultaneously through the first and second antenna, respectively. Defining D(2n) and
D(2n+ 1) as an N x N diagonal matrices with D(2n)[k, k] = d;(2n) and D(2n +
1) [k, k] =d,(2n + 1). The received signal can be expressed in vectoral form as
Y(2n) = D(2n)H;(2n) + D(2n+ 1)H,;(2n+ 1) + V(2n), (4.2)
Y2n+1) = -DT(2n)H;(2n + 1) + DT(2n + DH,(2n + 1)
+ V(2n+ 1),
where H,(n) = [H,(n,0),H,(n,1),...,H,(n,N — 1)]" denotes the channel transfer

(4.3)

function for the N subcarriers between the ut" transmitter and the receiver, V(2n) and
V(2n + 1) are N x 1 vectors of zero-mean Gaussian additive noise samples, and (1)
denotes the conjugate transpose. However, the complex channel gains between adjacent
OFDM blocks are assumed to be approximately equal, then the received signal, ¥ =
[YT(2n),YT(2n + 1)]7, can be expressed

Y=DH+V, (4.4)
where H,(n) = [Hﬂ,o(n),Hm(n). ...,H#,N_l(n)]Tdenotes the channel transfer function
for the N subcarriers between the " transmitter and the receiver,
[H{ (2n), H7 (2n)]", V = [V{ (2n), V4 (2n)]", and

D(2n) D(2n+ 1)

D=1_ptan+1) bpren)

4.3 Representation of The Discrete UWA Channel

The time-varying UWA channel impulse responses (CIRs) from the ut" transmit antenna
to the receiver are sparse and, in the nt* OFDM block (interval € (nT, (n + 1)T)), itis

characterized by

ORI WHOR (A (@5)
£=0

where L, A}, (n) and 7, (n) denote the number of nonzero paths, the real channel path
amplitudes and the time-varying path delays, respectively. The path gains are assumed to
be constant over a duration of one OFDM symbol. That is A’;(Zn) x A?(Zn +1). The
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path delays, rﬁf(n), are caused by the motion of the transmitter/receiver pair as well as
the scattering of the moving sea surface or reflection due to sound speed variations
(Berger at al., 2010). For the duration of an OFDM symbol, the time variations of the path
delays can be approximated well by a Doppler rate as, 7} (n) = 7, — y, n Where y, is
the Doppler scaling factor. In addition, it is assumed that all paths have a similar Doppler
scaling factor y;‘(n) ~ Yp, Where y* = v#/c, v#* being the velocity of the
ptMransmitter and ¢ is the speed of the acoustic signal (~ 1500 m/s). Note that, in
general the Doppler scaling factor can be different for each path (Mason et al., 2008).
However, it was stated in (Hu et al., 2015) that, as long as the dominant Doppler shift is
directly caused by the transmitter/receiver pair motion, this assumption can be justified.
Moreover, in order to mitigate the frequency-dependent channel Doppler shifts due to
fast-varying UWAs, first the received passband signal is resampled with a resampling
factor y# that corresponds to a rough Doppler estimate. Then, a fine Doppler shift
compensation is applied on the received baseband signal. Assuming that the Doppler shift
is estimated and compensated perfectly at the receiver and that all paths have similar
Doppler scales, it has been shown that the discrete channel matrix of the UWA channels
between the ut" transmitter and the receive antennas are close to diagonal (Hu et al.,
2015). Taking these assumptions and approximations into account, the frequency

response of the time-varying multipath UWA channel can be obtained from (5) as
L (—jZE%g(n))
H,n0) = ) hy(ne)e n ), 4.6)
£=0
where N = T/Ts, and £} (n) = 7} /T, is the £ normalized path delay. h, (n) represents

—j27ti'éf(n)

N ).

In real underwater environment, diffuse multipath components are diffracted or scattered

fading coefficients defined as h, (n, £) = A} (n) exp(

by the rough sea and bottom surface. The multipath components A’j,i and ff,fi are treated

as random to describe the random movements of the scattering points in the underwater
acoustic field (Qarabagi and Stojanovic, 2013). Assuming the components in the
summation above are independent and identically distributed, by the central limit

theorem, that the channel coefficients hj, (n) in (6) are assumed to be complex Gaussian
random variables with power delay profile P(z}), where #; = %, (n) for every OFDM

block index n. It has been experimentally verified that an exponential decay is a valid
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Ty

model for the power delay profile P(T?) = Cexp( )of UWA channels (Jenserud

Trms

and Ivansson, 2015) and delays, {z}}, are independent and uniformly distributed over the

u

ot
length of the cyclic prefix. C is a normalizing constant, chosen to satisfy C Y5zl e(z?) =

1.

Depending on the sea conditions, each channel gain |h§(n)|2 can be assumed to have a
different distribution. With increasing the distance between the transmitter and the
receiver, large sea dynamics prevent direct path contributions and mostly the diffuse
multipaths dominate, resulting in channel gains having Rayleigh distribution. In this
work, it is assumed a priori that the channel path gains obey a Rayleigh distribution.
Normalized to unity, the discrete channel autocorrelation coefficients in frequency-
domain for different OFDM blocks, n, defined as rr(m) = {H*(n, k) H*T(n, k +m)}
can be found as (Hu et al., 2015)

1- e_L(Trins-'- 1'21767”)
rr(m) = ,
! . 0 er;nLls ( 1 j2nm) (4.7)
rms rms N

wherem =0,1,...,N — 1.

4.4 EM-Based Map Sparse Channel Estimation

In this section, a novel non-data-aided channel estimation algorithm is presented by
representing the discrete multipath sparse channel based on the Karhunen-Loeve
orthogonal representation and make use of the maximum a posterior Expectation
Maximization technique (MAP-EM). Only few pilot symbols are used for initialization
of the EM algorithm. By using the singular value decomposition (SVD), N x N
frequency-domain channel autocorrelation matrix, Ry = [k, k + m] = r:(m), can be
expressed as Ry = UAUT, where A isa N x N diagonal matrix with elements 1, > 1; >
-+ > Ay_; representing the eigenvalues and U = [uy, uy, ..., uy_1], Where u, € CN*?
are the corresponding eigenvectors of Ry.

Rotating the channel vector, H, = |H,w (n)| in (4.6) representing the channel transfer

function, by the linear transformation H, = UG,,. All components of G, € C"*! become
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independent, zero-mean Gaussian random variables {1,}-%. Hence, define A =
diag(A, A), then the prior pdf of G = [GT, G%]T can be expressed as

p(G) ~e 6 A6, (4.8)
Given the transmitted data symbols, D, coded according to Alamouti’s scheme and the
discrete channel representation G and taking into account the independence of the noise
components, the conditional probability density function of the received signal ¥ can be
expressed as,

1 . _
p(Y|D, G) ~ ¢ % (v-pU )t (v-DU G)’ (4.9)

where U = diag(U,U) € C?NV*?VN,

In non-data-aided MAP channel estimation approach, G, 4p is chosen to maximize the
posterior probability density function as,

Gyap = arg max p(G|Y), (4.10)

A direct solution of this equation is mathematically intractable. Consequently, employing
an iterative EM algorithm can simplify the problem, where the algorithm will inductively
re-estimate the G, so that a monotonic increase in the a posteriori conditional pdf in (10)
is guaranteed. The monotonic increase is realized via the maximization of the auxiliary

function

0(616) = ) p(¥,D,6)logp(¥, D, ), (4.11)
D

where the summation is taken over all possible transmitted data coded signals and G(© is
the estimation of G at the g¢'* iteration. Note that, the approximation
p(Y,D,G) ~p(Y,D,6D) p(G) can be justified since the data symbols D = {D*(n, k)}
are assumed to be transmitted independently of each other and identically distributed and
the fact that D is independent of G. Consequently, p(Y, D, 6@) ~ p(Y, D, 69) p(G).
Hence (4.11) can be evaluated by means of the expressions (4.8) and (4.9). Given the
received signal, ¥, the EM algorithm starts with an initial value G(® of the unknown
channel parameters G. The (q + 1) estimate of G is obtained by the maximization step
described by
G@a+D) = arg mng(GIG(q)), (4.12)
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After a long algebraic manipulations, the expression of the re-estimate G‘Eq“) u=1,2)

can be obtained as follows:

69V = (1 + o2A~1)1 Ut ([‘f @y@en) - 1, Pv2n+ 1)>; (4.13.1)

G = (1 + o2A )1yt (1"2* @yen) + rfPyven+ 1)), (4.13.2)
where it can be easily seen that, (I + o?A™1)"1 =diag[(I + %/A) L, + %/
M)7Y ., (I 4+ 0%/Ay-1)7t], and I/ in (13) is an N x N dimensional diagonal matrix
that represents the a posteriori probabilities of data symbols at the g*" iteration step
whose k" diagonal component is defined as

I (k, k) = Z Z a,p(d(2n,k) = ay,d(2n + 1,k)

a € Ay az€ Ay (4.14)
= a,|Y, GYD,

and A, denotes the alphabet set taken by the kt* OFDM symbol. Note that, the optimal
rank-r estimator of G,, say G,,, can be easily obtained by replacing A, =
diag {49, A1, .-, A4-1,0,0, ..., 0} with A in (4.13). When the EM algorithm converges, the
MAP estimate of H,, can be determined as

H, yap =UG, yap, foru=1,2. (4.15)
where, G, map is the EM-converged value of fo) in (4.13) after some number of

iterations.

4.4.1 initialization

The initial values for the unknown channel parameters are chosen to ensure a fast start up
in the equalization/detection process following the channel estimation process. 2P pilot
symbols {d(2n)} and {d(2n+1)} € A, are modulated by the i subcarrier
transmitted at time slots {(n,n + 1)} forp = 1,2,...,P, i, € {0,1, .., N — 1}, are used.

In order to interpolate the channel estimates, initially, there exist a minimum subcarrier
spacing, A, between pilots given by A, < 1/T4x Where 7,4, 1S the maximum delay
spread of the channel in the frequency domain. For a constant envelope signal

constellation, i.e., for phase shift keying (PSK) modulated alphabet set, the initial value

of the channel parameters HP(LO), u = 1,2, canthen be determined as follows. The received
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signal in (4.4), containing only the pilots in two successive OFDM blocks can be
expressed as

Yy, = D,Hy + Vy, (4.16)
where Y,,, H,, V,, € C***1 and D,, € C*"*2P are obtained from ¥, H,V € C*"*! and
D € C*N*2N respectively by taking only the components at the pilot subcarriers i, € P =
{i, i5, ..., ip}. Hence, if the Alamouti assumption holds, the least squares (LS) estimation

of the channel is obtained directly from (4.16) as

ﬁgf’il(zn) = % (Df(2n) Y,(2n) — D,(2n + 1)Y,(2n + 1)) € CP*1, (4.17.2)

ﬁgg.; (2n) = - (Dj(2n+ 1) Y,(2n) + D,(2n)Y,(2n + 1)) € €71, (4.17.2)

- - - T
where Hl(s) 2 [Hg?iLT(Zn),Hg?iLT(Zn)] € C?Px1,

(0

Finally, from the P LS channel estimates, ﬁmp

(2n), i, € P, the complete initial channel

estimates in the frequency-domain, ﬁffi)p

determined by using an interpolation technique, i.e., Lagrange interpolation algorithm.

(2n),k=0.1,..,N—1, can be easily

Initial values, GISO), can then be determined by using the relation, fo’)(Zn) = UTHM(Zn)
foru=1,2.
Taking the pilot symbols into account, the soft data decisions I‘u(q) in (4.13) are updated

with B = diag [y.? (0), v (1), ..., v¥ (N — 1)] and E{? (k), is given as

(50, 15
u )

Note that, the implementation complexity of the EM algorithm, presented above, can be
reduced substantially due to the fact that the magnitude of the eigenvalues Ay, k =
0,1,...,N — 1 of the channel correlation matrix in (4.7) becomes negligible for k >
2BT + 1, where B is the one-sided bandwidth and T is the length of the channel impulse
response. As pointed out in (Edfors et al., 1998), for an OFDM system 2BT = L, where
L is number of symbols in the cyclic prefix since T = LTy, and 2B = 1/T;. Since L is
much smaller than N, the total number of subcarriers, the complexity of the MAP
estimation algorithm based on the Karhunen-Loeve expansion proposed in this work will

be low while it is being optimal.
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4.4.2 Computation of I‘,E") for QPSK Signalling

Leta = (£ 1 %)) represents an independent identically distributed data sequence using
QPSK modulation technique. Since the data sequence a, (k) is independent for 4 = 1,2
andk =0,1,..,N — 1, then I, (k) in (4.14) can be computed as follows:

2
2 Relat, zH @,k
Zale Ay Zaze Ak a;*t eo? ) [a# (n )]

I (k) = (4.18)

2 ¥ 4
Za EA Za EA e;Re [a#Z“(q)(n,k)]
1 k 2 k

where, for every pair of discrete time instances (2n, 2n+1) with vy, (1) = y,(2n) and
Ve(2) = v (2n+1),
24P (k) =~y (1) Zm G (M) U () + y4(2) Tn G5V ™ (m) U (k), (419.1)

28D (k) = 2yx(1) T GV (m) Uy (k) = ¥ (2) T G (m) Un(k), (4.19.2)

By taking the summations then in the numerator and the denominator of (4.18) over the
values of QPSK symbols a;,a,, foru =1,2and k = 0,1, ..., N — 1, the final result can
be obtained as follows:

F;fq) (k) = tanh[% Re(Z * @D (k)] +

Jj tanh[= Im(Z“(q)(k))]. (4.20)

2
g
4.4.3 Final Sparse Channel Estimation

The estimates of the transfer function coefficients, H, y4p, Obtained above do not take
into account the sparseness of the channel impulse response. In order to improve the
channel estimation performance further, a sparse solution for the UWA channel impulse
response h* that best matches the model H,, y4p = F h* is provided for the given H,, y4p
and a desired degree of sparseness, where F; is an N X L discrete Fourier transform
(DFT) matrix.

In order to exploit the sparsness of the channel, a well known signal processing algorithm,
called ESPRIT (Roy and Kailath, 1989) is adopted to estimate the channel path delays
from the correlation matrix, R¢. In general, Rf is unknown to the receiver but can be
estimated first through spatial smoothing and then through time-averaging over each

consecutive time instants ,n = 0, 1, ... as
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R, = H,(2n) Hi(2n), (4.21)
Once the channel gains, ﬁﬂ({’), and the normalized delays, £, of the sparse channel

impulse response, are obtained, the transfer function coefficients of all subcarriers are
estimated as

L-1 sl

; )

Hy, (n) = z a(f)e N 7, (4.22)
£=0

ESPRIT algorithm is given in the following steps:

1. Perform an eigenvalue decomposition on ﬁf in (4.21)
R, =UxUT

where U = [Ug, U, ] are the eigenvector matrices corresponding to the signal subspace

r X 0
Z‘[0 zw]

are the eigenvalue matrices corresponding to the signal and noise subspaces,

and noise subspaces, and X, X, in

respectively.
2. Determine the L x L matrix & by solving the (usually overdetermined) system
of equations
U, = U;®,
where the (N — 1) x L matrices U,and Uy, are constructed by the first N — 1 and last

N — 1 rows of Ug, respectively. The solution for & can be obtained from U, as
~ -1
® = (Ufu,) (UfUy)
3. Find an Eigen-decomposition of the matrix ®. It can be shown that A, =
e J2m%/N p =0,1,...,L — 1, where A, is the #t"eigen value of ®.
4. Determine the channel path delays as
ty= —arg(X), £=0,1,...,L — 1
The UWA channel transfer function coefficients are then used for data detection, as

explained the following section.
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4.5 Simulation Results

This section presents the computer simulation results of the proposed channel estimator
assuming an OFDM-based UWAC system in the form of two-transmit antennas and one-
receiver. In order to simulate an underwater channel, BELLHOP-MATLAB wrapper
acoustic toolbox is considered (Porter, last accessed, 2018). The proposed underwater
region is Sapanca Lake in Turkey, located at a latitude and longitude of 40.7163 and
30.2628, respectively. The lake has fresh water, the morphology of its bottom is near to
flat, with a dimensions of approx. 16 km long, 5 km wide, and the deepest point of the
lake is about 53 m. Considering a salinity of 0.5 ppt (parts per thousand), and 16 degrees
as the averaged water temperature of Sapanca Lake (Akcaakan et al., 2014), the sound
speed profile (SSP) is then obtained using Medwin formula (Bahrami et al., 2016).
Finally, the SSP succefully entered into BELLHOP’s environmental profile. The
simulation parameters consider a range of communication of 5 km, and the base stations
are placed at a depth of 20 m, and a flat bottom, where the UWA OFDM specifications
can be found in table 3.2. However, BELLHOP outputs the channel impulse responses
that contains both zero and nonzero paths. Consequently, a clustering process is
performed over each two consecutive paths by summing up their powers if the difference
of their corresponding delays is smaller than (1/B), resulting into £ clusters. Then, a
thresholding process is performed over the resulting clusters to project the sparsity of the
underwater channel, and only paths with powers that satisfy (0.1 Y&-i|he| can
successfully enter the simulation part.

The performance of the proposed algorithm is evaluated by means of the mean square
error (MSE) and symbol error rate (SER) as a function of signal-to-noise-ratio (SNR).
The data detection is performed using minimum mean-square error (MMSE) equalizer.

given by

=

D, = HZ,MAP (ﬁu,MAP ﬁZ,MAP + vyt IK)_1 Yp
where y is the SNR and Y, is the received signal at the data subcarriers. Finally, using
the estimated channel vector GlEq“) in (4.13), (4.13) can be expressed in a vector form as
A7) = T, h,() + N,
where the noise term N, includes the additive Gaussian noise and the estimation errors

and Y, isa N x L matrix whose (k, )" element fork = 0,1,..,N — 1, ¢ =
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o _2mean . o
0,1,..,L—1,isY, [k, €] = e /¥ " Accordingly , the least-square estimation of

Iflfl",\),, 4p(M) at discrete time instant n can be obtained as,

hjs(n) = (?J ?u)_l?;:r ﬁf]f&AP (n)

The performance of the channel estimator is compared with the Alamouti’s approach
(after performing a linear interpolation process over the channel obtained in (4.17) and
by taking its inverse discrete Fourier transform (IDFT)), and with MAP-EM algorithm,
which is similar to the proposed model, except that, it does not take into consideration the
sparsity exploitation (the usage of ESPRIT algorithm), and thus, an IDFT operation is
performed on the channel obtained in (4.13).

Assuming a Doppler shift compensation mechanism is applied at the input of the receiver,
Figs. 4.1 and 4.2, respectively, show the average MSE and SER for different residual
Doppler shift b values in the presence of a pilot spacing of order Ag. = 4. It can be
observed from these curves that the sparsity feature of the proposed channel estimator
provides a robustness to Doppler shifts up to 10™3 Hz, which is considered as a severe
Doppler shift. In addition, the gap between the MAP-EM and the proposed approach seem
to get narower over the expense of higher signal-to-noise ratio, but in underwater

acoustical communications, experiencing a higher SNR is not always valid. Finally, the

102F ‘\@\ r\ e
L E i A © <))
%) b v ] ]
(0] 71N
=) 107 -A- Alamouti's model (b=102) *\*
§ A = MAP-EM b=107?) ]
< Proposed Algorithm (b=10'2)

104 ={2r= Alamouti's model (b=5x102)
) = MAP-EM (b=5x10?)
—— Proposed Algorithm (b=5x102)
10°° 4 3
"*‘_ Alamouti's model (b=10")
1€ =~ MAP-EM (b=10")
Proposed Algorithm (b=10")

0 2 4 6 8 10 12 14 16 18 20
SNR (dB)

Figure 4.1 MSE vs. SNR performance of the MAP-EM-ESPRIT algorithm for different
residual Doppler rates b=[ 1073,5 x 1073, 10~3] with 4,.= 4.

73



Alamouti’s LS estimation presented in Fig. 4.1 does not seem to be promising, and its
behavior towards different residual Doppler shifts is negligible. In Fig. 4.2, the SER
curves of the proposed approach are promising. The gap between the MAP-EM and the
proposed approach increases as the signal-to-noise ratio increases. In addition, in the
presence of low SNR, the gap in the SER curves between the proposed approach and the
perfect CSI case is very narrow, which is preferable in underwater acoustic
communication, since achieving high SNR may not be applicable using such type of

signals in such environment.

100 [ T T T T m 5
[ =26 =~ MAP-EM (b=10?)

Proposed Algorithm (b=10’2)
=¥ = Perfect CsI (b=102)
=2 = MAP-EM (b=5x10"?)
—9— Proposed Algorithm (b=5x1 0'2)
— & = Perfect CSI (b=5x102)

/2= MAP-EM (b=10")

Proposed Algorithm (b=10'3)
YRS~ =72 = perfect CSI (b=107)

Symbol Error Rate (SER)
=

1072
0 2 4 6 8 10 12 14 16 18 20
SNR (dB)

Figure 4.2 SER vs. SNR performance of the MAP-EM-ESPRIT algorithm for different
residual Doppler rates b=[ 1073,5 x 1073,1073] with 4,.= 4.

Figs. 4.3 and 4.4, respectively, show the MSE and the SER performance of the proposed
algorithm for the purpose of pilot design investigation. The parameters used consider
different pilot spacings Ag. = [2, 4, 8] in the presence of a residual Doppler shift of order
1073 Hz.
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Figure 4.3 MSE vs. SNR performance of the MAP-EM-ESPRIT algorithm for different
pilot spacings 4,.= [2, 4, 8], with b = 1073Hz.

Fig. 4.3 show the MSE performance for Alamouti’s LS estimation, MAP-EM, and the
proposed approach. As can be seen from the curves, the Alamouti’s estimation is weak
even when low pilot spacings is used. On the other hand, the curves of the proposed
approach show a quite enhancement when compared with the MAP-EM. That is, the gap
between the MAP-EM and the proposed approach is in the order of several dB, and shows
a promising performance.

=3 = MAPEM (A =8)
+ Proposed Approach (Asc =8)
=3 = Perfect CSI (A_ =8)

= = MAP-EM (A_ = 4)

—EO— Proposed Approach (A_ = 4)
== Perfect CSI (A_ = 4)

—/A\ = MAPEM (& = 2)

G —A— Proposed Approach (ASc =2)
- == Perfect CSI (A, =2)

Symbol Error Rate (SER)
=)

=

10.2 1 1 1 1 1 1 1 1 1
0 2 4 6 8 10 12 14 16 18 20
SNR (dB)

Figure 4.4 SER vs. SNR performance of the MAP-EM-ESPRIT algorithm for different
pilot spacings 4,.= [2, 4, 8], with b = 1073Hz.

75



Finally, the SER presented in Fig. 4.4 show a large gap between the MAP-EM and the
proposed approach. In addition, the proposed approach can sufficiently handle a pilot
spacing of Ag. = 4. The gap in the SER achieved in between Ag. = 2 and Ag.= 4 can be
ignored for the purpose of spectrum saving. In addition, at low SNR values, the gap
between the curves of the perfect CSI and the curves of the proposed approach is narrow
for all pilot spacing values. These insightful curves show a promising SER performance
in such SNR values, which are preferable since achieving high SNR in not always

accomplishable

4.6 Conclusion

In this chapter, a channel estimation algorithm has been developed for OFDM-based
UWAC that considers Alamouti’s space-time block transmit diversity scheme with two-
transmit antennas and one receiver. The non-data-aided proposed algorithm iteratively
estimates the complex channel parameters of each subcarrier using the Expectation
Maximization method, which in turn converges to a true maximum a posteriori
probability estimate of the unknown channel. In addition, Karhunen-Loeve expansion has
been applied to reduce the complexity of the channel estimator, while the ESPRIT
algorithm has been used for the delay estimation of the taps with high powers to exploit
the UWA channel sparsity. Considering QPSK signalling, the computer simulations
presented show robustness in channel estimation in terms of mean square error and

symbol error rate for extreme residual Doppler spreads and various pilot spacings.
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5. CONCLUSIONS

In this work, three computational-friendly pilot-assisted OFDM-based channel estimation
techniques for underwater acoustic communicaion systems were proposed. The first two
approaches are designed for single-input single-output (SISO) communication system
with channels that undergo Rician fading, where matching pursuit (MP) and orthogonal
matching pursuit (OMP) algorithms for Doppler and delay estimation, respectively. Then
maximum a posteriori probability is used to estimate the channel gains. Finally, these two
approaches use maximum likelihood (ML) for the prior densities estimation. The system
model of the MP-MAP algorithm considers a colored type of noise, where the channel
paths experience the same Doppler factor, and hence there is no Doppler “spread” but just
an uncompensated residual Doppler. While the OMP-MAP approach considers white
noise with a non-uniform Doppler scales, and hence, each path has a different Doppler
factor. The mean square error (MSE) and the symbol error rate (SER) perormances of the
MP-MAP and OMP-MAP shown in the computer simulations sections show robustness
against high scale Doppler shifts in the presence of fair resolution factor of the dictionary
matrix, and a promising performance for 16QAM dignalling. In addition, the computer
simulation results in the OMP-MAP section are compared to the fast iterative shrinkage-
thresholding algorithm (FISTA) algorithm (as a candidate of the basis purusit estimation),
and with to two other channels that follow log-normal and Nakagami-m fading in the

presence of random channel case.

The third approach assumes multiple-input single-output (MISO) communication system
that includes two-transmitters and one-receiver with channel that undergo Rayleigh
fading with white noise and a uniform Doppler spread. The algorithm considers
Alamouti’s coding for the diversity part. The proposed non-data-aided algorithm
iteratively estimates the complex channel parameters of each subcarrier using the

Expectation Maximization method, which in turn converges to a true maximum a
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posteriori probability estimate of the unknown channel. Moreover, the Karhunen-Loeve
expansion has been applied to this algorithm for complexity reduction of the channel
estimator. Finally, ESPRIT algorithm was used for the delay estimation of the taps with
high powers to exploit the underwater acoustic channel sparsity. The computer
simulations presented show robustness in channel estimation in terms of MSE and SER
for an extreme residual Doppler spread and various pilot spacing values (for underwater
pilot deign purposes). In addition, the channel sparsness presented by ESPRIT algorithm
has shown the significance of the proposed approach with narrow gap in the SER between
the proposed approach and the perfect channel state inforamation curve, which lead to a

better symbol error rate along the signal-to-noise values.

Different contributions can be made over the work presented in this thesis. Mainly, the

OFDM-based channel estimation work presented can be mainly extended by means of:

1. Multiple-input muliple-output (MIMO) type of communication deployment, such
that, the channel estimator can have a better experience of the fading channels.

2. Impulsive type of noise consideration, that can be generated by man-made
instruments, snapping shrimp and other underwater acoustic phenomena.

3. Away from direct communication scenarios, a relay-assisted (cooperative)
communication model, where a relay is placed between the transmitter and the
receiver can increase the system’s capacity, and a multi-hop relay-based system
can overcome the fading channels, and power limitations.

4. Adaptive modulation techniques can also be deployed to improve the overall
system’s capacity.

5. The third proposed approach can be extended to different modulation techniques
other than QPSK, for higher data rate.

6. An experimental type of channel is also essential to be applied in simulations to
refelect a realistic behavior of the channel estimator.
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