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A�������

Over ��� of Earth’s surface is covered by water. Large parts of this immense wa-
ter mass are still unexplored. Underwater wireless (sensor) networks would vastly
improve man’s ability to explore and exploit remote aquatic environments. Despite
underwater sensor and vehicle technology being relatively mature, underwater
communications is still a major challenge. As of today, due to the fast attenuation
of light and radio waves in water, communication under water is mainly based on
acoustic pressure waves to convey information. �e most challenging characteris-
tics of the underwater acoustic communication channel are its low and variable
propagation speed, frequency-dependent attenuation and time-varying multipath
propagation.

Spatial and spectral signal processing techniques can be employed to mitigate the
e�ects of the distortion caused by the underwater acoustic channel. �ese signal
processing techniques are usually implemented by means of �lter operations. �eir
respective �lter weights need to be adjusted continuously, since the underwater
source, the scatterers, the medium and the receiver can be moving. In radio com-
munication, training sequences are o�en used as a means to calculate appropriate
�lter weights. In general, the underwater channel capacity is scarce and underwater
transmitters have limited energy resources. �erefore, to reduce energy consump-
tion and to make more e�cient use of the available capacity, this thesis elaborates
on compensation of underwater channel distortion without employing training
sequences. �e latter is known as blind (adaptive) equalization.

To achieve a (relatively) high spectral and power e�ciency, our underwater trans-
missions are assumed to be QPSK modulated. As a substitute for the missing train-
ing sequences, the constant modulus property of QPSK signals is exploited. Devia-
tions of the equalizer output from a constant modulus act as a reference for weight
updates. A well-known blind equalization method that uses this constant modulus
property is the constant modulus algorithm (CMA).

No standard synthetic underwater acoustic channel model exists. �erefore, real-
life experiments are performed for true testing. Current commercially available
systems for underwater acoustic signal processing experiments make use of dedi-
cated hardware. To implement other physical layer processing techniques (o�en)
changes in hardware and/or proprietary �rmware are required. �is makes these
systems unsuitable for our experiments. �erefore, a �exible multi-channel under-
water testbed has been developed and used in experiments, to evaluate the perfor-
mance of (novel) blind spatial equalizers.



vi Two blind spatial equalization methods, which both exploit structural properties
of the signal-of-interest, are presented in this thesis. �e �rst method, the extended
CMA (E-CMA) is an algorithm known from the spectral equalization literature. In
this thesis, the E-CMA is used in the context of spatial equalization where it is ca-
pable of updating the directionality of the array to improve signal reception, while
simultaneously correcting for phase o�sets. Initial results from our underwater
experiments demonstrate the E-CMA’s promising performance in the spatial equal-
ization context. Compared to the conventional CMA, besides correcting phase
o�sets, the E-CMA exhibits faster convergence to the optimum mean square error
level.

�e second method for blind spatial equalization discussed in this thesis, is the
angular CMA (A-CMA). In contrast to conventional adaptive methods, the A-CMA
calculates steering angle updates instead of updates for the entire (�lter) weight
vector. �is approach is attractive in array architectures where distribution of the
steering angle is necessary, e.g., in mixed-signal hierarchical arrays. In these mixed-
signal architectures, spatial equalization is performed on multiple levels, partly
analog and partly digital. �e desired steering angle can be calculated, by the A-
CMA, at the digital level of the hierarchy and therea�er be distributed to both the
analog and digital spatial equalizers. �e cost behaviour of the CMA and the A-
CMA is studied by simulation. Compared to the conventional CMA, the A-CMA
provides faster convergence to a low mean square error level. Asymptotically, the
mean square error (MSE) level of the CMA approaches theMSE level of the A-CMA.

In the multipath-rich underwater environment, re�ections from current and pre-
vious transmissions add up constructively and destructively, causing frequency-
selective distortion of the channel’s magnitude and phase response. To compensate
for frequency-selective channel distortion, blind spectral equalization is utilized.
Since the propagation speed of underwater acoustic pressure waves is variable, a
direct-path acoustic wave can arrive later than a re�ected/refracted wave. �is
phenomenon, which is known as nonminimum-phase behaviour, complicates blind
extraction of a channel’s phase response.

Blind equalization of the magnitude and phase response of a nonminimum-phase
channel can always be performed separately because a nonminimum-phase channel
equalizer is decomposable into, respectively, a (i) minimum-phase and an (ii) all-
pass (nonminimum-phase) part. �is thesis introduces a method for improving
and accelerating blind equalization of a channel’s all-pass response, known as the all-
pass CMA (AP-CMA). �e all-pass CMA developed in this thesis can compensate
a single nonminimum-phase zero. Compared to the CMA, it typically provides a
faster and more accurate compensation of this zero.

Overall, based on simulated and empirical data, this thesis indicates that blind spec-
tral and blind spatial equalization are appealing means for mitigation of distortion
experienced in the underwater channel.
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Meer dan ��� van het aardoppervlak is bedekt met water. Het overgrote deel
van deze immense watermassa is nog onverkend. Omvangrijke draadloze onder-
water (sensor) netwerken zullen hier verandering in brengen, ze stellen de mens
in staat om afgelegen gebieden te verkennen en te exploiteren. Ondanks dat on-
derwater sensor- en voertuigtechnologie relatief volwassen zijn, staat onderwater-
communicatie nog in de kinderschoenen. Vanwege de sterke demping van licht
en radiogolven geschiedt communicatie onder water meestal middels akoestische
drukgolven, ofwel geluidsgolven. De meest uitdagende aspecten van akoestische
communicatie onder water zijn de lage en variabele voortplantingssnelheid, de
frequentie-afhankelijke demping en de tijdvariante multipad propagatie.

Spatiële en spectrale equalizatietechnieken kunnen worden toegepast om de ver-
storing van het onderwaterkanaal te corrigeren. Doorgaans worden deze vormen
van signaalbewerking met �lteroperaties geïmplementeerd. Gewichten van deze
�lteroperaties dienen voortdurend aangepast te worden wanneer de geluidsbron,
de re�ectoren, het medium en/of de ontvanger in beweging zijn. In radiocom-
municatie is het gebruikelijk referentiesignalen te verzenden om �ltergewichten
te bepalen. In het algemeen is de capaciteit van het onderwaterkanaal beperkt
en hebben onderwater geluidsbronnen een beperkte energievoorraad. Om zowel
het energieverbruik van onderwatercommunicatie te reduceren als de beschikbare
kanaalcapaciteit beter te benutten richt dit proefschri� zich op technieken om ka-
naalverstoring te compenseren zonder gebruik te maken van referentiesignalen.
Deze vorm van equalizatie staat bekend als blinde adaptieve equalizatie.

Om energie-e�ciënt een (relatief) hoge spectrale e�ciëntie te behalen gebruiken
we QPSK-modulatie voor onze onderwatertransmissies. In plaats van referentiesig-
nalen wordt de inherente constante modulus eigenschap van QPSK-signalen benut
voor adaptieve equalizatie. De afwijking van het ontvangen signaal van een con-
stante modulus dient als referentie voor het aanpassen van de �ltergewichten. Een
welbekende blinde equalizatie methode die gebruik maakt van deze constante mo-
dulus eigenschap is het ‘constant modulus algorithm (CMA)’.

Er bestaat geen standaardmodel voor het akoestische onderwaterkanaal. Praktijkex-
perimenten zijn noodzakelijk voor een realistische evaluatie van onderwater equali-
zatietechnieken. Huidige systemen voor onderwater akoestische signaalbewerking
maken gebruik van gespecialiseerde hardware. Het aanpassen van de signaalbewer-
king op de fysieke laag van deze systemen vergt vaak aanpassingen in de hardware
en/of gesloten broncode en maakt zulke systemen daarom ongeschikt voor onze



viii experimenten. Om het functioneren van nieuwe blinde equalizatie algoritmes te
evalueren is een �exibel meerkanaals onderwater signaalbewerkingssysteem ontwor-
pen en in de praktijk gebruikt.

Twee blinde ruimtelijke equalizatiemethoden worden besproken in dit proefschri�.
De eerste methode, het extended CMA (E-CMA), is een algoritme uit de spectrale
equalizatie literatuur. In dit proefschri� wordt het gebruik van het E-CMA in een
spatiële context onderzocht. Met behulp van experimenteel verzamelde datasets
is aangetoond dat het E-CMA in staat is om richtingsveranderingen van het on-
derwater bronsignaal te compenseren en tegelijkertijd faseverschuivingen in het
gebundelvormde signaal te corrigeren. Vergeleken met het CMA convergeert het
E-CMA sneller naar de optimale gemiddelde kwadratische fout.

Het angular CMA (A-CMA) is de tweede methode voor blinde ruimtelijke equa-
lizatie die in dit proefschri� beschreven wordt. In tegenstelling tot conventionele
methoden past het A-CMA niet de �ltergewichten aan, maar bepaalt het de stuur-
hoek. Deze aanpak is aantrekkelijk voor array architecturen waar distributie van de
stuurhoek noodzakelijk is, zoals mixed-signal hiërarchische arrays. In deze mixed-
signal arrays vindt ruimtelijke equalizatie op meerdere niveaus plaats; deels in de
analoge en deels in de digitale hardware. De gewenste stuurhoek wordt door het
A-CMA uitgerekend in het digitale deel van de hiërarchie en vervolgens gedistribu-
eerd naar zowel de analoge als de digitale equalizers. De leercurve van het CMA en
het A-CMA zijn bestudeerd middels simulatie. Vergeleken met het conventionele
CMA convergeert het A-CMA sneller naar een lage gemiddelde kwadratische fout.
Asymptotisch bereikt het CMA de gemiddelde kwadratische fout van het A-CMA.

Het akoestische onderwaterkanaal is een omgeving met doorgaans veel multipad
propagatie. Interferentie van directe en gere�ecteerde/gebogen transmissies ver-
oorzaakt frequentieselectieve kanaalverstoring. Blinde spectrale equalizatie kan
worden toegepast om deze frequentieselectiviteit te compenseren. Vanwege de va-
riabele voortplantingssnelheid van akoestische drukgolven is het mogelijk dat een
directe drukgolf pas later bij de ontvanger aankomt dan een gere�ecteerde druk-
golf. Dit fenomeen wordt niet-minimum-fase gedrag genoemd en het bemoeilijkt
blinde extractie van het fase gedrag van het onderwaterkanaal.

Blinde equalizatie van de magnitude en fase respons van een niet-minimum-fase
kanaal kan onafhankelijk worden uitgevoerd omdat een niet-minimum-fase equa-
lizer altijd opgesplitst kan worden in een (i) minimum-fase en een (ii) allesdoorlaat
(niet-minimum-fase) deel. Dit proefschri� introduceert een methode, genaamd
het all-pass CMA (AP-CMA), om de blinde equalizatie van het niet-minimum-
fase deel te verbeteren. Het AP-CMA is geschikt voor compensatie van een enkele
niet-minimum-fase nul. Vergeleken met het CMA is de compensatie van een niet-
minimum-fase nul door het AP-CMA sneller en nauwkeurig.

Concluderend, dit proefschri� toont aan dat blinde equalizatie een veelbelovende
aanpak is om op een energie-e�ciënte wijze voor onderwater akoestische kanaal-
verstoring te compenseren.
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Na vier jaar promoveren bij de vakgroep CAES zit het er nu echt op: mijn ‘boekje’
is afgerond. Mijn verleden bij CAES gaat echter langer terug dan deze vier jaar.
Eind ����, onder begeleiding van Gerard, André, Kenneth enMarcel, begon ik aan
een afstudeeropdracht op het gebied van adaptieve bundelvorming. Na succesvolle
afronding van mijn afstudeeropdracht bood Gerard mij een promotieplaats aan.
Aanvankelijk was er twijfel, maar ik was (en blijf) van mening dat je altijd meer
kunt leren en dit leek me een uitgelezen kans. Zodoende startte ik in ���� met mijn
promotieonderzoek op het gebied van digitale signaalbewerking voor onderwater-
communicatie. Verschillende mensen hebben bijgedragen aan de totstandkoming
van het eindresultaat, en graag zou ik hen hieronder willen bedanken.

Er is één persoon waar ik de deur soms platgelopen heb, en dat is André. Hij
wist, zelfs als mijn vraag verre van helder was, vaak al in welke richting ik naar
antwoorden zou kunnen zoeken. Naast urenlange inhoudelijke discussies voor
het whiteboard kwam er ook een breed scala aan andere onderwerpen ter sprake:
van reisavonturen en verhuizingen tot aan wielrenroutes in Noordoost-Twente.
André, ik wil je bedanken voor de fijne en waardevolle begeleiding. Ik heb het
altijd plezierig gevonden om met je samen te werken.

De afgelopen vier jaar is CAES behoorlijk gegroeid. Gerard hee� het er als prof
van deze groep meestal �ink druk mee. Desondanks staat zijn deur altijd open en
worden ingeleverde stukken razendsnel van nuttige kritiek voorzien. Gerard, ik
ben je dankbaar voor de vele discussies en het snelle commentaar, maar vooral dat
je mij deze interessante kans hebt geboden.

Tijdens mijn promotietraject heb ik verschillende afstudeerders begeleid: Fasil,
Marco, Hubert en Jordy. Het overleg met afstudeerders was een welkome afleiding
en bood vaak nieuwe inzichten. Heren, bedankt dat jullie zo verstandig zijn geweest
om zulke uitdagende afstudeeropdrachten te kiezen.

De laatstemaanden zijn behoorlijk druk geweest. Gelukkig hebbenwe secretaresses
die het hoofd koel houden in hectische tijden: Marlous, �elma en Nicole. Naast
de serieuze zaken vond ik het altijd gezellig om bij jullie een praatje te maken.
Andere bronnen van gezelligheid zijn de pauzes en borrels. Sterke verhalen uit
bijna-Zeeland tot diep in Friesland passeerden de revue. Er zijn weinig andere
vakgroepen waar meer Fries dan Engels wordt gesproken. Sinds het vertrek van
Maurice hee� het mij behoorlijk wat inspanning gekost om het Brabantse vaandel
hoog te houden. Beste collega’s, hartstikke bedankt voor de serieuze en vooral ook
de minder serieuze gesprekken.
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Zoals bij veel promovendi hee� mijn sociale leven aardig wat klappen opgelopen.
Gelukkig waren er personen die de schade binnen de perken wisten te houden en
ik wil enkelen daarvoor in het bijzonder bedanken. Bart en Willem voor de altijd
gezellige kroeg- en stapavonden in jullie stadsjie; Henze voor de wielrentochten,
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�e �rst known record of underwater acoustics dates back to the time of the Greek
philosophers. In the fourth century BC, Aristotle noted that sound can be heard
in water as well as in air [7]. A long time a�er Aristotle, in the fourteenth century,
Leonardo da Vinci discovered a practical application of underwater acoustics. In
his notebook he wrote: “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 ships at a
great distance from you.” Experimental research on underwater acoustics got really
o� the ground during the last two centuries. An experiment worth mentioning is
the determination of the underwater acoustic propagation speed by Colladon and
Sturm in ���� [42]. In a boat on Lake Geneva, Sturm struck a submerged bell and
simultaneously generated a �ash of light. �e �ash signalled Colladon, at a large
distance of the bell, to start a watch until the underwater sound was heard. �eir
measured propagation speed of ����m s−� is close to themodern value of ����m s−�
(for freshwater with a temperature of � ○C). Later, at the end of the nineteenth
century, the striking of submerged bells on lightships became an important tool for
ship navigation.

In the twentieth century, the ine�cient pneumatically and electrically operated
submerged bells got replaced by other types of acoustic sources. �e �rst practical
underwater transducer was designed by Fessenden in ����. A year later this ‘Fes-
senden oscillator’ was used for echolocation of an iceberg at �.� km distance [7].
�e need for localizing icebergs became tragically clear a�er the tragedy with the
Titanic in April ����.

In the years that followed, at the onset of World War I, the main focus of under-
water acoustics became detection of submarines in both shallow- and deep-waters.
Initially, French researchers focused on echolocation techniques with active trans-
mitters and the British on passive listening. �ese methods are now respectively
known as active and passive sound navigation and ranging (SONAR). Consider-
able progress has been made when the French and the British started sharing their
results. �e �rst active SONAR that obtained echos from a submarine, at almost
���m distance, was built in England by Boyle in ���� [1].

�e period between the twoWorldWars led to more advances in seismic surveying
and echolocation. Applications were, e.g., sea �oor mapping and detecting �sh
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shoals [7]. In the same era, the understanding of underwater acoustic propagation
grew signi�cantly. An important discovery was that of the acoustic shadow zone, an
area where submarines could not be detected with acoustic echolocation methods.

During World War II, underwater acoustics received high priority in Europe, the
USA and the Far East. Improved transducers, better understanding of acoustic
propagation and advances in electronics resulted in practical systems [72]. A�er
thewar, theUSNationalDefenseResearchCommitteewrote an extensive collection
of reports concerning underwater acoustics based on wartime achievements [57].

Based on wartime studies, American and Russian scientists discovered that at cer-
tain depths, the ocean acts as a waveguide for low-frequency acoustic signals. In
����, this worldwide permanent sound channel was termed the sound �xing and
ranging (SOFAR) channel [19]. �e SOFAR channel has many interesting appli-
cations, e.g., (i) tracking ocean currents using sound-emitting neutrally buoyant
�oats, (ii) localizing submarine earthquakes and (iii) localizing submerged sub-
marines [56]. Neutrally buoyant �oats are objects with an equal tendency to �oat
as to sink and can therefore maintain a particular depth in the ocean.

Mathematically, underwater sound propagation can be modelled using the wave
equation. An important set of solutions to the wave equation are the normal modes.
In ����,Worzel and Ewing et al. used the normalmode theory to predict long-range
propagation in shallow water [92]. In subsequent underwater experiments their
theory became remarkably useful to interpret gathered data [60].

During the Cold War, research emphasis shi�ed to deep water [37]. �e US navy
positioned a large network of acoustic arrays in the SOFAR channel to keep track
of Soviet submarines. Measurements of these arrays were transmitted to coastal
stations for further analysis, via undersea telephone cables. �ismulti-billion dollar
underwater network was termed sound ocean surveillance system (SOSUS) and
can be regarded as an important technical achievement during the Cold War.

�e development of the transistor in the late forties led to an exponential increase
of available computing power during the second half of the twentieth century. Mod-
els of underwater acoustic propagation became much more sophisticated and the
available processing power of underwater equipment increased dramatically. Be-
ing able to execute digital algorithms opened a new era for underwater acoustic
communication: from a fairly primitive underwater telephone, developed in the
mid-forties for communication with submarines, to systems that can achieve tens
of kbps data throughput [77].

�.� A���������� �����

Historically, underwater acoustic research almost exclusively focused on military
applications. Improvement of transducer technology, advances in analog electron-
ics and the wide availability of digital processing power led to a whole new range
of both commercial and military applications. One such application, which o�ers
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a lot of potential, is underwater wireless monitoring. �is subject is investigated
within the SeaSTAR project, partly funded by STW under the ASSYS program. �e
objective of the SeaSTAR project is to investigate, de�ne and develop core technolo-
gies for underwater wireless monitoring. Broadly speaking, underwater monitoring
applications can be categorized into (i) oil and gas exploitation, (ii) environmental
monitoring, (iii) safety and security monitoring.

In the category of oil and gas exploitation, pipeline monitoring is an important
application. Underwater pipelines can be very long; the longest underwater pipeline
today stretches a length of ���� km [13]. Sensors performing measurements of
pressure, corrosion, vibration and acoustic phenomena can be used to distinguish
sections of pipeline susceptible to leakage. Acoustic modems attached to these
sensors provide a means to transmit vital monitoring data to surveillance operators.

Environmental monitoring can be categorized in (i) water quality and acoustic
pollution monitoring, (ii) ocean current monitoring and (iii) biological monitor-
ing [93]. Construction noise and operating noise from o�shore wind farms are
well-known examples of acoustic pollution. Acoustic pollution monitoring during
construction of the Princess Amalia o�shore wind farm is illustrated in �gure �.�.
�e second category of environmental monitoring, observation of ocean currents,
is a necessity to improve weather forecasts and to better understand climate �uc-
tuations. �e focus of biological monitoring is to gain more knowledge of marine
ecosystems. In the Netherlands, the Royal Netherlands Institute for Sea Research
facilitates and supports this type of applied marine research.

Safety and security monitoring encompasses, for example, ship and submarine
detection in harbors. In addition to detecting underwater vehicles, passive diver
detection in harbors also gained a lot of interest recently [80]. Divers are able to
place small drug smuggling containers on the hull of vessels or pose a substantial
threat when carrying explosive devices. A typical example of safety monitoring is a
real-time tsunami warning system. Such a system could transmit acoustic tsunami
warnings based on seismic monitoring of the ocean �oor.

F����� �.� – Monitoring underwater noise levels during pile driving [53].



�

C
������

�–
I�����������

�.� U���������-�������� ������ ��������

In the SeaSTAR project, underwater-acoustic sensor networks (UW-ASNs) are con-
sidered a core technology to realize wirelessmonitoring of the aquatic environment.
Historically, underwater wireless monitoring mainly relied on point-to-point com-
munication between a sensor node and a gateway node on a �xed location. In
contrast, UW-ASNs are composed of multiple acoustic sensor nodes that collabo-
ratively perform monitoring in a certain region of interest. Acoustic sensor nodes
consist of energy storage and power control, sensing, data processing and acous-
tic communication hardware integrated in a watertight housing. A key feature of
UW-ASNs is the cooperative e�ort of the nodes. Instead of transmitting raw data
to every other node, sensor nodes exchange data with nearby nodes, perform local
processing and transmit only the required (and partially processed) data.

In general, the system architecture of a UW-ASN is related to the following aspects:
(i) the topology of the network, (ii) equipment in terms of hard- and so�ware, (iii)
connectivity and (iv) communication protocols. Methods for sensor node deploy-
ment and di�erent network topologies are discussed in the upcoming sections. �e
other aspects are discussed in subsequent chapters.

�.�.� ������ ���� ����������

Underwater sensor nodes can be deployed randomly or accurately positioned by,
e.g., divers. Given a certain deployment technique, the minimum number of sensor
nodes to meet the required sensing and communication coverage can be calculated.
For random and triangular deployments, this is covered by Pompili et al. [61]. In
their work, the trajectory of sinking objects is evaluated to compute the deployment
surface area given the targetted ocean bottom area.

�.�.� ������� ��������

�e topology of a UW-ASN refers to the arrangement of the sensor nodes in space
and is crucial for the energy consumption, capacity and reliability of the network [2].
Of utmost importance is the questionwhether theUW-ASNprimarily has an ocean-
bottom or an ocean-column topology.

ocean-bottom topology
A UW-ASN with an ocean-bottom topology primarily encounters acoustic
links with sound pressure waves propagating in parallel to the ocean bottom.
A horizontal acoustic channel is (strongly) a�ected by time-varying multipath
propagation, caused by re�ections of the sea surface and ocean bottom [2].
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ocean-column topology
A UW-ASN with an ocean-column topology primarily encounters acoustic
links with sound pressure waves propagating perpendicular to the ocean bot-
tom. �e vertical acoustic channel can experience a small amount of multipath
propagation. Compared to the ocean-bottom topology, its time-variance is
less severe [2].

An example of a network architecture with primarily an ocean-bottom topology is
a pipeline monitoring architecture. For pipeline monitoring, nodes are �xed to a
pipeline and use horizontal communication for data transmission to neighbouring
nodes. An example of an architecture with an ocean-column topology is a system
that continuously monitors the underwater propagation speed at various depths.

Transmission of vital data over a medium- to long-range distance can be accom-
plished through a collaborative e�ort of multiple nodes. For instance, a cluster of
distinct nodes can act as a (phased) array and hence electronically compensate for
changing channel conditions and source directions.

�.� W���� - � ����������� ������������� ������

As of today, due to the fast attenuation of light and electromagnetic (EM) waves in
water, underwater communication is mainly based on acoustic pressure waves [86].
�e underwater acoustic environment is a harsh environment for communication;
its unique properties pose signi�cant challenges for the design of UW-ASNs. �e
three main challenges of underwater acoustic communication are the (i) low propa-
gation speed, (ii) frequency-dependent attenuation and (iii) time-varying multipath
propagation [79]. A short introduction to these characteristics is given here. In
chapter �, we will give a more thorough and quantitative analysis of the underwater
channel.

�e propagation speed of underwater acoustic pressure waves is variable and deter-
mined by salinity, temperature and depth of the water. In underwater communica-
tion, a direct-path acoustic pressure wave can arrive later than a re�ected wave due
to the variation in propagation speed while travelling through the medium. �is
phenomenon is called nonminimum-phase behavior and it makes restoration of the
received signal more complicated.

As the acoustic pressure wave propagates through the medium, compression and
rarefaction¹ cause loss of acoustic energy. �e absorption in underwater acoustic
communication increases not only with range, but also with frequency. Frequency-
dependent attenuation results in a relationship between the communication dis-
tance and the highest frequency that can e�ciently be used. A short link o�ers
more bandwidth than a long link. �erefore, for a UW-ASN the property holds
that by relaying information over multiple hops, the e�ective bandwidth can be
increased signi�cantly.

�Reduction of density, the opposite of compression.
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Compared to the propagation speed of EM waves, the acoustic propagation speed
is �ve orders of magnitude lower. In radio communication, the desired signal and
its re�ections arrive almost simultaneously; the time interval between the earliest
arrival and the latest re�ection is, depending on the environment, in the order
of microseconds. In underwater communication such an interval can easily ex-
ceed tens of milliseconds. Consequently, re�ections from current and previous
underwater transmissions, also known as multipath components, distort the de-
sired signal being received. �e desired signal and the multipath components add
up constructively and destructively. �erefore, some frequencies in the (aggregate)
received signal are ampli�ed, whereas others are attenuated. �is type of distortion
is known as frequency-selectivity. Additionally, movement of the surface waves
leads to displacement of the re�ection points causing propagation paths to change.
�e latter is termed time-varying multipath propagation and results in time-varying
frequency-selectivity.

�.� P������ ���������

To facilitate the growing commercial interest in aquatic monitoring, considerable
research e�ort is initiated. Despite underwater sensor and underwater vehicle tech-
nology being relatively mature, underwater communications is still a major chal-
lenge [27]. �e underwater acoustic channel is o�en regarded as a communication
channel of extreme di�culty.

Time-varying distortion of the received signal, caused by the underwater chan-
nel, can be mitigated using spatial and spectral signal processing methods. Most
of these techniques can be implemented in terms of �lter operations, whose co-
e�cients need to be adapted on the �y. Some of these adaptive methods require
nonlinear mathematical functions to be calculated. Additionally, to compensate for
nonminimum-phase behavior, it is essential to have support for noncausal �ltering.
Digital hardware can be programmed to support noncausal adaptive �ltering (by
introducing lags) and to evaluate nonlinear functions. Nonlinearity and noncausal-
ity are particularly cumbersome to deal with in analog hardware. �erefore, in this
work, solely digital signal processing (DSP) methods are employed to compensate
for the underwater channel distortion.

Underwater communication is expensive in terms of power. For nodes in a UW-
ASN, the required transmission power is typically in the order of tens of watts [79].
�e available battery energy of underwater sensor nodes is heavily constrained,
because recharging a�er deployment is o�en di�cult and expensive. �erefore, it
is essential to keep transmission time slots as short as possible. Also, to reduce the
energy consumption at the receiving underwater nodes, computational capabilities
to compensate for the channel distortion are limited. Consequently, the main focus
of this thesis is energy-e�cient digital spatial and spectral signal processing to provide
fast and accurate compensation for the distortion caused by the underwater channel.
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Compensation of channel distortion is called equalization. In radio communica-
tions, many conventional equalization methods require training sequences to be
transmitted [13]. To reduce energy consumption of the underwater transmitter and
to make more e�cient use of the transmission time slots, we employ digital blind
equalization methods, meaning that we digitally compensate for underwater chan-
nel distortion without employing training sequences. As a substitute for the missing
training sequences, structural properties of the transmitted signals are exploited.

We have chosen to focus on both (i) blind spatial equalization and (ii) blind spectral
equalization techniques. Blind spatial equalization combines signals from di�erent
synchronous and spatially separated receivers to create angular regions with high
sensitivity to improve reception from a certain direction. In literature, the latter is
also known as blind beamforming.

Blind spectral equalization, which can be considered the spectral counterpart of
blind spatial equalization, compensates the channel’s frequency-selectivity caused
by constructive and destructive interference of multipath components.

�.� O������

In order to mitigate underwater channel distortion, a quantitative analysis of the
channel’s most distinctive properties is given in chapter �. To evaluate (blind)
equalization techniques in practice, a �exible multi-channel underwater testbed
was built. An overview of both its hardware design, as well as its design decisions
can be found in chapter �. Blind spatial equalization to compensate for the e�ects of
the underwater acoustic channel is discussed in chapter �. �is chapter elaborates
on two novel blind methods, the A-CMA and the E-CMA. �e topic of chapter �
is blind spectral equalization of nonminimum-phase channels. Herein, fast and
accurate compensation of (�rst-order) nonminimum-phase channels using the
AP-CMA is presented. Finally, in chapter �, our conclusions and future work are
given.

�.� N��������� �����������

For the notation of mathematics in this thesis, we adhere to the following rules:

» Scalars are written in normal face lowercase letters, e.g., x.
» Vectors are written in boldface lowercase letters, e.g., x.
» Matrices are written in boldface capitals, e.g., X.

Reference units for values expressed in decibels are annotated in subscript.
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A������� – In this chapter, the characteristics of the underwater acoustic
channel are discussed from the perspective of the most fundamental equa-
tion for performance analysis of underwater acoustic communications: the
SONAR equation. Since the SONAR equation does not account for sound
speed variability, we explain the detrimental e�ects of sound speed variabil-
ity on underwater acoustic propagation, by showing ray traces for realistic
ocean temperature pro�les. No standard deterministic model exists to de-
scribe underwater multipath propagation. �erefore, we elaborate on a
stochastic model, which is o�en used in underwater communication litera-
ture, the wide-sense stationary uncorrelated scattering (WSSUS) model. In
the underwater multipath environment, propagation speed variability can
lead to a scenario where the direct-path acoustic pressure wave arrives later
than a re�ected wave. �is phenomenon and its relation to the channel’s
phase response are elucidated.

�.� I�����������

Following upon the short overview of the underwater acoustic channel in chapter �,
a more quantitative and in-depth discussion of the channel’s unique properties is
given here. An understanding of these properties is necessary for the design of un-
derwater communication hardware (chapter �) and the development of underwater
blind spatial and blind spectral equalization techniques (chapters � and �).

�is chapter’s quantitative discussion of the underwater channel starts by introduc-
ing commonly used terminology and units in section �.�. Section �.� elaborates
on the SONAR equation and discusses transmission loss and ambient noise. �e
variable propagation speed of underwater sound and its e�ect on acoustic com-
munication is introduced in section �.�. Section �.� discusses deterministic and
stochastic models to describe underwater multipath propagation. �is section also
elaborates on nonminimum-phase behaviour: an important property of (some)
underwater channels. �e most relevant properties of the underwater channel and
their relationship to the subjects in the other chapters can be found in section �.�.

Parts of this chapter have been published in [KCH:4] .
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�is section shortly elaborates on (underwater) acoustics terminology and refer-
ence units. Furthermore, it clari�es the di�erence between the sound pressure level
(SPL) and the sound intensity.

�.�.� �������� �������� �����

Underwater acoustic pressure waves are the main means for communication under
water. �e standard unit for pressure is pascal (Pa). A pascal is the pressure result-
ing from a force of � newton acting on an area of � square meter. In the vicinity
of an underwater acoustic source, regions of compression and rarefaction can be
distinguished. In a region of compression, the acoustic pressure exceeds the equi-
librium condition, whereas in a region of rarefaction, the acoustic pressure is less
than the equilibrium condition.

�.�.� �������� ���������

�emajority of underwater transducers is sensitive to pressure disturbances [66].
Pressure disturbances are converted to voltages and vice versa bymeans of piezoelec-
tric materials. Although pressure disturbances are measured, o�en sound intensity
(or acoustic intensity) is discussed. Sound intensity is the �ow of acoustic energy
per unit time through a surface of unit area. Sound intensity is proportional to the
sound pressure squared for plane and spherical travelling waves [39]. �erefore,
the SPL, which is a scale for the sound pressure squared, is in many cases equal to
the sound intensity.

Unique characterization of the SPL, expressed in decibels, requires a reference
sound pressure. In underwater acoustics, a reference sound pressure of � µPa RMS
is commonly used, which is denoted in subscript as SPLdB re � µPa [1]. Note that the
SPL is a ratio of intensities, even though it is referenced to a pressure.

To determine the SPLdB re � µPa of an acoustic source, the measured RMS pressure p
is divided by the reference pressure pref = �µPa RMS and expressed logarithmically:

SPLdB re � µPa = �� log��
p�

pref�

= �� log��
p
pref

.

In order to develop an intuition for realistic values of underwater sound sources
e.g., the SPLdB re � µPa (at �m distance) of a �W omnidirectional sound source is
���.�� dB re µPa [10].
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�emost fundamental equation for performance analysis of underwater acoustic
communication is the passive SONAR equation [34]. �is equation can be used to
determine the narrowband range- and frequency-dependent signal-to-noise ratio
(SNR) available at a receiver, denoted by SNRdB(l , f ):

SNRdB(l , f ) = SLdB re � µPa − TLdB(l , f ) − �NLdB re � µPa�( f ) −DIdB( f )� . (�.�)

Herein, l is the range in km, f the center frequency in kHz, SLdB re � µPa the acous-
tic intensity of the source and TLdB(l , f ) the transmission loss. Furthermore,
NLdB re � µPa�( f ) represents the ambient noise level at the receiver and DIdB( f ) the
directivity index of the receiver. Note that the value of SNRdB(l , f ) is a simpli�ed
estimate. E.g., losses caused by fading are not taken into account.

In this work, the acoustic intensity of the source SLdB re � µPa is expressed using the
SPL of the source. By de�nition, the SLdB re � µPa is equal to the SPLdB re � µPa at �m
distance. Ambient noise does not require a reference distance, since it does not
originate from a single source.

For mathematical tractability, we assume that the SNRdB(l , f ) is valid for a band of
�Hz centered around f . To determine the ambient noise level NLdB re � µPa�( f ) in
such a band, an expression for the channel’s ambient noise power spectral density
(PSD) can be used, as will be shown in section �.�.�.

�e last term of eq. �.� (DIdB( f )) is the amount by which a receiver rejects omnidi-
rectional noise [34]. If the receiver is omnidirectional and frequency-independent,
which is assumed in the remainder of this chapter, then DIdB( f ) can be set to zero.
Array directivity and its relation to the frequency of impinging signals will be dis-
cussed in chapter �. �e remainder of this section elaborates on transmission loss
and ambient noise.

�.�.� ������������ ����

As an acoustic pressure wave propagates through the medium, compression and
expansion cause loss of acoustic energy. When the acoustic pressure wave expands,
the acoustic intensity decreases because acoustic power is spread out over a growing
surface area. A spreading factor (k in eq. �.�) is used to represent di�erent types of
spreading. If the expansion is spherical then the intensity drops quadratically with
respect to the distance of the (omnidirectional) acoustic source. �e latter is o�en
referred to as spherical spreading and is modeled by k=�. In an ocean environment,
spherical expansion is limited due to the re�ecting ocean bottom and surface. If
the bottom and surface act as perfect re�ectors, that is with no loss of acoustic
energy, then spreading is called cylindrical spreading. �e only loss occurs at the
area of the ‘hull’ of the cylinder. �erefore, in case of cylindrical spreading, the
acoustic intensity drops linearly with respect to the distance of the acoustic source.
Cylindrical spreading is modeled by the spreading factor k=� [28].
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F����� �.� – Absorption coe�cient a( f ).

In a realistic setting, pressure wave expansion is o�en a combination of spherical
and cylindrical spreading. To model a combination of both spreading categories,
the spreading factor can be chosen accordingly. O�en, the value k=�.� is used, which
is known as practical spreading [78].

�e absorption in underwater communication increases not only with range, but
also with frequency and (in case of cylindrical spreading) with depth¹. In general,
the transmission loss TLdB(l , f ) in an underwater acoustic channel over a distance
l in km for a frequency f in kHz is given by:

TLdB(l , f ) = k ⋅ �� log�� �
l
l�
� + l ⋅ a( f ), for spherical spr. (k=�)

= k ⋅ �� log�� �
l
l�
� + l ⋅ a( f ) + ε, for � < k < �

= k ⋅ �� log�� �
l
l�
� + l ⋅ a( f ) + �� log��(

z
z�
). for cyl. spr. (k=�) (�.�)

Herein, k represents the spreading factor, l� a reference distance², z� a reference
depth (in m), z the depth (in m) and a( f ) the frequency-dependent absorption
coe�cient (in dB/km). Typically, the reference depth z� is set to �m. �e o�set
ε, in case the expansion behaves as a combination of both spherical and cylindri-
cal spreading, is a topic for further study within the acoustic community. In the
remainder of this thesis, we assume practical spreading with ε = �. However, note
that this results in an underestimate of the actual transmission loss.

�For cylindrical spreading, the dependence on depth can bemade explicit bywriting TLdB(l , f , z).
�Typically, this reference distance l� is � × ��−� km.
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In freshwater, frequency-dependent attenuation can be explained by taking into
account viscous e�ects of water. However, in seawater the measured losses are
much larger than expected fromviscous e�ects alone. For seawater, these additional
losses can be explained by the relaxation e�ects of boric acid andmagnesium sulfate.
�e equation for the absorption coe�cient is known as �orp’s equation. �orp’s
empirical equation for the absorption coe�cient a( f ) (in dB/km) in seawater can
be written as [1]:

a( f ) = ��.�� f �
� + f �

� + � �� f �

���� + f �
� + �� ⋅ ��−� f �� . (�.�)

Herein, f is the frequency given in kHz. �e absorption coe�cients (for fresh water
and seawater) for frequencies up to ��� kHz are shown in �gure �.�. For (energy-
e�cient) long-range underwater acoustic communication, only the low-frequency
range can be exploited. Long-range systems enable communication over distances
up to ��� km. Typically, these systems use frequencies in the range of ���Hz to
���Hz [32]. In this thesis, the focus will be on short- and medium-range commu-
nication. Distances up to �� km belong to these categories. Chapter � discusses
choosing appropriate communication frequencies given the characteristics of the
underwater channel.

�.�.� ������� ����� �����

Underwater ambient noise refers to the noise that remains a�er excluding all easily
identi�able sound sources. For example, a nearby ship is treated as an acoustic
signal instead of a noise source, although the presence of many ships randomly
distributed over the ocean is attributed to ambient noise. Typically, the ambient
noise in the underwater channel is caused by (i) turbulence, (ii) shipping, (iii) waves
and (iv) thermal noise. �e e�ect of precipitation is not discussed in this section.
However, when precipitation is present, it is also an important source of noise [1].

Turbulence and shipping noise are the main noise sources in the low-frequency re-
gion (< ���Hz). Turbulence is low-frequency noise resulting frompressure changes
in irregular moving water in turbulent currents [12]. �e empirical PSDs of turbu-
lence and shipping noise expressed in µPa�Hz−� are given by [78]:

Nt( f ) = �����−��log��(
f
fr )���� , (�.�)

Ns( f , sn) = �����+��(sn−�.�)+��log��
f
fr −��log��(

f
fr +�.��)���� . (�.�)

Herein, f is the frequency in kHz, sn the shipping factor and fr the reference fre-
quency, set to �Hz. �e shipping factor needs to be set in the range of �–�. A smaller
factor means less shipping activity. Spatially, the noise intensity of distant shipping
is more signi�cant for transmissions parallel to the ocean bottom, because signals
impinging on the receiver a�er multiple bottom re�ections will be strongly attenu-
ated [10].
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�emajor cause of underwater ambient noise in the region of ���Hz–��� kHz, is
agitation of the sea surface by wind. In contrast to shipping noise, wind-related
noise is more intense in the vertical than in the horizontal plane [10]. �e major-
ity of underwater communication systems operate in the ���Hz–��� kHz region.
Consequently, wind-related noise strongly a�ects the performance of these systems.
�e empirical PSD of wind-related noise in µPa�Hz−� can be written as [78]:

Nw( f ,wn) = �����+�.�
� wn

wr +�� log��
f
fr −�� log��(

f
fr +�.�)���� . (�.�)

Herein, f is the frequency in kHz, wn the wind speed in m s−� and wr the reference
wind speed, set to �m s−�. Note that, the (empirical) relationship between wind
speed and ambient noise in dBre µPa� Hz−� is equal to �.�

�
wn
wr
. A very rough approx-

imation of this term is a � dBre µPa� Hz−� noise increase per doubling of the wind
speed.

In the high-frequency region (> ��� kHz), thermal noise dominates the ambient
noise intensity. �ermal noise is the result of random pressure �uctuations (at the
transducer) caused by thermally agitated water molecules [1]. �e PSD of thermal
noise in µPa�Hz−� as function of the frequency f in kHz is given by [78]:

Nth( f ) = ���−��+�� log��
f
fr ���� . (�.�)

�e complete underwater ambient noise spectrum N( f , sn ,wn) in µPa� Hz−� can
now be written as:

N( f , sn ,wn) = Nt( f ) + Ns( f , sn) + Nw( f ,wn) + Nth( f ). (�.�)

For average Dutch weather conditions and moderate shipping³ the PSD of the am-
bient noise N( f , sn ,wn) is shown in �gure �.�. To further illustrate the sensitivity
of ambient noise for variations in wind and shipping activity, �gure �.� shows the
ambient noise spectrum for four di�erent combinations of wind and shipping levels.

�e PSD for the average Dutch weather and moderate shipping (�gure �.�) roughly
decays linearly with respect to the logarithmic abscissa in the region � kHz-��� kHz.
Similar to the analysis by Stojanovic [78], the following linearization of the empiri-
cal PSD can be found:

Ñ( f )dB re µPa� Hz−� ≈ N( f , sn ,wn)dB re µPa� Hz−� � sn=�.�,wn=�.�, f=[�. . .���]

Ñ( f )dB re µPa� Hz−� = ��.� − �� log�� �
f
fr
� . (�.�)

In the context of the passive SONAR equation (eq. �.�), for a bandwidth of �Hz
centered around frequency f , we assume NLdB re � µPa�( f ) ≈ Ñ( f )dB re � µPa� Hz−� .

�sn = �.� and wn = �.�m s−� [14, 35]
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F����� �.� – Ambient noise PSD and its linearization for the average Dutch wind speed
(wn=4.9) and moderate shipping (sn=0.5).
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F����� �.� – Ambient noise PSD for di�erent combinations of wind and shipping levels.

�.� V������� ����������� �����

�e propagation speed of underwater acoustic pressure disturbances is variable
and determined by (i) salinity, (ii) temperature and (iii) depth of the measurement.
Temperature and depth are themain factors to in�uence the speed of sound. E�ects
of variability in salinity are usually small and o�en neglected.
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�e following equation gives an approximation of the speed of sound c (m/s) in a
marine environment [46]:

c(S , T , z) = ����.�� + �.���T − �.�����T� + �.��� ⋅ ��−�T�

+ (�.��� − �.�����T)(S − ��) + �.�����z
+ �.��� ⋅ ��−�z� − �.��� ⋅ ��−��Tz� . (�.��)

Herein, T is the temperature (oC), S the salinity (parts per thousand or ppt) and z
the depth (m).

�.�.� ����� ����� �������

�ediagramof the sound speed as a function of depth z is known as the sound speed
pro�le (SSP). To illustrate sound speed as a function of depth, consider the ocean
divided into horizontal layers with di�erent properties. �e depth and thickness
of these layers heavily depend on the latitude of the ocean region. From surface to
bottom, the following ocean layers can be recognized: (i) surface layer, (ii) seasonal
thermocline, (iii) main thermocline and the (iv) deep isothermal layer [10]. An
underwater thermocline is a region with a rapid decline of temperature with depth.

As an example, in �gure �.�, the temperature and sound speed variation over depth
in the Skagerrak region of theNorth Sea are shown [4, 45]. �e sound speed pro�les
are approximated using eq. �.��. �e Skagerrak is part of the Norwegian trench
and home to the deepest point of the North Sea (���m).

�e main cause of temperature variation (and hence sound speed variation) in
the surface layer and the seasonal thermocline is the in�uence of the sun. Daily

�

���

���

���

���

���
���� ���� ���� ���� ���� ���� ���� ���� ���� ����

� � � �� �� �� ��

D
ep
th

(m
)

Sound speed (m/s)

Temperature (oC)

winter temp.
summer temp.

winter SSP
summer SSP

F����� �.� – Temperature and sound speed pro�le for the Skagerrak region (��.�oN �.�oE).
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temperature �uctuations occur in the surface layer, in the Skagerrak this layer ex-
tends to a depth of approximately twenty meters [25]. Furthermore, �gure �.�
clearly reveals the e�ect of seasonal changes. �e layer that �uctuates at a seasonal
basis is termed the seasonal thermocline. In this example, the seasonal thermocline
extends to a depth of ���m.

At larger depths, in the main thermocline, the sound speed variation is small be-
cause the decrease in temperature is balanced by the increase in depth. If we were
able to go even deeper, then at a certain depth the temperature would become
constant (isothermal) and the sound speed would only be in�uenced by depth.
According to eq. �.��, this isothermal layer has a positive sound speed gradient.

In the Skagerrak, the dense deep water does not mix with the less dense surface
layer water. �is density di�erence is caused by the low salinity in the upper layer.
Formation of layers due to density di�erences, caused by salinity di�erences, is
called salinity strati�cation. �e low salinity of the upper layer is the result of cold
and saltier water, which has a higher density, subducting into the Skagerrak from
other parts of the North Sea [44]. Salinity strati�cation allows the surface layer to
become colder (in winter) than the deeper water. In summer, the water layers are
also thermally strati�ed due to the surface layer being heated by the sun.

�.�.� ���������

Sound speed variability has a large e�ect on underwater acoustic communication
because acoustic rays always bend toward regions of decreasing sound speed (Snell’s
law) [86]. To analyze the e�ect of ocean sound speed variability, a ray tracer can be
employed. A well-known ray tracer for two-dimensional underwater acoustic ray

�

���

���

���

���

���
� � �� �� ��

D
ep
th

(m
)

Distance (km)

F����� �.� – Acoustic shadowing in the Skagerrak (in summer).
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tracing is the Bellhop code developed by Porter [62]. Basically, a ray tracer emulates
the source by a fan of beams and traces the propagation of these beams through
the medium [63]. �e pressure or the particle velocity, at a certain location in the
medium, is calculated by incorporating the contributions of each individual beam.

�eBellhop code has been executed with the Skagerrak summer andwinter pro�les
(�gure �.�) as input to gather an understanding of the propagation of acoustic
energy at these periods of the year. During our simulation with the summer pro�le,
the results of which can be seen in �gure �.�, the position of the acoustic source is
��m below the ocean surface. �e ocean bottom is located at a depth of ���m. A
source with a highly directional fan of beams was used to emphasize the e�ects of
sound speed variability being illustrated. In summer, the surface layer and seasonal
thermocline have a negative sound speed gradient, causing rays to bend downward.
A region can be recognized with zero acoustic intensity, which is called the acoustic
shadow zone. Until the boundary of this shadow zone, the transmission loss can be
accurately approximated using spherical spreading (spreading factor k=�) [10].

Based on SSP data measured during winter months (�gure �.�), another set of ray
traces has been calculated. Results of this simulation are shown in �gure �.�. In
winter, the positive sound speed gradient in both the surface layer and the sea-
sonal thermocline causes rays to bend upward and to become trapped near the
water surface. �is phenomenon is called surface ducting [1]. If all the transmitted
acoustic energy gets con�ned in a surface duct then the transmission loss can be
approximated using cylindrical spreading (spreading factor k=�) [10].
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F����� �.� – Surface ducting in the Skagerrak (in winter).
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F����� �.� – Formation of an acoustic waveguide in the Skagerrak (in summer).

�.�.� �������� ���������

In summer, the Skagerrak has a minimum sound speed at a depth of approximately
���m (�gure �.�). An acoustic sourcewith a nearly horizontal directivity positioned
in the Skagerrak (at ���m of depth) is visualized in �gure �.�. Herein, the presence
of an acoustic waveguide can easily be recognized. An acoustic waveguide is formed
by acoustic rays oscillating across the axis of the sound speed minimum and it
results in an acoustic intensity that diminishes in a cylindrical fashion. Whether
or not this characteristic is truly cylindrical is determined by the directivity of the
source and the SSP of the channel.

�e SOFAR channel, which was mentioned in chapter �, is a seasonally independent
waveguide that permits underwater acoustic waves to travel over great distances.
�e axis of the SOFAR channel is close to the water surface at high latitudes, but
deepest in subtropic regions [17]. Typically, the depth of this channel is � km [1].

�.� M�������� �����������

�e complex propagation of underwater acoustic energy, originating from a sin-
gle source, has been discussed in sections �.�.� and �.�.�. We have seen that an
underwater receiver encounters ocean regions with zero acoustic intensity due
to shadowing, as well as multipath-rich regions with a large intensity. Instead of
merely focusing on acoustic intensity, this section elaborates on characterizing the
(time-varying) superposition of signal re�ections experienced in a multipath-rich
underwater environment. In addition to characterization of time-varying multi-
path, an important property of (some) multipath underwater channels, known as
nonminimum-phase behavior, is discussed.
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�.�.� ������������� ����-��������� ��������� �����

In a completely time-invariant environment, under the assumption that the re-
ceived signal is a linear combination of the line-of-sight (LoS) component and/or
time-delayed attenuated re�ections of the source signal s(t), the received complex
baseband signal x(t) can be written as follows:

x(t) =
P
�
p=�

hps(t − τp). (�.��)

Herein hp and τp represent, respectively, the complex gain factor and time delay of
the pth propagation path. O�en, this equation is generalized as follows to cover for
a continuum of all possible time delays τ:

x(t) =
∞

∫
−∞

h(τ)s(t − τ)dτ. (�.��)

�e function h(τ) is called the impulse response of the well-known linear time-
invariant (LTI) channel model.

�.�.� ������������� ����-������� ��������� �����

�e objects re�ecting the source signal are known as scatterers. In a realistic envi-
ronment, the scatterers, as well as the acoustic source, the medium and the receiver
can be moving. Clearly, the assumption of time-invariance does not hold in such a
practical environment. �erefore, linear time-variant (LTV) channel models were
developed. �e remainder of this section elaborates on LTV channel modeling.

Movement results in Doppler frequency shi�s of the source signal. If all propaga-
tion paths and their respectiveDoppler shi�s are completely known, a deterministic
linear description of the received complex baseband signal x(t), in terms of the
source signal s(t), can be given as follows [29]:

x(t) =
P
�
p=�

hps(t − τp)e j�πνp t . (�.��)

Herein, hp , τp and νp are, respectively, the complex gain factor, time delay and
Doppler shi� of the pth propagation path.

Equation �.�� can be generalized to describe a continuum of propagation paths. For
every possible time delay τ and Doppler shi� ν, a complex gain factor Sh(τ, ν) is
de�ned [5]:

x(t) =
∞

∫
−∞

∞

∫
−∞

Sh(τ, ν)s(t − τ)e j�πνtdτdν. (�.��)

Function Sh(τ, ν) is called the delay-Doppler spreading function, since it describes
the spreading of the source signal in time and frequency.
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Apart from the delay-Doppler spreading function, an LTV channel is o�en charac-
terized in terms of its time-varying impulse response h(t, τ). Note that, compared
to the LTI impulse response h(τ) of eq. �.��, the dependence on time is modeled
by incorporating the observation time t.

�e time-varying impulse response h(t, τ) can be found by integrating out the
Doppler shi� of the spreading function Sh(τ, ν):

h(t, τ) =
∞

∫
−∞

Sh(τ, ν)e j�πνtdν. (�.��)

At �rst glance, the multiple notions of timemay seem confusing. �erefore, keep in
mind that the physical notion of h(t, τ) is the response of the time-varying channel
at observation time t for an impulse at time t − τ.

�.�.� ���������� ����-������� ��������� �����

In practice, it will never be possible to give a complete deterministic characteri-
zation of an underwater multipath channel. Usually, stochastic characterizations
based on stochastic process theory are employed. Stochastic processes are indexed se-
quences of stochastic variables. Each stochastic variable assigns a probability to the
outcome of a random experiment. A stochastic channel characterization describes
the statistical properties of an ensemble of possible channel realizations. �e objec-
tive of a stochastic characterization is to cover as much of the channel dynamics as
possible while still being mathematically and computationally tractable.

A commonly used assumption to simplify the modeling of underwater acoustic
LTV channels is thewide-sense stationary uncorrelated scattering (WSSUS) assump-
tion [18]. WSSUS channel models are discussed in the following section.

Wide-sense stationary uncorrelated scattering assumption

Under the assumption that the received signal consists of a large number of di�usely
re�ected multipath components, o�en h(t, τ) is assumed to be a two-dimensional
zero-mean complex Gaussian process (Central Limit �eorem) [29]. In literature,
a stochastic process de�ned over a parameter space with a dimensionality of at least
one is referred to as a random �eld. For example, an Euclidean random �eld is an
in�nite set of stochastic variables indexed in Euclidean space.

�e zero-mean Gaussian random �eld h(t, τ) representing an LTV channel can
completely be characterized by its autocorrelation function γhh(t� , t� , τ� , τ�) [49]:

γhh(t� , t� , τ� , τ�) = h(t� , τ�)h∗(t� , τ�)p(h(t� , τ�), h(t� , τ�)) = E �h(t� , τ�)h∗(t� , τ�)� .
(�.��)

Herein, p(h(t� , τ�), h(t� , τ�)) is the joint probability density function (PDF) which
represents the chance of h(t� , τ�) and h(t� , τ�) occurring simultaneously. �e
asterisk denotes complex conjugation. Clearly, eq. �.�� is not practical since it
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depends on four variables and the joint PDF p(h(t� , τ�), h(t� , τ�)) needs to be
known.

In [5], Bello introduced the WSSUS condition that can be used to reduce the auto-
correlation function γhh(t� , t� , τ� , τ�) of an LTV channel to an expression in two
variables. �e �rst step of Bello’s simpli�cation is to assume that the channel h(t, τ)
is wide-sense stationary (WSS). For a WSS channel, the �rst- and second-order
statistics are independent of absolute time. �e autocorrelation function γhh is a
second-order statistic, therefore the following holds:

γhh(t� , t� , τ� , τ�)�WSS = γhh(t� + t′ , t� + t′ , τ� , τ�) ∀t′ ∈ R. (�.��)

�is implies that this autocorrelation function, under the WSS assumption, only
depends on the time di�erence between t� and t�, denoted by ∆t = t� − t�:

γhh(t� , t� , τ� , τ�)�WSS = γhh(∆t, τ� , τ�). (�.��)

Bello’s second simpli�cation of γhh incorporates the assumption that the channel’s
delay coe�cients corresponding to paths with di�erent delays are uncorrelated.
Application of this uncorrelated scattering (US) property results in:

γhh(t� , t� , τ� , τ�)�US = γhh(t� , t� , τ� , τ�)δ(τ� − τ�). (�.��)

Herein, δ represents the Dirac delta function. �e US property implies that a single
delay τ = τ� = τ� is su�cient to represent the delay coe�cient for γhh :

γhh(t� , t� , τ� , τ�)�US = γhh(t� , t� , τ). (�.��)

A combination of the WSS and US condition yields the WSSUS condition that
reduces the autocorrelation function of an LTV channel h(t, τ) to an expression in
two variables:

γhh(t� , t� , τ� , τ�)�WSSUS = γhh(∆t, τ). (�.��)

�.�.� ����������-����� ���������

In the underwater multipath environment, the variation in acoustic propagation
speed can lead to a scenario where the direct-path acoustic pressure wave arrives
later than a re�ected wave. In section �.�, we already mentioned this channel prop-
erty, known as nonminimum-phase behaviour. As its name suggests, theminimum-
phase or nonminimum-phase property of a channel is related to the phase behaviour
of the channel. A (causal) channel h with frequency response H(ω) (for normal-
ized frequencies) is minimum-phase if its phase change between H(π) and H(�)
is equal to zero [64]:

arg[H(π)] − arg[H(�)] = �. (�.��)

Whether a channel satis�es the minimum-phase or nonminimum-phase property
is of vast importance, since it is closely related to the channel’s invertibility and iden-
ti�ability. Both of these properties are crucial with respect to mitigation of channel
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F����� �.� – Empirical channel response illustrating nonminimum-phase behaviour [18].

distortion. Invertibility and identi�ability of (non)minimum-phase channels are
discussed in chapter � and appendix A, respectively.

An actual example of an empirical underwater channel response� can be seen in
�gure �.�. In this (extremely) sparse response, the second arrival has a larger ampli-
tude than the �rst arrival. As a rule of thumb, an impulse response having most of
its energy concentrated near the start of the response is (o�en) a minimum-phase
response. Since the response in �gure �.� does not comply to this rule of thumb, it
can be considered a nonminimum-phase channel.

To our opinion, a channel modeled by h(t, τ), under the assumption that h(t, τ)
is a Gaussian random �eld, cannot express nonminimum-phase behaviour. Our
assumption of this non-expressibility is based on the fact that h(t, τ) is fully charac-
terizable by its autocorrelation function (eq. �.��) and for its time-invariant analog
h(τ) such a characterization always results in aminimum-phase system (chapter �).
(Possible) non-expressibility of nonmininum-phase behaviour should be taken into
account during channel sounding and its subsequent channel characterization.

�.� C����������

Quantitative channel characterization, based on the SONAR equation, reveals that
the ambient noise limits the lowest frequency that can e�ciently be used for com-
munication. Ambient noise levels are variable; a major cause of this variability is
agitation of the sea surface by wind. Consequently, wind conditions strongly a�ect
the performance of underwater communication systems. On the other end, the

�Figure is reproduced with permission of the publisher.
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upper frequency limit is a result of underwater absorption not only increasing with
range, but also with frequency. Design decisions during development of our under-
water acoustic testbed, related to the aforementioned characteristics, are discussed
in chapter �.

�e underwater sound speed is variable and determined by salinity, temperature
and depth. Based on empirical ocean temperature pro�les, ocean sound speed pro-
�les were calculated. �e ocean’s sound speed variability has a large e�ect on un-
derwater acoustic communication, since acoustic rays always bend toward regions
of decreasing sound speed. Using an acoustic ray tracer, based on our empirical
sound speed pro�les, we illustrate (i) rays bending downward, (ii) rays bending
upward and (iii) rays travelling across a horizontal axis. In literature, these e�ects
are respectively known as acoustic shadowing, surface ducting and formation of
an acoustic waveguide.

Apart from merely focusing on acoustic intensity, the channel can also be mathe-
matically characterized as a time-varying superposition of the direct-path signal
and its re�ections. Such an LTV response is useful to determine the received signal
for every possible input signal. However, in practice, it is never possible to give a
complete deterministic LTV characterization. �erefore, a (simpli�ed) stochastic
characterization based on the WSSUS assumptions was discussed.

By characterizing the channel as a superposition of a direct-path signal and its
re�ections, an important channel property can be recognized: the variation of
acoustic propagation speed can lead to the scenario where the direct-path pressure
wave arrives later than the re�ection(s). �is nonminimum-phase behaviour is
related to the invertibility and identi�ability of a channel. Chapter � elaborates on
compensating for signal distortion caused by nonminimum-phase channels.
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A������� – Current systems for (multi-channel) underwater signal pro-
cessing su�er from a tight relation between the hardware and physical layer
so�ware. To provide a low-cost, small form factor and �exible solution,
this chapter presents a (receive-only) multi-channel testbed consisting of an
o�-the-shelf FPGA board and a simple expansion board. Nevertheless, the
proposed testbed provides the �exibility and processing power to evaluate
novel physical layer algorithms in real-life experiments. Two underwater
experiments have been performed to verify the functionality of the testbed
and to gather measurement data.

�.� I�����������

In the previous chapter we discussed the challenging characteristics of the under-
water channel. To compensate for the signal distortion caused by the channel, dif-
ferent physical layer techniques in time, frequency and/or space can be exploited.
To evaluate existing and novel physical layer techniques, a �exible hardware setup
is required.

�is chapter presents an underwater testbed consisting of an (up to eight-element)
array connected to an o�-the-shelf �eld programmable gate array (FPGA) board via
an easy to build extension board. �e use of a readily available FPGA board reduces
the amount of engineering work before any practical underwater experiment can
be performed. Nonetheless, the testbed provides enough �exibility to evaluate
di�erent types of equalization and modulation techniques.

�is chapter is organized as follows. Related multi-channel systems for underwater
acoustic processing are discussed in section �.�. A short description of the require-
ments is presented in section �.�. System-level design decisions during the design
of the testbed are enforced by properties of the underwater channel and beamform-
ing theory. �e system-level design is discussed in section �.�. An overview of the

Parts of this chapter have been published in [KCH:4] .



��

C
������

�–
M
����-�������

����������
�������

system implementation is given in section �.�. Underwater experiments were per-
formed to verify the functionality of the testbed. �ese experiments are discussed
in section �.�. An overview of the most signi�cant results and directions for future
work can be found in section �.�.

�.� R������ ����

In literature, two other systems that are related to our multi-channel testbed were
identi�ed: the Woods Hole Oceanographic Institution Micro-modem and the re-
con�gurable modem (rModem) from the Massachusetts Institute of Technology
[20] [76]. Although both systems are capable of multi-channel signal reception,
they are primarily designed to provide a means for rapid testing and development
of algorithms beyond the physical layer of the open systems interconnection (OSI)
stack.

�.�.� �����-�����

�e Micro-modem is an autonomous modem which can be used to build under-
water (wireless) communication networks [58]. Apart from communication, the
modem also contains a subsystem for navigation.

In its basic con�guration, the Micro-modem uses frequency-hopping frequency-
shi� keying (FH-FSK) modulation for acoustic communication. FH-FSK is bi-
nary frequency-shi� keying (FSK) where the modulator hops through (predeter-
mined) orthogonal frequencies andmodulates data on a di�erent frequency at each
hop [58]. FH-FSK modulation provides robust, but low data rate communication.
For example, the default data rate in the FH-FSK mode is �� bit s−�. Transmissions
use � kHz of bandwidth and can be performed at di�erent carrier frequencies (��,
�� and �� kHz). Frequency hopping serves two purposes: (i) multi-user communi-
cation and (ii) inter-symbol interference (ISI) mitigation. In a multi-user environ-
ment, di�erent hopping patterns allow di�erent users to transmit simultaneously.
In a single-user application, ISI decreases, because frequency hopping allows re-
�ections, at a particular frequency, to decrease in power before information is
modulated on that frequency again.

�emain processing board of theMicro-modem is based around a �xed-point DSP.
�e board’s analog input and output are connected to a ��-bit analog-to-digital con-
verter (ADC) and a ��-bit digital-to-analog converter (DAC). For phase-shi� keying
(PSK) based communication, (class D) ampli�cation, as well as multi-channel sig-
nal reception, separate expansion boards are available. All Micro-modems can
transmit PSK modulated signals, but only mainboards with the PSK expansion
board can receive these transmissions. �e data rates in the PSK mode are in the
range of ��� to ���� bit s−�.

�e modem communicates with the user via a standard serial connection based
on the National Marine Electronics Association speci�cation (version ����). �e
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disadvantage of the Micro-modem is the tight relation between the physical level
so�ware implementation and the hardware itself. Implementation of other types
of physical layer algorithms would require changes to proprietary �rmware.

�.�.� �������������� �����

�e tight relation between physical layer so�ware and hardware in existing o�-the-
shelf modems triggered MIT to design their own acoustic modem. MIT’s acoustic
modem, termed rModem, is a small form factormainboard that uses both an FPGA
and a �oating-pointDSP for processing [76]. Since the rModem ismainly a research
tool, the relatively large power consumption of its components is tolerated.

For interfacing the analog hardware, the rModem contains four ��-bit ADCs and
four ��-bit DACs. �e expansion board interface contains the power ampli�er
board, which is connected to transducer(s) operating in the �-�� kHz frequency
range. �e FPGA is meant for intermediate frequency (IF) processing, such as �lter-
ing, interpolation and decimation. �e demodulator, data link layer and network
control layer are implemented on the DSP. To relax coding requirements, a large
SDRAM and �ash memory are available on the board.

Although the rModem would be a good alternative for the Micro-modem, it is not
available o�-the-shelf.

�.� R�����������

Because of the disadvantages stated in section �.�, none of the existing boards could
be used. �erefore, we decided to develop our own testbed. �e requirements for
the testbed are rooted in (i) functionality, (ii) �exibility and (iii) availability needs.

In SeaSTAR, a coarse-grainedmonitoring architecture consisting ofmultiple sensor
nodes operating in an area of two square kilometer is envisioned. Being able to com-
municate over this area’s worst case distance (�

√
� km) is an important functional

design requirement for the testbed.

�e multi-channel testbed should be practical in di�erent types of underwater
experiments. Both spectral and spatial equalizers, as well as sensor network algo-
rithms need to be tested. Veri�cation of spatial equalization techniques requires
multiple transducers to be synchronously sampled and to be positioned in an array
con�guration. Practical experiments where the individual transducers conduct as
(receive-only) sensor nodes in a sensor network do not require synchronous sam-
pling. �erefore, �exibility in terms of transducer con�guration and processing
capabilities is needed.

Because the �rmware of the Micro-modem is proprietary and the rModem cannot
be bought; to guarantee availability, we decided to develop our own hardware. To
reduce development time, principal components of our testbed need to be available
o�-the-shelf.
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An important property of the aforementioned characteristics of underwater com-
munication channels is the frequency-dependent attenuation (section �.�.�). �is
property results in a dependence between the desired distance and the upper fre-
quency limit of the useful acoustic bandwidth. We consider the useful acoustic
bandwidth as the frequency range that can be used e�ciently, in terms of power,
by acoustic communication systems. �e lower frequency limit of the useful band-
width is the consequence of colored ambient noise.

In [78], Stojanovic discusses the relationship between communication distance and
the optimum frequency for which the maximum narrowband SNR is obtained. Us-
ing this analysis, the useful bandwidth for our testbed can be determined. Recall
the narrowband range- and frequency-dependent SNRdB(l , f ), stated in eq. �.�,
and assume a unit source level (SLdB re � µPa = �) and frequency-independent direc-
tionality (DIdB( f ) = �):

SNRdB(l , f ) = −TLdB(l , f ) −NLdB re � µPa�( f ). (�.�)

Based on the transmission loss model for practical spreading (eq. �.�) and our
approximation of the narrowband ambient noise level (eq. �.�), a closed-form ex-
pression for the narrowband SNR is given as:

SNRdB(l , f ) = −�k ⋅ �� log�� �
l
l�
� + l ⋅ a( f )� − ���.� − �� log��( f )� . (�.�)

Note that a( f ) is �orp’s empirical equation for the frequency-dependent attenua-
tion (eq. �.�).

Given a reference distance l� of �m and the expansion loss set to practical spreading
(k = �.�), SNRdB(l , f ) is visualized in �gure �.�. Clearly, the e�ect of the frequency-
dependent attenuation can be recognized. �e larger the communication range, the
smaller the useful acoustic bandwidth becomes. To determine the expected SNR
value at a receiver, as a �gure of merit, recall that the SPLdB re � µPa (at �m distance)
of a �W omnidirectional sound source is ���.�� dBre µPa [10].

Our envisioned course-grained monitoring architecture should be able to oper-
ate in an area of two square kilometer. �e worst-case distance in such an area,
between a single pair of nodes, is �

√
� km. In a realistic deployment, multiple

nodes will be used. �erefore the typical communication distance will be much
smaller. Figure �.� shows the underwater acoustic range- and frequency-dependent
SNRdB(l , f ) for �.�, � and �

√
� km.

To convert acoustic energy into electrical energy (and vice versa), electroacoustic
transducers are used. Underwater electroacoustic transducers can be receive-only
(hydrophones), transmit-only (projectors) or a combination of both (transceiving
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transducers) [85]. To comply with our �exibility requirement, transceiving trans-
ducers are chosen instead of separate projectors and hydrophones. Based on the
assumption that it is likely to have communication distances smaller than �

√
� km,

the relatively low-cost and o�-the-shelf available HAARI¹WBT-�� transducer was
chosen, which has an operating frequency starting at approximately �� kHz and a
�at frequency response in the �� kHz to �� kHz region.

�Hangzhou Applied Acoustics Research Institute

������������ Frequency (kHz)

�.�
�

�.�
�

�.�
�

Range (km)
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F����� �.� – Narrowband SNRdB(l , f ).
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F����� �.� – Narrowband SNRdB(l , f ) for 0.5, 1 and 2√2 km. �e passband of theWBT-��
transducer (20 kHz to 40 kHz) is annotated.
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To collect samples, an array of up to eight transducers is used. Coherent summing
of these samples results in an angular directionality of the array. �e directionality
of the array can be steered electronically. Creation of these angular regions of di-
rectionality is a type of spatial equalization, known as beamforming. Beamforming
will be discussed extensively in chapter �. A purpose of the multi-channel testbed
is to evaluate beamforming algorithms that adapt to changing signal (conditions
and) directions. �ese algorithms are known as adaptive beamforming algorithms.

Characteristics of the underwater channel and the transducer a�ect design deci-
sions related to beamforming. �e next sections clarify the implications of these
characteristics.

Wideband nature

�e type of processing that needs to be performed for beamforming depends on
the bandwidth of the received signal with respect to its carrier frequency. �e latter
relationship is known as the fractional bandwidth (FB) and can be written as [2]:

FB = fh − f l
( fh + f l)��

⋅ ���%. (�.�)

Herein, fh and f l are, respectively, the highest and the lowest frequency components
in the desired signal. A signal is considered narrowband if the FB is one percent or
less [3]. A narrowband signal can be approximated as a sinusoidal signal. �erefore,
in a narrowband beamformer, phase shi�s can be used to compensate for time lags
(caused by non-broadside arrivals) in order to provide coherent summing of the
transducer signals. Note that, time lags experienced due to multipath propagation
can o�en not be corrected by mere phase shi�s.

In underwater communications, the acoustic bandwidth of signals is (o�en) in the
order of its carrier frequency. For example, if the complete passband bandwidth of
theWBT-�� transducer is used for communication, then the FB of the transceived
signal is ��−��

(��+��)�� ⋅ ���% ≈ ��%. A signal having a FB larger than one percent
is called a wideband signal. Wideband signals cannot be treated as sinusoidal
signals and consequently the performance of narrowband beamformers starts to
deteriorate for wideband signals. A variety of techniques can be used to implement
wideband beamforming, e.g., delay-sum beamformers, interpolating beamformers
and tapped delay line (TDL) based methods [43].

TDL based beamformers sample the impinging signals in both time and space
by appending multiple time delays to each antenna [36]. �eir structure can be
regarded as a �nite impulse response (FIR) �lter for each antenna. Our research
focuses on these TDL based beamformers, because their structure o�ers a lot of
�exibility. Typically, a TDL structure uses a large number of multipliers. �e FPGA
in our testbed o�ers �exibility and tens of embedded multipliers to perform TDL
based processing.
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Physical limitations

�e spacing between elements of an array d (in m) is generally expressed in terms
of fractions of the wavelength λ (in m) of the highest frequency fh (in Hz) in the
received signal. Ideally, wideband equidistantly spaced beamformers have d ≤ �

� λ
[43].

�e passband of theWBT-�� transducer extends from �� kHz upto �� kHz. Due to
the relatively large diameter of theWBT-�� transducer (��mm) the array cannot
be ideally spaced, since �

� λ for a ��kHz underwater acoustic transmission is ap-
proximately ��.��mm. �e actual array spacing in the testbed is shown in �gure �.�.

� mm WBT-��

Mount hole

d = �� mm

F����� �.� – Linear array made of fourWBT-�� transducers.

A non-ideal spacing of isotropic array elements (d > �
� λ) leads to spatial aliasing,

which can be recognized as grating lobes in the array pattern. Based on the av-
erage underwater acoustic propagation speed (����m s−�) and the array spacing
of ��mm, the highest frequency without grating lobes is ��.��� kHz. To illustrate
these grating lobes, the magnitude of the array response is evaluated as function of
frequency and angle of arrival in �gure �.�. For impinging signals with wavelengths
equal to or smaller than the array spacing (λ = �.���m), complete grating lobes
are unavoidable. Complete grating lobes are grating lobes with a magnitude equal
to the main beam’s magnitude.

�e grating lobes are a serious complication because the �at frequency response of
the transducer commences at �� kHz. Fortunately, by limiting the angular coverage
(maximum angle of arrival) of the array and/or the highest frequency fh in the
received signal, the impact of complete grating lobes can be reduced. �emaximum
steering angle θ� before a complete grating lobe appears at θ g = ±��○ follows from
[3]:

π
d
λ
[sin θ g − sin θ�] = ±nπ (�nd �rst alias, use n=�), (�.�)

[sin θ g − sin θ�] = ±
λ
d

(use θ g = ±��○), (�.�)

θ� = sin−�(±
λ
d
± �). (�.�)
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If a signal with fh equal to �� kHz (λ=�.��� m) impinges at the current setup,
Equation �.� has real solutions for θ� = ±��○. �us, by limiting the angular coverage
to �θ�� < ��○ (for this scenario) complete grating lobes do not appear.
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F����� �.� – �eoreticalWBT-�� array response.

�.�.� ���������� ��������

In contrast to theMicro-modem and the rModem, our testbed uses an o�-the-shelf
FPGA mainboard. �e use of a readily available FPGA board reduces the amount
of engineering work before practical experiments can be performed. Our testbed is
by no means an autonomous multi-channel modem. However, it provides a lot of
�exibility in terms of processing and enables full control over the raw datastreams
from the transducers. To test novel physical layer algorithms in real-time or o�ine,
�exibility and access to raw data of all individual transducers can be regarded as a
necessity.

�.� S����� ��������������

A simpli�ed schematic of the implementation of our multi-channel underwater
testbed can be seen in �gure �.�. From le� to right: an array of piezoelectric under-
water transducers (�gure �.�) converts acoustic pressure disturbances to voltages.
A�er ampli�cation and low-pass �ltering of these voltages, all analog signals are
sampled synchronously and copied to the on-board memory of the FPGA board.

A brief description of the electronic hardware of our testbed is presented in this
section. At the time of this writing, Terasic has a small form factor, low-cost de-
velopment kit available with a relatively large FPGA and SDRAM memory (DE�-
Nano) [82]. To reduce engineering work, only a simple expansion board was added
to fully constitute the electronics of our testbed. �e analog operations for data
acquisition (ampli�cation, �ltering and sampling) are performed on the expansion
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piezoelectric
transducer

ADC
DATA

USB (JTAG)

DE�-Nano board

FPGA

F����� �.� – Overview of the multi-channel underwater testbed.

board. All other operations are carried out in the digital domain on the FPGA.
Figure �.� shows our expansion board stacked on top of the DE�-Nano. Upcoming
sections discuss the major components of the expansion board and the two system-
on-chip (SoC) architectures that have been built for physical layer processing on
the FPGA.

Expansion board hardware

�emulti-channel expansion board physically connects to four transducers. Two
expansion boards can be stacked to capture upto eight channels. �eWBT-�� trans-
ducer consists of piezoelectric ceramics encapsulated in a polyurethane housing.
�ese piezoelectric ceramics generate electrical charges proportional to underwater
pressure disturbances. Typically output voltages of the transducers are small and
preampli�ers are needed. Initially, the electronics are positioned above the water
surface and connected by long cables (��m) to the transducers in the water. Be-
cause of these long cables charge mode ampli�ers are used. A charge mode ampli�er

Expansion
board

DE�-Nano

F����� �.� – Multi-channel expansion board stacked on top of the DE�-Nano.
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is a high gain operational ampli�er with a feedback capacitor. �e advantage of this
con�guration is that the output voltage is independent of the cable capacitance and
other parasitic capacitances [40].

A�er ampli�cation, �rst-order anti-alias �lters are used before the data is syn-
chronously sampled by ��-bit ADCs. �e sampling speed of these converters is
set to ��� kHz. However, these ADCs have a maximum sampling frequency of
�MHz. �erefore, if necessary, oversampling can be applied to improve resolution.

Data is transferred from the ADCs to the FPGA via serial peripheral interface (SPI)
buses. �e input signal of the ADCs is sampled at the falling edge of the active-
low chip select (CS). To guarantee synchronous sampling, a single CS signal is
generated on the FPGA and branched to all ADCs on the expansion board(s).

�.�.� ������-������ ������-��-���� ������������

During the �rst practical experiments, the SoC in �gure �.� was instantiated on
the FPGA. In this con�guration, raw sample data from the ADCs is copied to the
SDRAM on the DE�-Nano board and stored for further processing. To increase
comprehensibility, the eight synchronization clock signals which are part of the SPI
buses are not shown. �e SoC uses o�-the-shelf IP cores that communicate via a
memory-mapped bus. �erefore, this SoC can be constructed and programmed
with little engineering e�ort.

�e CS output that branches to all ADCs is generated in the FPGA by combining
the CS��� signals using anAND gate. �e SPI controllers are sequentially activated
by so�ware running on the Nios II so�core processor. A�er activation, SPI� assigns
CS� a logic low, which results in a logic low CS output. �e falling edge of this CS
output initiates simultaneous sampling of all ADCs. Due to the sequential activation
of the SPI controllers and overlap of the corresponding data transfers, CS stays low
until the sample data from all ADCs is read.

...

...

...

DE�-Nano board

SDRAM
(��MB)

JTAG

Nios II

FPGA

USB (JTAG)

CS
CS�

CS�

AND

SPI�

SPI�
MISO�

MISO� Memory
controller

F����� �.� – SoC for (synchronous) multi-channel data acquistion and storage.
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Raw data is copied to the SDRAM until the �� MB memory limit is reached. In the
memory-mapped SoC architecture, JTAG over USB is used to transfer data from
the SDRAM to the PC.

�.�.� ��������� ������-��-���� ������������

For raw data acquisition, the memory-mapped architecture (�gure �.�) o�ers an
easy to build solution. Nevertheless, �nite bu�er sizes, low sample rates and the
low JTAG transfer speed are a bottleneck for more involved experiments. �ere-
fore, a streaming SoC architecture has been built that supports (i) real-time signal
processing and (ii) real-time streaming of the (preprocessed) transducer signals to
a PC.

�e streaming SoC architecture for the multi-channel testbed can be seen in �g-
ure �.�. �is architecture is referred to as a streaming SoC architecture, because the
data path for the sample data is implemented using only streaming interfaces. �e
source of the sample data is the ADC interface block, which acts as an SPI master
for all ADCs and provides for synchronous sampling. �e eight streams of raw
sample data, a single stream per transducer, are input to the DSP block. �e DSP
block is a placeholder for real-time signal processing operations, such as mixing
and �ltering. Internally, the DSP block enables branching of its eight input chan-
nels to a maximum of �� output channels. Whether all of these output channels
are actually in use depends on the type of processing being performed in the DSP
block. Eventually, the data is sent to the USB client interface that provides USB
communication with the client PC.

Compared to the memory-mapped architecture (�gure �.�), the control and data
path have been completely separated. To con�gure the sample rate, to set �lter
coe�cients and to control communication with the PC; the ADC interface, the
DSP block and the USB client interface are connected to the memory-mapped bus.
Separation of the control and data path enables higher data throughputs, since the
parallel nature of the FPGA can now be exploited.

...

Memory-mapped bus

Streaming interface(s)

MISO�

MISO�

CS

ADC
interf.

Digital Signal
Processing

�x ��x Client
interf.

USB
board

FPGA
Nios II

PC

F����� �.� – SoC for streaming multi-channel data processing.
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�emulti-channel underwater testbed (�gure �.�) has been used in two underwater
experiments. Brief descriptions of these experiments and their outcomes are given
below. �e array terminology employed in this section is introduced in section �.�.

�.�.� ���� ����������

InNovember ����, underwater experiments were performed in a (freshwater) swim-
ming pool at SUASIS Underwater Systems in Kocaeli, Turkey. �emain purpose of
these experiments was to verify the functionality of the testbed and to determine
the array pattern of the multi-channel receiver.
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F����� �.� – �eoretical and measured four-channel array pattern.

An array of four WBT-�� transducers (�gure �.�) was placed in the pool and con-
nected by long cables (��m) to the multi-channel expansion board. Another trans-
ducer was placed in the far-�eld of the array and connected via a power ampli�er
to a signal generator producing short bursts (� cycles) of a �� kHz sinusoid.

For twelve di�erent angles, starting from broadside, sample data of a burst was
stored in the SDRAM of the DE�-Nano. A�erwards, for every angle, the power of
the beamformer output is determined by summing the four channels and taking
the mean-square of this sum.

�enormalized results of our experiment and the expected theoretical array pattern
are shown in �gure �.�. �e main lobe, sidelobe and grating lobe of the measured
array pattern can clearly be recognized. Furthermore, a measured sidelobe level of
−�� dB is close to the theoretically expected level. We assume that small displace-
ments of the individual array elements are an important source of the di�erences
between the theoretical and empirical results.
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To gather data for evaluation of (i) beamforming techniques and (ii) to analyze
performance of localization methods in a practical setting, experiments have been
performed in a ten meter deep water tank. A graphical overview of the setup is
presented in �gure �.�� and a photograph is shown in �gure �.��. During these
experiments, the array of fourWBT-�� transducers (�gure �.�) was attached to a
stainless steel frame and located at the bottom of the tank. Acoustic signals were
transmitted from fourWBT-�� transducers (TX� , . . . ,TX�) attached to a buoyant
tube �oating half a meter below the water surface. �e transmissions were captured
by the four-element array and recorded by the testbed located above water. Long
cables (��m) were used to connect the transducers of the array to the testbed’s data
acquisition board.

Array processing experiment

During two tests, empirical data for evaluation of array processing techniques has
been collected. �is section shortly elaborates on these measurements.

In the �rst test, acoustic sweep signals (��-�� kHz) were consecutively transmitted
by the four reference transducers. Decomposing the received wideband sweep
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F����� �.�� – Technical sketch of the setup.
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F����� �.�� – Panorama of the test setup.
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into multiple narrow subbands validates the use of narrowband array processing
techniques to create directionality. For each of the four reference transmissions,
phase shi� based beamforming (section �.�.�) in the ��-��.� kHz subband, has
been used to determine the signal power for every angle. �ese results are known
as beamscan estimates [51] and are shown in �gure �.��. Multiple delayed copies
of the original sweep signal reach the array from di�erent directions. For each
beamscan, the angle corresponding to the strongest signal power is considered the
empirical LoS arrival angle. �e expected LoS arrival angles, based on the geometry
of the setup (�gure �.��), are indicated by the black triangles. Since our setup did not
incorporate a ground-truth reference, it is di�cult to justify the deviations between
the empirical and the expected LoS angles. Nevertheless, for all four transmissions,
this deviation is much less than the half-power beamwidth (HPBW) (section �.�.�).

�e second test focused on multi-channel reception of modulated signals. During
this test, a narrowband quadrature phase-shi� keying (QPSK) signal (��� bit s−�)
was transmitted by reference transducer TX�. �e multi-channel recording of this
reference transmission has been used for empirical evaluation of various beam-
forming methods.

To qualitatively demonstrate the extent of the multipath experienced in the water
tank, a scatter plot of the QPSK symbols at the output of the beamformer is shown
in �gure �.��. For generation of this plot, the beamformer was con�gured to steer
the main beam in the direction of the empirical LoS arrival angle associated with
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F����� �.�� – Beamscan estimates for the reference transmissions.
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TX� (θ = ��.�o). In the constellation, four point clouds corresponding to the QPSK
symbols can be recognized. Nevertheless, by adapting the directionality of the array
more intelligently, the beamformer output can be further improved. In chapter �,
we elaborate on methods to adapt the directionality of an array without the use of
training data. �e empirical data gathered in this experiment is used to demonstrate
the e�ectiveness of this approach.

Localization experiment

For underwater nodes in a UW-ASN, it is crucial for every node to know its po-
sition with respect to the other nodes [15]. Accurate underwater localization is a
challenging task. Although localization is not the topic of this thesis, in the dive-
center experiment, our testbed has also been employed to evaluate localization
techniques. �e availability of a four-element array made it possible to evaluate
localization techniques that combine direction-of-arrival (DoA) and time-of-�ight
(ToF) information to perform localization and time-synchronization. An extensive
description of this localization experiment can be found in [KCH:5] .

�.� C����������

Anunderwater acoustic testbed for evaluation of novelmulti-channel physical layer
algorithms is presented in this chapter. Based on the requirements and the physical
limitations of the underwater channel, the appropriate transducer was chosen. To
provide a low-cost, small form factor and �exible solution, an o�-the-shelf FPGA
board and a simple expansion board are used to interface with the transducers. On
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the FPGA, a SoC of readily available IP components was instantiated to provide
(synchronous) data acquisition, storage and retrieval.

In underwater experiments, the array pattern of the testbed was measured and
modulated transmissions were recorded. �e measured array pattern resembles
the exact pattern with sidelobe levels close to the theoretical levels. �e collected
measurements are used for evaluation of (blind) array processing techniques in
chapter �.
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A������� – �e spatial dimension can be considered for mitigation of
underwater channel distortion. Linear combinations of spatially distinct
samples, whose coe�cients are known as weights, are used to improve the
signal-of-interest. Instead of training sequences, the constant modulus prop-
erty of the transmitted signal is exploited to �nd appropriate weights. A
well-known method that uses this property for weight calculation is the
constant modulus algorithm (CMA).

�is chapter introduces twomethods that both exploit the constantmodulus
property for weight calculation: (i) the extended CMA (E-CMA) and (ii)
the angular CMA (A-CMA). �e E-CMA is an algorithm that changes the
directionality of a receiver, while simultaneously correcting for phase o�sets.
For our empirical data set, the E-CMA exhibits promising performance. In
contrast to other methods, the A-CMA optimizes the steering angle instead
of the array weights. E�ectively, this dimensionality reduction results in
faster convergence and a lower MSE �oor.

�.� I�����������

To compensate for the distortion of the underwater channel (chapter �), di�erent
signal processing techniques can be employed. A signal being transmitted through
a wireless channel, not necessarily an underwater channel, can be speci�ed in terms
of time, space and frequency. Time, space and frequency are the primary dimen-
sions of the channel and the transmitted signal [11]. An ideal transmission occupies
only a designated subspace within time-space-frequency. However, in practice un-
wanted energy from other subspaces o�en enters the signal’s subspace. An example
of these spillovers is spatial interference: spillovers of interferers overlapping the
desired signal in the space dimension.

Mitigation of signal energy spillovers, beyond the intended time-space-frequency
signal subspace, has to take place in the same time-space-frequency playground. In
this chapter, for the most part, the spatial dimension is considered for mitigation

Parts of this chapter have been published in [KCH:1, 2].
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of signal distortion, which is known as spatial equalization. Spatial equalization is
processing performed on snapshots of samples captured at the same time instant
and the same frequency, but on di�erent locations in space.

In literature, o�en the terms spatial equalization and array processing are used
ambiguously. However, not all forms of array processing can be regarded as purely
spatial equalization. In general terms, array processing can be de�ned as spatio-
temporal equalization. Spatio-temporal equalization refers to processing of samples
captured at multiple instants of time at multiple locations in space. Spatial equal-
ization is a type of array processing. In this chapter, we prefer to use the general
term array processing. From the context it will be clear whether we allude to spatial
equalization or, e.g., spatio-temporal equalization.

A linear combination of spatially distinct samples captured by an array of transduc-
ers results in directionality of the array. Directionality is a preference for certain
directions over others. �e coe�cients used to weigh the signals from the individ-
ual array elements are called array weights. Ideally, array directionality enhances
the source signal, while attenuating noise and interferers. A concise introduction
to the theory and terminology of arrays and array processing is given in section �.�.

For array processing in dynamic environments, such as the underwater channel,
the array weights need to be continuously adjusted to compensate for the changing
signal (conditions and) directions. Adaptive methods are required to adequately
update these weights. A short overview of adaptive array processing techniques can
be found in section �.�.

An important subclass of adaptive array processing techniques is the class of blind
adaptive array processing techniques. �ese blindmethods use structural properties
of the transmitted signal to calculate appropriate weight adjustments. Compared to
non-blind equalization methods, this approach has several advantages. Since train-
ing sequences are not required, the scarce capacity of the underwater channel is
more e�ciently used. Furthermore, shortening transmission time slots by dropping
training sequences reduces the energy consumption of underwater acoustic trans-
mitters. Also, shorter transmissions decrease the risk of collisions in multipoint
networks, such as UW-ASNs [52].

To attain relatively high data rates, while keeping the transmission time slots short,
e�cient use of the available bandwidth is necessary. To achieve (relatively) high
spectral e�ciencies, while being power-e�cient, our underwater transmissions
are assumed to be QPSK modulated. QPSK signals have an interesting structural
property for blind adaptive array methods to exploit, namely, the constant modulus
(CM) property. In [23, 84], Godard and independently Treichler andAgee proposed
a method to update equalizer weights based on deviations of the equalizer output
from a constant modulus. �is popular algorithm is called the constant modulus
algorithm (CMA), and it is discussed in section �.�. �is chapter introduces two
blind adaptive array methods which both exploit the CM property: (i) the extended
CMA (E-CMA) and (ii) the angular CMA (A-CMA).
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�e E-CMA is an algorithm capable of simultaneously (i) updating the array direc-
tionality and (ii) correcting for Doppler phase o�sets. We study the feasibility and
computational complexity of the E-CMA in a blind adaptive spatial equalization
context in section �.�. �e E-CMA is based on the CMA [84] with an extension by
Xu [94]. Originally, Xu’s method was introduced in a spectral equalization context.

Existing blind adaptive array algorithms operate on all transducer outputs and up-
date the entire complex weight vector. �ese algorithms have no notion of the
physical DoA angle of the impinging signal. In contrast, the A-CMA is a blind
adaptive algorithm that identi�es the presence of mispointing and calculates the re-
quired steering angle updates (instead of weight vector updates) to keep track of the
desired signal. �is approach is attractive in array architectures where distribution
of the physical DoA angle is necessary, e.g., mixed-signal hierarchical arrays and
collaborative array architectures. An in-depth discussion of the A-CMA is given in
section �.�.

An overview of the most signi�cant results related to blind adaptive array process-
ing, and the E-CMA and A-CMA algorithms can be found in section �.�.

�.� A���� ������

In this section, a short overview of array theory is given. �e nomenclature and
mathematics in this section are mostly based on [36, 43, 89]. A reader experienced
in (adaptive) array theory may advance to section �.�.

�.�.� ����� ����������

An array consists of N elements in a linear, planar or volumetric topology. A short
discussion on linear and planar topologies is given below. For every topology, pn
is the Cartesian position vector representing the location of the nth element:

pn =
�������

pxn
pyn
pzn

�������
(�.�)

�e positions of all array elements is given by the � × N matrix P:

P = [ p� p� , . . . , pN−�] (�.�)

Uniform linear array

In literature, an equidistantly spaced linear array is called a uniform linear array
(ULA). An example of a ULA is shown in �gure �.�. Combining signals from the
array elements results in a directional dependence. Constructive and destructive
interference cause maximum sensitivity for wavefronts arriving perpendicular to
the array, since these signals add up coherently. �e directions perpendicular and
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parallel to the array are called broadside and end�re, respectively. Section �.�.�
presents methods to steer an array’s directionality. �e directionality of a ULA
can only be changed in the xz-plane. Quanti�cation and visualization of these
directionality changes are discussed in section �.�.�.

In antenna theory, a continuous spatial region that radiates or captures signals is
called an aperture [65]. Rather than a single continuous aperture, an array can be
considered as a discrete aperture. �e linear array, shown in �gure �.�, is an aperture
D with a uniform aperture distribution of array elements. �e array spacing d and
aperture D can be regarded as key parameters in the design of arrays.

Uniform planar array

A commonly used two-dimensional array topology is the uniform planar array
(UPA).�is type of array has its elements positioned on a uniform grid. An example
of a sixteen-element UPA can be seen in �gure �.�. Just as for a ULA, combining
signals from the array elements introduces directionality. By means of appropriate
array processing (section �.�.�), a UPA can steer its directionality into all possible
xyz-directions.

Note that the array spacing of a UPA in, e.g., the diagonal direction is di�erent
from its spacing in the x- and y-direction. Consequences of this non-constant
array spacing are discussed in section �.�.�.

�.�.� ����- ��� ���-����� ���������

Arrays have a near- and a far-�eld region. In the near-�eld region, large di�erences
in acoustic pressure can be observed for small changes of the observation point. In
the far-�eld region, acoustic pressure di�erences are more subtle. Pressure distur-
bances originating from a far-�eld source can be considered as a plane wave. In
an acoustic plane wave, the pressure (at a given time instant) can be considered
constant over any plane perpendicular to the propagation direction [50]. A plane
wave, originating from a far-�eld source in the direction u, is shown in �gure �.�.
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F����� �.� – Uniform linear array (ULA).
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F����� �.� – Uniform planar array (UPA).
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An acoustic source is considered to be in the far-�eld if for its radial distance r (in
m) holds [68]:

r > �D�

λ
. (�.�)

Herein,D is the array aperture (inm) and λ the wavelength of the highest frequency
(in m). In this thesis, the source positions are located in the far-�eld of the array.

�.�.� ���-����� ������ ��������

Source positions relative to the array are generally expressed in a spherical coor-
dinate system. In these coordinates, vectors are described by their polar angle θ,
azimuth angle � and radius r. If the source satis�es the far-�eld condition (sec-
tion �.�.�) then the radius r is super�uous, which means that the unit vector u
(�u�=�) can be used to represent the angle of incidence of the source signal.

�e spherical coordinate system is shown in �gure �.�. Herein, azimuth angle � is
the angle between the x-axis and u in the xy-plane. �e polar angle represents the
angle between the z-axis and u.

�e array topology is de�ned in Cartesian coordinates. It is mathematically con-
venient to describe the topology and the source position in the same coordinate
system. Conversion of the angle of incidence, from spherical to Cartesian coordi-
nates, can be performed by the following coordinate transform:

u(θ , �) =
�������

ux
uy
uz

�������
=
�������

sin(θ) cos(�)
sin(θ) sin(�)

cos(θ)

�������
. (�.�)
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θ

F����� �.� – Direction vector u pointing to a far-�eld source.
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�e direction vector u can be negated to represent the wave propagation direction
a = −u. �e wave propagation direction is the unit vector perpendicular to the
plane wave pointing in the direction of propagation. �e latter is convenient when
calculating the array manifold, which is shown in the next section.

�.�.� ���� ����� ��� ����� �������� ������

To quantify the transfer of an impinging wavefront on the array elements, (i) the
time delay vector and (ii) the array manifold vector can be calculated. Unless men-
tioned otherwise, array elements are considered to be isotropic, which means that
their individual response is uniform regardless of the signal direction.

�e time delay vector τ(θ , �) contains the propagation times for each array ele-
ment with respect to the reference point (origin). �e vector τ(θ , �) can be found
by calculating the relative path length di�erences through scalar projection of the
positions pn onto a(θ , �) and dividing the resulting lengths by the wave propa-
gation speed c. Scalar projection (onto a unit vector) can be calculated using the
inner product. �erefore, time delay vector τ(θ , �) can mathematically be written
as [89]:

τ(θ , �) =
�������

τ�(θ , �)
⋮

τN−�(θ , �)

�������
= PTa(θ , �)

c
. (�.�)

For a four-element UPA, calculation of τ(θ , �) is visualized in �gure �.�. Herein,
the wavefront �rst arrives at element p�, before simultaneously impinging at p�, p�
and the reference point. Finally, element p� is a�ected.
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.p3

.p2

x
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z
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τ� ⋅ c

τ� ⋅ c

τ� ⋅ c = τ� ⋅ c = 0

F����� �.� – Calculation of τ(θ , �) for a far-�eld source.
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Instead of having a spatial notion of time, for array processing, it is o�en more
convenient to have a spatial notion of phase. �erefore, the wavenumber k(ω)
is introduced. �e wavenumber of a signal is the phase accumulation per unit
length and is de�ned as ω

c . Herein, ω is the frequency (in rad s−�) and c the wave
propagation speed (inm s−�). For example, a signal with wavenumber k has a phase
accumulation of k ⋅ l a�er travelling a distance l in the propagation direction.

�e relative phase accumulation of a signal, for all elements, can now be written as
k ⋅ PTa(θ , �). �ese phase accumulations, for a signal with frequency ω, written
as phase shi�s in the form of complex exponentials, are represented in the array
manifold vector v(θ , �,ω) [89]:

v(θ , �,ω) = e− j⋅k(ω)P
Ta(θ ,�) . (�.�)

Herein, the propagation speed c of the wavefront is assumed to be constant.

�.�.� ����� ����������

�e combining and processing of array signals is called array processing [87] or
beamforming [90]. Signal processing structures for array processing are known as
beamformers. In this section, various beamformers will be discussed.

�e structure of a beamformer highly depends on the bandwidth of the transceived
signal with respect to its carrier frequency. �e latter relationship is called the
fractional bandwidth (FB). �e FB was elaborated on in section �.�.�. Remind that
signals are considered narrowband if their FB is one percent or less and that these
signals can o�en be treated as sinusoidal signals.

Array processing methods

An overview of array processing methods is presented in [36]. A review of these
methods is given below. �e �rst method, phase shi� based beamforming, can
only be used for narrowband signals. �e other four methods are suited for both
narrowband and wideband signals. Althoughmost of the enumeratedmethods can
be used for both transmit and receive beamforming, in this thesis we will mainly
focus on the latter.

i Phase shi� based beamforming: Narrowband array signals can be shi�ed in
phase to compensate for the relative phase accumulation experienced by the ar-
ray elements. �e coherent combination of all the shi�ed signals results in angu-
lar regions of directionality known as lobes. �e lobe containing the maximum
directionality is called themain lobe ormain beam. �e frequency-dependent
phase accumulation, for all elements, is given in eq. �.�. Wideband signals can-
not be treated as sinusoidal signals. �erefore, phase shi� based beamforming
of wideband signals results in changing locations of the main beam for large
changes in the frequency of the impinging signal. �e latter phenomenon is
called beam squint [47].
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A common method to implement phase shi�s is to make use of complex mul-
tiplications. For each complex multiplication within the beamformer, apart
from the phase, also the amplitude of each element signal can be set. �e latter
is called tapering and it can for example be used to broaden the main beam,
while simultaneously lowering the directionality for angles outside the main
beam [89].

ii Time delay based beamforming: Time delays can be introduced to steer the
main beam towards a signal source. �e time delays, to account for the path
length di�erences experienced by the array elements, can be found using eq. �.�.
�e combination of the delayed signals is in-phase for every frequency compo-
nent of the signal and can therefore be used in wideband applications. However,
the gain and phase response of a time delay are �xed for all frequencies. �ere-
fore, this beamforming method has limited �exibility.

iii Frequency domain beamforming: A frequency domain beamformer converts
the wideband signal received by every distinct array element to the frequency
domain using a discrete Fourier transform (DFT). Each bin of the resulting fre-
quency domain representation corresponds to a narrowbandpart of the original
wideband signal [89]. �e amplitude and phase of each bin are weighted. �ere-
a�er, corresponding bins are summed and the results are transformed to the
time domain by application of the inverse discrete Fourier transform (IDFT).
Although calculation of the DFT and IDFT increases computational overhead,
this method o�ers a lot of �exibility.

iv Tapped delay line (TDL) based beamforming: A TDL based beamformer sam-
ples the received wideband signal in both time and space by appendingmultiple
delays to each antenna [43]. �is structure, which can be regarded as a FIR �lter
for each antenna, can be seen in �gure �.�. Herein, the output of the nth array
element is denoted by xn . �e beamformer output is represented by y.
TDL based beamforming enables frequency-dependent control of the phase
shi� and gain for each antenna, without the overhead of conversion to the
frequency domain. �e beamformer is con�gured by setting its complex-valued
weights. O�en, for mathematical convenience, the weights of a TDL based
beamformer are concatenated in a � ×MN row vector:

wH = [w∗�,� , . . . ,w∗�,M−� ,
w∗�,� , . . . ,w∗�,M−� ,
⋮
w∗N−�,� , . . . ,w∗N−�,M−�]. (�.�)

Much literature is available on this �exible beamforming method [36, 43, 90].
v Beamspace beamforming: Ordinary beamformers combine the pre-processed
outputs of multiple array elements. In contrast, a beamspace beamformer com-
bines outputs of multiple beamformers. �erefore, such a beamformer is said
to operate in beamspace instead of element space [55]. A common technique
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F����� �.� – TDL based beamformer

to convert array inputs to beamspace is the DFT. �e N array input signals are
directly fed into an N-point DFT. �e output of this ‘spatial’ DFT represents
beams in N di�erent directions. A linear combination of samples in beamspace
can be used to generate beams in other directions. Beamspace processing can
be applied for both narrowband and wideband signals [91].

�.�.� ����� �������� ������ ��� ���������� ��������

�e transfer of an impinging signal to the array elements, in terms of relative phase
accumulations, is described by the array manifold vector (eq. �.�). To �nd a math-
ematical transfer function for the entire beamformer, from the impinging signal
to the output, it is convenient to also de�ne the array response vector. �e array
response vector is the transfer of a source signal, through the beamformer structure,
to the point at which the weights are applied. By appropriately de�ning the weight
vector, the entire beamformer response can be expressed as the inner product of the
weights and the array response vector. To illustrate this concept, this section elab-
orates on calculation of the beamformer response for the TDL based beamformer
(�gure �.�) and the phase shi� based beamformer.

TDL based beamformer response

�e transfer through a TDL based beamformer structure with M delay taps, to
the point at which the weights are applied, is expressed by array response vector
d(θ , �,ω):

d(θ , �,ω) = v(θ , �,ω)⊗ e− jωmTs , m = [�, �, . . . ,M − �]T . (�.�)
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Herein, ω denotes frequency, θ and � the incidence angle,⊗ the Kronecker product
and Ts the sample period (in s). �e NM × �-element column vector d(θ , �,ω)
can be regarded as the phase accumulations caused by spatio-temporal sampling
of the impinging signal [90].

For the TDL based beamformer, to �nd the beamformer response B(θ , �,ω) of
the entire structure, the weight vector (eq. �.�) and the array response vector are
combined by calculating their inner product:

B(θ , �,ω) = wHd(θ , �,ω). (�.�)

Notice that B(θ , �,ω) is a frequency domain description of the beamformer re-
sponse. �e beamformer output y for an impinging signal s can be calculated in
either the frequency domain or the time domain. For analysis and to compare
beamformer responses it is o�en convenient to use frequency domain descriptions.
In this chapter, we are particularly interested in the transient behaviour of (adap-
tive) beamformers. �erefore, we prefer to work with time domain descriptions of
the source signal and the beamformer output.

To calculate the discrete-time beamformer output y[k] for the structure in �gure �.�,
�rst the e�ect of spatial sampling is modelled by de�ning a vector x(t) with N
delayed versions of the continuous-time source signal s(t) according to the time
delay vector τ(θ , �) (eq. �.�):

x(t) =

���������

x�(t)
x�(t)
⋮

xN−�(t)

���������

=

���������

s(t − τ�)
s(t − τ�)
⋮

s(t − τN−�)

���������

. (�.��)

�e nth element of x(t) is the continuous-time signal received by the nth array
element. Notice that, for mathematical clarity, the dependence on the incidence
angle is dropped.

In the remainder of this thesis, we assume that each array element is a quadrature
receiver equipped with an ADC. �e discrete-time complex baseband signals gen-
erated by these N array elements are represented by x�[k] . . . xN−�[k]. Herein, k
is an index for the sampling instants. �e discrete-time beamformer output y[k]
for the TDL based beamformer in �gure �.� can now be expressed as the sum of N
convolutions [90]:

y[k] =
N−�
�
n=�

M−�
�
m=�

w∗n ,mxn[k −m]. (�.��)

Phase shi� based beamformer response

�e structure of a phase shi� based beamformer is equal to a TDL based beam-
former without delay lines. �erefore, a phase shi� based beamformer has an
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array response vector that is similar to its array manifold vector: d(θ , �,ω) =
v(θ , �,ω)⊗ e− jω�Ts = v(θ , �,ω)⊗ � = v(θ , �,ω).

�e response B(θ , �,ω) of a phase shi� based beamformer is equal to eq. �.�. How-
ever, o�en the independent variable ω is dropped, since the impinging signal can
be treated as a sinusoidal signal with a constant frequency (ω = �π⋅ fh):

B(θ , �) = wHd(θ , �). (�.��)

If the discrete-time complex baseband signals generated by the array elements are
represented in an N-element column vector (x[k] = [x�[k], . . . , xN−�[k]]T) then
the discrete-time beamformer output can be written as:

y[k] = wHx[k]. (�.��)

Usually, the weights are normalized to ensure a unit magnitude response in the
direction of maximum sensitivity. If the weights are chosen to exactly compensate
for the array response vector then the beamformer is known as a conventional
beamformer [83].

�.�.� ����������� ��������

Array pattern

To evaluate the performance of a beamformer, its response can be plotted for a
range of incidence angles (and frequencies). �is response is known as the array
pattern or the beam pattern. Generally, when plotting these patterns, the array
steering angle is set to the broadside direction. �e array pattern of a conventional
narrowband beamformer¹with a four-element ULA topology is shown in �gure �.�.
Herein, the main beam (or main lobe) and two lobes with a smaller intensity can be
recognized. �e smaller lobes are known as sidelobes and the angles corresponding
to zero intensity, due to destructive interference, are called nulls. �e topology,
which gives rise to �gure �.�, has a spacing between the elements equal to half
the wavelength of the signal of interest (d= �

� λ). Such a spacing is o�en referred
to as ideally spaced. To study the e�ect of altering key parameters of the array, it
is helpful to realize there exists a discrete Fourier relation between the discrete
aperture distribution and the far-�eld array pattern [8]. For example, choosing
an array spacing larger than half the wavelength of the signal of interest can be
considered an undersampled aperture distribution. �e DFT of an undersampled
time signal has spectral aliases. Analogously, the DFT of an undersampled aperture
has spatial aliases.

�A (normalized) conventional narrowband beamformer steered into the broadside direction has
N weights which are all set to ��N .
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F����� �.� – Array patterns in polar form of a four-element ULA with di�erent spacings.

Spatial aliases, better known as grating lobes, were shortly discussed in chapter �.
To illustrate grating lobes, the array patterns of a four-element ULA with a half-
wavelength and a wavelength spacing (d= �

� λ and d=λ) are shown in �gure �.�.
Herein, both patterns are illustrated in a spherical coordinate system (polar plot).
Such a representation gives more insight in the actual directionality of an array.
In the array pattern with d=λ, grating lobes can be recognized in the positive and
negative end�re directions.
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F����� �.� – Array pattern of a sixteen-element UPA (d= 1
2 λ).

�e array pattern of a �×� UPA is illustrated in �gure �.�. �e array response of
a UPA depends on both the polar and the azimuth incidence angle. Most planar
arrays are attached to a ground plane to eliminate lobes on the opposite site of the
plane [48]. For incidence signals parallel to the diagonal axis, elements on both the
x- and the y-axis contribute to the directionality. �erefore, the sidelobe reduction
is larger for diagonally impinging signals than for incidence signals parallel to either
one of the principal axes.

Quantitative analysis

For quantitative evaluation of array patterns, performance measures are needed. A
short overview of commonly used performance measures is presented below. As
an example, the enumerated measures are annotated in �gure �.�.

i Half-power beamwidth:�ewidth of themain beam is o�en speci�ed in terms
of the angular span between the −� dB points. �is distance is known as the
half-power beamwidth (HPBW) or the � dB beamwidth [3].

ii Inter-null beamwidth: �e inter-null beamwidth (INBW) of the main beam is
the angular span between the nulls surrounding the main beam [3].

iii (Root mean square) sidelobe level: �e sidelobe level is speci�ed as the inten-
sity di�erence between the peak of the main beam and the highest sidelobe.
O�en, the root mean square (RMS) average of the entire sidelobe is a more
important measure [74]. In �gure �.� this RMS sidelobe level is −��.� dB.

Other important measures are the directivity and the array gain [89]. Neverthe-
less, since we mainly elaborate on measures directly related to blind equalization,
directivity and array gain are not discussed.
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In dynamic environments, the weights of an array need to be adjusted to com-
pensate for the changing signal (conditions and) directions. An adaptive array
algorithm is required to calculate appropriate weight adjustments. �e general
structure for adaptive array processing can be seen in �gure �.�. Herein, x, w and
y are, respectively, the baseband signals from the array elements, the weight vector
and the beamformer output.

�e beamformer output ŝ is an estimate of the baseband source signal s. Ideally, the
beamformer output y is equal to this source signal. Nevertheless, the beamformer is
allowed to impose a delay and complex gain on the source transmission. Chapter �
further elaborates on ideal equalization.

Beamformer

Adaptive
array algor.

x

y = ŝ

w

F����� �.� – General form of an adaptive beamformer.

Adaptive array algorithms can be categorized in three classes [3]:

i Temporal reference: Temporal reference algorithms use a known training se-
quence r embedded in the source signal by the transmitter, to determine adjust-
ments for the array weight vector w. �e optimum weight vector for reception
of a single source out of noise plus interferers is the Wiener-Hopf optimum
wopt [3] [87]. Most temporal reference algorithms asymptotically convergence
to this solution. Weight vector wopt can be found by calculating wopt = R−�xxγrx.
Herein, Rxx is the spatial autocovariance matrix, which describes the degree of
correlation between samples from di�erent array elements for the same time
instant (Rxx = E �xxH�). And, γrx is the cross-covariance vector, which de-
scribes the correlation between samples from di�erent array elements and the
deterministic training sequence r[k] (γrx = E [rx∗]).
Temporal reference algorithms can only be used in case training sequences
are available. �e lengthening of transmission time slots, due to training data,
increases the energy consumption of communicating nodes. A real world radio
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frequency (RF) communication system that utilizes training data is the global
system for mobile communication (GSM). Herein, the training data accounts
for ��� communication overhead [52]. We aim for a solution with little or no
overhead due to training data.

ii Spatial reference: Spatial reference algorithms exploit the correlation charac-
teristics amongst samples from di�erent array elements measured at the same
time instant. An important application of these algorithms is (high accuracy)
DoA angle estimation of all impinging signals. Following upon this DoA angle
estimation, a pattern can be synthesized that points the main beam in the direc-
tion of the signal of interest, while simultaneously nulling (possible) interfering
signals.
Some methods in this class are: multiple signal classi�cation (MUSIC), esti-
mation of signal parameters by rotational invariance techniques (ESPRIT) and
maximum likelihood (ML) based techniques [70] [59] [98]. Typically, the bet-
ter the accuracy of a spatial reference algorithm, the higher its computational
complexity [3].
In general, if the array manifold has imperfections and is therefore not accu-
rately known, the performance of spatial reference algorithmswill degrade. �e
classes of temporal reference and blind adaptive algorithms are less sensitive to
array imperfections.

iii Blind adaptive (array) algorithms: Blind adaptive algorithms do not require
training data. A key challenge in the development of these algorithms is to �nd
a substitute for this absent reference. In general, blind algorithms update the
equalizer weights based on structural and statistical properties of the equalizer
output and the received signals. In this chapter, blind adaptive algorithms are
discussed and applied in a spatial equalization context. Chapter � elaborates on
blind equalization in a spectral context.
Blind adaptive array processing can be based on second-order statistics (SOS)
or on higher-order statistics (HOS). In general, HOS-based methods are more
elaborate and computationally intensive, but their performance to focus on
(non-Gaussian) source signals is improved with respect to SOS-based meth-
ods [52].
�e class of blind adaptive array processing algorithms that exploits HOS can be
subdivided into explicit HOS-based and implicit HOS-based methods. Explicit
HOS-based methods directly operate on higher-order statistical properties of
the input signals, such as the skewness or the kurtosis, to calculate weight ad-
justments. �e relation between HOS and ideal equalization is discussed in
more detail in chapter � and appendix A.
Implicit HOS-based methods optimize a nonlinear cost function. �e implicit
dependence on HOS can be made explicit by expanding a cost function’s non-
linearity in terms of its higher-order moments. For the cost function employed
in the remainder of this chapter, this expansion can be found in [96].
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As explained in section �.�, for power-e�ciency, we employ QPSK modulation.
QPSK is a form of PSK modulation that uses four di�erent phases of the carrier
wave to represent the data symbols to be transmitted. Since exclusively the phase
of the carrier wave is adjusted, the output of a PSKmodulator always has a constant
modulus. In this section, we elaborate on exploiting the constant modulus (CM)
property of a source signal to serve as a reference signal in blind array processing.

�.�.� �������

�eCMA uses a nonlinear cost function JCMA to penalize the deviation of an equal-
izer output from a constant modulus. Historically, the concept of applying a memo-
ryless nonlinear cost function to the output of an equalizer to act as a substitute for
a reference signal was invented by Sato [69]. Speci�cally exploiting the CM prop-
erty of the source signal to generate such a reference was proposed by Godard [23].
Originally, Godard’s method was developed to perform fast startup equalization
in multipoint networks. Independently of Godard, a special case of this idea was
published by Treichler and Agee [84]. Treichler and Agee named their algorithm
the constant modulus algorithm (CMA).

�.�.� ��� ���� ��������

In the context of array processing, the CMA cost function JCMA is de�ned as the
expected deviation of the squared modulus beamformer output y with respect to
the constant R� [26]:

JCMA = E{(�y[k]�� − R�)�}. (�.��)

Herein, E is the expected value and k an index for the sampling instants. Since CMA
employs symbol-rate spaced equalization, ideally, the sampling instants coincide
with the (optimally timed) symbol instants. �erefore, k can also be thought of as
a symbol index.

R� is known as the Godard parameter and is chosen such that the gradient of JCMA
is zero when minimum costs are reached and is written as [23]:

R� =
E[�s[k]��]
E[�s[k]��]

. (�.��)

Herein, s[k] represents the k-th symbol transmitted by the source. For an ideal
QPSK transmission, the constant R� is equal to one. Since we only consider QPSK
transmissions, in the remainder of this chapter, the constant R� is substituted by
one.

�e CMA cost function JCMA is illustrated in �gure �.��. �e x-axis shows the real
part of the equalizer output y, the y-axis shows the imaginary part of y and the
z-axis shows the corresponding costs JCMA. Costs are completely minimized if
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F����� �.�� – Surface plot of the JCMA cost function (R2 = 1).

symbols at the output of the beamformer have unit modulus. Clearly, the latter is
independent of the phase o�set that these symbols might experience.

�.�.� ��� ���� ���������

�e output of a narrowband beamformer y can be expressed as wHx (eq. �.��).
�e aim of the CMA is to minimize JCMA by adjusting the weight vector w. As
in [23], we employ a stochastic gradient descent technique to attain this goal. In
literature, other optimization techniques are considered for cost minimization [30].
It is worthmentioning that an analytical solution to the CM criterion, for a �nite set
of samples and antennas, is derived by van der Veen and Paulraj [88]. An extensive
overview of this analytical solution and other optimization approaches is not within
the scope of this thesis.

�e CMA cost function is of type C→ R. Since JCMA is not complex di�erentiable,
Wirtinger calculus is employed to �nd the maximum rate of change of JCMA with
respect to w. From the overview of Wirtinger calculus in [9], we learn that the
maximum slope of a real scalar function of a complex vector, such as JCMA(w), can
be found by its gradient with respect tow∗ (treated independently ofw). Herein,w∗
is the complex conjugate ofw. Amoremathematically rigor discussion ofWirtinger
calculus is given in section �.�.�.

By de�ning the gradient operator as ∇ = ∇w∗ (Wirtinger calculus), the maximum
rate of change of JCMA with respect to w can be found as follows:

JCMA = E �(�y�� − �)�� (�.��)
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∇JCMA = � ⋅ E �(�y�� − �) ⋅ ∇(�wHx�� − �)�

∇JCMA = � ⋅ E �(�y�� − �) ⋅ ∇(wHxxHw − �)� .

Continue using the fact that the values of xxH ∈ CN×N are constant with respect to
w, such that ∇wHxxHw = xxHw holds:

∇JCMA = � ⋅ E �(�y�� − �) ⋅ xxHw�

∇JCMA = � ⋅ E �(�y�� − �) ⋅ y∗x� . (�.��)

�eweight vectorw is updated in the direction of the negative gradient tominimize
JCMA. Mathematically, this can be written as [84]:

w[k + �] = w[k] − µ∇w JCMA . (�.��)

�e factor µ determines the convergence rate of the gradient descent. Based on
eq. �.�� the cost minimizer for the stochastic gradient descent version of the CMA
can be given as:

w[k + �] = w[k] − µ ⋅ (�y[k]�� − �) ⋅ y[k]∗x[k]. (�.��)

Herein, µ absorbs the factor �. Choosing a convergence factor is discussed in
section �.�.�. �e gradient descent version of the CMA is o�en referred to as the
stochastic gradient CMA (SG-CMA) [97].

Choosing an initial weight vector

�eCMA cost function JCMA is a nonconvex function of the equalizer weights [26].
�erefore, depending on the initial weight vector, the minimizer (eq. �.��) may
converge to a local minimum [26]. �e latter is o�en referred to as ill-convergence.

Choosing an initial weight vector that guarantees global convergence is still an open
problem [26]. Li and Ding conjecture that the CMA will converge to the desired
optimum if a (su�ciently long) weight vector initialized with a nonzero center tap
is used [41]. In our spatial equalization experiments, the array weight vector is
initialized to steer the main beam in the broadside direction.

�.�.� ������������� ����������

An analysis on the computational complexity of the CMA is given to gather insight
on the scalability of the algorithm for arrays with a large number of elements. A
block diagram of the elementary operations required for an update of the weight
vector can be seen in �gure �.��. In this block diagram, single-line arrows indi-
cate real values, double-line arrows indicate complex values and thick double-line
arrows indicate vectors of complex values.
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F����� �.�� – Block diagram of the CMA algorithm.

�e computational complexity of the CMA can be determined by counting the
number of complex multiply-accumulate (MAC) operations. Since the number of
operations executed by the highlighted blocks (�gure �.��) does not dependent on
the number of array elements, the complexity of the CMA grows linearly with the
number of array elements.

�.�.� ��������� �����������

�is section elaborates on the performance of the conventional CMA for empirical
multi-channel data captured during the dive-center experiment (section �.�.�). Al-
though the CMA is a prominent technique in many existing RF applications [30],
its practical employment in underwater acoustic communication is less prevalent.

Wiener weight vector

If the reference signal is known, the optimum array weightswopt (in theMSE sense)
can be calculated using the Wiener-Hopf equation (section �.�). Based on our em-
pirical data set, the scatter plot and the array pattern for beamforming with opti-
mum weights are shown in �gure �.��. Additionally, the pattern for conventional
beamforming in the direction of the strongest signal power is illustrated. Appar-
ently, compared to conventional beamforming, slightly shi�ing the main beam and
the two le�most nulls to the right improves the MSE of the beamformer output.

CMA learning curve

�e performance of the gradient descent version of the CMA can be studied by
looking at the learning curve of its cost function JCMA. A key factor for stochastic
gradient descent methods is the convergence factor µ, since it determines the con-
vergence speed and the stability during optimization. �e choice for a particular
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convergence factor (also) depends on the amplitude of the input signals. To elimi-
nate this dependence, e.g., the normalized CMA (NCMA) can be employed [31].

For blind equalization of our normalized² multi-channel recordings, we experi-
mented with large convergence factors (µ = .�� and µ = .�). �e learning curve of
the CMA applied to these recordings can be seen in �gure �.��. Since we are only
interested in revealing the trend, the results are smoothed by a moving average
�lter. For comparison, also the CMA costs corresponding to the optimum weights
wopt are shown. In our experiment, even for large convergence factors, the CMA
descends asymptotically towards the optimum solution.

MSE performance

Another common method to evaluate an equalizer is to determine the MSE of its
output signal. �is error is known as the predetection error. �e CMA does not
correct for phase o�sets in the beamformer output signal. �e uncorrected phase
should not a�ect the MSE level of its output signal, therefore the following method
is used to calculate the MSE:

MSE ∆=min
α

E{�w[k]Hx[k] − e jα s[k]��}. (�.��)

Herein, s[k] represents the (noiseless) transmitted symbol k. �is unconventional
method of MSE calculation was introduced by Treichler and Agee in [84].

��e signals of the array elements are normalized with respect to their maximum absolute values.
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Estimates for the MSE levels for Wiener beamforming and the CMA can be seen in
�gure �.��. As expected, the almost exponential convergence of the learning curves
in �gure �.�� results in a linearly decreasing MSE (on a dB scale) in �gure �.��.
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In addition to UW-ASNs, there is also a growing interest in application of au-
tonomous underwater vehicles (AUVs) for underwater monitoring. Extending
these AUVs to communicate acoustically requires hull-mounted transducers. An
example of an AUV with a four-element hull-mounted array is given in [21].

Movement of a hull-mounted array introduces modulus and phase deviations in
the QPSK modulated output of a beamformer due to mispointing and the Doppler
e�ect, respectively. �e CMA does not correct for phase rotations of the beam-
former output. Traditionally, phase o�sets in the beamformer output, caused by
the Doppler e�ect, are corrected in the derotator of the QPSK demodulator [95].
Such a derotator is o�en implemented by a digital delay locked loop (DDLL) or
a phase locked loop (PLL), which results in a more complicated structure, longer
convergence times and a larger signal degradation [54].

So far no studies have been performed on the feasibility and computational com-
plexity of the CMA with the extended cost function of Xu [94] for blind beamform-
ing of underwater PSK transmissions. �e latter approach is accounted for in this
section and enables direct correction of phase o�sets in the beamformer output.
Alternative methods, such as techniques based on the �nite-alphabet property [81],
are not being discussed in this thesis.

�.�.� �-��� ���� ��������

To compensate for both phase and modulus deviations in a (QPSK modulated)
beamformer output, the CMA cost function needs to be altered. As explained in
section �.�.�, the conventional CMA optimizes the weights based on (only) the
expected deviation of the squared modulus of the beamformer output with respect
to a constant value. For a normalized QPSK modulated beamformer output this
constant value is one, since the QPSK symbols lie on the unit circle.

�e CMA for QPSK based receivers can be improved by adjusting the weights based
on both modulus and phase deviations. �e equal phase distribution of a QPSK
modulated signal y can mathematically be expressed by sin(�y∠) = �, where y∠
represents the instantaneous phase angle of y. �is phase distribution was used by
Xu [94], originally in a spectral equalization context, to derive a new cost function
JE-CMA based on both modulus and phase deviations:

JE-CMA = E{(�y�� − �)�} + E{sin� (�y∠)}. (�.��)

�e cost function JE-CMA is illustrated in �gure �.��. �e x-axis shows the real part
of the equalizer output y, the y-axis the shows the imaginary part of y and the z-axis
shows the corresponding costs JE-CMA. Minimum costs are reached whenever y
simultaneously has a unit modulus and a phase equal to one of the QPSK symbol
phases.
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Rewriting the instantaneous phase angle of y in terms of w and x results in [94]:

y∠ = arctan�
y − y∗

j(y + y∗)� (�.��)

= arctan� wHx − xHw
j(wHx + xHw)� . (�.��)

�erea�er, JE-CMA can be rewritten in terms of w and x:

JE-CMA(w) =E{(�wHx�� − �)�}+

E �sin� �� ⋅ arctan� wHx − xHw
j(wHx + xHw)��� . (�.��)

�.�.� �-��� ���� ���������

Similar to the conventional version of the CMA, the cost function JE-CMA can be
iteratively minimized using a stochastic gradient descent. �e cost minimizer of
the E-CMA, based on the gradient ∇w JE-CMA, can be written as [94]:

w[k + �] = w[k] − µ ⋅ ∇w JE-CMA

= w[k] − µ ⋅
� j ��y[k]�� − �y[k]��� + sin (�y∠[k])

j ⋅ y[k] ⋅ x[k]. (�.��)
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To determine the scalability of the E-CMA, a short analysis of its computational
complexity is given. �e basic operations of the cost minimizer are shown in �g-
ure �.��. Herein, the number of operations executed by the highlighted blocks does
not depend on the number of array elements. �erefore, similar to the CMA, the
complexity of the E-CMA grows linearly with the number of array elements.

�u�2

u∠ × sin(u)

u2

×

R
I

u1
u2

×

×
y[k]

4

2 j

+

−

C

j
µ

x[k]

w[k]

+

w[k+�]−

F����� �.�� – Block diagram of the E-CMA algorithm.

�.�.� ��������� �����������

Similar to section �.�.�, the E-CMA has been evaluated for empirical multi-channel
data from the dive-center experiment (section �.�.�).

MSE performance

Due to the di�erent nature of the CMA and the E-CMA cost functions, it is di�cult
to evaluate these techniques merely in terms of cost behavior. In an attempt to
compare their convergence performance, �gure �.�� shows the MSE estimates of
the E-CMA output signal (µ=.�� and µ=.�) and the MSE optimum. Since the
E-CMA beamformer output is corrected for phase o�sets by the structure of its
cost criterion, it is not necessary to use the MSE calculation as speci�ed in eq. �.��.
In contrast to the CMA learning curve illustrated in �gure �.��, the E-CMA seems
to converge much faster to a lower MSE level. Evidently, the behavior of the E-
CMA for the di�erent convergence factors exhibits almost similar performance.
For robustness, it would therefore be wise to settle on the smallest convergence
factor possible. In future work we would like to optimize the convergence factor
on a symbol-to-symbol basis, analog to the techniques presented in [97].
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F����� �.�� – MSE levels during application of the E-CMA.

�.� T�� ������� �������� ������� ���������

Existing blind adaptive array algorithms operate on all signals from the distinct
array elements and subsequently update the entire complex weight vector. �is
section elaborates on the angular CMA (A-CMA), a novel blind adaptive method
that updates the steering angle instead of the entire weight vector. �e A-CMA
and its respective steering angle updates are particularly useful in the context of
mixed-signal hierarchical arrays as a means to �nd and distribute steering parame-
ters. In a mixed-signal hierarchical array, beamforming is performed on multiple
levels, partly analog and partly digital. To a certain extent, spatial interference is
already being suppressed by the analog beamformers before the signal is being dig-
itized [75]. �ese analog beamformers decrease the dynamic range of the analog
input signals and therefore lower the ADC requirements. Typically, less stringent
ADC requirements yield a reduced power consumption, which is essential for bat-
tery limited underwater sensor nodes. A�er the sampling operation, remaining
interference can be further suppressed or nulled, in the digital domain.

In a mixed-signal hierarchical array architecture, a classical digital blind beam-
forming algorithm has merely the results of the analog beamformers available and
can therefore only update its own digital steering parameters. However, for deter-
ministic steering of the complete hierarchical system, a novel adaptive algorithm
is required that can e�ciently track a desired signal and distribute steering param-
eters throughout the complete array. �e proposed method, A-CMA, recognizes
mispointing and calculates the required steering angle updates (instead of weight
vector updates). �e desired steering angle is calculated at the digital level of the
hierarchical architecture and is therea�er distributed to both the analog and dig-
ital beamformers, as shown in �gure �.��. �e top part of this �gure (within the
marked boxes) depicts the analog beamformers controlled by weights wa and the
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F����� �.�� – Application of the A-CMA in a �×� mixed-signal hierarchical array.

bottom part depicts the digital beamformer controlled through weights wd . Our
approach is based on the conventional CMA algorithm, but since it operates on the
steering angle instead of the steering vector, it is called the A-CMA. Originally, this
algorithm was designed for tracking a signal source which has a strong LoS arrival
in an environment with practically no multipath, e.g., DVB-S signal tracking.

Both the CMA and the A-CMA use the CM property (section �.�) of the received
signal as a reference to calculate appropriate weight adjustments. �e search space
of the CMA constitutes of all complex weights that make up the steering vector [24].
However, in the A-CMA this search space is reduced to a single steering angle.

For analysis, this work explains the A-CMA in the context of a simpli�ed (non-
hierarchical) array such as shown in �gure �.��. Herein, the A-CMA operates on
the narrowband signals received by an N-element ULA. �e output of the ULA
at each sample instant is the vector of N quadrature baseband samples indicated
by x. A changing DoA angle a�ects the antenna data x. �e conventional CMA
compensates for these e�ects by updating the steering vector w directly. �e A-
CMA �rst calculates the desired steering angle θ� and uses a linear phase taper
(LPT) to determine the weights w.

Cost function adjustments leading to the A-CMA and the actual derivation of the
costminimizer are discussed in section �.�.�. Based onA-CMA’s error-performance
surface, its convergence properties are elaborated on in section �.�.�. �e compu-
tational complexity of the A-CMA is discussed in section �.�.�. Section �.�.� com-
pares simulation results of the A-CMA and the conventional CMA. An overview of
the most signi�cant results and ideas for future work are given in section �.�.

�.�.� �-��� ���� ��������� ��� ���������

�e A-CMA cost criterion JA-CMA(θ�) can be constructed by reducing the N com-
plex weights of the CMA criterion to a single steering angle θ�. A linear phase taper
(LPT) is used to provide the mapping w(θ�) between the complex weights and the
steering angle. �e concept of an LPT is elaborated below. �e cost minimizer for
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the A-CMA cost function can be found by di�erentiating JA-CMA(θ�) with respect
to the steering angle θ�, as explained in the end of this section.

Linear Phase Taper

An LPT is a linear phase variation across the array aperture. �e weights of a con-
ventional (narrowband) beamformer can be considered an LPT. �erefore, for a
narrowband ULA, the LPT w(θ�) determines the array weights that exactly com-
pensate the array response vector³ d(θ�) (section �.�.�):

w(θ�) = d∗(θ�) = �v(θ�)⊗ e− jω�Ts�∗ = v∗(θ�). (�.��)

Herein, assume that v(θ�) is the arraymanifold vector for an N-element ULA, with
an element spacing of d, having the le�most array element p� positioned on the
origin (eq. �.�):

v(θ�) = e− j
ω
c d[�,−�, . . . ,−(N−�)]

T ⋅a(θ� ,�) = e j ωc d[�,�, . . . ,(N−�)]
T ⋅a(θ� ,�) . (�.��)

Since all array elements are located on the x-axis, rewrite a(θ� , �) in terms of its
x-component −ux(θ� , �) = − sin(θ�) to �nd the LPT w(θ�):

w(θ�) = v∗(θ�) = e j
ω
c d sin(θ�)[�,�, . . . ,(N−�)]T = eψ(θ�)n . (�.��)

with ψ(θ�) and n de�ned as, respectively:

ψ(θ�) = j
ω
c
d sin(θ�), n = [�, �, ..., (N − �)]T . (�.��)

Herein, c represents the propagation speed of the incidence wave and ω the highest
frequency (in rad s−�) of the narrowband signal.

�A ULA can only change its directionality in the xz-plane. �erefore, the azimuth angle � in the
weight and the array response vector is dropped.
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�e A-CMA cost minimizer

A cost minimizer for the A-CMA can be found by expressing y in eq. �.�� as
w(θ�)Hx = (eψ(θ�)⋅n)Hx. �erea�er, the �rst derivative of JA-CMA with respect
to θ� is determined:

JA-CMA(θ�) = E{(�(eψ(θ�)⋅n)Hx�
� − �)�} (�.��)

δ
δθ�

JA-CMA = E{�(�y�� − �) ⋅
δ
δθ�
((eψ(θ�)⋅n)HxxHeψ(θ�)⋅n − �)} (�.��)

= �E{(�y�� − �) ⋅ δ
δθ�
(xHeψ(θ�)⋅n(e−ψ(θ�)⋅n)Tx − �)}. (�.��)

Continue by writing eψ(θ�)⋅n(e−ψ(θ�)⋅n)T as matrix B:

δ
δθ�

JA-CMA = �E{(�y�� − �) ⋅
δ
δθ�
(xHBx − �)}. (�.��)

with B,

B =
�������

� � eψ(θ�)⋅(n�−nN−�)
⋮ � ⋮

eψ(θ�)⋅(nN−�−n�) . . . �

�������
. (�.��)

�e derivative of JA-CMA with respect to θ� is now written in eq. �.��.

δ
δθ�

JA-CMA = �E{(�y�� − �) ⋅ (xHB′(θ�)x)}. (�.��)

where B′(θ�) = δ
δθB(θ�) can be written as:

�������

� � (n� − nN−�)ψ′e(n�−nN−�)ψ
⋮ � ⋮

(nN−� − n�)ψ′e(nN−�−n�)ψ . . . �

�������
.

Herein, ψ′(θ�) is δ
δθ�ψ(θ�):

ψ′(θ�) = j
ω
c
d cos(θ�).

�e use of an instantaneous gradient estimate for eq. �.�� results in the following
(gradient descent) cost minimizer for JA-CMA:

θ�[k + �] = θ�[k] − µ(�y[k]�� − �) ⋅ (x[k]HB′(θ�[k])x[k]). (�.��)

Herein, the value � is absorbed in the convergence factor µ.
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F����� �.�� – Error-performance surface of the A-CMA.

�.�.� �����-����������� �������

�e dependence of a cost function on its weights is called the error-performance
surface [26]. For the CMA, this dependence is an (N + �)-dimensional surface with
N degrees of freedom, where N is the number of array elements. In the case of
more than two degrees of freedom, such a surface is hard to visualize.

�e error-performance surface of the A-CMA is two-dimensional with only one
degree of freedom (the steering angle θ�). �e A-CMA’s error-performance can be
written as:

JA-CMA(θ�) = (�w(θ�)Hx�
� − �)� = (�(eψ(θ�)⋅n)Hx�� − �)� (�.��)

Herein, the expectation operator ‘E’ is dropped because x is assumed to be array
data for a single source with no additive noise.

Figure �.�� shows the error-performance surface of the A-CMA for an element
spacing of λ

� and signals arriving from broadside. �e error-performance is drawn
for a two-, four- and eight-element array. Since impinging signals arrive from
broadside, for all three array con�gurations, the steering angle θ� equal to zero has
the lowest costs.

Based on �gure �.��, one can recognize that the error-performance surface of the
A-CMA has the appearance of a vertically �ipped array pattern. An increase in the
number of array elements results in a smaller angular range where convergence to
the global minimum can be guaranteed. �e convergence region corresponds to
the INBW of an array pattern (section �.�.�). �e INBW of the main beam can be
expressed as follows:

INBW = � sin−�(λ�(dN)) (�.��)
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For example, for an eight-element array with λ
� element spacing, the A-CMA has a

convergence region width of � sin−�( �� ) ≈ ��
○.

DoA estimation algorithms, such as MUSIC, can be used to provide an initial steer-
ing angle for the A-CMA [70]. �e accuracy of this estimate should be within the
angular range that provides convergence to the global minimum.

�.�.� ���������� ��������

A short analysis on the complexity of the A-CMA is given to assess scalability and
implementability. �e computational complexity of the A-CMA is compared with
the complexity of the CMA and MUSIC. MUSIC is included in the comparison
because it provides DoA estimates of all impinging signals. �erefore, repeated
execution of MUSIC could be used for tracking. However, this approach requires a
method to identify the DoA of the desired signal out of all angles found by MUSIC.

�e computational order of complexity of the algorithms is determined by count-
ing the number of complex MAC operations. �e complexity of the A-CMA is
determined based on eq. �.��. Calculation of matrix B′(θ�[k]) is kept out of the
complexity analysis since we expect that, by exploiting its Hermitian symmetry,
this can be done very e�ciently. �erefore, not taking into account calculation of
B′(θ�[k]), the order of the A-CMA is dominated by the matrix-vector multiplica-
tion B′(θ�[k])x[k] and is for that reasonΘ(N�). Herein, N is the number of array
elements.

�e conventional gradient-descent version of the CMA is of order Θ(N) [97]. MU-
SIC is computationally much more expensive with a complexity of order Θ(N�)
[67]. �us, the complexity of the A-CMA is in between that of the CMA andMUSIC.

�.�.� ���������� �������

�eA-CMAhas also been applied to empirical data from the dive-center experiment
(section �.�.�). Given this input data, the algorithm initially converges into the
direction of the expected LoS angle. However, the A-CMA is restricted to array
responses generated by an LPT. �erefore, the positions of the nulls are coupled to
the steering angle θ�. �is limited freedom did not result in practically useful MSE
levels. �erefore, the convergence of the A-CMA is examined by looking at its cost
and MSE behaviour for synthetic input data. To investigate whether the A-CMA is
practical in less re�ective underwater environments is part of future work.

Simulations are performed for both the A-CMA and the conventional CMA to
provide means for comparison. For simulation, the adaptive beamformer archi-
tecture presented in �gure �.�� is implemented. An eight-element ULA with a
half-wavelength element spacing is assumed. �e synthetic baseband samples x are
based on a single QPSK-modulated source with additive noise (SNR of �� dB).
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Learning curve

Similar to analysis of the CMA (section �.�), the performance of the A-CMA is
studied by looking at the learning curve of its cost function. As mentioned in sec-
tion �.�.�, an eight-element array executing the A-CMA should be able to converge
to the correct array steering angle if the DoA of the impinging signal stays within
the ��○ wide convergence region. Validity of this statement is checked in simula-
tion by setting the DoA angle to broadside (�○), while having the initial steering
angle set to one of the extremes of the convergence region (�○ ± ��

� ≈ ±��
○). Fig-

ure �.�� shows that the A-CMA rapidly convergences to the correct steering angle
and consequently minimizes the costs. �e simulation uses a convergence factor
µ of � ⋅ ��−�. �e A-CMA is still robust with a large convergence factor, because
the gradient-descent ensures global minimization if the steering angle is initially
within the convergence region.

To compare the convergence properties of the A-CMA with the CMA, the cost
behaviour of the CMA, for similar initial weights and the same convergence factor,
is also illustrated in �gure �.��. Clearly, the CMA takes more samples to converge
than the A-CMA. �e rapid convergence of the A-CMA is caused by its drastic
dimensionality reduction from N complex weights to a single real value.

Mean square error

�e estimates are based on the same scenario as in the previous simulation. Since
we are only interested in revealing trends, the results are smoothed by a moving
average �lter. Initially, the MSE level of the A-CMA a�er convergence is below that
of the CMA. Asymptotically, the MSE level of the CMA approaches the MSE level
of the A-CMA.
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F����� �.�� – Convergence behaviour of the CMA and the A-CMA (µ = 5 ⋅ 10−2).
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�.� C���������� ��� ������ ����

In this chapter, techniques for mitigation of signal distortion in the spatial dimen-
sion were presented. Within this general class, we limited our focus to linear combi-
nations of spatially distinct samples, whose coe�cients are known as array weights.
To reduce energy consumption, structural properties of the transmitted signal
(instead of training sequences) were exploited to appropriately update the array
weights. �e latter is known as blind spatial equalization.

To achieve a (relatively) high spectral e�ciency, while being power-e�cient, our
underwater transmissions are QPSK modulated. �e output of a QPSK modulator
always has a constant modulus (CM). A well-known blind equalization method
that uses this CM property, the CMA, has been extensively discussed and applied to
multi-channel data from the dive-center experiment (section �.�.�). CMA’s empiri-
cal performance reveals, even for relatively large convergence factors, asymptotic
convergence to the optimum array weights.

�e CMA does not compensate for phase deviations. �erefore, the E-CMA is
studied. �e E-CMA is a stricter blind narrowband method, which exploits both
the CM property and the equal phase distribution of QPSK signals to optimize array
weights. �is blindmethod has never been studied in a spatial (underwater) context.
In our empirical evaluation, the MSE levels of the E-CMA seem to converge much
faster than those of the CMA. However, we do note that our empirical data was
captured in a reverberant, but relatively time-invariant environment (ten meter
deep water tank). Further research should investigate performance of the E-CMA
in more dynamic environments.
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Additionally, a rather unconventional method for blind equalization, known as
the A-CMA, has been presented in this chapter. In contrast to conventional blind
equalization methods, it calculates steering angle updates instead of weight vector
updates. Originally this algorithm was designed for tracking a single source that
has a strong LoS arrival in an environment with practically no multipath. E�ec-
tively, our approach reduces the dimensionality of the CMA’s search space from N
complex weights (number of array elements) to a single real value. We have illus-
trated that this approach is attractive in mixed-signal hierarchical arrays, e.g., to
lower ADC requirements. �ough in this thesis, the A-CMA was examined within
the context of a simpli�ed non-hierarchical beamformer. Further research should
look at the applicability of the algorithm in a hierarchical setup in simulation and
in practice.

Based on synthetic data, the cost behavior of the A-CMA has been compared with
that of the CMA. Since the A-CMA is restricted to array responses generated by a
linear phase taper (LPT), it cannot freely position nulls or correct for small array
imperfections. Nevertheless, the A-CMA provides faster convergence and a slightly
lower MSE �oor.
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A������� – �e propagation speed of underwater acoustic pressure waves
is variable. �erefore, a direct-path acoustic wave can arrive later than
a re�ected wave. �is phenomenon, known as nonminimum-phase be-
haviour, complicates blind extraction of a channel’s phase response. Blind
equalization of the magnitude and phase response of a nonminimum-phase
channel can always be performed separately, because the equalizer of a
nonminimum-phase channel is decomposable into a (i) minimum-phase
and an (ii) all-pass part.

�is chapter introduces an approach, called the all-pass CMA, that reduces
the dimensionality of the CMA algorithm to improve blind equalization of
a channel’s all-pass part. �e dimensionality reduction has been performed
by parameterizing the CMA cost function in terms of the nonminimum-
phase zero location of the all-pass part to be compensated. �e all-pass
CMA can compensate a single nonminimum-phase zero. Compared to the
CMA, it typically provides a faster and more accurate compensation of this
zero.

�.� I�����������

�e previous chapter discusses the primary dimensions of the channel and the
transmitted signal: time, space and frequency. In the multipath-rich underwater
environment, energy spillovers in the time dimension (re�ections from current
and previous transmissions) add up constructively and destructively, producing
frequency-selective channel distortion. Various techniques exist for mitigation of
frequency-selective channel distortion, e.g., spectral equalization, spread spectrum
(SS) modulation and multi-carrier modulation [73]. �is chapter elaborates on the
spectral counterpart of spatial equalization, known as spectral equalization. Spectral
equalization to deal with the e�ects ofmultipath propagation is amajor challenge in
the design of underwater acoustic communication systems. In this thesis, we have
chosen to focus on spectral and spatial equalization. �is approach is advantageous,
since spectral and spatial methods have many mathematical analogies. It is likely

Parts of this chapter have been published in [KCH:3] .
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that a method with promising performance in one of these domains can easily be
transformed to the other domain.

In the underwater environment, the source, the scatterers, the medium and the
receiver can be moving. Similar to adaptive equalization in the spatial dimension,
also the weights of a spectral equalizer need to be adjusted continuously. To per-
form these adjustments, adaptive spectral equalizers can be employed. Ideally, an
adaptive spectral equalizer is a �lter that, in combination with the (time-varying)
channel response, approximates the identity operation. For similar reasons as in
chapter �; (i) our transmissions are QPSK modulated and (ii) to �nd appropriate
weight updates, we focus on blind adaptive equalization. Blind adaptive spectral
equalization and the criterion for ideal spectral equalization are brie�y discussed
in section �.�.�.

A realistic channel response, such as the response in �gure �.�, can be modeled by
a �nite impulse response (FIR). For ideal equalization of the distortion caused by a
FIR, an in�nite impulse response (IIR) is needed. Depending on the (z-domain)¹
zero positions of the FIR, a �nite-length approximation of the IIR can be used for
equalization. Long FIR equalizers, having a large computational complexity, are
needed for channels with zeros close to the unit circle.

As previously discussed in section �.�.�, underwater channel responses can be
minimum-phase or nonminimum-phase. A z-domain discrete-time channel model
is characterized as nonminimum-phase if at least one of its z-plane zeros is located
outside the unit circle. For all channels with a similar magnitude response, the
minimum-phase system has (most of) its energy concentrated near the start of
the impulse response [64]. For a minimum-phase system, there is a one-to-one
relation between the magnitude response and the phase response [52]. Such a
relationship does not exists for a nonminimum-phase channel. �erefore, given
only the magnitude response of a nonminimum-phase channel, its phase response
cannot uniquely be identi�ed.

Since many blind equalization techniques cannot determine the correct phase re-
sponse of nonminimum-phase channels, equalization of these channels is more
di�cult than equalization of minimum phase channels. �is apparent phase blind-
ness is caused by the fact that a lot of equalizers are based on SOS (e.g., autocor-
relation) and reasoning in the autocorrelation domain suppresses phase informa-
tion [52]. SOS-based equalization applied to a nonminimum-phase channel pro-
duces an equalizer for the spectrally equivalent minimum phase (SEMP) version
of the channel, but it leaves the phase response uncorrected.

To blindly extract the phase response of nonminimum-phase channels, (i) methods
based on higher-order statistics (HOS) or (ii) techniques exploiting cyclostationar-
ity can be used [52]. Cyclostationarity is a property used to designate stochastic

�Note that the symbol z is reused. In chapter �, as in other literature on underwater acoustics [86],
z represents depth. In this chapter, z refers to the complex variable used in the power series of the
z-transform.
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processes whose statistical properties vary periodically over time [22]. Exploit-
ing cyclostationarity requires an equalizer input which is sampled faster than the
symbol rate. Since we assume symbol-rate spaced equalization, methods based
on cyclostationarity are not taken into consideration. Similar to chapter �, in this
chapter, HOS-based methods are employed to �nd appropriate weight updates.
Fundamental theorems on the identi�ability of nonminimum-phase channels by
application of HOS methods are discussed in appendix A.

Blind equalization of the magnitude and phase response of a nonminimum-phase
channel can be performed separately because a nonminimum-phase channel equal-
izer can always be decomposed into a minimum-phase and an all-pass part. To
reduce the computational complexity of a nonminimum-phase channel equalizer,
Da Roche et al. [16] proposed an equalizer based on a cascade of an (computa-
tionally less complex) IIR �lter and an all-pass response approximated by an FIR
�lter. �e responsibility of the IIR �lter is compensation of the channel’s magnitude
response, whereas the all-pass �lter equalizes the phase. To equalize the phase, the
all-pass �lter weights are estimated by minimizing a direct decision (DD) error
criterion. A further reduction of the computational complexity of this cascaded
equalizer structure can be found in the work of Lambotharan and Chambers [38].
Herein, the computational complexity of the equalizer is reduced by splitting the
all-pass �lter into an IIR and a FIR �lter. In their approach, the FIR �lter weights
are estimated using a normalized version of the CMA algorithm.

Apart from computational complexity, another important consideration for applica-
tion of adaptive equalizers is their convergence time. �e convergence time should
be small with respect to the coherence time of the channel. �is chapter does not
focus on the complexity of equalization structures, as in [16, 38], but addresses
accelerating and improving blind estimation of the �lter weights that mitigate the
channel’s phase response. To provide fast and accurate compensation for the dis-
tortion caused by a nonminimum-phase channel, we exploit prior knowledge of
the mathematical structure of the possible equalizer weights to reduce the dimen-
sionality of this blind estimation problem. Our technique is based on the CMA, but
con�nes the CMA’s solution space to merely all-pass �lters and is therefore called
the all-pass CMA (AP-CMA).

A theoretical background on equalization of nonminimum-phase channels using
a cascade of a magnitude and a phase equalizer is given in section �.�. Section �.�
elaborates on our proposed dimensionality reduction of the conventional CMA to
con�ne its solution space. �e actual derivation of the AP-CMA, using Wirtinger
calculus, is discussed in section �.�. Herein, to fully focus on the algorithm’s conver-
gence behaviour instead of (potential) instability, the derivation only considers FIR
�lters. A comparison of the conventional CMA and the AP-CMA for equalization
of the channel’s phase response can be found in section �.�. Conclusions and ideas
for future work are discussed in section �.�.
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In this section, we shortly elaborate on blind adaptive equalization and the decom-
position and equalization of nonminimum-phase channels.

�.�.� ����� �������� ������������

Consider the structure of the blind adaptive equalizer shown in �gure �.�. �e
equalizerW(z)mitigates time-varying frequency-selective distortion H(z) in the
received signal x[k] based on structural (and related statistical) properties of the
non-Gaussian source signal s[k]. �e additive white gaussian noise (AWGN) is
represented by v[k]. In further analysis, v[k] will be ignored, because usually the
ISI caused by H(z) dominates the degradation of the received signal [26].

Ideal equalization criterion

Ideal equalization is attained if the aggregate channel response P(z) (=H(z)⋅W(z))
approximates the identity operation. Nevertheless, the equalizer is allowed to im-
pose a constant delay deq and a complex gain ceq to the output signal y[k] [52]:

Z−�{P(z)} = p[m] = δk[m − deq] ⋅ ceq . (�.�)

Herein, m is the index for the �lter taps, Z−� is the inverse z-transform and δk
represents the Kronecker delta function.

�.�.� �������-�����/���-���� �������������

A nonminimum-phase channel has at least one zero outside the unit circle and
can always be decomposed into a minimum-phase and an all-pass part [64]. To
�nd its minimum-phase part², the zero(s) of a nonminimum-phase transfer lo-
cated outside the unit circle, have to be re�ected inside the unit circle to their
conjugate reciprocal location(s). For a single-pole single-zero nonminimum-phase
channel HNMP(z), this minimum-phase/all-pass decomposition is shown in �g-
ure �.�. Herein, HNMP(z) is factored into its minimum-phase part HMP(z) and
its all-pass part Ha

AP(z). Ha
AP(z) is the all-pass channel with a zero at location a.

Mathematically, the decomposition is given as:

HNMP(z) = n� ⋅
(z − a)
(z − b)

= n� ⋅
(z − �

a∗ )
(z − b) ⋅

(z − a)
(z − �

a∗ )
= HMP(z) ⋅Ha

AP(z).

Herein, a and b are the zero and pole location of the nonminimum-phase channel.
In section �.�, the gain factor n� is used for normalization of the response.

��eminimum-phase part of a nonminimum-phase channel is known as its SEMP channel.
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By de�nition, a minimum-phase channel always has a causal and stable inverse
(since its zeros are located inside the unit circle). In �gure �.�, the inverse of
HMP(z) is denotedWMP(z). �e stable and causal time-domain characterization
ofWMP(z), the impulse response wMP[m], can be used to equalize the magnitude
response of the channel.

�e inverse of the channel’s all-pass part Ha
AP(z) is known asW a

AP(z). �e inverse
z-transform ofW a

AP(z) is only stable if the region-of-convergence (ROC) is chosen
to extend inward from the outermost pole, which results in the anti-causal time-
domain characterization wa

AP[m]. Consequently, in order to equalize the channel’s
phase transfer Ha

AP(z), an anti-causal response (for example approximated by an
FIR) or a block-based time reverser are required [16, 38].

channel

x[k]
+

v[k]

y[k]
H(z)

s[k]

P(z) = H(z) ⋅W(z)

⋅

R

I

R

I

⋅
×

×

R

I

× �

HMP(z)

WMP(z) W a
AP(z)

Ha
AP(z)

R

I

×
�

��

W(z)

R

I

=

HNMP(z)

×
� a

b b
a

(a∗)−� (a∗)−�

F����� �.� – Structure of a blind adaptive equalizer and the decomposition of a (single-pole
single-zero) nonminimum phase channel.

�.� D������������� ��������� �� ��� CMA

Phase equalization requires an all-pass magnitude response. In this section, we
exploit this knowledge to narrow the search space of the CMA to (single-pole
single-zero) all-pass �lters by reducing the dimensionality of the parameters to
be estimated.

�e time-domain expressions of a single-pole single-zero all-pass channel and
equalizer are determined in section �.�.�. In section �.�.� this expression is used
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to reduce the dimensionality of the conventional CMA. Section �.�.� discusses the
error-performance surface of the all-pass CMA.

�.�.� ���-���� ������� ��� ���������

All-pass channel time-domain characterization

To determine the unit magnitude and causal time-domain characterization of the
channel’s all-pass part Ha

AP(z), �rst its numerator and denominator are divided by
z to write the transfer in a more common form:

Ha
AP(z) = n� ⋅

z − a
z − �

a∗
= n� ⋅

� − az−�
� − �

a∗ z−�
.

�erea�er, n� is set to ��a∗ to normalize the magnitude response³. �e unit magni-
tude and causal z-domain characterization of Ha

AP(z) can now be written as (ROC:
�z� > ���a∗�):

Ha
AP(z) =

�
a∗

� − az−�
� − �

a∗ z−�
= � − az−�
a∗ − z−� .

Subsequently, long division of the numerator over the denominator results in:

Ha
AP(z) = a +

� − aa∗
a∗ − z−� . (�.�)

�e M-tap causal time-domain approximation of Ha
AP(z) is the discrete-time im-

pulse response ha
AP. Given eq. �.�, the response ha

AP can be found by consulting the
z-transform pair table in [64]:

ha
AP = a ⋅ δk[m] + (

�
a∗
− a)( �

a∗
)mu[m], m = �, . . . , (M − �). (�.�)

Herein, u[m] is the discrete-time unit step function. Note that, m is an index for
the �lter taps.

All-pass equalizer time-domain characterization

To compensate for the e�ects of Ha
AP(z), a time-domain characterization of its

inverse is used. Similar to the previous section, derivation of this time-domain
characterization requires long division, followed by consulting the z-transform
pair table in [64].

As explained in section �.�.�, to guarantee stability, the time-domain characteri-
zation of HAP(z)−� must be anti-causal. �e M-tap anti-causal time-domain ap-
proximation wa

AP of the (single-pole single-zero) all-pass equalizerW a
AP(z) can be

�For veri�cation, evaluate the frequency response Ha
AP(z)�z=e jω at ω = �.
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found as follows (ROC: �z� < �a�):

wa
AP = Z−� �

a∗ − z−�
� − az−� � (�.�)

= Z−� � �
a
+ a∗ − a−�

� − az−� �

= δ[m]
a
− (a∗ − �

a
)amu[−m − �], m = (−M+�), . . . , �. (�.�)

Since we are only dealing with all-pass transfers in the rest of this chapter, for
notational convenience and clarity, ha

AP and wa
AP will be written as h(a) and w(a).

�.�.� ������- ���� ������-���� ���-���� ���

�e cost criterion of the CMA, which is a measure for the average deviation of
the equalizer output y from a constant modulus, was extensively discussed in sec-
tion �.�.

In the context of spectral equalization, the expected CMA costs (over time) can be
written in terms of the equalizer weights w as follows:

JCMA(w) = E �[�wTx�� − R�]
�
� , x = x[k, . . . , k +M − �]T , (�.�)

where k is an index for the sampling instants and R� is the Godard parameter. As
in chapter �, the Godard parameter is set to one. Note that, the spectral equalizer
output y is written as wTx instead of wHx. In spatial equalization or beamforming
it is convenient to use the Hermitian inner product. When the Hermitian form is
used then, in case of conventional beamforming, the weight vector equals the array
response vector.

�e conventional CMA tries to minimize the deviation from a constant modulus
by choosing an appropriate weight vector w. In this work, the dimensionality of
the CMA is reduced by substituting w with w(â), where â is the (estimated) zero
position compensated by the equalizer. Note that this substitution is only valid if
the CMA is used for (single-pole single-zero) phase equalization. E�ectively, the
dimensionality-reduced cost function JAP-CMA is a function of the zero position â
compensated by the equalizer:

JAP-CMA(â) = E �[�w(â)Tx�
�
− �]

�
� , x = x[k . . . k +M − �]T . (�.�)

In contrast to an M-tap conventional CMA equalizer, the dimensionality of the
optimization problem is now reduced fromM complex weights to a single complex
weight (CM → C).
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�e dependence of a cost function on its weight(s) is called the error-performance
surface (section �.�.�). For the AP-CMA, this surface is written as JaAP - CMA(â),
where a is the zero position in the nonminimum-phase channel and â is the zero
position compensated by the equalizer.

Since JaAP - CMA(â) is of type C → R, the error-performance surface of the AP-
CMA can be visualized in a three-dimensional surface plot. �e error-performance
surface can be written as follows:

JaAP - CMA(â) = E �[�w(â)
Tx�

�
− �]

�
� (�.�)

x =

����������

h(a)T s[k, . . . , k −M + �]
h(a)T s[(k + �), . . . , (k + �) −M + �]

⋮
h(a)T s[(k +M − �), . . . , (k +M − �) −M + �]

����������

.

Herein, the received signal x is generated by �ltering a sequence of uniform in-
dependent and identically distributed (i.i.d.) zero-mean QPSK symbols s[k] with
response h(a). Column vector h(a) represents anM-tap time-domain approxima-
tion of the channel’s all-pass response. �erefore, the values in x can be considered
as output samples of amoving average (MA) process.

�e error-performance surface J�+� jAP - CMA(â) for the channel h(�+� j) is shown in
�gure �.�. Both h(�+� j) andw(â) are calculated for eight-order FIR �lters (M = �).
It can clearly be seen that the costs are minimized if the (ideal) equalizer w(� + � j)

�.�
�.�
�.�
�.�

-�
-�.�

-�
-�.�

�
�.�

�
�.�

�

R{â}

-� -�.� -� -�.� � �.� � �.� �

I{â}

�
�.�
�.�
�.�
�.�
�

JaAP-CMA(â)

F����� �.� – Error-performance surface J1+1 jAP-CMA(â) (M=�).
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I{â}

�
�.�
�.�
�.�
�.�
�

JaAP-CMA(â)

F����� �.� – Error-performance surface J2+2 jAP-CMA(â) (M=�).

is used for compensating the channel’s response. Note that, values of �â� < � are
not shown because these result in an unbounded equalizer impulse response. By
choosing appropriate initial conditions for â, such as â[�] = � + � j, the gradient-
descent optimization would never converge to such an unbounded response.

�e error-performance surface of our CM-based nonlinearity ismultimodal. How-
ever, no other zero-memory nonlinear cost function is known, which would always
result in global convergence [26]. �e basin of attraction to a global minimum be-
comes larger if the zero of the nonminimum-phase channel moves further away
from the unit circle. �e latter can be seen in �gure �.�, wherein a is set to � + � j.
E�ectively, in such a scenario the chance of misconvergence decreases.

�.� T�� AP-CMA ���� ���������

To derive the gradient-descent minimizer of the all-pass CMA, Wirtinger calculus
is used. Section �.� shortly elaborated on Wirtinger calculus. However, a detailed
discussion of this calculus is given in section �.�.�. �e stochastic gradient-descent
minimizer of the all-pass CMA is derived in section �.�.�.

�.�.� ��������� ��������

As most cost functions, our AP-CMA cost function is real-valued (JAP-CMA ∶ C→
R). Complex-valued cost functions would not be useful, because ordering is not
de�ned in the complex domain. For minimization of JAP-CMA, we use a stochastic
gradient-descent method. Unfortunately, the function JAP-CMA is not complex dif-
ferentiable, since it does not satisfy the Cauchy-Riemann equations. �is problem
of complex di�erentiability occurs in many other signal processing methods.
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An elegant approach to relax complex di�erentiability is to work in theWirtinger
calculus. �e latter provides a means to overcome the hassle of decomposing the
complex cost function into real and imaginary parts and di�erentiating both parts
separately. In theWirtinger calculus the cost function is decomposed into two com-
plex conjugate variables and these variables are treated as if they are independent
from each other. �e work by Brandwood [9] states:

�eorem.[Wirtinger Calculus] Let f ∶ CN → R be a real-valued scalar function of
a complex vector z. Let f (z) = g(z, z∗), where g ∶ CN ×CN → R is a real-valued
function of two complex variables and g is analytic with respect to each element
in z and z∗. �en either of the conditions ∇zg = � or ∇z∗ g = � is necessary and
su�cient to determine a stationary point of f . �e partial gradient of g with respect
to z∗ (∇z∗ g), rather than the partial gradient of g with respect to z (∇zg), gives the
direction of the maximum rate of change of f with respect to z.

From the abovemathematical context, we infer that for a gradient-descent optimiza-
tion of f , the gradient ∇z∗ g is preferred over the gradient ∇zg. Brandwood also
notes that the gradient∇z∗ g typically leads to neater mathematical expressions [9].
�erefore, in our derivation, we always derive the partial gradient with respect to
the complex conjugate vector.

�.�.� ��������� ����������

Below the instantaneous gradient-descent minimizer of the AP-CMA is shown,
followed by a step-by-step derivation based on Wirtinger calculus.

Corollary.[�e AP-CMAminimizer]

An estimate for the channel’s nonminimum-phase zero â can be found using the
following gradient-descent minimization:

â[k + �] = â[k] − µ ⋅ [�(w(â)Tx�
�
− �]⋅

�w�(â)x∗xTw(â) +w(â)Hx∗xTw�(â)� , (�.�)

where,

w�(â) =
�������������

w�(−M + �, â)
⋮

w�(�, â)

�������������
with w�(m, â) = −âm(â∗)m−� + (m − �)(â∗)m−� ,

w�(â) =
�������������

w�(−M + �, â)
⋮

w�(�, â)

�������������
with w�(m, â) = −âmu[−m − �].

Herein, x are the equalizer input samples, w are the equalizer weights, µ is the
convergence factor and M is the order of the blind equalizer.
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Proof. �e weight vector w(â) for an all-pass equalizer, where â is the zero to be
compensated, was given in eq. �.�. First, we rewrite JAP-CMA(â) in terms of â and
â∗ by regarding this weight vector w(â) as a function of â and â∗:

JAP-CMA(â) = G(â, â∗) = E �[�(w(â, â∗)Tx�
�
− �]

�
� .

Note that, function G(â, â∗) is analytic with respect to â and â∗. �erefore, ac-
cording to the Wirtinger calculus in section �.�.�, we may partially di�erentiate
G(â, â∗) with respect to â∗ to �nd the direction of the maximum rate of change
of JAP-CMA with respect to â.

Start partial di�erentiation by expanding G(â, â∗) using the chain rule:

δG(â, â∗)
δâ∗

= �E �[�w(â, â∗)Tx�
�
−�] δ

δâ∗
�w(â, â∗)Hx∗xTw(â, â∗)�� .

�erea�er, the partial derivative of the second part is found by application of the
product rule:

δG(â,â∗)
δâ∗

= �E �[�w(â,â∗)Tx�
�
−�] ( δ

δâ∗
w(â,â∗)H)x∗xTw(â,â∗)+

w(â,â∗)Hx∗xT δ
δâ∗

w(â,â∗),

having,

δ
δâ∗

w(â, â∗)H = −am(a∗)m−� + (m − �)(a∗)m−� ,

δ
δâ∗

w(â, â∗) = −amu[−m − �], m = (−M+�), . . . , �.

To �nd an estimate for â, the derivative δ
δ â∗G(â,â

∗) can now be used in a gradient-
descent as follows:

â[k + �] = â[k] − µ ⋅ δ
δâ∗

G(â,â∗).

By absorbing the factor � in the convergence factor µ and dropping the expected
value operator, we �nd the instantaneous gradient-descent minimizer shown in
eq. �.�.

�
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To evaluate the AP-CMA, we illustrate its convergence behaviour in section �.�.�.
�erea�er, the AP-CMA is compared to the conventional CMA in terms of ISI in
section �.�.�.

For simulations, the following real single-pole single-zero all-pass channel from
literature is used [33]:

H(z) = �.� − z−�
� − �.�z−�

In the following simulations, both the all-pass channel transferH(z) and the equal-
izer are implemented using an eight-tap FIR �lter.

In [33], channel H(z) also includes a constant phase o�set. �is phase o�set has
been removed, to facilitate analysis, because the CMA and the AP-CMA do not
correct rotations of the symbol constellation. �erefore, other means are neces-
sary to perform derotation of the constellation, e.g., the derotator of the QPSK
demodulator or a PLL [95].

�e convergence factor of the CMA is set to � ⋅ ��−�. A factor in this order of
magnitude typically results in decent equalization performance. To initialize the
CMA, the fourth tap of the weight vector w is set to one and all others to zero.
Initialization of the CMA weight vector was discussed in section �.�.

�e convergence factor of the AP-CMA is set to �.� ⋅ ��−�. Choosing an initial
estimate â[�] for the zero position is discussed in section �.�.�.

�.�.� ����������� ��������� ��������

�e error-performance surface of the AP-CMA can be visualized in a contour plot.
In such a plot, the gradient-descent paths of the AP-CMA can be included to study
the algorithm’s convergence behaviour. �is relatively simple representation of the
search space is helpful to make informed decisions on, e.g., initial conditions for
the AP-CMA.

As an example, the descent paths of our algorithm for the channel H(z) and two
initial values of the zero position (â[�] = � + � j and â[�] = � + � j) are shown in
�gure �.�.

�e values of â[�], being used in the simulations of �gure �.�, have equal costs.
Clearly, both gradient-descent paths �nd the correct zero position ( �

�.� + � j). How-
ever, in the contour plot we recognize a steeper gradient in the imaginary direction
than in the real direction. �erefore, one can conclude that, for channels having
real zeros, our adaptive algorithm can possibly bene�t from having a non-zero
imaginary component in the initial estimate.

Although not shown in �gure �.�, simulations with �� dB AWGN still result in
correct convergence. However, to prevent ill-convergence, the convergence factor
µ should be chosen smaller in the case of larger additive noise levels.
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F����� �.� – Contour plot of J
1
0.7 +0 j
AP-CMA(â) annoted with the gradient-descent estimates â[n]

of the AP-CMA for two di�erent starting positions.

�.�.� ������������ ����������� ����������

�e equalization performance of the AP-CMA is studied in terms of the ISI level
of the aggregate channel. For the aggregate channel response p = h ∗ w(â), a
numerical measure of the ISI is found using [52]:

ISI = ∑ �p[n]�
� − �p[nmax]��

�p[nmax]��
.

Herein, nmax is the index of the impulse response component having the largest
magnitude. Clearly, if the impulse component with the largest power (�p[nmax]��)
is equal to the sum of all powers (∑ �p[n]��) then ISI is minimal. Note that ∗
represents discrete-time convolution.

�e ISI levels of the CMA and the AP-CMA, during adaptive equalization of chan-
nel H(z), are shown in �gure �.�. Based on the ISI levels a�er convergence, we
recognize a more accurate compensation of the nonminimum-phase zero by the
AP-CMA compared to the conventional CMA. For eight-tap AP-CMA equalizers,
the ISI levels a�er convergence are approximately �� dB smaller. Such an ISI reduc-
tion enables the use of higher-order PSK modulation schemes and is advantageous
for channels corrupted by high levels of AWGN.

In �gure �.�, the CMA equalizer and the two instances of the AP-CMA equalizer
have similar ISI levels for the initial aggregate channel response. �e AP-CMA
typically provides comparable or faster convergence than the conventional CMA.



��

C
������

�–
S�������

������������

-��

-��

-��

-��

-�

-�

�

�

� ��� ��� ��� ��� ���� ���� ���� ���� ���� ����

IS
I(
dB

)

Symbol

All-pass CMA (â[1] = 2 + 2 j)
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F����� �.� – Aggregate channel ISI levels for CMA and all-pass CMA.

Nevertheless, the convergence speed of both algorithms strongly depends on their
initial weights and the convergence factor µ. As explained in section �.�.�, being
able to visualize to search space of the AP-CMA, can be valuable to �nd appropriate
initial weights. A theoretical analysis of the convergence speed of the AP-CMA is
beyond the scope of this thesis.

�.� C���������� ��� ������ ����

A nonminimum-phase channel can always be decomposed into a cascade of (i) a
minimum-phase response and (ii) an all-pass response. In general, blind equaliza-
tion of such an all-pass response is more di�cult than blind equalization of the
minimum-phase response, since HOS are required to estimate the nonminimum-
phase zero positions of the all-pass response. In our blind equalization method,
the search space of our equalizer is reduced to merely all-pass responses to provide
faster andmore accurate compensation of the all-pass part of a nonminimum-phase
channel.

Our dimensionality reduction has been performed by parameterizing the CMA cost
function in terms of the nonminimum-phase zero location of the all-pass response
to be compensated. E�ectively, this led to a search space reduction fromM complex
weights to a single complex weight (CM → C).

�e AP-CMA can only be used for compensation of a single-pole single-zero all-
pass part of a nonminimum-phase channel. However, multiple AP-CMA equalizers
could be used in a �lterbank to enable compensation of multiple nonminimum-
phase zeros. �e e�ectiveness of such a �lterbank, for more realistic underwater
channel responses, should be investigated.



��

�.�
–
C
��

��
��
��
��

��
�
��

��
��

�
��

�

Equalization performance and convergence behaviour of the AP-CMA have been
compared to the CMA.�eAP-CMA provides a far more accurate compensation of
the all-pass response, while having a similar or improved convergence rate. E.g., the
ISI �oor of an eight-tap AP-CMA equalizer is �� dB lower than for the conventional
CMA.

�e error-performance surface of the AP-CMA can be visualized in a surface plot.
For more complex channels, it would be of interest to perform an extensive analysis
of the e�ect of choosing certain initial conditions.
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To support the growing interest in underwater monitoring, large-scale underwater-
acoustic sensor networks (UW-ASNs) can be employed. Communication between
nodes in the harsh underwater environment poses signi�cant challenges. In this
thesis, adaptive spatial and spectral equalization methods were presented to com-
pensate for the time-varying distortion caused by the underwater acoustic channel.

In general, the communication capacity of the underwater channel is low and un-
derwater acoustic nodes have limited energy resources. To reduce energy consump-
tion, structural properties of the transmitted signal (instead of training sequences)
were exploited to calculate equalizer weight adjustments. �e latter is known as
blind equalization. To optimize spectral e�ciency, while being power-e�cient, our
underwater transmissions are QPSK modulated. QPSK transmissions have a con-
stant modulus. �e blind equalization methods that were discussed in this thesis
exploit deviations of the equalizer output from a constant modulus as a training se-
quence substitute. A well-known blind equalization method that uses this constant
modulus property is called the constant modulus algorithm (CMA).

Since no standard underwater channel model exists, real-life experiments are nec-
essary for proper evaluation. Existing systems for underwater acoustic signal pro-
cessing did not provide enough �exibility for our experiments. �erefore, a �exible
multi-channel underwater testbed has been developed and used in our experiments.

For mitigation of signal distortion in the spatial dimension, various blind spatial
equalization methods have been discussed. First, the CMA has been applied to
empirical underwater data. In our experiment, CMA’s behavior reveals asymptotic
convergence to the optimum equalizer weights. �erea�er, a stricter blind method,
known as the extended CMA (E-CMA), has been studied in a spatial underwater
context. �e E-CMA is stricter since it exploits both the constant modulus and the
phase distribution of QPSK signals. For the same dataset, the MSE level of the E-
CMA converges faster compared to the CMA. Also, the angular CMA (A-CMA) has
been presented. In contrast to other blind methods, the A-CMA calculates steering
angle updates instead of weight vector updates. �is approach is attractive inmixed-
signal hierarchical arrays where distribution of the steering angle is needed. �e
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applicability of the A-CMA for underwater communications should further be
investigated, since the algorithm was originally designed for tracking a strong LoS
arrival in an environment with practically no multipath.

In the underwater environment, multipath components add up constructively and
destructively producing frequency-selective channel distortion. To compensate
for frequency-selectivity, blind spectral equalization has been studied. A direct-
path underwater transmission might arrive later than its re�ections. �e latter
is known as nonminimum-phase behavior. A blind method, named the all-pass
CMA (AP-CMA), was introduced for faster and more accurate compensation of
nonminimum-phase channel distortion.

�.�.� �������������

In the context of blind equalization for underwater communications, as well as in
a more general context, the contributions of this thesis are:

» Anassessment of the quantitative characterization of the underwater chan-
nel that elaborates on the channel’s properties relevant for the design of
underwater communication hardware and physical layer algorithms (chap-
ter �) [KCH:4] .

» A multi-channel underwater testbed developed to evaluate physical layer
algorithms, and used in localization and spatial equalization experiments
(chapters � and �) [KCH:4, 5] .

» A blind spatial equalization algorithm, designated the extended CMA (E-
CMA), that provides tracking of the signal-of-interest, while simultaneously
correcting phase o�sets (chapter �) [KCH:1] .

» A blind spatial equalization algorithm, called the angular CMA (A-CMA),
that mitigates distortion and simultaneously provides a means for steering
angle distribution in mixed-signal hierarchical arrays (chapter �) [KCH:2] .

» A blind spectral equalization algorithm, called the all-pass CMA (AP-CMA),
that provides a fast and accurate compensation for the distortion caused by
single-pole single-zero nonminimum-phase channels (chapter �) [KCH:3] .

�.�.� ���������������

Recommendations for further analysis and improvement of the blind methods
presented in this thesis are given below.

�e CMA and the E-CMA have been evaluated based on empirical data. Evidently,
the MSE levels of the E-CMA converge faster than those of the CMA. However,
these measurements were acquired in the reverberant, but relatively time-invariant
environment of the dive-center water tank. Further theoretical and empirical stud-
ies should elaborate on the error performance and the convergence behaviour of
the E-CMA, in more dynamic environments.
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�e dimensionality reduction of the A-CMA, from N complex weights to a single
steering angle, might be overly restrictive. For future work, we suggest to mod-
erate restrictions by incorporating an additional parameter into the optimization.
E.g., apart from a linear phase taper expressed in terms of the steering angle, it is
interesting to investigate the inclusion of an amplitude taper which is expressed
in terms of a single parameter. Additional freedom might probably improve the
MSE performance, while still providing faster convergence than the conventional
CMA. In general terms, expressing the CMA cost function in a single or multiple
parameters could be designated as the parameterized CMA.

�e convergence region of the A-CMA is limited. An increase of the number of
array elements decreases the range where global convergence can be guaranteed. By
applying other optimization methods, it might be possible to improve convergence,
independent of (i) the number of array elements and (ii) the initial steering angle.

�e AP-CMA can only compensate for a single-pole single-zero channel. For chan-
nels a�ected by more than a single nonminimum-phase zero, a �lterbank with
multiple AP-CMA equalizers would be e�ective. Ideally, an AP-CMA equalizer is
developed that can compensate a speci�ed (maximum) number of nonminimum-
phase zeros.

Altogether, we have discussed blind adaptive equalization as an energy-e�cientmeans
to provide fast and accurate compensation of underwater channel distortion. Applica-
tion of our proposed methods, together with the recommendations, seems a promising
approach for future underwater communications.
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In chapter �, we identi�ed the nonminimum-phase channel response by implicitly
usingHOS bymeans of the nonlinearity of the A-CMAcost criterion. �is appendix
shortly elaborates on two major theorems which de�ne the relationship between
explicit HOS and ideal blind equalization of nonminimum-phase channels.

�.�.� ����������-�������-�����

�e Benveniste-Goursat-Ruget [6] theorem relates to the scenario where the non-
Gaussian i.i.d. samples s[k] are observed through a noiseless LTI with impulse
response h[m]. An estimate of the source y[k] = ŝ[k] must be obtained (using
an equalizer) given merely the input samples x[k] and knowledge of the PDF of
s[k]. �e Benveniste-Goursat-Ruget theorem states that, if the PDFs of s[k] and
y[k] = ŝ[k] are identical, then correct estimation is guaranteed, except for a possi-
ble complex gain factor and delay as in eq. �.�.

�.�.� ������-���������

Shalvi and Weinstein [71] proof that a necessary and su�cient condition for per-
fect equalization only requires equalization of a few moments of the probability
distributions of the in- and output signals. �erefore, with respect to Benveniste-
Goursat-Ruget’s theorem, the theorem of Shalvi and Weinstein is less stringent.

Shalvi and Weinstein use the Cauchy-Schwarz inequality to connect higher-order
statistics to the ideal equalization criterion given in Equation eq. �.�. An overview
of this proof of Shalvi and Weinstein [71] can be seen below.

Lemma � E{�y[k]��} = E{�s[k]��}∑
m
�p[m]��

Proof. Start by writing output y[k] as the convolution of the non-Gaussian i.i.d.
(zero-mean) input samples s[k] with the compound channel response p[m]:

y[k] = s[k] ∗ (h[m] ∗w[m]) =�
m
s[k −m]p[m] (A.�)
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Herein, ∗ represents discrete-time convolution. �e magnitude squared of y[k]
can be written as:

E{�y[k]��} = E{��
m
s[k −m]p[m]�

�

(A.�)

= E{�
m
s[k −m]p[m]�

l
s[k − l]∗p[l]∗} (A.�)

=�
m
�
l
E{s[k −m]s[k − l]∗}p[m]p[l]∗ (A.�)

Due to values of s[k] being mutually independent, i� m = l then
∑
m
∑
l
E{s[k −m]s[k − l]∗} ≠ �. �erefore, E{�y[k]��} can be rewritten as:

E{�y[k]��} =�
m
E{s[k −m]s[k −m]∗}p[m]p[m]∗ (A.�)

=�
m
E{s[k −m]s[k −m]∗}�p[m]�� (A.�)

�e variance E{s[k−m]s[k −m]∗} of s[k] is time-invariant because of its identical
distribution property. �erefore, we can write:

E{�y[k]��} = E{�s[k]��}�
m
�p[m]�� (A.�)

Lemma � K(y[k]) = K(s[k])∑
m
�p[m]��

Proof. Analog to eq. A.�-eq. A.�, an estimate of the fourth power of the equalizer
magnitude E{�y[k]��} can also be rewritten in terms of s[k] and p[k]:

E{�y[k]��} = (E{�s[k]��} − �E�{�s[k]��} − �E{s[k]�}�
�
) ⋅�

m
�p[m]�� . . .

+ �E�{�s[k]��} ⋅ (�
m
�p[m]��)� + �E{s[k]�}�

�
⋅ ��

m
p[m]��

�

(A.�)

An estimate of the complex kurtosis K(y[k]) of y[k] can found using:

K(y[k]) � E{�y[k]��} − �E�{�y[k]��} − �E{y[k]�}�
�

(A.�)

Now assume the lemma is true. By expanding the kurtosis terms, using eq. A.�,
lemma � can be given as:

E{�y[k]��} − �E�{�y[k]��} − �E{y[k]�}�
�
= �E{�s[k]��} − �E�{�s[k]��} − �E{s[k]�}�

�
��

m
�p[m]��

E{�y[k]��} = �E{�s[k]��} − �E�{�s[k]��} − �E{s[k]�}�
�
��

m
�p[m]��

+ �E�{�y[k]��} + �E{y[k]�}�
�

(A.��)
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�e lemma is now shown to be correct by demonstrating equality between the last
two terms of Equation A.� and the last two terms of Equation A.��. �e latter is
done by applying lemma � and E{y[k]�} = E{s[k]�}∑

m
p[m]�:

�E�{�y[k]��} = � ⋅ (E{�s[k]��}�
m
�p[m]��)� = �E�{�s[k]��} ⋅ (�

m
�p[m]��)�

(A.��)

�E{y[k]�}�
�
= �E{s[k]�}�

m
p[m]��

�

= �E{s[k]�}�
�
⋅ ��

m
p[m]��

�

(A.��)

Lemma � and � are the basis of the Shalvi-Weinstein equalization theorem.

Corollary. ∑
m
�p[m]�� �(∑

m
�p[m]��)

�

�e corollary is related to the Cauchy-Schwarz inequality and is stated in [71].

�eorem.[Shalvi-Weinstein Equalization�eorem]
If E{�y[k]��} = E{�s[k]��} then:

» �K[y]� � �K[s]�
» �K[y]� = �K[s]� i� p[m] has the form of punit[m]¹.

Essentially, the Shalvi-Weinstein theorem states that a necessary and su�cient con-
dition for equalization is ‘power normalization’ (E{�y[k]��} = E{�s[k]��}) and
kurtosis matching (�K[y]� = �K[s]�).
Proof. Recapitulate the corollary and lemma � and �:

» ∑
m
�p[m]�� �(∑

m
�p[m]��)

�

» E{�y[k]��} = E{�s[k]��}∑
m
�p[m]��

» K(y[k]) = K(s[k])∑
m
�p[m]��

If and only if E{�y[k]��} = E{�s[k]��} then (∑
m
�p[m]��)

�
= �. Now based on the

corollary∑
m
�p[m]�� � �. In this case, �K[y]� � �K[s]�.

Equality �K[y]� = �K[s]� holds i�∑
m
�p[m]�� =(∑

m
�p[m]��)

�
= �. �e latter requires

at most one nonzero (unit magnitude) element in the p vector, which corresponds
to the ideal equalization criterion punit[m].

�punit[m] is a �lter allowed to impose a delay deq and a phase shi� θ: punit[m] = δk[m−deq] ⋅ e jθ .
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A A-CMA angular CMA
ADC analog-to-digital converter
AP-CMA all-pass CMA
AUV autonomous underwater vehicle
AWGN additive white gaussian noise

C CM constant modulus
CMA constant modulus algorithm

D DAC digital-to-analog converter
DD direct decision
DDLL digital delay locked loop
DFT discrete Fourier transform
DoA direction-of-arrival
DSP digital signal processing
DVB-S digital video broadcasting satellite

E E-CMA extended CMA
EM electromagnetic
ESPRIT estimation of signal parameters by rotational invariance techniques

F FB fractional bandwidth
FH-FSK frequency-hopping frequency-shi� keying
FIR �nite impulse response
FPGA �eld programmable gate array
FSK frequency-shi� keying

G GSM global system for mobile communication

H HOS higher-order statistics
HPBW half-power beamwidth

I i.i.d. independent and identically distributed
IDFT inverse discrete Fourier transform
IF intermediate frequency
IIR in�nite impulse response
INBW inter-null beamwidth
IP intellectual property
ISI inter-symbol interference
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L LoS line-of-sight
LPT linear phase taper
LTI linear time-invariant
LTV linear time-variant

M MA moving average
MAC multiply-accumulate
ML maximum likelihood
MSE mean square error
MUSIC multiple signal classi�cation

N NCMA normalized CMA

O OSI open systems interconnection

P PDF probability density function
PLL phase locked loop
PSD power spectral density
PSK phase-shi� keying

Q QPSK quadrature phase-shi� keying

R RF radio frequency
rModem recon�gurable modem
RMS root mean square
ROC region-of-convergence

S SDRAM synchronous dynamic random-access memory
SEMP spectrally equivalent minimum phase
SG-CMA stochastic gradient CMA
SNR signal-to-noise ratio
SoC system-on-chip
SOFAR sound �xing and ranging
SOI signal-of-interest
SONAR sound navigation and ranging
SOS second-order statistics
SOSUS sound ocean surveillance system
SPI serial peripheral interface
SPL sound pressure level
SS spread spectrum
SSP sound speed pro�le

T TDL tapped delay line
ToF time-of-�ight

U ULA uniform linear array
UPA uniform planar array
US uncorrelated scattering
USB universal serial bus
UW-ASN underwater-acoustic sensor network
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W WSS wide-sense stationary
WSSUS wide-sense stationary uncorrelated scattering
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γrx Cross-covariance vector

τ Time delay vector

Rxx Spatial autocovariance matrix

δk Kronecker delta function

γhh Autocorrelation function of h

â Estimate for the channel’s nonminimum-phase zero

λ Wavelength (m)

a Wave propagation direction

h(a) All-pass channel having a zero at a

pn Cartesian position vector of nth array element

u Far-�eld source direction vector

w(a) All-pass channel equalizer for channel with a zero at a

x(t) Continuous-time array element sample vector

x[k] Discrete-time array element sample vector

µ Convergence factor

νp Doppler shi� of pth propagation path

� Azimuth angle

τp Time delay of pth propagation path

d Array response vector

P Array elements position matrix

v Array manifold vector

w Equalizer weight vector

wopt Wiener-Hopf optimum

θ Polar angle

θ� Steering angle
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θ g (Complete) grating lobe angle

ε Transmission loss o�set

a Zero location of channel

a( f ) Absorption coe�cient

B Beamformer response

b Pole location of channel

c Underwater speed of sound (m s−�)

ceq Equalizer complex gain factor

D Array aperture

d Array spacing (m)

deq Equalizer delay

f Frequency

fh Highest frequency in signal-of-interest

f l Lowest frequency in signal-of-interest

fr Reference frequency (= �Hz)

h(τ) LTI impulse response

h(t, τ) LTV impulse response

H(z) Channel z-domain characterization

Ha
AP(z) All-pass part of nonminimum-phase channel

HNMP(z) Nonminimum-phase channel

hp Complex gain factor of pth propagation path

HMP(z) Minimum-phase part of nonminimum-phase channel

H(ω) LTI frequency response

JAP-CMA �e AP-CMA cost function

JCMA �e CMA cost function

JA-CMA �e A-CMA cost function

JE-CMA �e E-CMA cost function

k Spreading factor

k(ω) Wavenumber

l� Reference distance (= �m)
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M Number of delay taps

N Number of array elements

N( f , sn ,wn) Underwater ambient noise (µPa�Hz−�)

n� Normalization factor

Ns( f , sn) Shipping noise (µPa�Hz−�)

p Pressure (µPa)

P(z) Aggregate channel z-domain characterization

pref Reference pressure (= � µPa)

r Radial distance (m)

R� �e Godard parameter

S Salinity (parts per thousand)

s(t) Continuous-time source signal

s[k] Discrete-time source symbols

Sh(τ, ν) Delay-Doppler spreading function

sn Shipping factor

T Temperature (oC)

v[k] Additive white gaussian noise

W(z) Equalizer z-domain characterization

W a
AP(z) All-pass part of channel equalizer

wa
AP[m] All-pass part of channel equalizer

wn Wind speed (m s−�)

wr Reference wind speed (= �m s−�)

WMP(z) Minimum-phase part of channel equalizer

wMP[m] Minimum-phase part of channel equalizer

x(t) Continuous-time received signal

x[k] Discrete-time received signal

y Equalizer output

y[k] Discrete-time equalizer output

y∠ Instantaneous phase angle of y

z Depth (m)



���

N
��

���������

z� Reference depth (= �m)

Nt( f ) Turbulence noise (µPa�Hz−�)

Nw( f ,wn) Wind-related noise (µPa�Hz−�)

FB Fractional bandwidth

INBW Inter-null beamwidth

NLdB re � µPa�( f ) Narrowband ambient noise level at the receiver

SNRdB(l , f ) Narrowband range- and frequency-dependent SNR

SPLdB re � µPa Sound pressure level

DIdB( f ) Directivity of the receiver

SLdB re � µPa Acoustic intensity of the source measured at �m distance

TLdB(l , f ) Range- and frequency-dependent transmission loss
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� — Blinde adaptieve equalisatie is een veelbelovende aanpak om energie-e�ciënt
te compenseren voor de verstoring die veroorzaakt wordt door het akoestische
onderwaterkanaal.
(Hoofdstuk �)

� — Parameterisatie van blinde adaptieve equalisatiemethoden is een e�ectieve stra-
tegie om zowel de dimensionaliteit als de gemiddelde convergentietijd van deze
methoden te beperken.
(Hoofdstuk � en �)

� — Hiërarchische mixed-signal bundelvorming met digitale adaptieve gewichtsbepa-
ling biedt een interessante architectuur voor kosten- en energie-e�ciënte spatiële
equalisatie.

� — Het realiseren van transparante communicatie tussen wetenschappelijke onder-
zoeksgroepen, die veelal hun eigen belangen vooropstellen, is zeker niet eenvou-
diger dan onderwatercommunicatie.

� — Puur het implementeren van bestaande wetenschappelijke kennis kan promo-
vendi sturing geven, maar mag nooit het hoofddoel worden.

� — De hoeveelheid wetenschappelijke discussie in de pauze is omgekeerd evenredig
aan de diversiteit aan onderzoeksthema’s in de desbetre�ende onderzoeksgroep.

� — Digital signal processing is a clear-cut example of the importance of abstract
mathematics in modern life and communications.
(Anonymous)

� — �e real voyage of discovery consists not in seeking new landscapes, but in having
new eyes.
(Marcel Proust)

� — Het zijn vaak de personen die nooit met het openbaar vervoer reizen, die er het
meest over klagen.
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