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Abstract
In this thesis, novel data and channel estimation methods are proposed and analyzed for lowcomplexity short-range communication (SRC) radios. Low complexity is challenging to achieve
especially in very wideband or millimeter-wave SRC radios where phase recovery and energy
capture from numerous multipaths easily become a bottleneck for system design. A specific type
of transceiver is selected using pulse amplitude modulation (PAM) at the transmitter and energy
detection (ED) at the receiver, and it is thus called an ED-PAM system. Nonnegative PAM
alphabets allow using an ED structure which enables a phase-unaware detection method for
avoiding complicated phase recovery at the receiver. Moreover, the ED-PAM approach results in
a simple multipath energy capture, and only one real decision variable, whose dimension is
independent of the symbol alphabet size, is needed.
In comparison with optimal phase-aware detection, the appealing simplicity of suboptimal EDPAM systems is achieved at the cost of the need for a higher transmitted signal energy or shorter
link distance for obtaining a sufficient signal-to-noise ratio (SNR) at the receiver, as ED-PAM
systems are more vulnerable to the effects of noise and interference. On the other hand, the
consequences of requiring a higher SNR may not be severe in the type of SRC scenarios where a
sufficient received SNR is readily available due to a short link distance. Furthermore, significant
interference can be avoided by signal design. However, what has slowed down the development
of ED-PAM systems is that efficient symbol decision threshold estimation and related error
probability analysis in multipath fading channels have remained as unsolved problems.
Based on the above observations, this thesis contributes to the state-of-the-art of the design and
analysis for ED-PAM systems as follows. Firstly, a closed-form near-optimal decision threshold
selection method, which adapts to a time-varying channel gain and enables an arbitrary choice of
the PAM alphabet size and an integer time-bandwidth product of the receiver filters, is proposed.
Secondly, two blind estimation schemes of the parameters for the threshold estimation are
introduced. Thirdly, analytical error probability evaluation in frequency-selective multipath
fading channels is addressed. Special attention is given to lognormal fading channels, which are
typically used to model very wideband SRC multipath channels. Finally, analytical error
probability evaluation with nonideal parameter estimation is presented. The results can be used in
designing low-complexity transceivers for very wideband and millimeter-wave wireless SRC
devices of the future.

Keywords: decision threshold estimation, energy detection, error probability analysis,
lognormal fading, multipath diversity, pulse amplitude modulation
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Tiivistelmä
Tässä työssä esitetään ja analysoidaan uusia data- ja kanavaestimointimenetelmiä, joiden tavoitteena on yksinkertaistaa lähikommunikaatiota (short-range communication, SRC) langattomien
laitteiden välillä. SRC-radioiden yksinkertainen toteutus on poikkeuksellisen haasteellista silloin, kun käytetään erittäin suurta kaistanleveyttä tai millimetriaaltoalueen tiedonsiirtoa. Tällöin
vastaanottimen yksinkertaisen toteutuksen voivat estää esimerkiksi kantoaallon vaiheen estimointi ja signaalienergian kerääminen lukuisilta kanavan monitiekomponenteilta. Näistä lähtökohdista valitaan SRC-radion järjestelmämalliksi positiiviseen pulssiamplitudimodulaatioon
(pulse amplitude modulation, PAM) perustuva lähetin ja energiailmaisimeen (energy detection,
ED) perustuva vastaanotin. ED-PAM-järjestelmän ei tarvitse tietää vastaanotetun signaalin vaihetta ja signaalienergian kerääminen tapahtuu yksinkertaisen diversiteettiyhdistelytekniikan
avulla. Lisäksi ilmaisuun tarvitaan vain yksi reaalinen päätösmuuttuja, jonka dimensio on riippumaton PAM-tasojen määrästä.
ED-PAM-tekniikan yksinkertaisuutta optimaaliseen vaihetietoiseen ilmaisuun verrattuna ei
saavuteta ilmaiseksi. Yhtenä rajoituksena on alioptimaalisen ED-PAM-tekniikan luontainen taipumus vahvistaa kohinan ja häiriöiden vaikutusta symbolin päätöksenteossa. Kohinan vahvistus
ei välttämättä ole suuri ongelma niissä SRC-radioissa, joissa pienen linkkietäisyyden johdosta
riittävä signaali-kohinasuhde vastaanottimessa voidaan kohinan vahvistuksesta huolimatta saavuttaa. Myös häiriöiden vahvistuksen vaikutusta voidaan tehokkaasti vähentää signaalisuunnittelulla. Joka tapauksessa ED-PAM-tekniikan käyttöönottoa on hidastanut tehokkaiden symbolipäätöskynnysten estimointi- ja analysointimenetelmien puuttuminen.
Edellä mainitut havainnot ovat motivoineet löytämään uusia suunnittelu- ja analyysimenetelmiä ED-PAM-järjestelmille seuraavasti. Symbolipäätöskynnysten estimointiin johdetaan lähes
optimaalinen suljetun muodon menetelmä, joka kykenee adaptoitumaan muuttuvassa kanavassa
ja valitsemaan mielivaltaisen kokonaisluvun sekä PAM-tasojen määrälle että vastaanottimen
aika-kaistanleveystulolle. Lisäksi esitetään kaksi sokeaa päätöskynnysten estimointimenetelmää, jotka eivät tarvitse redundanttista opetussignaalia. Työn toisessa osassa ED-PAM-järjestelmän symbolivirhesuhdetta analysoidaan taajuusselektiivisessä monitiekanavassa. Analyysissä
keskitytään log-normaalijakauman mukaan häipyvään kanavaan. Seuraavaksi analyysia laajennetaan ottamalla mukaan epäideaalisten kynnysarvojen estimoinnin vaikutus. Saavutettuja tuloksia voidaan hyödyntää erittäin laajakaistaisten ja millimetriaaltoalueen SRC-laitteiden suunnittelussa.

Asiasanat:
energiailmaisin,
log-normaali
pulssiamplitudimodulaatio, päätöskynnysten
analysointi
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convinced me that ED systems contain a lot of potential also from an industrial point
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overlooked in the literature, providing me the final motivation to focus on this topic.
Another important incident during the thesis work was my research exchange in the
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Adrian Kotelba as a co-author of the articles. I’m grateful for his help in formulating
some of the proofs and simplifying some mathematical expressions.
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Symbols and abbreviations
|·|
b·c

(·)!
(·)T
(·)∗
ˆ
(·)
∀(·)
∂ (·)
arg(·)
d(·)
d(q) (·)
exp(·)
ln(·)
max(·)
min(·)
ℜ(·)

absolute value
floor function
factorial
transpose
complex conjugate
estimate
for all
partial derivative
argument
derivative
qth derivative
exponential function
natural logarithm
maximum
minimum
real value

a
ak
b
bw,k
B
cb
cd
cm
cp
cs
C
d
d1,m (D)

information symbol
kth information symbol
number of bits per symbol
kth coefficient of the weighted chi-square pdf1
filter bandwidth
normalization constant of the transmitted bit energy
constant for a threshold derivation
mth constellation point
normalization constant of a probability density function
normalization constant of the transmitted symbol energy
constellation of a symbol alphabet
dummy variable of integration
1st regression parameter for the mth threshold and given D

1 If

the subindex of a symbol does not refer to a parameter, it is uprighted for clarity.
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d2,m (D)
D
e
em (γ)
em (γ, D)
ẽm (γ, D)
E(·)
E(·|·)
Eb
Em
Er
Er,m
Es
fc
f (z)
F(·)
FT (·)
1 F1 (·; ·; ·)
g(τ)
G
h(τ)
h(t, τ)
hl (t)
H̃
Hm
H̃m
i
Iq (·)
I˘0 (·)
j
JD (·, ·)
k
km,i
K
Kp
12

2nd regression parameter for the mth threshold and given D
number of degrees of freedom divided by two
symbol error
mth error function for the given γ
mth error function for the given γ and D
mth argument of the merit-function for the given γ and D
statistical expectation
conditional statistical expectation
average transmitted energy per information bit
transmitted energy of the mth symbol
instantaneous received symbol energy
instantaneous received energy of the mth symbol
average transmitted energy per symbol
center frequency
a function with argument z
cumulative distribution function
Fourier transform
confluent hypergeometric function
impulse response of the receiver filter at delay τ
number of summations; order of Gauss quadrature
channel impulse response at delay τ
channel impulse response at time t and delay τ
lth multipath channel coefficient at time t
event for an incomplete transmitted sequence
hypothesis that cm was transmitted
event that cm is present less than K times in an N-element set
subindex parameter
qth order modified Bessel function of the first kind
zeroth order modified Bessel function of the second kind
subindex parameter; imaginary unit
integral function with parameter D
subindex parameter
ith coefficient of the mth polynomial
number of symbols for parameter estimation
constant for path spacing

Km
l
L
m
md
M
Mzl (·)
n
n(t)
nl (t)
nl,I (t)
nl,Q (t)
nd
n1
n2
N
N0
Ncm
ND
O(·)
p(·)
p(·|·)
P(·)
P(·|·)
P(e)
Ps (e)
Ps (e|·)
q
QD (·|·)
r
r(t)
r(t)
rl (t)
r̃(t)
re

polynomial error function for the mth threshold
subindex parameter
number of multipaths
subindex parameter
phase modulation offset
size of the modulation alphabet
moment generating function of zl
noise signal; subindex parameter
noise signal at time t
noise signal of the lth path at time t
in-phase noise signal of the lth path at time t
quadrature noise signal of the lth path at time t
differential noise signal
subindex parameter
subindex parameter
observation interval in symbols
noise power spectral density
number of training symbols conditioned on cm
cardinality of set RD
complexity in the order
probability density function
conditional probability density function
probability
conditional probability
error probability
symbol error probability
conditional symbol error probability
constant
Marcum Q-function with parameter D
received signal
received signal at time t
received signal vector at time t
lth received signal at time t
received filtered signal at time t
envelope transform
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rd
r̃d
ri
rI
rq
rQ
rs
rw
Rb
RD
RG
s
s(t)
sm
sm (t)
smod
stra
s̃
SV
t
tk
T
Tg
Ti
Tp
u(t)
uk (t)
v
V
Vm
wi
w̃i
w(z)
x
xl (t)
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differential transform
parameter of the pdf for differential transform
ith received sampled signal per symbol
in-phase component of r
sum-of-squared envelope transform
quadrature component of r
squared envelope transform
weighted sum-of-squared envelope transform
information bit rate
set of allowed values for D
approximation error for the given value of G
transmitted signal
transmitted signal at time t
mth candidate transmitted waveform
mth candidate transmitted waveform at time t
modulated signal
training signal
argument of moment generating function
complexity parameter for average polynomial order V
time
start time of kth symbol
symbol interval
guard interval
integration interval
pulse interval
pulse waveform at time t
kth pulse waveform at time t
number of degrees of freedom
average polynomial order over all thresholds
polynomial order for the mth threshold
ith integration weight
ith weighting factor for a weighted sum-of-squared envelope
a function with argument z
random variable
lth noiseless received signal at time t

xl,m (t, ·)

xi
y
yk
y0k
yk|cm
ym
y
y0
z
zl
zi

noiseless mth candidate received signal of the lth path at time t with
unknown parameters
noiseless and phase-independent mth candidate received signal of the lth
path at time t
ith received sampled noiseless signal per symbol
decision variable
kth decision variable
kth sorted decision variable
kth decision variable conditioned that cm was transmitted
decision variable conditioned on cm
decision variable vector
sorted decision variable vector
random variable
lth component of the random variable
ith zero of a quadrature rule

α
αc
αl (t)
β
βm
βG
(∆t)θ
∆ρm
εl
εu
φ
φ (t)
φe
φ̃
φ̃1
φ̃2
Φ(·)
γ
γm

channel gain at the output of ED
real positive constant
absolute value of the lth multipath at time t
bias term
bias term conditioned on cm
Gauss-Laguerre quadrature parameter
coherence time of the channel phase θ
systematic error relative to mth optimal threshold
integration lower limit
integration upper limit
random variable; random phase variable
random phase variable at time t
random phase variable for envelope detection
random phase variable for differential modulation
random phase variable for the first waveform
random phase variable for the second waveform
cumulative distribution function of standard normal distribution
instantaneous received SNR per bit
instantaneous received SNR of the mth symbol

x̃l,m (t)
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γi0
Γ(·)
κm
λc
λm
λs
λ (r)
λ (r|cm )
µ
µhl
µ̃hl
µr
µz
νm
θ
θ (t)
θl (t)
θ̃
ϑm
ρm
ρm0
ρm (γ)
ρ̃m
σ
τ
τk
τl
τl (t)
υ
ω
ω̃
ξ
ξl,m
Ξz (ω̃)
ζ
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ith integration point
Gamma function
mth energy normalization factor of training signal
noncentrality parameter
energy weight factor of the mth PAM symbol
constant defined by the decision criterion
likelihood function for given r
likelihood function for given r conditioned on cm
mean of a random variable
mean of hl
mean of squared hl
mean of a random variable r
mean of a random variable z
energy scaling factor for the mth threshold
channel phase variable
phase variable at time t
phase of the lth multipath at time t
modulation phase variable
energy scaling factor for the mth threshold
mth decision threshold
mth decision threshold normalized by N0
mth decision threshold for given γ
semi-asymptotic approximation of mth decision threshold
standard deviation of a random variable
delay
kth pulse delay
lth multipath delay
lth multipath delay at time t
third order moment
constant
angular frequency
integration point
lth absolute value of the normalized cross-correlation conditioned on cm
characteristic function of z for given ω̃
accessory parameter for threshold derivation

AWGN
BDD
CE
cdf
CER
chf
CLT
DA
dB
dBi
DD
DLD
DOF
ED
ED-PAM
EGC
ELD
EUWB
FSI
FSK
GLRT
IEEE
IPI
ISI
ISM
MAP
MF
MF-PUD
mgf
ML
MMSE
MRC
NB

additive white Gaussian noise
blind decision-directed
channel estimator
cumulative distribution function
conditional error rate
characteristic function
central limit theorem
data-aided
decibel
decibel isotropic; gain of an antenna compared with the isotropic antenna
decision-directed
differential-law detection
degree of freedom
energy detection, energy detector
energy detection and pulse amplitude modulation
equal gain combiner
envelope-law detection
coExisting short-range radio by advanced Ultra-WideBand radio technology
filter-squarer-integrator
frequency-shift keying
generalized likelihood ratio test
Institute of Electrical and Electronics Engineers
interpath interference
intersymbol interference
industrial, scientific, and medical
maximum a posteriori probability
matched filter
matched filter phase-unaware detection
moment generating function
maximum likelihood
minimum mean-square error
maximal ratio combiner
narrowband
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NDA
OOK
PAM
pdf
PDP
PPM
PSK
PUD
PULSERS
SAO
SC
SER
SHT
SLD
SNR
SRC
TE
U-NII
U-PCS
UWB
WB
WF-PUD
WiHD
WiMedia
WSSUS
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nondata-aided
on-off keying
pulse amplitude modulation
probability density function
power delay profile
pulse position modulation
phase-shift keying
phase-unaware detection
pervasive ultra-wideband low spectral energy radio systems
semi-asymptotically optimal
selection combiner
symbol error rate
Shannon-Hartley theorem
square-law detection
signal-to-noise ratio
short-range communication
timing estimator
unlicensed national information infrastructure
unlicensed personal communications services
ultra-wideband
wideband
windowed filter phase-unaware detection
wireless high density
wireless media
wide-sense stationary uncorrelated scattering
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1

Introduction

Given a set of quality-of-service parameters, a fundamental objective in designing
wireless systems is to minimize the overall complexity and power consumption, including
the transmitted power and processing power. In practice, wireless technologies are
quite divergent and must compromise the design objectives. For instance, the wireless
community needs techniques which are able to detect signals with a low received
signal-to-noise ratio (SNR). One such classic example is the maximal-ratio combiner
(MRC) algorithm, which maximizes the SNR of the symbol decision variable at the
receiver after an interference-free multipath fading channel [27]. That in turn could
mean that the transmitted signal power can be kept at a low level, depending naturally
on the link distance as well. The downside of the MRC and similar approaches is the
complexity resulting from the required accurate estimation of numerous time-varying
channel parameters. Moreover, power and bandwidth consuming signal redundancy
is typically required for the channel estimation. Consequently, there is an order for
signaling techniques which use low complexity signal processing and low redundancy
in signal design at the cost of requiring a higher SNR at the receiver for successful
recovering of the transmitted signal. The increase of SNR does not necessarily mean
higher transmitted power but it can also be achieved by reducing the link distance.
Such wireless short-range communication (SRC) systems have recently become a
significant business case and, together with wide-area cellular systems, represent the
main developing directions in today’s wireless communications sector [104, 140].
Most modern wireless communication systems use some form of multicarrier
phase modulation to convey user data. Despite some well-known advantages of phase
modulation with multiple subcarriers, the complexity of accurately estimating the carrier
phase at the receiver can be extensive when the carrier frequency or bandwidth is
increased to a level of tens of GHz [40]. Consequently, phase-independent single-carrier
symbol alphabets have become popular in systems where expensive carrier phase
recovery can be a major problem. For instance, nonnegative pulse amplitude modulation
(PAM) alphabets, have been recently selected for very wideband millimeter-wave SRC
standards such as Ecma-387 and IEEE 802.15.3c [18, 49, 86]. Moreover, the signal
energy capture from a number of resolvable multipaths can become complicated as
the signal bandwidth increases [210]. Thus, energy detection (ED) has been used with
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various modulation methods in wireless optical and radio systems with the aim of
reducing the complexity of receiver signal processing with respect to optimal detection
that minimizes the error probability [200]. Nevertheless, the combination of ED with
PAM signals, denoted here as the ED-PAM system, has been somewhat overlooked in
the literature.
This thesis addresses the problem of avoiding complicated carrier phase recovery
and multipath energy capture with an SRC radio having a very high bandwidth or
very high center frequency. The focus of the work is on novel contributions for ED
of nonconstant envelope PAM signals with the aim of resulting in a low detection
complexity and a low signal redundancy. The error probability of the proposed methods
is analyzed in very wideband SRC environments. Although in the core work a specific
type of a transceiver structure is treated, the aim in this thesis summary is also to give an
overview and insights on how the ED-PAM system is conceptually related to other
transmission techniques.
The rest of the chapter is organized as follows. First, some background information
is given on SRC systems in Section 1.1. The main motivations for the thesis work are
described in Section 1.2. The author’s contributions to the state-of-the-art are explained
in Section 1.3, followed by an outline of the thesis in Section 1.4.

1.1

Wireless short-range communications

There are different viewpoints regarding which wireless systems can be called SRC
devices to discriminate from wide-area devices. The International Telecommunication
Union states that SRC devices are such systems which do not have a status in the sense of
a primary or a secondary service and therefore they are not permitted to cause harmful
interference to, nor claim protection from, other radio services. From a technical point
of view, SRC devices have the possibility to benefit from specific spectrum access
techniques, channel models, and low-cost transceivers. It is important to understand
that end users do not specifically want to have SRC products. The longer the operation
range, the better for enabling maximum user flexibility. The reason for developing
SRC devices to the markets is to optimize the regulatory, economical, and technical
performance for certain type of short-range applications. The link distance for typical
SRC devices ranges from a few centimeters to some tens of meters.
Although an ultimate goal in wireless communications is to maximize the quality of
user service with minimal signal processing complexity and power consumption, some
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application-specific design objectives can be further identified. In fact, a recent trend in
wideband SRC standards is that not only the parameters of a single modulation or coding
method are varied, but rather a pool of drastically different transmission techniques
is specified having different trade-offs. Then, given the requirements of the target
application, the manufacturer or even the device itself can select the best transmission
mode for the particular user case. A good example is the traditional Bluetooth technology
[65], which today has several different versions prioritizing either high performance or
low complexity. Another example includes the recent SRC standards operating at 60
GHz [49, 86] using a number of different signaling schemes, including both singleand multicarrier techniques with different performance-complexity trade-offs. The
coexistence problem between different air interfaces is solved by using one transmission
mode which is common to all terminals in the same proxy [99]. Consequently, the SRC
wireless community has recognized that just one wireless solution is not sufficient to
satisfy the variety of user needs.
To further illustrate this trend, two examples of indoor wireless SRC user scenarios
are discussed in the following. A fixed-located transmitter, which acts as a fast access
point to Internet or local data storage, sends wireless off-line downloading data or
on-line multimedia content to receivers, which can be fixed-located or portable. If the
device is fixed-located, it is anticipated that it has an access to a power line. With such
a receiver, one can readily use high-complexity transceiver techniques to maximally
satisfy the user experience, for example by providing high-resolution 3D multimedia
content for large displays. Such a high-complexity mode should be able to provide very
high data rates, even up to 20 Gbit/s. Moreover, the delay spread of the transmitted
signal, which causes interference at the receiver due to the propagation channel, can be
allowed to be high relative to the symbol interval. Although the transceivers are fixed,
the local environment may be moving, causing a random fading effect at the receiver.
On the other hand, a portable receiver operates with a battery. Consequently, in such
a case, we need low-complexity signal processing techniques, which maximize the
battery operating time and at the same time provide an adequate data rate to satisfy the
user needs. In addition to energy consumption, the low implementation cost is often
emphasized with portable devices designed for mass production. The maximum data
rate of typical SRC portable multimedia devices with small displays can be expected to
be somewhat lower in comparison with fixed-located devices, as the required multimedia
content for smaller screens can be reduced. If we further stipulate that the link distance
should be small, the delay spread is reduced relative to the symbol interval. Then, we
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have a reasonable starting point for designing low-complexity receivers as referred to in
[183].
Bandwidth, center frequency, and related spectrum access to coexist with other
systems are major attributes for characterizing a wireless communication system. From
a regulation point of view, we may classify different spectrum access approaches as
licensed, unlicensed, and dynamically authorized access [143, 224]. Regulators grant
periodical licenses or spectrum property rights to operators that offer exclusive access
to a particular part of the spectrum. The licensing of radio transmitters and radio
operators began in the early twentieth century and a pioneer regulator is the Federal
Communications Commission [89]. Early licenses served a purpose similar to that of
drivers’ licenses today, i.e. to assure that the operator had the required skills.
It was later realized that low-cost and low-power SRC systems do not fit well
into a regulatory system based on licenses for individual transmitters and operators
[29]. When some licensees are not transmitting, parts of the spectrum are idle, leading
to inefficient spectrum use. Consequently, as an alternative, the regulator can create
unlicensed bands. Any device at any time can be deployed in an unlicensed band
without explicit permission, provided that the device operates in accordance with the
given regulator rules regarding the bandwidth, center frequency, and power spectral
density. Then, the devices sharing those specific unlicensed bands should solve the
coexistence problem themselves without causing interference to licensees. This means
that communication devices operating in these bands must tolerate any interference and
users have no regulatory protection. Traditional unlicensed bands include those known as
unlicensed personal communications services (U-PCS), unlicensed national information
infrastructure (U-NII), and industrial, scientific, and medical (ISM) radio bands [29, 89].
We refer to the spectrum access using these bands with customary unlicensed access and
its historical development is well described in [29]. To enable coexistence, customary
unlicensed access typically employs a relatively narrow bandwidth per user (e.g. 1–40
MHz) and a relatively low center frequency (e.g. 2–2.4 GHz) used for traditional
applications such as Bluetooth radios [65].
More recently, regulators have concluded that providing additional spectrum for
unlicensed very wideband operation, even several GHz wide, would benefit a vast
number of users. Two options for very wideband SRC are available, including very
low-power spectral density access, in short low density unlicensed access4 , overlapping
4 The
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low-density radios are sometimes called underlay or ultra-wideband radios [116].

with other transmissions operating in the same frequency band as well as millimeter-wave
unlicensed access operating at several tens or hundreds of GHz center frequencies.
The low-density SRC radios, such as WiMedia radios, use a very wide bandwidth (e.g.
0.5–7 GHz), moderate center frequency (e.g. 3–10 GHz), and strict transmission power
regulation rules to avoid harmful interference between different systems operating on the
same frequency range [24, 25, 43, 217]. Unlike with wide-area cellular systems, in SRC
systems, we have the possibility to seek new frequency bands from extremely high center
frequencies using millimeter-wavelengths [40, 159]. For instance, wireless high-density
(WiHD) multimedia radios use a very wide bandwidth as well but the center frequency
is also very high in order to have access to a previously unused frequency range, and the
transmission power regulation rules can be relaxed [40]. The interference potential to
licensed services would also be limited due to high propagation loss at very high center
frequencies. In this class, 57–66 GHz frequency range has created a lot of interest.
In the future, to further improve the spectrum efficiency, the spectrum access
could also be controlled by a licensee rather than a regulator, leading to an authorized
dynamical access approach [143, 224], which can be implemented using various
cognitive radio techniques [92, 124]. In this case, it becomes relevant to identify the
primary and secondary spectrum use. In one such scenario, the regulator could grant
a license to a private entity that would act as a band manager, playing the role of a
regulator. A secondary user might be allowed to share spectrum, which is free at a
given time and location, provided that the secondary user defers whenever the primary
user wants the spectrum. Alternatively, if an unlicensed device possesses sufficient
cognitive features to detect and avoid licensees, regulators could give that unlicensed
device more freedom to select the bandwidth and spectral density as well as enable a
variety of worldwide regulations [123]. The various principal spectrum access methods
for coexistence are illustrated in Fig. 1.
The above very wideband SRC radios are expected to perform fast file transfer
via wireless universal serial busses or high-quality video via wireless high-definition
multimedia interfaces. On the other hand, very wide bandwidth can be used to improve
the energy efficiency of the system. The bandwidth and pulse interval are inversely
proportional and, consequently, the required pulse interval is reduced with increasing
bandwidth. The change in center frequency or peak power does not affect the required
pulse interval, provided that the pulse shape is not affected by transceiver nonidealities.
The benefits of using very high bandwidths and short pulse intervals will be further
discussed in Section 3.2.
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Fig 1. Spectrum access approaches to coexist with other systems.

1.2

Motivation for the thesis

Fundamental problems with an SRC radio having either a very wide bandwidth or
high center frequency include accurate carrier phase recovery and multipath energy
collection from a numerous propagation paths. The increase of bandwidth results in
a corresponding increase of the number of estimable parameters, because the ability
of the receiver to discriminate different signal components improves [210]. On the
other hand, millimeter-wave transceivers using a very high center frequency are facing
new design challenges, such as increased phase noise and resulted complicated carrier
recovery circuit [40, 105, 159]. The enhancement of phase noise is the result of using
low-cost radio frequency parts suitable for mass products. The phase noise effect is
random, which makes it difficult to compensate in practical systems. It is possible to
include better reference oscillators, but this significantly increases the analog design
cost. This effect leads to degraded signal quality and has proven to be a major limiting
factor for the production of low-cost 60 GHz radios [40]. Especially the celebrated
orthogonal multicarrier systems are vulnerable to the effects of phase noise as elegantly
quantified in [148]. For a given bandwidth, the sensitivity to phase noise increases with
the number of modulation levels and subcarriers. Some phase noise models for 60 GHz
communications can be found from [99, 159] and the references therein. Moreover,
typical multicarrier systems cannot efficiently exploit the multipath diversity, need
strong channel coding for adequate performance in fading channels, and must mitigate
various nonlinear distortions from the analog front-end stages [202]. Other fundamental
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challenges for radio design using a wide bandwidth or high center frequency are
overviewed in [40, 63, 70, 72, 149, 160, 164, 217, 219].
Energy and envelope detection systems have been recognized as a potential lowcomplexity and energy-efficient signal processing solution to the above problems,
and some recent preliminary proofs on the concept already for up to 3 Gbit/s data
rates are given in [39, 94, 98, 105, 133]. One of the main benefits of the ED approach
is that complicated analogue radio frequency parts, such as oscillators and mixers,
can be avoided. ED has traditionally been studied for cases in which detection
of the signal presence at the receiver is of interest without aiming at detecting the
transmitted information needed in communication applications [41, 200]. The traditional
detection of signal presence with ED has recently taken a slightly different form in
terms of spectrum sensing required in cognitive radios to learn the local channel use
[109, 117, 156, 190, 221, 222]. In case of data transmission, pulse position modulation
(PPM), frequency-shift keying (FSK), and on-off keying (OOK) have been popular
choices to be used with ED [4, 58, 84, 139, 167, 173].
Typically, Gaussian approximation methods have been used to solve both the symbol
decision threshold selection problem and the error probability analysis of the system
using ED and OOK signals [84]. However, when the number of degrees of freedom
(DOFs)5 , which is determined by the product of the signal bandwidth and symbol
integration time, is low, then Gaussian approximation methods become inaccurate and
more accurate threshold selection and analysis techniques are required. This happens
frequently if multiband modulation is used [139]. On the other hand, one may want to
adjust adaptively the integration time, and the instantaneous integration time may be
occasionally rather short, indicating that the receiver should support a low number of
DOFs also from this perspective.
Moreover, nonredundant blind threshold estimation problem arising from using
nonconstant envelope PAM signals has not been addressed. Nonredundant estimation is
important with ED because relatively long training signals are required for the data-aided
(DA) approach with near-optimal convergence due to the cross-products between the
signal and noise created by the squaring operation of ED. A distinctive feature of
nonredundant approaches is that the pattern noise will affect the convergence rate of the
estimator. The pattern noise is caused by an unknown data modulation sequence which
5A

finite number of DOFs is conceptually an approximation because a continuous-time signal cannot
simultaneously be time- and bandwidth-limited nor exactly presented with a finite number of samples
[59, 200].
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Fig 2. Illustration of correlator receiver structures.

changes randomly during the observation interval and thus increases the noise level in
the appropriate channel estimators. The pattern noise term was introduced in [60, 122]
because the noise-like fluctuations depend upon an unknown data pattern. Finally, while
ED and multilevel PAM6 signals are separately well-known, their combination has
received only marginal attention, including early related work of [14, 85] and more
recent contributions in [3, 15, 112]. Nevertheless, the ED-PAM approach introduces a
number of advantages also over multidimensional PPM and FSK systems.
The main advantages of using the ED-PAM system include: very low-complexity
decision variable generation for symbol detection, bandwidth efficiency, and flexibility
to avoid intersymbol interference (ISI) for a given symbol interval. In comparison
with multidimensional modulation methods, the generation of the decision variable
with ED-PAM can be performed with a simple decision threshold form, which is
ideal for slowly fading SRC channels, as the thresholds needs to be updated only
infrequently. This is illustrated in Fig. 2, where r(t) is the received signal, ŝ is the
estimated information symbol, and M is the size of the symbol alphabet. The receiver
structure for M-ary multidimensional signals in Fig. 2a consists of an M-element
correlator bank followed by a comparator to identify the maximum signal from the
outputs of the correlators. The minimum number of required correlators for a particular
signal constellation can be evaluated using the well-known Gram-Schmidt method [153,
p. 163–168]. Multidimensional PPM signals result in a special case where only one
correlator is sufficient but M correlation output values for a single symbol decision are
required. The exact structure of the correlator bank depends then on the transmitted
signal and channel, but it typically involves general multipliers, which are well-known
6 PAM

is alternatively called amplitude shift keying or intensity modulation in optical systems. Binary on-off
keying is a special case of nonnegative PAM alphabets.
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to be difficult to implement. The receiver structure for PAM signals can be transformed
to include only a single real correlator and simple comparator, as shown in Fig. 2b,
because PAM is a linear real modulation method. Unlike with PPM signals, only one
correlation output is required for each PAM symbol decision regardless of constellation
size M. The whole correlator bank of Fig. 2a is active for each received symbol, whereas
the threshold selector block of Fig. 2b, for providing M − 1 decision thresholds, is
re-activated only when the channel changes significantly. Since the channel changes
very slowly in typical SRC scenarios, the benefit of using PAM signals regarding the
complexity and energy consumption is clear, provided that the threshold calculation can
be performed in a simple way. A moderate ISI can be efficiently avoided by combining
PAM with one of the ISI avoidance schemes presented in Chapter 3.
The main benefit of ED is that it is a phase-unaware detection (PUD) approach
which avoids the complicated phase recovery at the receiver. Furthermore, the energy
capture from numerous resolvable multipaths is possible with a low complexity by
using ED. As a final remark, we remind that the ED-based techniques can be used to
solve also other tasks of the receiver despite the data demodulation, including time
synchronization [64], code acquisition [87, 88], and spectrum sensing for cognitive
radios [109]. Thus, it is possible that ED is a ready part of the future SRC systems,
reducing the efforts to use it also for information data recovery.
The above benefits of the ED-PAM system are obtained at the cost of the need
for a higher transmitted energy or shorter link distance, as PAM signals are more
vulnerable to the effects of noise than other phase-independent modulation methods,
such as PPM or FSK, and ED enhances the interference and noise more than optimal
detectors which minimize the error probability. These drawbacks represent fundamental
trade-offs between the minimization of transmitted signal energy and complexity of
signal detection. In cases where the received SNR is very small, we should aim at
using optimal detector minimizing the error probability. On the other hand, the effect
of requiring a higher SNR may not be severe in the type of SRC scenarios where a
sufficient received SNR is readily available due to a short link distance. Furthermore,
significant interference can be avoided by signal design. However, what has slowed
down the development of binary and multilevel ED-PAM systems is that efficient symbol
decision threshold estimation and related error probability analysis in multipath fading
channels have remained as unsolved problems.
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1.3

Author’s contributions

Based on the observations in the previous section regarding ED-PAM symbol detection,
this thesis provides novel solutions for the following four specific problems P1–P4:
P1)
P2)
P3)
P4)

optimal closed-form decision threshold estimation supporting an arbitrary
selection of time-varying channel gain, alphabet size, and number of DOFs,
nonredundant estimation of the parameters required for the threshold calculation,
analytical error probability evaluation in frequency-selective multipath fading
channels, and
analytical error probability evaluation with nonideal parameter estimation.

Problem P1 is partly addressed in [139] but using only binary PAM symbols. In
this thesis, an extension to an arbitrary number of modulation levels is presented. The
extension is not trivial since the probability density functions of different PAM symbols
are nonsymmetrical. A combination of regression and least-squares fitting methods
is proposed to solve the problem. A significant observation is that it is sufficient to
select low-order data-fitting polynomials resulting in a tractable scheme also from the
complexity point of view.
Problem P2 has been studied in [223] for the case of ED spectrum sensing. However,
the threshold setting problem with spectrum sensing is different from the one applied
in this thesis. That is, the aim in [223] is not to estimate the transmitted information
or the channel gain but rather to test if some nonzero energy signal is present or not
in a selected time-frequency slot over many symbol intervals. Therefore, the fixed
blind threshold setting is not based on information symbol and time-varying channel
properties but rather inferred from the desired false detection alarm probability affected
by the noise variance. The inclusion of information symbol and slowly fading channel
properties in ED-PAM systems is essential for successful information data recovery. It is
believed that the blind threshold estimation for both binary and multilevel ED-PAM
systems is addressed the first time in this thesis and two alternative blind methods are
proposed.
Problem P3 has been partly investigated in [4] but only in flat fading channels, with
a fixed threshold setting, and with binary symbols. An important result of this thesis is to
derive analytical expressions for frequency-selective channels as well as to incorporate
optimal thresholds which adapt to instantaneous channel states instead of using fixed
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thresholds independent of the instantaneous changes of the random channel.
Finally, regarding Problem P4, the effect of DA parameter estimation for the
performance of binary ED-PAM systems has been studied but only via computer
simulations [167] or estimation variance [138]. In this thesis, analytical error probability
expressions are presented to obtain inference about the effects of nonideal but practical
estimation. The effects of systematic and random threshold mismatches are treated first
separately and then jointly.
The scope of this thesis is limited as follows. The target ED-PAM receiver structure
including the filter-squarer-integrator (FSI) structure is illustrated in Fig. 3. The symbols
shown in Fig. 3 will be explained in Chapter 4 with a more detailed problem formulation.
A single user, single antenna, and uncoded link level model is applied. Information
on multiuser and channel coding effects with application to ED can be found from
[56, 77, 157] and [2], respectively. The modulated symbols are assumed to be selected
from a real nonnegative PAM symbol constellation. The selection of the pulse shape
could be arbitrary for the error probability analysis, provided that the signal constraints
are satisfied to avoid ISI, interpath interference (IPI), and filter-induced interference.
Specifically, these sources of self-interference are precluded by assuming that the guard
interval between the symbols is longer than the maximum channel delay spread, the
pulse interval is shorter than the minimum distance between the multipaths, and the
pulse has negligible sidelobes at the sampling points (cf. [198]). Alternatively, some of
the ISI avoidance schemes summarized in Chapter 3 can be used. Post-equalization of
possible residual self-interference with ED is discussed in [121, 166, 214]. Since the
lognormal distribution is the most commonly used statistical model for very wideband
wireless short-range channels at 3–10 GHz [131] as well as at 57–66 GHz [220] center
frequencies, the analysis in this thesis concentrates on a lognormal multipath fading
model. Surveys of other possible channel models are given in [130, 183]. The time
and frequency synchronization problem is typically considered as a separate problem
from the data demodulation. Consequently, for brevity, it is assumed that the receiver
is synchronous so that the frequency windowing filter knows the center frequency of
the signal and the integrator knows the start of the symbol time of interest. Timing
acquisition problems with ED and other PUD systems have been studied in [64, 155].
Detection problems with random frequency and timing offsets are further investigated in
[101, 118].
This thesis is based on the six original Articles I–VI, which are summarized in
Chapter 4 and appended at the end of the thesis. Articles II, III, and VI have gone through
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a scientific peer-review process of the appropriate journals, whereas Articles I, IV, and V
have been published in the proceedings of peer-reviewed international conferences.
The author of the thesis was the primary contributor in developing the original ideas,
conducting the analysis, and writing all the papers. The author has also implemented the
software scripts to perform the numerical analysis and computer simulations. Docent
Aarne Mämmelä provided motivation, criticism, and constructive suggestions to enhance
the technical and editorial quality of the papers. Adrian Kotelba gave several important
suggestions for improving the mathematical representation, proofs of the propositions,
and organization of the papers. Other supplementary SRC-related publications of the
author can be found from [6, 9–12, 24, 25, 43, 67].

1.4

Outline of the thesis

This chapter has given the relevant background for the target research problem and
described the author’s main contributions against the most relevant literature. The rest of
the thesis is organized as follows. A discussion on relevant concepts related to this
work is provided in Chapter 2. Specifically, multitude definitions of bandwidth, issues
related to uncertainty in wireless communications, and the PUD concept are considered.
Chapter 3 provides a more comprehensive literature review on design and analysis
of very wideband SRC systems. SRC channel characteristics, signal design methods,
detector design schemes, and related performance analysis approaches are treated
separately. In relation to channel characteristics, a special focus is put on lognormal
fading channels. Furthermore, the goal is to obtain insights between the studied system,
other PUD schemes, and optimal maximum a posteriori probability (MAP) detection.
Chapter 4 presents the summary of the main novel results of the thesis. First, the target
system model is presented in more detail. Then, the proposed threshold estimation
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methods are considered, followed by the corresponding error probability analysis with
different system assumptions. Finally, Chapter 5 provides some discussion on the
achieved results and Chapter 6 concludes the thesis.
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2

Conceptual analysis

In this chapter, some insights on certain important concepts, which are closely related to
the work of this thesis, are provided. The chapter contains also some tutorial material
because some central terms have been used quite inconsistently in the literature and
need to be discussed.
Firstly, a discussion of the definition of bandwidth is given in Section 2.1. The
characteristics of uncertainty are treated in Section 2.2 from estimation- and informationtheoretic point of views. Finally, the PUD concept will be elaborated in Section 2.3 with
the aim to illustrate how ED conceptually differs from other PUD schemes.

2.1

Bandwidth and related quality terms

A consequence of the versatile use of bandwidth in different circumstances is that
the definition of bandwidth and related terminology can be rather ambiguous. If the
bandwidth is not strictly limited, it becomes necessary to define the width of the main
spectral lobe, for which several possibilities exist [23, 182]. Moreover, one may refer
to bandwidth in Hertz or bandwidth normalized with some quantity. The bandwidth
can be normalized, for example by a i) center frequency, ii) bit rate, or iii) channel
coherence bandwidth. The first normalization method is called fractional bandwidth,
which is often useful to describe expected phenomena in radio frequency engineering
such as antenna design [181]. In case of a carrierless transmission approach, the center
frequency can be found in the middle of lower and upper frequency boundary [181, p.
30]. The second normalization method is called processing gain, and it indicates the
used signal bandwidth with respect to information bit rate, describing the potentiality
to achieve processing gain to combat multiuser interference [153, p. 738]. The third
normalization method describes the frequency-selectivity of the propagation channel.
If the bandwidth is much less than the channel coherence bandwidth, the channel is
frequency-nonselective, otherwise the channel is frequency-selective. Further details on
the channel coherence bandwidth and frequency-selectivity are given in Section 2.3.
We may classify SRC systems as narrowband (NB), if the bandwidth is relatively
small, e.g. less than 1 MHz, processing gain is close to one, fractional bandwidth
is much less than one, or the channel is frequency-nonselective. It is not explicitly
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defined when the systems become wideband (WB) based on the bandwidth or fractional
bandwidth. However, WB systems are modeled using a frequency-selective channel.
The processing gain is typically much larger than one leading to the spread spectrum
concept [153]. Instead of using the binary classification of systems into NB and WB,
additional quality terms can be used. For example, ultra-wideband (UWB) term has been
widely used in the literature [164, 217]. The difference between WB and UWB systems
seems to be even more ambiguous. Historically, a UWB radio used to mean a specific
transmission technology called an impulse radio [209]. In UWB communications, a
low transmission power spectral density must be used to enable underlay multiuser
coexistence without the traditional frequency-multiplexed coexistence approach [116].
These UWB devices typically use some part of the 3.1–10.6 GHz operational frequency
range. Consequently, the maximum allowed transmit power is only about 0.5 mW with
7.5 GHz bandwidth and -41.3 dBm/MHz power density [51]. In comparison, customary
unlicensed wireless local area networks use about 100 mW transmit power. On the other
hand, recently different regulators define a UWB system to have at least bandwidth
wider than 50 MHz [50] or wider than 500 MHz [51], or alternatively the fractional
bandwidth wider than 0.2 [51]. This implies that also the very wideband SRC radios
operating at 57–66 GHz could be called UWB radios, but there exists no common
consensus about this terminology.
The definition of some threshold value for the bandwidth or specific operating center
frequency to discriminate the NB, WB, and UWB has less significant meaning to this
thesis. More specifically, in this thesis, the main interest is in very wideband SRC
systems without fixing certain bandwidth or frequency range, which is often implicitly
communicated with the use of the UWB term. From a scientific point of view, more
important is to understand, for example, how the channel and used transceiver affect the
information signal as a function of bandwidth and frequency range, and this subject is
discussed in more detail in Chapter 3.

2.2

Uncertainty in wireless communications

2.2.1

Estimation-theoretic view

In Fig. 4, a simplified block diagram of a general wireless transmission system is
presented at a link level. For brevity, Fig. 4 does not show the time-dependency of the
parameters or the front-end components such as antennas, amplifiers, filters, etc. In the
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transmitter, a waveform generation block generates signal s from candidate waveforms
sm , m = 0, 1, . . . , M − 1, using a constellation of symbol alphabet C based on the input
symbols or bits a. The transmitted signal s is assumed to be composed of optional
known training part stra and mandatory unknown modulated part smod . The signal s
is then delayed by a propagation delay τ0 and distorted by a linear channel having a
random impulse response h(τ). The received signal y, which is typically affected by a
zero-mean additive white Gaussian noise (AWGN) signal n, is then observed at the
receiver. Finally, a symbol detector makes the decision which symbol was transmitted
by using information from the timing estimator (TE) and channel estimator (CE). The
hat above a symbol denotes an estimate of the corresponding parameter with some
residual estimation error.
In general, τ0 determines the start of the symbol of interest at the receiver, and the
estimation of real or complex h(τ) may involve the estimation of amplitude, phase,
frequency, or path delay offsets caused by the channel or transceiver front-ends. The
receiver may not need to know explicitly the channel gains h(τ) but rather a parameter
which is some function of h(τ). The channel uncertainty can be divided into the timing
uncertainty for τ0 and gain uncertainty for h(τ). There is also relative delay uncertainty
between the arrival times of different multipaths of a given symbol. The uncertainty
refers to the fact that there is a residual error involved from an appropriate imperfect
estimator resulting from the random noise process n. In the extreme case, when the
uncertainty is at maximum, there is no estimate available at all. In this thesis, the focus
is on solving problems arising from the channel gain uncertainty regarding the amplitude
and phase of the received signal.
Some comprehensive classifications of the estimators in the receiver are presented
in [127, 180]. Figure 5 classifies wireless systems based on the degree of uncertainty
about the parameters of Fig. 4. In genie-aided systems, all system parameters except
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the signals a and s are assumed to be known with a help of a genie. This idealized
model is used to study the maximum achievable performance. In DA systems, the
required parameters and signals are estimated by using known training symbols stra .
Decision-directed (DD) systems resemble DA systems with the difference that part
of the used symbols are temporarily detected and then fed back to the appropriate
estimator. Finally, the system is completely nondata-aided (NDA) when training or
decision-directed feedback symbols are not used at all. It is emphasized that the receiver
must typically know the statistics of the stochastic processes in Fig. 4. Although the
candidate signals sm are typically assumed to be known by the receiver, in some military
or cognitive radio communication scenarios sm might be unknown and need to be
estimated [45].
The concept of blindness also refers to the degree of uncertainty of the receiver
from a slightly different angle [153, p. 693]. In nonblind systems, the estimator uses
known redundant training symbols stra to remove the effect of pattern noise caused
by unknown modulation within smod . In semi-blind systems, it is assumed that some
training symbols may be available, but it is not sufficient for completely identifying the
channel. Consequently, the required parameters are estimated based on both the known
stra and unknown smod parts of the transmitted signal. Then, purely blind systems use
only the received signal y to recover the transmitted signal without stra . A distinctive
feature of nonredundant approaches is that the pattern noise, due to unknown amplitude
modulation, will affect the convergence rate of the estimator. As a summary, DA systems
can be nonblind or semi-blind, DD systems can be semi-blind or blind, and NDA
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systems are always blind. The blind decision-directed (BDD) approach typically aims to
attain the performance of DA systems without using a redundant training signal.
A key criterion for selecting general parameter estimators is the minimum mean
square error (MMSE) [100]. Among unbiased estimators, the MMSE is equivalent to
minimizing the variance resulting in a uniformly minimum variance unbiased (MVU)
estimator. An ultimate goal, but not always a practical one, is then to design an MVU
estimator, and the existence of such an estimator can be verified via Cramer-Rao
lower bound [100, p. 191]. A maximum-likelihood (ML) estimator is not typically an
MVU estimator. However, for most cases of interest, its performance is asymptotically
MVU-optimal [100, p. 157]. This means that ML estimation has the asymptotic
properties of being unbiased and achieving the Cramer-Rao lower bound with large
observation intervals. However, when selecting data estimators, i.e. detectors, for
communication applications, a key criterion suggested by the detection theory is to
minimize the probability that an erroneous decision is made about which symbol was
transmitted [153]. The MAP detector minimizes that error probability. In this case, ML
detection is equivalent to MAP detection based on the assumption that the transmitted
symbols have identical a priori probabilities. More discussion on parameter and data
estimators is provided in Chapter 3.

2.2.2

Information-theoretic view

In information theory, entropy is a measure of the uncertainty associated with a random
variable. It is a measure of the average information content one is missing when one does
not know the value of the random variable. The concept was introduced by Shannon
in his classical paper [175]. If the signal is completely known, entropy is zero and
the design of the communication system is trivial. Mutual information, on the other
hand, measures the uncertainty between two random variables. It measures how much
knowing one of the variables reduces uncertainty about the other. A key criterion in
information theory is the maximization of mutual information. For example, if the
input and output signals of a propagation channel are independent, then knowing the
output signal does not give any information about the input variable and vice versa,
so their mutual information is zero. Information-theoretic results are fundamental
but the assumptions are often less pragmatic in comparison with the corresponding
estimation-theoretic results. For instance, in typical information-theoretic study cases,
the coded transmission signals are not explicitly specified and are merely assumed to be
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Gaussian distributed with unlimited block intervals.
From an information-theoretic point of view, the Shannon-Hartley theorem (SHT)
shows that the channel capacity, i.e. the tightest upper limit on the amount of mutual
information, of a communication system increases with signal bandwidth until it
saturates and is limited by the SNR at the receiver [78, p. 567–625]. In particular,
Hartley [74] showed first that the amount of information that can be transmitted over a
given channel is proportional to the product of the channel bandwidth and the time of
operation. This observation is strongly related to the DOFs concept. Shannon [175]
then applied the mutual information concept to determine the capacity. This most
basic capacity rule applies when the signals are Gaussian, nonfading AWGN channel is
assumed, and the receiver knows the channel perfectly. In the following, we address the
capacity when the receiver has i) no information on the channel phase but knows the
deterministic channel amplitude and ii) no prior information on the overall random
channel realizations.
Shannon’s capacity result applies only to linear systems and has been extended
to nonlinear systems, e.g. in [125]. The capacity of a nonlinear system with known
amplitude but unknown signal phase at the receiver has an obvious interest in this thesis
and has been studied by Ho, Mecozzi, and Shtaif [81, 119]. An important result of
[81, 119] is that the minimum SNR per bit to achieve the channel capacity with phase
uncertainty is approximately slightly less than 5 dB, i.e. about four times higher than
that of the SHT, which gives about -1.6 dB [78, p. 602]. It suggests that the error
probability with phase uncertainty cannot be arbitrarily small below this SNR threshold.
A simple and elegant approximation for the capacity of the system using PUD is then
given in [81, 119].
The effect of imperfect or having no channel knowledge on the channel capacity
with time-varying multipath fading and very wide bandwidths has been studied by
Telatar and Tse, Medard, and Verdu [120, 191, 206]. In a scenario in which the
wideband channel is fading with multiple equal-energy resolvable paths, and without
prior knowledge of the channel at the receiver, the mutual information approaches zero
as the number of resolvable paths increases [191]. This is because in multipath fading
environments, increasing the bandwidth results in a proportional increase in the number
of independent diversity branches for which the signal energy is distributed. In other
words, with increasing bandwidth, the SNR per multipath becomes smaller and the
channel uncertainty is increased, which yields to a capacity penalty eventually driving
the capacity to zero. If energy is spread evenly over the available time-frequency interval,
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then the ability to measure each resolvable path decreases as the bandwidth increases.
Fortunately, typical frequency-selective multipath channels tend to concentrate signal
energy in certain time-frequency intervals. Telatar [191] shows that the channel capacity
depends also on the channel coherence time, since the receiver has to learn the unknown
channel before the symbol recovery is possible. A way to reach the channel capacity in
the wideband limit with multipath fading and no channel state information is to use
peaky signaling, i.e. transmission energy is concentrated into narrow regions of time and
frequency. An example of peaky signaling is a low-duty cycle FSK. This in turn leads
to a loss in spectral efficiency as well as some other nonlinear problems. However, it
is not surprising that the resulting capacity approaches the infinite-bandwidth limit
much slower than in the case when the channel state is known. The issue of the rate
convergence is studied in [206, 225]. The optimal trade-off for resolving the channel
uncertainty and improving the spectral efficiency can be found for some specific cases
[206].

2.3

Phase-unaware detection

So far we have defined PUD quite loosely and, in this section, the goal is to provide
more in-depth insights on the concept as well as to show how ED conceptually differs
from other PUD schemes. We first discuss about the relations between coherence
and phase-awareness. Then, a short review is given on the history of various PUD
techniques.

2.3.1

Coherence and phase-awareness

In physics, coherence (from Latin cohaerere) describes all properties of the correlation
between physical quantities of a wave [211]. When interfering, two waves can add
together to create a larger wave with constructive interference or subtract from each
other to create a smaller wave leading to destructive interference, depending on their
relative phase. Two waves are said to be coherent if they have a constant relative phase.
The degree of coherence is measured by the interference visibility, for example, a
measure of how perfectly the waves can cancel due to destructive interference. In
wireless communications, on the other hand, the concept of coherence has three different
resonances including the orthogonality coherence, channel coherence, and detection
coherence [11].
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Orthogonality coherence is an important concept, which determines the type of
signal orthogonality to avoid any crosstalk between information signals. Crosstalk
is a different concept from correlation, which is measured by the covariance matrix.
There may be correlation even if crosstalk is avoided and vice versa. A potential source
for the crosstalk is the multipath fading channel, where crosstalk may appear due to
space-time-frequency offsets between resolvable multipaths or adjacent information
symbols resulting in IPI and ISI, respectively [198]. Signals are said to be coherently
orthogonal if the real value of the inner product of two deterministic signals is zero
[111, 141]. Nonzero coherently orthogonal signals remain orthogonal only for specific
phase and frequency offset relations. For instance, if the phase offset is set to zero, the
complex exponential pulses are orthogonal if the frequency offset is a multiple of the
inverse of twice the pulse interval. If we alternatively set the frequency offset to zero,
the pulses are orthogonal for any ±π/2 + qπ, where q 6= 0 is an integer. On the other
hand, with noncoherently orthogonal (alternatively called as envelope orthogonal [195,
p. 323]) signals and frequency offset of multiple of inverse of the pulse interval, there
is no requirement for the phase offset, i.e. it can be arbitrary, but it must be constant
during the pulse interval [141]. Finally, we can define disjointly orthogonal signals,
in which the orthogonality is ensured by using distinct time-frequency windows for
discriminating each signal [218].
Channel coherence is an important concept, which describes the time-variability
of the received signal corrupted by a propagation channel. The channel is typically
approximated to follow the wide-sense stationary uncorrelated scattering (WSSUS)
model, in which the channel autocorrelation function is invariant over time and the
resolvable path amplitudes are uncorrelated [20, 153]. The minimum time interval
where the correlation function is equal to some positive pre-defined constant is defined
to be the coherence time, i.e. we say that the fading channel is coherent over interval
of the coherence time. If the symbol interval is much less than the coherence time,
the channel is slowly fading and the channel is essentially constant within the symbol
interval, otherwise the channel is fast fading. Likewise, the channel coherence has a dual
interpretation in the frequency domain. Then the previous time domain parameters are
defined in the frequency domain. The minimum frequency interval where the correlation
function is less than some small pre-defined value is defined to be the channel coherence
bandwidth. If the frequency band occupied by the modulated signal is much less than
the coherence bandwidth, the channel is frequency-nonselective or flat fading, otherwise
the channel is frequency-selective. It is emphasized that also transceiver nonidealities
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may affect the changes in the information signal within the channel coherence interval.
Detection coherence is the third concept, which aims to describe the degree to which
the receiver extracts information about the unknown received signal waveforms in
performing the symbol decision [180]. All receivers must be synchronized in time
and frequency domain. The receivers are then discriminated regarding the required
information on amplitude and phase of the waveforms. Ideal coherent detection assumes
that the amplitude and phase of the channel coefficients are perfectly known prior to
optimal matched filter detection. If all the candidate waveforms have equal energy,
the amplitude information may not be needed. Nonideal coherent detection uses some
imperfect estimator to estimate the channel amplitude and phase. Differentially coherent
detection uses the relative phase difference between two distinctive symbols to recover
the transmitted information. While these detection forms are quite well acknowledged,
there seems to be no common consensus about how noncoherent detection should be
understood and defined. A traditional way in detection theory is to define noncoherent
detection as a detector which is not aware of the phase information but assumes that the
phase is constant over one pulse waveform interval, which is time-limited to T , so that
the matched filter (MF) approach can be used before solving the phase ambiguity [153,
p. 306], [180, p. 67]. Proakis [153] mentions that differentially coherent detection may
not be considered as noncoherent detection, as it uses the relative phase information
and the signal phase must remain constant over two symbol intervals. Thus, receiver
assumptions on detection coherence include some implicit assumptions on the minimum
coherence time (∆t)θ of the signal phase information. More reasoning for the minimum
coherence time is given in Chapter 3. Nevertheless, some recent references consider
that also differential detection falls under the concept of noncoherent detection [213].
While in detection theory noncoherence typically refers to the lack of information on
the signal phase only, the most general definition for noncoherent detection is found
in the information theory literature, e.g., in [48, 82]. Therein noncoherent detection
does not assume any information about the signal phase nor the amplitude. The term
noncoherent leads to a confusing situation because it has been widely used in several
different meanings. The inconvenience related to the term noncoherent has been noticed
already in some historical references such as [203, p. 326].
The concept of phase-unaware detection can be used to address above terminological
problems raised about the diversified use of the term noncoherent [11]. The PUD concept
aims to emphasize that the receiver is not aware of the absolute signal phase or its
estimate, without limiting the possibility to make assumptions on exact detector structure,
45

Phase-unaware
detection

MF-PUD

WF-PUD

ELD

SLD

DLD

ELD

SLD

DLD

(∆t)θ = T

(∆t)θ = T

(∆t)θ = 2T

(∆t)θ = 0

(∆t)θ = 0

(∆t)θ = 2T

Fig 6. Classification of basic phase-unaware detectors.

signal amplitude, or the channel coherence time regarding the phase information. The
concept helps to better understand the fundamental differences between the detectors
regarding the minimum required coherence time of the phase and applied filtering
structure. A classification of basic PUD approaches is proposed by the author of this
thesis in Fig. 6, where PUD is divided into two filtering structures, as further detailed in
Fig. 7. In the matched filter phase-unaware detection (MF-PUD) approach, a filter,
which is matched to the transmitted signal, is used before the phase ambiguity is solved
with a selected law. In the windowed filter phase-unaware detection (WF-PUD) structure,
frequency and time window filters are used to extract disjointly orthogonal signals.
Phase ambiguity is solved between the frequency windowing and time windowing. The
two filtering structures in Fig. 7 are conceptually different. For instance, the MF-PUD
approach can detect spread-spectrum direct-sequence-modulated signals, whereas the
WF-PUD method cannot. On the other hand, the WF-PUD method is conceptually more
robust to phase changes during the symbol interval than the MF-PUD approach. In
some special cases, they may converge to each other. The requirement for the minimum
coherence time (∆t)θ of the signal phase information with different PUD approaches are
shown in Fig. 6. Both filtering structures can be further divided into different methods
based on the law for resolving the phase ambiguity problem of the filtered signal r̃(t).
These include the envelope-law detection (ELD), square-law detection (SLD), and
differential-law detection (DLD) approaches, as shown in Figs. 6 and 7. The WF-PUD
structure using SLD is conceptually synonymous to ED and will be used interchangeably
in this thesis.
Some variations of the basic phase ambiguity laws may be found. For instance,
amplitude or energy weighting can be used in conjunction with the phase-ambiguity
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laws [207]. Optional extra nonlinearity operation, such as the Bessel function, may be
required to minimize error probability in some cases [118]. Another example arises
from observing that the energy of generating a simple oscillating signal is proportional
not only to the square of the amplitude but also to the square of the frequency of
the oscillation, leading to the Teager-Kaiser energy detection approach [114]. In
the basic form, Teager-Kaiser detection uses three adjacent samples of the received
signal and is thus some kind of a mixture of the SLD and DLD. It is typically used to
simultaneously estimate, for example, the instantaneous amplitude and frequency of
combined frequency-amplitude-modulated signals in speech processing applications
[114]. However, the Teager-Kaiser approach has been applied to solve estimation
problems also in wireless communications [68].
The statistical distribution properties of the decision variable at the output of a
particular PUD defines the error probability performance of the system. Probability
density function (pdf) and related statistical moments are summarized in Appendix 1 for
selected Gaussian-derived processes having phase uncertainty.

2.3.2

Historical perspectives

The start of the development of PUD-based systems can be traced back to 1940s. The
first relevant problems included the study of signal detectability completely from the
signal energy by Haeff [66] as well as the effect of pre- and post-integration with ELD by
North [135]. Rice [161] studied the statistical properties of the decision variable using
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ELD. In the 1950s, Peterson et al. and Hellström [80, 146] analyzed the probability of
error with ELD and SLD when the channel is a one-path channel. Pierce [147] studied
the loss from SLD with multipath fading and diversity combining for FSK systems
using the work of Kahn, Price, and Brennan [27, 95, 152]. One of the first experiments
made with DLD and differential phase shift keying (PSK) was the Kineplex system
proposed by Doelz et al. [46].
In the 1960s and 1970s, many landmark contributions appeared based on the previous
results. Early studies on probability of detection with ELD were conducted by Marcum
[115]. Swerling [189] extended Marcum’s work with fixed channels for Rayleigh fading
channels. Cahn [28] combined PSK with PAM signals and used the DLD technique
for the demodulation. Kailath [96, 97] showed that the MAP detector transforms into
an MMSE estimator-correlator structure when the channel realizations are unknown
to the receiver. The resulting MMSE estimator-correlator, however, needs to know
the covariance matrices of the received noiseless signal and the noise signal. Turin
[196, 197] used the results of Pierce and Kailath and provided more insights specifically
for correlated diversity channels. He showed that an SLD-based diversity combiner
performs well in comparison with optimal detection for a certain SNR range. Robertson
[162, 163] studied the performance of an ELD-based diversity combiner for the detection
test of a signal presence and showed that there is only a slight performance difference
between ELD-based and SLD-based diversity combiners. Arthurs and Dym [14]
provided a comprehensive analysis of DLD and ELD systems in an AWGN channel with
M-ary differential PSK, FSK, and PAM signals. They noticed that the optimal detection
and exact error performance analysis of PAM systems without phase information is
rather difficult and approximations are needed. Another simplified and unified error
probability analysis between different PUD systems was provided by Stein in [186].
Urkowitz used Marcum’s work to analyze SLD with arbitrary number of degrees of
freedom and OOK signals in an AWGN channel [200] and with colored noise [201].
The effect of fixed decision threshold selection with SLD and ELD was investigated by
Rappaport and Schwartz et al. [158, 173] for OOK signals. PPM and FSK were further
analyzed with SLD by Dillard [42] and Hauptscehein and Knapp [76], respectively.
Huynh and Lecours have extended the classical work of Arthurs and Dym [14] on M-ary
PUD communications in the case of impulsive noise [85].
Interference avoidance has a great importance to PUD systems. Early interference
avoidance techniques were introduced by Jones in [93]. Locally optimal orthogonal
signals, which minimize the error probability of the PUD system using SLD, were
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studied by Scholtz and Weber [172]. A particular set of transmitted-reference signals
were proposed by Rushforth [165] to solve the phase-ambiguity problem using the
estimator-correlator concept proposed by Kailath [96] as a starting point.
On the other hand, the information-theoretic capacity has also been analyzed for
specific PUD systems with channel phase uncertainty. For instance, Jacobs [90] showed
that certain orthogonal M-ary SLD systems can approach the Shannon’s channel capacity
in an AWGN channel as the signal alphabet size M becomes infinite. Stark studied
the capacity with orthogonal FSK signals in fading channels and showed the capacity
performance for SLD with different channel statistics [185]. The capacity of PAM
signals with SLD has been studied by Ho, Mecozzi, and Shtaif [81, 119]. The channel
capacity of DLD is studied by Peleg and Shamai in [144]. They showed that differential
modulation does not destroy the capacity-approaching signal properties.
More recent research topics on PUD systems are related to more advanced modulation and demodulation techniques using variants of multilevel [3, 15, 91, 110, 112],
multiantenna [82, 83], and multiuser signals [205, 213, 216]. Furthermore, PUD-based
techniques, which can use multiple-symbol coded sequences, have created much interest [35, 44]. Historical reviews on PUD include [136, 173, 204] and more recently
[11, 61, 118, 127, 153, 180, 213]. The first applications of PUD systems were essentially
radars. Later, the PUD systems were considered for optical systems and communication
radios.
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3

Design and analysis of very wideband
short-range radios

In this chapter, an overview is provided on selected important transceiver design
methods suitable for very wideband SRC radios. In this thesis, the interest is in very
wideband SRC systems for the bandwidths up to several GHz without fixing a certain
frequency range. In practical scenarios, the receiver has no prior information about the
instantaneous channel realizations and needs to find suitable means for compensating the
effects of the channel, preferably with the lowest possible complexity. The presentation
is not exhaustive, and seldom will the presented results be discussed in detail. Instead,
the reader is often referred to the bibliography for relevant treatments. The citations are
intended to serve as pointers for further study of a topic, and not as indicators of where a
result was historically derived first, as the aim was in the previous chapters. The review
follows the scope of this thesis and is limited to single-user, single-antenna, uncoded,
and synchronized SRC systems. Naturally, many aspects are system-independent and
not limited to SRC scenarios.
We discuss channel modeling aspects in Section 3.1 with an emphasis on very
wideband SRC channels. Various signal design methods are reviewed in Section 3.2
focusing on data modulation, bandwidth spreading, and interference avoidance problems.
We treat detector design methods in Section 3.3 with a special focus on one-shot7
diversity detection having channel gain uncertainty. The connections between the
optimal MAP detector and some PUD receivers are shown. Finally, in Section 3.4 we
consider the appropriate error rate analysis with a special emphasis on lognormal fading
channels.

3.1

Channel characteristics

In order to develop and test suitable signaling and reception schemes for wireless
communications, a designer has to know the characteristics of the wireless channel and
methods to reproduce realistic channel environments. The knowledge of the channel
model then enables designing suitable transceivers and predicting the error probability
7 The

term one-shot refers to a condition where the transmitted symbols can be assumed to be isolated so that
the ISI is eliminated [17, p. 153].
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performance of the target system. Instead of presenting a comprehensive outline of
available channel characteristics, we focus on selected small-scale very wideband
multipath fading effects which are most detrimental in SRC indoor environments.
Small-scale fading is a result of rapid fluctuation of the amplitude and phase of the
received signals within a small local area. Large-scale fading includes a deterministic
path-loss component and random slowly changing shadowing effects. Excellent
overviews on wideband SRC channel modeling are given from academy [21, 40, 75, 129–
132, 154, 168, 183] as well as some standardization task forces [57, 128, 220].
The main challenge in channel modeling is to find a convenient approximate model
in which the most significant phenomena are included with sufficient accuracy but
without increasing the complexity of the model too much. Extensive complexity prevents
the efficient reproduction with practical simulations as well as appropriate analytical
evaluation of the error probability with the target system. Consequently, the wireless
community uses different models depending on the system. While deterministic ray
tracing models are more appropriate in certain cases, most often some form of stochastic
multipath channel model is selected for performance analysis. The principles of three
stochastic models are illustrated in Fig. 8, where s(t) is the transmitted signal, r(t) is the
received signal, B is the bandwidth of the signal, h(t, τ) denotes the channel impulse
response, and hl (t) is the lth multipath channel coefficient at time t. For brevity, only up
to two resolvable paths are shown.
The flat fading or frequency-nonselective model is sufficient for the cases when the
bandwidth of the transmitted signal is much smaller than the coherence bandwidth of
the channel, whereas the tapped-delay-line or frequency-selective model, pioneered
by Turin, becomes significantly more accurate as the signal bandwidth approaches or
increases the channel coherence bandwidth [153, 198]. A single multiplier can model
the flat fading channel but a more complicated delay line and multiplier structure is
required with the frequency-selective model. The path delays are assumed to be constant
and the path resolution is proportional to the inverse of the bandwidth B. Finally,
the third model referred to here as the clustered model, was intensively studied by
Saleh and Valezuela, and Qiu [154, 168]. In this model, two basic phenomena are
introduced to Turin’s synchronous tapped-delay-line model. Firstly, the time-of-arrival
of resolvable paths in the clustered model is random and the distribution of the arrival
time is nonuniform, for example, following the Poisson distribution [168]. Thus the
paths may form specific clusters which have different statistics. Secondly, the local
paths or subpaths within a cluster may introduce memory effects so that the pulse shape
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of different resolvable paths is different. Recall that in the tapped-delay-line model the
pulse shape of different paths is assumed to be the same and only the amplitude and
phase are changing. The problem with the clustered model is that analytical as well as
simulated evaluation of the error probability becomes significantly more complicated.
The complexity of the channel model is even more detrimental for nonlinear PUD
systems, which are known to be more difficult to analyze than linear coherent systems.
Furthermore, there is no common consensus about how to model the statistics of the
small-scale instantaneous path-specific frequency dependency with pulse-shaping effects
in different indoor environments. Consequently, in this thesis the tapped-delay-line
model is selected as the primary model.
One main channel characteristic, which greatly affects the error probability, is
the statistics of the amplitude of the multipaths. If the signal bandwidth is relatively
small, complex Gaussian fading is conventionally used to describe the small-scale
fading [153]. More precisely, the equivalent complex baseband representation consists
of a Rayleigh-distributed amplitude and a uniformly distributed phase. The smallscale amplitude fading can take different distributions depending on the type of
environments, measurement bandwidth, and specific communication scenario. In some
measurement campaigns, Nakagami distribution provides a close fit [75, 130]. In
many extensive studies, however, it is concluded that the small-scale amplitude fading
can be characterized by a lognormal distribution for most of the SRC environments
with sufficiently large measurement system bandwidths [131, 220, 220]. Lognormal
distribution is used to model both line-of-sight and non-line-of-sight communication
scenarios. More discussion and justification for lognormal channels and their analysis is
given in Section 3.5.
The signal phase is critically sensitive to path length and changes by a factor of
2π as the path length changes by a wavelength, and has intensively been analyzed
by Nikokaar and Hashemi for indoor SRC channels [134]. When one considers an
ensemble of points, it is reasonable to expect uniform distribution if the position changes
are sufficiently large. This phenomenologically reasonable assumption can be taken as a
fact with no need for empirical verification. For small sampling distances, however,
deviations from uniformity may occur [134]. In the case a transmitted signal does not
use a sinusoidal carrier signal, the models to characterize the phase may differ from that
of the sinusoidal carriers. Such a case often arises, for example, with impulse radios
[209]. Therein the phase offsets are approximated as ±π and may be interpreted as
the change of the polarity of the signal pulses that results from the reflections in the
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propagation channel [131].
The time correlation characteristics have been analyzed, for example in [21, 137].
Bello [21] shows interesting results regarding how the Doppler power spectrum changes
in function of bandwidth describing the time correlation of multipaths in his famous
WSSUS model [20]. However, if the fading is relatively slow, as often in typical
indoor SRC scenarios, to simplify the error probability analysis, it is customary to
use a quasi-static block fading model. That is, the channel changes instantaneously
from one block to another and the Doppler spread is zero within the block [153]. The
effects of slow fading have been studied in more detail in [22]. On the other hand, the
correlation between different multipaths in the delay domain is investigated in [47]. In
some environments, it is possible that the scattering of multipaths is not random enough
and with only a few specular multipath components significant correlation may exist
[47]. With a high multipath resolution, the scattering objects that produce the paths
may be the same given rise to the correlation in the delay domain. Then Bello’s [20]
uncorrelated scattering assumption would not be valid anymore. However, in typical
proposed SRC channel models, the correlation between multipaths is found to be so low
that it can be ignored [131]. For instance, significant correlation was not found in an
indoor measurement setup in [30] using 2 ns resolution.
In addition to the bandwidth, the selected operational center frequency significantly
affects some of the signal propagation characteristics and transceiver nonidealities [170].
This is most evident when approaching tens of GHz center frequencies or millimeter
waves, and the frequency range of 57–66 GHz has been a popular choice for high data
rate SRC applications [40, 183, 220]. The most significant differences in comparison
with typical SRC radios operating at 2–5 GHz center frequencies are more inefficient
energy capture of receiver antennas, more severe atmospheric absorption, and reduced
multipath propagation effects, making non-line-of-sight communication difficult. The
reduced multipath propagation is the result of high material attenuation at around 60
GHz and is justified as follows. According to [40], the scattering effect with millimeterwavelengths is drastically reduced since scattering occurs when objects are similar in
dimension to the operating wavelength. Transmission through most objects is also
reduced as a consequence of the limited ability to penetrate solid substances. Although
these traditional sources of multipath are diminished, reflection effects are amplified.
Reflection occurs on objects larger than the dimensions of operating wavelength,
implying that objects traditionally acting as scattering objects now become reflectors for
millimeter-waves. Despite of presented differences, an important observation for this
55

thesis is that the selection of the center frequency seems to have a marginal effect of the
statistical small-scale multipath channel model. By marginal effect we mean that the
mathematical multipath model is similar and only some parameter values are changed to
meet the measurement results for different scenarios. A significant observation for us is
that the amplitude statistics of the fading process at 60 GHz follow typically lognormal
distribution equivalently to channels for 5 GHz [57, 220]. It immediately results in that
the lognormal distribution has a very important role in the analysis of wideband SRC
communication systems, and is thus the focus in this thesis.
The Doppler frequency is proportional to the transmitted signal frequency and
represents the maximum frequency difference between the received signals transmitted
and signals due to mobility of the transmitter, receiver, or objects in the channel. Hence,
increasing the center frequency in wireless systems causes proportionally magnified
Doppler effects. It follows that the Doppler frequency for 60 GHz is ten times that of a 6
GHz system under the same mobility conditions [40]. Since there is also a proportional
relationship between the Doppler effect and the time-varying nature of the wireless
channel, channel information must be estimated ten times more frequently. Furthermore,
millimeter-wave transceivers are facing new design challenges, such as increased phase
noise. The increased phase noise is the result of using low-cost and low-frequency
oscillators whose frequency is multiplied to obtain a desired frequency for the mixers
working at 60 GHz. At the same time, the phase noise of the low frequency oscillator is
amplified in accordance with the multiplication factor. These facts speak for a PUD
approach over the system which aims at tracking the instantaneous phase estimate at the
receiver.
Finally, an interesting channel characteristic is the rms channel delay spread, which
defines the potential ISI for a given symbol interval. The delay spread depends on the
distance and the angular spread of the received signals. In general, in typical indoor
applications the rms delay spread varies between 5–25 ns for link distances between
4–10 m [57, 131, 183]. With very short distances of less than 1 meter, the rms delay
spread can be much lower than 5 ns [183].
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3.2

Signal design

3.2.1

Data modulation

Assume that, in each symbol interval T , one of the M possible signals is transmitted using
a symbol alphabet C = {c0 , c1 , . . . , cM−1 }. At time t, an M-ary-modulated bandwidthlimited signal over one symbol interval is then given as
s(t) = ∑ ak uk (t − τk − kT ),

(1)

k

where ak , uk (t), and τk are the kth amplitude, pulse shape, and pulse delay from
the symbol set C established by a PAM alphabet, FSK alphabet, or PPM alphabet,
respectively. With some special forms of uk (t), such as cosine pulses, we can use a PSK
alphabet and modulate the phase of the sinusoidal carrier.
A common approach in wireless communications is to modulate the baseband signal
with a sinusoidal carrier signal [180]. The motivation for this decision is manyfold.
Most practical transceivers are incapable of transmitting low-frequency components.
The spectrum regulations require a robust way to transmit in a specific frequency
range. On the other hand, the center frequency reflects the possibility to mitigate
multiuser interference and large-scale signal fading. Typically used antenna elements
have minimum pulse-shaping effects on sinusoidal signals, provided that the fractional
bandwidth is low enough. Sinusoidal carrier signals enable an orthogonalization
between in-phase and quadrature modulation components, and this results in a higher
spectral efficiency. However, a major drawback in a carrier-based communication
is a complicated up- and down-conversion processes, which require specific powerconsuming local oscillators and mixers. Furthermore, a very high carrier frequency
renders the phase recovery at the receiver side difficult.
An alternative solution is to use a carrierless baseband filtered pulses, in which pulse
shaping is used to obtain the wanted center frequency [73]. In this type of transceiver, the
burden of the sinusoidal up- and down-conversion is transferred into nonsinusoidal pulse
generation, which follows target spectrum mask requirements and avoids low-frequency
components. Correspondingly, at the receiver side, the carrier phase synchronization
is also transferred into simpler pulse polarity estimation, but accurate pulse shape
estimation of the received signal may still be required. The pulses are often very
short and therefore the system is also referred to as impulse radio [164, 209]. For
pulse shaping, typically a Gaussian pulse or its modifications are used. Since phase
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information cannot be used as with carrier-based systems, typical carrierless modulation
methods relay on changing the pulse position or amplitude.
In a PUD system, no information about the absolute signal phase is recovered. Thus
demodulation methods based on absolute phase information are useless. Consequently,
PSK and PAM alphabets must be selected so that the phase ambiguity can be solved
at the receiver. For instance, the message can be sent relative to previous message
with a differential coding approach enabling the PUD-based DLD to be used at the
receiver [153]. It is apparent that the modulation of the amplitude and phase allows to
construct signal waveforms that correspond to one- and two-dimensional signal space
diagrams, respectively. If we wish to construct signal waveforms corresponding to
higher-dimensional space diagrams, we may use either the PPM or FSK to increase the
number of dimensions in time and frequency domain, respectively.
Many other variations of these basic modulation methods are possible. In general,
PAM alphabets can be combined with any of the other modulation methods. For instance,
PSK modulation can be combined with PAM alphabet, forming a quadrature amplitude
modulation method. Some detection structures may require additional reference, pilot, or
training signals in order to be able to recover the transmitted information. For instance,
an unmodulated reference symbol is required to be sent in pairs. This system is often
called as a transmitted-reference system [165]. The above signal forms have inherent
trade-offs which are well known and summarized in classical reviews such as [153, 180].

3.2.2

Bandwidth spreading

In wideband SRC radios, bandwidth spreading is one of the key tasks and closely related
to data modulation. In communication applications, the main reasons for increasing
bandwidth are to achieve lower peak spectral power density for energy efficiency,
to obtain higher information bit rate, or to enable higher robustness to avoid severe
multipath fading. Since the pulses become shorter with increased bandwidth, there
will potentially be a smaller number of overlapping multipath components causing less
disruptive multipath fading at the receiver antenna. The bandwidth spreading may also
give processing gain for multiple user access, provided that the bandwidth is much larger
than the symbol rate of a single user. From this point of view, the used technique is
denoted as a spread spectrum multiple access technique. The characteristics of different
types of processing gains are considered in [55, 145].
The four basic types of spreading techniques include direct-sequence modulation,
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Illustration of the frequency-hopped multiband strategy for bandwidth

spreading [10]. Used by permission of John Wiley & Sons.

frequency hopping, impulse modulation, and chirp modulation [145]. Direct-sequence
modulation and frequency hopping are implemented by changing pseudo-randomly the
signal phase and carrier frequency, respectively. The result is that the output signal has a
much larger bandwidth than that of the input information signal. The impulse modulation
approach involves an idea of using very short symbols. Traditionally, a low-duty cycle,
i.e. the time that the transmission is active relative to the total transmission time, is
used possibly in conjunction with a time-hopping scheme [209]. In chirp modulation, a
carrier is swept linearly over a wide frequency band during the symbol interval.
Frequency division multiplexing can be further used to adjust the bandwidth
and time duration of a single data symbol. Typically, in PUD-based systems, the
frequency-division multiplexed pulses are nonoverlapping in frequency. An example of
nonoverlapping pulses with OOK is given in [139]. Overlapping pulses were used and
analyzed, for example in [3] using a PUD approach. Nonoverlapping frequency-division
multiplexing is also called multiband modulation, and a related overview is provided in
[9, 10]. An illustration of the frequency-hopped multiband strategy with two hop periods
and subbands is shown in Fig. 9. In general, there can be unoccupied frequency ranges
to enable a flexible coexistence with other systems. However, hopping techniques can
lead to significant detection problems, which are studied in [12, 67] for an SRC system.
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Table 1. Comparison of ISI avoidance schemes [11]. Used by permission of InTech.
Avoidance scheme
Pre-equalization
Pseudo-noise coding
Length of symbol interval
Guard intervals
Delay spread reduction
Frequency hopping

3.2.3

Required channel information

Main challenge

Impulse response
None
Delay spread
Delay spread
Dominating paths
Delay spread

Channel estimation
Mitigating severe ISI
Reduced symbol rate
Bandwidth waste
Tracking of path directions
Synchronization

Intersymbol interference avoidance

In systems using a PUD approach, the receiver often includes some nonlinear operation,
which makes it difficult to post-equalize the ISI. Furthermore, phase information is
required to completely remove the ISI. Consequently, it would be more reasonable to
aim at avoiding the interference using appropriate signal design methods. In principle,
the avoidance is possible via pre-distortion or pre-equalization of the transmitted signal
according to the instantaneous ISI [71], spread-spectrum signalling with interferencerejecting autocorrelation characteristics of the pseudo-noise codes [145], increasing
the symbol interval for a given bit rate by using M-ary modulation, or multiplexing,
gaps longer than the delay spread of the channel between symbols [153], delay spread
reduction of the channel with signal beamforming [69, 113], or commutating the signal,
for example with frequency-hopping code according to the delay spread of the channel
[199]. A rough comparison of these fundamental approaches is presented in Table 1
[11]. More details on these methods can be found in the appropriate references.

3.3

Detector design

We consider the following detection problem. One of a set of M symbols cm , m =
0, 1, . . . , M − 1, forms the transmitted signal s(t) at time t as presented in (1). Signal
s(t) with symbol interval T propagates into a channel which consists of L multipath
diversity links. Each lth link is perturbed by time-varying multiplicative fading distortion
hl (t) and AWGN component nl (t) with noise power spectral density N0 . For brevity,
we assume that hl (t) and nl (t) are independent. The general case, when the channel
variables are allowed to be correlated, is covered in [180, 196]. Since the received pulses
are assumed to be isolated without ISI or IPI, the multipaths are independent from each
other. Then, for the subsequent derivations, it becomes necessary to express the received
60

signal at each lth diversity path with an equivalent form of [153, p. 822] [180, p. 313]
rl (t) = xl (t) + nl (t) = hl (t)s(t) + nl (t),

l = 0, 1, . . . , L − 1.

(2)

If all signals are first bandlimited to B, the continuous-time received signal can be
sampled at the Nyquist rate to produce BT complex samples or 2BT real samples. A real
signal is exactly recoverable from its corresponding complex envelope. Furthermore,
the relevant information in a continuous-time signal is exactly recoverable from its
corresponding discrete-time signal. In fact, only one sample per candidate mth symbol
is sufficient without losing data information, provided that the sample is taken at the
correct time instant. Thus, it makes conceptually no difference whether a real, complex,
continuous-time, or discrete-time model is used, and an appropriate model selection
depends on the implementation aspects of the receiver [118, pp. 250–253].
In the following, we assume that the variables are complex and continuous-time.
Consequently, fading and noise components are presented as hl (t) = αl (t) exp[ jθl (t)]
and nl (t) = nl,I (t) + jnl,Q (t), respectively. Parameters αl (t) > 0 and θl (t) denote the
channel amplitude and phase of the lth path at time t, respectively. For notational
reasons, we show explicitly the parameters only if they are assumed to be unknown and
we use a short notation as hl , αl , and θl by dropping the time-variable t. The subindexes
I and Q refer to in-phase and quadrature phase complex signal components, respectively.
Since the transform from a real passband model to a complex baseband model is a
linear operation, the statistics of the original Gaussian process are not changed [118, p.
126]. The task of the receiver is then to estimate which symbol was transmitted in a
given interval by transforming the observed vector r(t) = [r0 (t), r1 (t), ..., rL−1 (t)]T into
a sufficient number of conditioned decision variables. This estimate is denoted by ŝ. The
space dimensionality of the transmitted signal defines the minimum number of decision
variables required for the symbol decision as illustrated in Fig. 2 of Chapter 1.
As discussed in [100, p. 12] and [11], we must conceptually separate optimal
detectors, their approximations, and suboptimal detectors. Regarding optimal ideal
detectors, the parameters describing the channel are assumed to be known and the
detector is formalized according to some established optimality criterion. In practice, the
channel parameters must be estimated, which leads to an approximation of the optimal
detector or nonideal optimal detector. A suboptimal detector is not an approximation
of any of the known optimal detectors. In this thesis, optimal detection means an
appropriate receiver structure which minimizes the error probability or symbol error
rate (SER) in accordance with available prior assumptions of the transmitted data and
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the channel model. The SER is minimized via the MAP detection concept [215]. The
MAP detector takes different forms depending on what is known on the channel and the
signal. Kailath [96] emphasizes that all necessary information in the received signal is
contained in the set of a posteriori probabilities of the transmitted signal conditioned
with the received signal. Consequently, most schemes require the designer to state the
underlying probability densities for building a receiver structure. Nevertheless, the
parameters of the densities are typically not known in advance. The density parameters
may be related to an instantaneous realization of the channel or alternatively to ensemble
moments over all realizations of the particular parameters, as will be seen later.
In the next subsections, we discuss some important detector design principles
for one-shot systems. The ISI can be avoided by some of the signal design methods
presented in the previous subsection. In case the ISI cannot be avoided by signal design,
the detector may become significantly more complicated. This is especially true for
nonlinear PUD-based systems [212]. Nevertheless, it is conceptually trivial to extend
the symbol-by-symbol detection into sequence detection with ISI [17, 96, 153].

3.3.1

MAP-derived detectors

In a given symbol interval at time t, the M-ary hypothesis detection problem can be
stated in a general form as [101, 118]

choose ŝ = cm if: λ [r(t)] =

p[r(t)|cm ]
> λs ,
p[r(t)|ck ]

0 ≤ ∀m 6= k ≤ M − 1,

(3)

where p[r(t)|cm ] is the conditional pdf of r(t) and λs is some constant determined by
the criterion we choose to use. For instance, with MAP detection, λs is set in accordance
with the known prior probability that cm was transmitted. On the other hand, in the
case of a binary hypothesis test with M = 2, the Neyman-Pearson criterion penalize the
incorrect choice of c0 differently from an incorrect choice of c1 affecting λs via the
desired false alarm probability. For brevity, we assume that all the symbols are equally
probable. Thus, we set λs = 1 and the MAP criterion becomes equivalent to the ML
criterion. Using the assumption that rl (t) are independent, we obtain
L−1

choose ŝ = cm if:

l=0

62

L−1

∏ p[rl (t)|cm ] > ∏ p[rl (t)|ck ],
l=0

0 ≤ ∀m 6= k ≤ M − 1.

(4)

Known path gain realizations
Since nl (t) is assumed to be Gaussian-distributed and the channel is known, it is
equivalent to say that the MAP detector (4) selects cm , which maximizes the conditional
Gaussian pdf
L−1

L−1



Z T
1
2
ym = λ [r(t)|cm ] = ∏ p[rl (t)|cm ] = cp ∏ exp −
|rl (t) − xl,m (t)| dt ,
2N0 0
l=0
l=0

(5)

where xl,m (t) is the mth candidate received waveform and cp is a normalization constant
of no interest. It is now easy to show that after taking the natural logarithm, expanding
the squaring operation, and dropping the irrelevant terms, (5) takes the form
" Z
#
Z
L−1

ym = 2ℜ

T

∑

l=0 0

∗
rl (t)xl,m
(t)dt −

L−1

∑

l=0 0

T

|xl,m (t)|2 dt,

(6)

where ℜ(·) is the real part of the argument. The first term on the right-hand side of (6)
represents the cross-correlation of the received signal and hypothesis signal, and can also
be implemented by an MF whose impulse response is matched to known xl,m (t) [153].
If the effect of the data modulation is removed, this cross-correlation term corresponds
to the optimal MRC algorithm of Brennan [27]. The second term on the right-hand side
of (6) represents the bias term which is needed if nonequal energy symbol constellations
are used. The detector problem (4) becomes
ŝ = arg max(ym ),
cm

m = 0, 1, 2, . . . , M − 1.

(7)

When the symbol alphabet uses only one-dimensional signal space diagram, i.e. when
PAM alphabets are used, it is sufficient to generate only a single real decision variable y
and use a simpler decision threshold form as [180, p. 48]
choose ŝ = c0 if:
y < ρ0
choose ŝ = c1 if:
ρ0 < y < ρ1
...
choose ŝ = cM−2 if: ρM−3 < y < ρM−2
choose ŝ = cM−1 if: y > ρM−2 ,

(8)

where ρm (m = 0, 1, 2, . . . , M − 2) are the symbol decision thresholds. The MAP detector
structure from (6) and (7) is called a genie-aided [17] or clairvoyant detector [101] and
results in a lower bound for the error probability performance of uncoded systems.
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Unknown deterministic path gain realizations
We now assume a more practical scenario, in which the MAP detection rule contains
unknown channel parameters θl and αl . In what follows is to treat these unknown
parameters as deterministic time-invariant variables and to find a generalized likelihood
ratio test (GLRT) detector which provides a solution in the joint problem of deterministic
ML parameter estimation and MAP detection [101, p. 249]. A joint maximization of
the likelihood function with several unknown parameters is typically unrealistic as the
number of possible combinations for the maximization becomes huge. However, there
are a number of practical possibilities to proceed. In order to estimate one unknown
parameter, the ambiguity involved with other unknown parameters of xl,m (t, αl , θl ) must
be treated first. The ambiguity involved with cm is typically solved by using known
training symbols, the DD approach, or NDA estimation. If no training symbols are
available, there are several approaches to do the channel estimation blindly [192]. In
that case, the transmitted symbols can be modeled as a random vector with a known
distribution or as parameters to be estimated before the channel estimation. In both
cases, some known properties of the transmitted signal are typically exploited. It is also
possible to exploit the relationships between the channel parameters and the moments of
the received signal. Good overviews on various kinds of channel estimators are given in
[13, 108, 127, 142, 153, 192–194].
Instead of estimating real parameters αl and θl separately, it is often mathematically
more tractable to find the complex path gain estimates of hl = αl exp( jθl ) directly. With
AWGN, the ML estimates of individual unknown parameters at the lth path result in by
setting to zero the expression (cf. [100, pp. 162–164])
∂ ln{p[rl (t)|cm ]}
∂
=
∂ hl
∂ hl

Z T
0

|rl (t) − xl,m (t, hl )|2 dt,

l = 0, 1, . . . , L − 1

(9)

and solving the resulting equations for hl . An illustrative example is as follows. Assume
that a sequence of N received symbols rl (t) are drawn independently from a known
training sequence for each lth path. By using the standard complex derivative rules, the
product form of the pdf for independent training symbols, and expression (9), it can be
shown (cf. [100, p. 498–500]) that the ML estimate of hl is obtained as
ĥl =

1 N−1
∑
Es k=0

Z T
0

rl (t − kT )s∗tra (t − kT )dt,

l = 0, 1, . . . , L − 1,

(10)

where stra (t) is a known transmitted training signal and Es is the energy of stra (t)
over interval NT . Since the channel parameters are now approximately known, the
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MAP detector (7) can be implemented. In the MVU sense, an ML estimator is only
asymptotically optimal with large data records. However, in practice it appears to work
quite well [101, p. 200]. It is obvious that for a reasonable communication scenario, the
channel coherence time must be much larger than NT . The channel can then change to a
new state and the estimation approach can be applied to the resulting quasi-deterministic
channel estimation problems [79].
The above estimator-correlator structure addresses the composite hypothesis test
problem, which accommodates unknown pdf parameters [101, p. 191]. The estimatorcorrelator then proposes a more practical framework about how to proceed when the
MAP detector does not know the channel state information. In the next subsection, we
assume that the path gains are treated as random variables and present the corresponding
estimator-correlators in such scenarios.
Unknown random path gain realizations
Instead of assuming that the MAP detector (7) involves deterministic channel parameters,
we now let the unknown parameters to be random independent variables with known
pdfs for which the Bayesian estimation approach is applied [101, p. 249]. To provide a
deeper understanding on the effect of channel uncertainty assumptions on the MAP
detector structure, we have interest to consider the following two cases regarding
hl = αl exp( jθl ): i) θl are unknown and αl are known and ii) hl are unknown.
For case i), the Bayesian estimation approach suggests to integrate θl out from (5) as


Z π
Z T
1
2
p[rl (t)|cm ] = cp
exp −
|rl (t) − xl,m (t, θl )| dt p(θl )dθl .
(11)
2N0 0
−π
Assume that θl are constant during the interval T and uniformly distributed random
variables on [−π, π). Then, expression (11) can be shown to be equal to [118, p. 254]
2πI0 (ξl,m )

z
}|
{
 ZT
Z
Z T
π
cp
|x̃l,m (t)|2
|rl (t)|2
exp[ξl,m cos(θl )]dθl ,
p[rl (t)|cm ] =
exp −
dt −
dt
2π
2N0
2N0
−π
0
0
(12)
R
∗ (t)dt|, x̃ (t) = α s (t), s (t) is the mth candidate transwhere ξl,m = N10 | 0T rl (t)x̃l,m
m
l,m
l m
mitted waveform, and I0 (·) is the modified zeroth order Bessel function of the first
kind. It is emphasized that the integrals cannot be separated as in (12) unless θl is
constant during the integration interval T . After taken the natural logarithm, dropping
the irrelevant terms, and combining all the diversity paths as in (4), expression (12)
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takes the form
L−1

ym =

1

L−1 Z T

∑ ln[I0 (ξl,m )] − 2N0 ∑

l=0

l=0 0

|x̃l,m (t)|2 dt.

(13)

2 and ln[I (ξ )] ≈ ξ
It is shown in [118, p. 293] that ln[I0 (ξl,m )] ≈ 14 ξl,m
0 l,m
l,m for
low and high SNRs, respectively. That is, SLD and ELD serve as approximations to
optimal PUD (13) when SNR → 0 and SNR → ∞, respectively. The exact effect of the
approximations on the error performance depends naturally on the used modulation
method, channel model, and implementation structure of the detector. The results of
Robertson [162, 163] suggest that, in case of a binary hypothesis test for the signal
presence in an AWGN channel, the performance of SLD and ELD is similar. However,
only in the case of SLD, the cumulative distribution function of the resulted decision
variable, that is required for the performance analysis, can be presented in a closed from.
In some special cases, e.g. when L = 1, M = 2, and one of the symbols has zero energy,
2 ≈ξ
we can use the approximation ln[I0 (ξl,m )] ≈ ξl,m
l,m without a performance loss by
using the fact that I0 (·) is a monotonically increasing function of its argument [118, p.
255]. Parameter ξl,m includes a phase-unaware cross-correlation of the received signal
and hypothesis signal and can be implemented with the MF-PUD structure of Fig. 7. A
corresponding phase-aware correlation function was shown in (6). It is now evident that
the problem of estimating phase-dependent xl,m (t) in (6) is transformed with (13) into
the problem of estimating phase-independent parameters αl and N0 .
We now consider case ii) and allow hl to be complex random unknown variables.
Since hl are assumed to be independent and there is no ISI or IPI, we can process each
lth path separately and produce the double integration

p[rl (t)|cm ] = cp



Z T
1
exp −
|rl (t) − xl,m (t, hl )|2 dt p(hl )dhl .
2N0 0
−∞

Z ∞

(14)

In general, the evaluation of (14) for each lth variable is difficult. However, in the case
when the envelope of hl is Rayleigh distributed, (14) has a closed-form expression.
The problem is further divided into two subcases, i.e. hl are constant during symbol
interval T and hl can vary also inside the symbol interval, leading to different detector
structures. The mathematical derivations are rather tedious and only the final results of
Turin are summarized from [196]. In the former presented subcase, after resolving (14),
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expression (6) transforms into
L−1

ym =

∑
l=0

−

µ̃hl
2
4N0 + 4N0 µ̃hl Em

1
2N0

L−1 Z T

∑

l=0 0

Z T
0

2

rl (t)s∗m (t)dt − µhl Em
L−1

|rl (t) − µhl sm (t)|2 −



µ̃hl Em
ln
1
+
,
∑
N0
l=0

(15)

where µhl = E(hl ), µ̃hl = E(|hl |2 ), and Em = 0T |sm (t)|2 dt. On the other hand, when hl
is allowed to vary during the symbol interval T , Turin shows that (15) becomes
R

L−1 Z T

ym = − ∑

l=0 0

|rl (t) − µhl sm (t)|2
2Em L−1
dt
−
∑ µ̃hl .
2N0 + 2µ̃hl |sm (t)|2
N0 l=0

(16)

If we further assume that µhl = 0, ∀l, then it is obvious that (16) reduces to a weighted
SLD with an energy bias term. It is clear that the weighting emphasizes the stronger
diversity links more than the weaker ones, which is intuitively reasonable. The essence
of optimal combining, also in this case, is the relative accentuation of more credible data
and the relative suppression of less credible data for given information of the channel.
Interestingly, we observe that if µ̃hl would not be known by the receiver, we may set
µ̃hl = 1, ∀l, and (16) reduces to a basic SLD normalized by the energy of the transmitted
signal and noise power spectral density.
It is a fundamental rule of estimation theory that the use of prior knowledge will
lead to a more accurate estimator. The above Bayesian tests use the knowledge of
the prior pdf of the unknown random variables, whereas the GLRT approach in the
previous subsection does not. The Bayesian test integrates over the pdf of the unknown
variable and thus models the unknown variables as realizations of a random variable.
The number of necessary integrations with Bayesian test is equal to the number of
unknown parameters. The Bayesian approach works well “on the average” but may
perform poorly for deterministic or instantaneous parameter values [100, p. 330]. While
a Bayesian-based estimator typically reduces the variance also in this case, it may
substantially increase the bias component. This means that the parameter value should
be close to the prior mean value, otherwise Bayesian test may be a poor estimator. It is
thus not a uniform MVU estimator either. Generalizations of the results presented in this
section for the cases with correlation between the diversity paths, symbols, and noise
samples have been addressed by Kailath and Turin [96, 196]. In those cases, we must
separately estimate the covariance matrices of the received noiseless signal and additive
noise signal.
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3.3.2

Suboptimal detectors

Detector (7) is typically implemented with an MRC-based rake structure using the ML
estimate from (10), and the complexity is dominated by the number of adopted rake
branches and the number of pilot symbols used for the estimation of unknown parameters.
Some quantitative complexity figures in terms of number of mathematical operations can
be found from [169]. The MRC is relatively sensitive to channel estimation errors, and
these errors tend to be more detrimental when the SNR is low [180, p. 315], [169]. As
shown in the previous section, depending on the uncertainty assumptions, the Bayesian
approach leads to alternative detector structures with slightly different complexity
characteristics. An interesting characteristics of a typical Bayesian approach is that the
detector becomes independent of the instantaneous phase, i.e. a PUD receiver. This
helps to overcome the phase noise problem of very wideband SRC systems mentioned
in Chapter 1. A major drawback of the MAP-derived detectors presented in the previous
subsection is that such detectors need to know a number of path specific parameters.
This increases the complexity not only because the amplitude, phase, or moment of each
multipath must be known, but also because the relative time location of each multipath
must be tracked. The optimal multipath delay estimation requires high-complexity
search algorithms [188].
There are a number of suboptimal multipath combiners, i.e. not a direct derivation
from the optimal MAP concept, available, as summarized in [180]. Among them, a
traditional solution to form a decision variable is the equal gain combiner (EGC), which
does not require estimation of the fading amplitudes. However, the EGC requires that
the components to be combined are phase-aligned. Instead of the use of coherent sum
as a combiner, selection combiner (SC) chooses the path with the highest channel
amplitude and does not need to know the channel phase. Nevertheless, SC still needs the
timing and amplitude information, and requires the simultaneous monitoring of all the
resolvable paths.
A low-complexity approach can be achieved when combining a PUD strategy with
the EGC, because only the timing estimate of the first received path and the channel delay
spread are then required for diversity combining. Two simple PUD structures, which do
not require any path specific information, are obtained by combining SLD or DLD with
the EGC approach to solve the phase-alignment problem of EGC. These approaches
are illustrated in Fig. 7, where the time-window filter of WF-PUD acts as an EGC
and DLD or SLD are used to solve the phase-ambiguity problem. The main challenge
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Table 2. Complexity characteristics of different diversity combiner methods.
Method

Relative complexity

Main challenges

MRC

Very high

EGC
SC
DLD-EGC
SLD-EGC

High
Moderate
Low
Very low

Path-specific amplitude, phase, and delay
recovery
Path-specific phase and delay recovery
Path-specific amplitude and delay recovery
Delay lines, noise enhancement
Noise enhancement

of DLD-EGC is then how to efficiently implement the delay lines required to delay
the received signal by the symbol interval T . This further leads to delay line accuracy
problems if the combiner is implemented in analogue domain, as often necessary
with very wide bandwidths [16, 106]. The DLD technique suffers from a differential
noise enhancement, as illustrated in Appendix 1, and requires an additional support
from the signal design either using a transmit-reference or differential encoding signal
structure. While SLD-EGC is the easiest to implement, it suffers from a squared noise
enhancement, as the noise samples to be multiplied in the squaring operation of SLD
are highly correlated. Naturally, many other combinations are possible. For instance,
SLD can be combined with the MRC strategy to avoid the channel phase recovery, and
has been analyzed in [207]. Complexity characteristics and main challenges of some
important diversity combining methods are summarized in Table 2. It should be obvious
that the relative complexity between different methods increases with the number of
resolvable multipaths. Different suboptimal detectors are further compared for a very
wideband SRC radio in [34, 64, 213]. The SLD-EGC diversity approach is conceptually
equivalent to the ED structure which is investigated in Chapter 4.

3.4

Performance analysis methods

3.4.1

General multipath fading channels

Comprehensive overviews on general analysis methods for the SER performance of
various modulation and detection combinations can be found from the classical books
[153, 180] and journals [5, 136, 178, 179]. A general framework to analyze diversity
effects with nonideal channel estimates is presented in [62]. One of the most commonly
used techniques for the SER evaluation in multipath diversity channels is based on the
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pdf method [153]
P(e) =

Z ∞

P(e|z)p(z)dz,
−∞

(17)

where P(e|z) is the conditional error rate (CER) for a given instantaneous value of the
random variable z and p(z) is the pdf of z. The CER is affected by the selected modulation
format using one of the detection schemes discussed in the previous subsections and the
statistics of the additive noise. The CER is typically represented using the Gaussian
or Marcum Q-function. Some exact and approximate forms for different Q-functions
are given in [26, 32, 33, 176, 180]. Random variable z can represent, for example the
instantaneous amplitude, energy, or SNR of the received signal, and is often positive so
that the lower limit of the integral (17) can be set to zero. In case of channel uncertainty,
there will be additional random variables to be taken into account. In general, each
additional random variable will add a new integral to (17) and p(z) may be required
to be replaced by a joint pdf in accordance with the parameter set representing the
channel uncertainty. The performance using ED in different system configurations has
specifically been analyzed in [4, 41, 84, 200].
Multipath diversity systems further complicate the analysis by requiring that the
pdf of a sum of random variables z = ∑l zl be determined as well at the output of the
used diversity combiner. If the sum pdf is unknown but the individual pdfs of the sum
components are known, the evaluation of (17) requires an L-fold convolution integral,
where L is the the number of diversity paths [180, p. 320]. In some cases, it is possible to
rewrite the CER in a product form. If zl are further independent, (17) can be represented
via moment-generating functions (mgf) as [180]
L

P(e) = ∏ P(e|{zl }Ll=1 )Mzl (s̃),

(18)

l=1

∞
where Mzl (s̃) = −∞
p(zl ) exp(s̃zl )dzl is the mgf of the random variable zl . Some mgfs
of known distributions are given in [180]. Examples of when (18) can and cannot be
applied are given in [180, p. 320] and [180, p. 335], respectively. The third option is to
transform (17) into frequency domain via a characteristic function (chf) as [5]

R

P(e) =

1
2π

Z ∞
−∞

FT (ω̃)Ξz (ω̃)d ω̃,

(19)

∞
where FT (ω̃) = −∞
P(e|z) exp(− jω̃z)dz and Ξz (ω̃) is the chf of random variable z. The
benefit of the chf-based method with respect to the mgf approach is that the CER does
not need to be given in a product form but the chf in (19) may be found only in a
complicated form or not at all. Some chfs of known distributions are given in [5].

R
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3.4.2

Lognormal multipath fading channels

Since the lognormal fading channel plays an important role for analyzing very wideband
SRC indoor systems and in this thesis, it deserves a more detail discussion. In addition
to wireless communications, the lognormal distribution has been widely applied in
an empirical way to fitting data, for example to model the sizes of species or income
in biology and economics, respectively [38]. In channel modeling, lognormal pdf
has been traditionally used to model large-scale shadowing propagation effects [180].
However, as mentioned in Section 3.1, lognormal pdf has been recognized as a good fit
to model the small-scale SRC multipath fading mechanism, provided that the bandwidth
is large enough. What is then a large enough bandwidth to result in lognormal smallscale multipath fading? It is not easy to provide a prompt answer to this question
because the fading statistics are also affected by the characteristics of the surrounding
scattering objects, etc. Nevertheless, typical measurement campaigns confirming
lognormal small-scale fading statistics have used bandwidths in the range of 0.5–2 GHz
[57, 128, 220].
The lognormal distribution is defined as the distribution of a random variable whose
logarithm is normally distributed [38]. Such a random variable is necessarily positive.
The pdf of a lognormal random variable z required in (17) is then given by


1
(ln z − µ)2
,
(20)
p(z) = √
exp −
2σ 2
2πz
where ln(·) is the natural logarithm and µ, σ are the mean and standard deviation of ln z,
respectively.
The justification of a lognormal distribution rigorously follows from multiplicative
analogue for the additive central limit theorem (CLT): if zl is a sequence of positive,
independent, and identically distributed random variables with finite mean and variance,
then the product ∏l zl is asymptotically lognormally distributed [38, p. 5]. The tail
characteristics of different pdfs differ greatly and thus the appropriate selection of
the pdf is essential to result in a reliable performance results [37]. When the SNR is
low, the lower tail behavior is of primary interest. On the other hand, with significant
nonGaussian interference, the upper tail behavior in the pdf of an interferer is of primary
interest.
The propagation effects of the channel are multiplicative in amplitude and additive
in phase. The additive effect in the envelope comes from the fact that a large number
of multipaths arriving simultaneously at the received antenna are summed together.
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The resulted sum-of-products model is typically modeled with a mixed lognormal and
Rayleigh distribution [37]. The CLT is used to justify the use of both lognormal and
Rayleigh distributions. However, the CLT does not really explain why the lognormal pdf
provides a better measurement fit than the Rayleigh fading to model the small-scale
multipath fading mechanism of very wideband SRC systems where only a few resolvable
multipaths overlap at the receiver antenna. In fact, the author of this thesis is not
aware of such rigorous theoretical justification. Lognormal distribution is similar to
Nakagami distribution, i.e. a commonly used pdf for small-scale channel models, for
large values of the Nakagami-m parameter. However, according to [131], it is not
possible to approximate Rayleigh pdf with lognormal distribution to result in a sufficient
accuracy.
As mentioned in the previous subsection in the analysis of multipath diversity
systems, an important parameter is the distribution of the sum of resolvable multipath
components. A major difference to normal distribution is that the statistical functions,
such as pdf, mgf, or chf of sum of lognormal random variables, are not known in an
exact closed form. Consequently, many approximations for the lognormal sum statistics
have been proposed, including early classical studies from Fenton, Schwartz, and Yeh
[53, 174] and more recent work in [19, 54, 150]. Examples of error probability analysis
with lognormal fading channels can be found in [31, 107, 180].
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4

Summary of the original articles

This chapter provides a summary of the research results obtained during this thesis work
and published in the appended original articles. Articles I–IV focus on the threshold
estimation methods, whereas Articles V and VI concentrate on the SER performance
analysis. However, some analysis results are presented in all publications. Since the
articles are independent entities, there is some inconsistency with the used notation
between the articles. The notations which suit the best to describe the results as a
whole are selected for this summary. Typos found in the articles are listed in Table 3 in
Appendix 6. Some additional figures, proofs, and derivations, which are not included in
Articles I and II due to space limitations, are provided to give further insight on the
studied problems in Section 4.2.1. Otherwise, the presented material can be found in the
appropriate articles.
The problem formulation is first described in Section 4.1, including the system model
description and the decision threshold estimation problem. A near-optimal threshold
selection method from Articles I and II is then presented in Subsection 4.2.1 to solve (27)
in a closed form. Article II is a journal extension of Article I with improved presentation.
Next, three different estimation approaches are proposed to solve the uncertainty related
to the parameters required for the calculation of the decision thresholds. Specifically, the
DA method from Article VI, the NDA method from Article III, and the BDD method
from Article IV are summarized in Subsections 4.2.2, 4.2.3, and 4.2.4, respectively. The
SER performance analysis methods with optimal threshold selection are summarized in
Subsections 4.3.1 and 4.3.2, representing Articles V and VI. Finally, the SER evaluations
using different nonideal parameter estimators are presented in Subsection 4.3.3, induced
from Articles I–IV and VI.

73

4.1

Problem formulation

4.1.1

System model description

Signal design
From (1), the transmitted real signal of an uncoded M-ary ED-PAM system8 becomes
∞

s (t) =

∑
k=−∞

ak u (t − kT ) ,

(21)

where u(t) is the pulse waveform, ak is the kth data symbol, and T = Tp + Tg is the
symbol interval consisting of the pulse interval Tp and guard interval Tg between the
pulses. Due to the applied ED principle, symbols ak cannot be negative. For brevity, we
make the customary assumption that the symbols are equally probable. The selection of
the pulse shape could be arbitrary for the error analysis, provided that the sidelobes of
the pulse are negligible at the sampling instants to avoid filter-induced interference.
Data symbol ak in (21) is a discrete random variable with probability mass function
m = 0, 1, . . . , M − 1,
(22)
p
where P(·) denotes the prior probability, cm = m Es /cs is the constellation point, Es is
the average transmitted energy per symbol, cs = (2M 2 − 3M + 1)/6, M is the number
of modulation levels, and b = log2 M is the number of bits per symbol. The energy of
the mth symbol and the average transmitted bit energy Eb are related by Em = λm Eb ,
where λm is the energy weight factor of the mth symbol. With uniform symbol spacing,
λm = m2 /cb , where cb = cs /b.
P (ak = cm ) = 1/M,

Channel characteristics
We assume that a multipath channel can be represented with a tapped-delay-line model
presented in Chapter 3. Consequently, the received signal is
L−1

r (t) =

∑ hl (t) s (t − τl ) + n (t) ,

(23)

l=0

where hl (t) and τl are, respectively, the random amplitude and delay of the lth path, L
is the number of paths, and n(t) is the additive white Gaussian noise term with noise
8 Extension

to multiband modulation is straightforward because s(t) can be considered as a signal of a subband,
provided that the signals between the subbands are independent.
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spectral density N0 . In this analysis, it is assumed that hl (t) and τl are constant over a
block of symbol intervals T . This assumption follows the standard quasi-static block
fading model, in which the channel changes from one block to another and the Doppler
spread is zero within the block. This simplifying channel modeling assumption helps
to capture the essence of the original slowly fading channel and is widely adopted in
the analysis of multipath fading channels. All variables in (23) are real, statistically
independent, and the stochastic processes of the channel are assumed to be wide-sense
stationary.
Without loss of generality, we can omit the shadowing and path loss and assume
that the average received energy is the same as the average transmitted energy9 . In
the analysis as well as simulations, we preclude the ISI and IPI by assuming that
Tg ≥ τL−1 − τ0 , τl − τ j ≥ Tp , ∀l 6= j, and s(t) has negligible sidelobes at the sampling
points (cf. [198]). If these constraints are not met, the analysis results serve as a lower
bound.
Detector structure
As illustrated in Fig. 3, the received signal r(t) is processed using an FSI front-end, and
sampled in order to provide a decision variable for the symbol decision circuit. The
used FSI structure is equivalent to WF-PUD and EGC when combined with SLD, as
discussed in Chapters 2 and 3. The continuous time decision variable is expressed as
y (tk + Ti ) =

Z tk +Ti Z ∞
tk

−∞

2
r (t − τ) g (τ) dτ

dt,

(24)

where tk is the beginning of the kth symbol of interest, Ti is the symbol integration time,
and g(τ) is the impulse response of the receiver filter with bandwidth B. For simplicity,
we can assume an ideal filter so that the signal is not distorted and the noise samples
affecting the decision variable are uncorrelated (cf. [34]). Since the performance results
are not on synchronization problems, we can assume that tk is perfectly known. For
brevity, we later replace y(tk + Ti ) by yk , which is denoted as a sampled version of
y(tk + Ti ) with one sample per symbol. With the assumption of the resolvable multipath
channel, the number of received independent components with nonzero energy can be
given as L = D/Kp , where Kp is a constant defining the path spacing Td = Kp /B and
9 In

some cases with adaptive transmission scenarios and frequency-selective channels with IPI and ISI, it is
not valid to assume that the average received energy is the same as the average transmitted energy [126].
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D = BTi . Following the results from [200], the analysis of ED systems requires the
sampling expansion of a continuous time low-pass process at the input of an integrator.
A set of 2D samples are obtained by sampling the process at times 1/(2B) apart, and a
discrete time sum operation approximates the integrator. Parameters B and Ti can be
selected arbitrarily, but to simplify the analysis, it is assumed that they are selected so
that L and D are integers. More details of the related sampling procedure are given in
[200].

4.1.2

Optimal decision thresholds

An appropriate optimal ML detection10 rule is to decide âk = cm if
p (yk |Er,m ) > p (yk |Er,n ) ,

∀n 6= m,

(25)

where p(yk |Er,m ) is the pdf of the decision variable yk conditioned on the instantaneous
received energy Er,m of the mth symbol from all multipaths within the integration interval.
Equation (25) can be also represented in the form of (8). The conditional pdf p(yk |Er,m )
is equivalently denoted as p(y|Hm ), where Hm is the hypothesis that cm was transmitted.
The resulted threshold estimation problem is illustrated with three-dimensional Fig. 10,
where, for simplicity, the average energy over all symbols and the peak value of the
pdfs have been normalized to one. The decision variable yk follows the conditional
chi-square pdf given as

 D−1


1
yk
yk


,
m=0
exp
−

 N (D − 1)! N
N0
0
0
!
s
D−1




(26)
p (yk |Er,m ) =
2

yk + Er,m
4yk Er,m
yk
1


I
,
m
>
0,
exp
−
D−1
 N E
N0
N02
r,m
0
where r! is the factorial of r and Iq (·) is the qth order modified Bessel function of the
first kind, as given in [1, p. 374]. The conditional pdfs in (26) can be easily modified to
be represented as function of received SNR per bit γ = Er,m /(λm N0 ). The ML decision
thresholds 0 < ρm < ρm+1 for (25) can be found from
p (yk |Er,m )
10 In

yk =ρm

= p (yk |Er,m+1 )

yk =ρm

.

(27)

general, ED does not result in an optimal ML or MAP detector, as seen from Section 3.3. When referring
to ML or MAP in the context of ED, we interpret the FSI structure of ED as part of the channel and apply the
MAP rule for the output signal of the FSI. This channel interpretation is called a radio channel in [187].
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Fig 10. Illustration of the threshold estimation problem in an ED-PAM system with
systematic and random errors from Article VI. Used by permission from Elsevier.

It should be clear from (26) and (27) that the thresholds are functions of parameters N0
and Er,m , or alternatively functions of N0 and γ. In the following, the optimal thresholds
are denoted either as ρm or ρm (γ) to emphasize the dependence on γ. There are two
kinds of sources for a threshold mismatch, i.e. the deviation with respect to the optimal
thresholds obtained from (27). Firstly, a systematic threshold mismatch results from
the inability to define the optimal thresholds in a closed form even if the parameters
N0 and Er,m are perfectly known. This is because the chi-square pdfs p (yk |Er,m ) are
highly nonsymmetrical, resulting in a rather difficult mathematical problem of finding
the optimal thresholds in a closed form. Secondly, a purely random type of threshold
mismatch is caused by a possible estimation error of the signal and noise energies
required for the threshold selection. The estimation error characteristics can be different
for each threshold and the pdfs of threshold estimation errors p(ρ̂m ) are unknown in
general11 .

11 In

Fig. 10, random errors are visualized by using a normal distribution.
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4.2

Proposed threshold estimation schemes

4.2.1

Closed-form threshold selection

To solve the decision threshold selection problem (27) with a minimum systematic error,
Articles I and II propose using regression analysis and data fitting methods for finding
an error function between the optimal and asymptotically approximated threshold
values, i.e. when the SNR approaches infinity. An experimental deterministic regression
analysis is used to understand how the typical value of the error function changes when
any of the independent variables is varied. In particular, regression analysis provides an
estimate of the conditional expectation of the dependent variable when the independent
variables are held fixed. The derivation is performed in the following two steps.
In the first step, the asymptotically optimal threshold values are obtained as


m = 0,

r,1 /4,
 E
"
#2
ρm ≈
(28)
[N0 (2D − 1) ln(Er,m+1 /Er,m ) + 4Er,m+1 − 4Er,m ]

p
p
, m > 0.


8 Er,m+1 − 8 Er,m
The above asymptotic thresholds are derived differently for the threshold with index
m = 0 and for the thresholds with index m > 0. Since there was no space available in
Articles I and II, the derivation of (28) is explained in Appendix 2. While the asymptotic
threshold value for the threshold ρ0 is very simple, it was observed that the result for
other thresholds is much more complicated. To overcome this, we can alternatively
assume that for a high SNR, the mean value of the decision variable is approximately
unaffected by the noise and the decision variable follows a symmetrical distribution,
implying that the mean and the mode value of the pdf is the same. This directly results
in a simpler approximation
(
Er,1 /4,
m = 0,
ρm ≈ ρ̃m =
(29)
(Er,m + Er,m+1 ) /2, m > 0.
The overall scheme is referred to as a semi-asymptotically optimal (SAO) threshold
scheme since the approximation is asymptotically unbiased only for m = 0, whereas
there will be some bias with m > 0 even if the SNR approaches infinity. Figure 11
illustrates the relative systematic error ∆ρm in percentage with respect to the optimal
thresholds (27) resulted from using the SAO thresholds (29) for M = 4 and D = 20. As
the SNR increases, the error vanishes for ∆ρ0 but a residual bias remains for ∆ρm , m > 0
as expected due to the use of (29) instead of (28).
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Fig 11. Relative error between optimal and SAO threshold schemes.

In the second derivation step, we would need to calculate the error function between
the thresholds obtained from (27) and (29). Specifically, the objective is to find M − 1
independent error functions which minimize the difference between the optimal and
SAO threshold values as
em (γ, D) = ρm − ρ̃m ,

m = 0, 1, 2, . . . , M − 2.

(30)

where the dependence on D and the instantaneous received SNR per bit γ is indicated
explicitly on the left-hand side. In practice, the thresholds depend on time-varying
received SNR. Also the integration time may be selected adaptively reflecting the timevarying selection of D. Consequently, there should be some simple way to parameterize
the error function em (γ, D), which is valid for a sufficient range of values of D and γ.
To obtain a simple structure for the error function, which is suitable for adaptive
receivers, it is conjectured that the error function (30) is separable regarding parameters
D and γ, and a linear regression approach applies as
em (γ, D) = ρm − ρ̃m

= ẽm (γ, D)d1,m (D) + d2,m (D)
≈ em (γ)d1,m (D) + d2,m (D), m = 0, 1, 2, . . . , M − 2,

(31)
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Fig 12. Illustration of the used regression analysis for m = 0.

where ẽm (γ, D) and em (γ) are the appropriate error functions for a given γ and D, and
d1,m (D), d2,m (D) are some functions of D. Parameters d1,m (D), d2,m (D) should be then
adjusted so that they achieve the minimum of the merit-function over a range of expected
values D as
"
#
min

d1,m ,d2,m

∑

D∈RD

ẽm (γ, D) ,

m = 0, 1, 2, . . . , M − 2,

(32)

where
ẽm (γ, D) = [ρm − ρ̃m − d2,m (D)]/[d1,m (D)ND ],

(33)

RD is the set of allowed values for D, and ND is the cardinality of RD . Due to the
complicated nonlinear form of (32), there is no analytical closed-form solution to this
optimization problem to identify the best-fit parameters. Consequently, the problem
is solved with a graphical regression analysis by studying the trends of ẽm (γ, D)
with respect to the desired range of γ and D. Suitable parameters are then found as
√
d1,0 (D) = N0 D − 1, d1,m (D) = N0 , m > 0, and d2,m (D) = DN0 , m ≥ 0. Using these
regression parameters, examples of the regression analysis steps are given in Figs. 12
and 13 for m ∈ {0, 1} and RD = {1, 2, ..., 40}. The error functions in Figs. 12 and 13 are
normalized by N0 . It is then possible to process em (γ), which is dependent only on one
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Fig 13. Illustration of the used regression analysis for m = 1.

parameter γ. To model the dependency of the error function on γ, a polynomial error
function is selected for each mth threshold as
em (γ) = Km = km,Vm γmVm + km,Vm −1 γmVm −1 + . . . + km,0 ,

(34)

where Vm is the polynomial order, γm = λm γ, and km,i , i = 0, 1, . . . ,Vm , are the coefficients
of the polynomial Km . The coefficients are generated by applying the well-known least
squares (LS) data fitting method for the target SNR range [151, p. 528]. The threshold
scheme is then referred to shortly as LS threshold scheme. After substituting selected
d1,m (D) and d2,m (D) into (31), a novel LS threshold scheme, which is suitable for an
arbitrary selection of M, D, and γ, is obtained as



√
Er,1
λm γ √


+ D − 1K0 + D =
+ N0 ( D − 1K0 + D),
m = 0,
 N0
4

 4
ρm ≈
(35)
Er,m + Er,m+1
λm + λm+1


+ Km + D =
+ N0 (Km + D), m > 0.
 N0 γ
2
2
The LS scheme has approximate complexity O[(M − 1)∆SV ], where O(·) should read
as “on the order of”, SV = 1 + 2 + . . . +V , and V is the average polynomial order over
all thresholds. Thus, it is important to minimize V . The residual systematic error of
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Fig 14. Relative error between optimal and LS threshold schemes. Revised from
Article I. c [2008] IEEE.

the LS scheme is a function of M, D, Vm , and γ and can be evaluated by first solving
iteratively (27) and then comparing with (35) for a given set of parameters. Figure
14 illustrates the relative systematic error ∆ρm of the LS method with respect to the
optimal thresholds (27) for M = 4 and D = 20. A significant observation in Fig. 14 is
that the order seems to affect notably only the threshold with m = 0, which is located
between two significantly different pdfs, as shown in (26). This means that we can select
a low-order polynomial for the thresholds with m > 0, resulting in a tractable scheme
also from the complexity point of view. The effect of the systematic threshold error ∆ρm
on error probability is treated in Subsection 4.3.3.

4.2.2

Data-aided parameter estimation

In this subsection, a threshold estimation approach is summarized from Article VI using
a known training signal. The threshold selection methods of the previous subsection
depend in practice on the estimated parameter tuple (Êr,0 , . . . , Êr,M−1 , N̂0 ) instead of the
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known parameter tuple (Er,0 , . . . , Er,M−1 , N0 ). The ML estimate12 of N0 is given as [138]
N̂0 =

1
DNc0

Nc0

∑ yk|c0 ,

(36)

k=1

where yk|c0 is the kth received symbol at the output of ED constrained that c0 was
transmitted Nc0 times. The ML estimate of Er,m does not have an analytical closed form.
However, using the result for OOK systems from [138], an asymptotically unbiased13
estimate of Er,m for an arbitrary selection of M is presented in Articles IV and VI by
subtracting the mean noise energy from the signal energy estimation as
Êr,m = κm (Êr − DN̂0 ),
where
Êr =

1
NcM−1

m = 0, 1, 2, . . . , M − 2,

(37)

NcM−1

∑

yk|cM−1 ,

(38)

k=1

κm = m2 (M − 1)−2 , and yk|cM−1 is the kth received symbol provided that cM−1 was
transmitted NcM−1 times. Parameter κm can be adjusted to accommodate different energy
normalizations of yk|cM−1 in accordance with the desired average transmitted energy of
the training sequence.
Finally, the threshold estimates ρ̂m are obtained by replacing Er,m and N0 in by their
estimates from (36)–(38). It is emphasized that (38) needs a training signal with nonzero
energy, whereas (36) requires a separate training interval in which the signal energy is
zero. As opposed to the other proposed threshold estimation approaches, the above DA
method is a rather simple M-ary extension of an existing method in [138], where OOK
signals are used instead of multilevel PAM signals. Nevertheless, it provides a sufficient
background for the novel performance analysis in Subsection 4.3.3.

4.2.3

Nondata-aided parameter estimation

In this subsection, a novel NDA hypothesis testing scheme is described for ED-PAM
systems proposed in Article III. As mentioned in Chapter 1, nonredundant blind
estimation is important to consider with ED because relatively long training signals are
required for the DA approach with near-optimal convergence due to the cross-products
between the signal and noise created by the squaring operation of ED. The proposed
12 The
13 The

proof that (36) is an ML estimate is provided in Appendix 3.
proof that (37) is an asymptotically unbiased estimate is given in Appendix 4.

83

scheme has a very low complexity and, unlike the DA method, it does not require any
redundant signals to make the symbol decision.
The derivation of the NDA estimation method starts from the observation that (35)
can be represented in a simpler form at the cost of reducing the estimation accuracy.
Specifically, after setting Km = 0 and separating the effect of the channel, expression
(35) takes the form
ρm ≈ α

Em+1 + Em
+ DN0 ,
ϑm

m = 0, 1, . . . , M − 2,

(39)

where α is an unknown total channel gain at the output of ED, ϑ0 = 4, and ϑm = 2 for
m > 0. If the decision variable yk is not affected by the interference between resolvable
multipaths or nonidealities from receiver preprocessing, the channel gain is given by
α = ∑l h2l .
It is then shown in Article III that the decision thresholds of (39) are equivalently
represented as
ρm ≈ νm E(yk |α) + DN0 (1 − νm ),
(40)
where E(yk |α) = DN0 + αEs and νm = (2m2 + 2m + 1)/(ϑm cs ). We observe that if
αEs /N0  D, then the second term of the right-hand side of (40) can be ignored. Finally,
we can replace the ensemble average E(yk |α) with the time-average estimate
Ŷ =

1 N
∑ yk ,
N k=1

(41)

where N is the finite observation interval in symbols, and obtain a novel low complexity
NDA threshold estimator as
ρ̂m = νmŶ ,

m = 0, 1, . . . , M − 2.

(42)

As opposed to (39), the knowledge of parameters α and N0 is not required for the
symbol decision with (42).

4.2.4

Blind decision-directed parameter estimation

While the NDA method proposed in the previous subsection is a very simple approach
for the threshold estimation problem, it results in biased estimates and the convergence
speed is rather slow, as the NDA scheme is unable to efficiently remove the effect of
pattern noise caused by unknown amplitude modulation. In this section, a novel BDD
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method, which does not require a redundant training signal to estimate the parameters
(36)–(38) either but converges much faster than the NDA scheme at the cost of increasing
the complexity, is summarized from Article IV.
The proposed two-stage BDD method of Article IV sorts or permutes the decision
variable yk within a given observation interval in an initialization mode (IM) to initialize
a decision-directed mode (DM) for the estimation of parameters N̂0 and Êr,m . The BDD
estimation method can then be combined with any threshold selection scheme dependent
on these parameters.
Consider an observation vector y = (yk , yk+1 , . . . , yk+N−1 )T of size N, where (·)T
denotes the transpose operation. Define vector y0 = (y0k , y0k+1 , . . . , y0k+N−1 )T to be a
permuted sequence of y so that y0k ≤ y0k+1 , i.e. the sequence y is ordered in ascending
order by magnitude. Given the sorted received observation vector y0 of unknown
modulated symbols, Êr in (38) should be estimated with NcM−1 largest elements of y0
and N̂0 in (36) should be estimated with Nc0 smallest elements of y0 . The justification
for this proposition is given in Article IV by using a monotone likelihood property of the
received signal.
The proposed BDD method is implemented with the following Steps 1–5:
Step 1: Start the IM and sort yk within the observation interval of size N ≥ M.
Step 2: Set Nc0 = NcM−1 = K and replace, respectively, {yk|c0 }Kk=1 and {yk|cM−1 }Kk=1
in (36) and (38) by (y0k , y0k+1 , . . . , y0k+K−1 ) and (y0k+N−K , . . . , y0k+N−2 , y0k+N−1 ).
Step 3: Find the initial estimates of N̂0 and Êr,m using (36), (38), and the symbols
from Step 2.
Step 4: Calculate the ML thresholds and perform the symbol decisions.
Step 5: Start the DM and refine the estimates in Step 3 with N detected symbols
from Step 4.
In the proposed blind method, parameter Ncm is actually a random variable changing
for each observed y0 . A reasonable upper bound is K ≤ bN/Mc because E(Ncm ) = N/M,
∀m. The complexity of the BDD method is only slightly higher than that of the
corresponding DA method because the matrix permutation operation is implemented in
practice by a simple interleaver, and the permutation matrix itself is generated by using
O(N log2 N) simple comparison operations. However, an inherent characteristic of the
proposed approach is the possibility to receive an incomplete transmitted sequence,
which gives rise to pattern noise in the IM. The effect of the incomplete transmitted
sequence, i.e. symbols c0 and cM−1 are present less than K times in a transmitted
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sequence of length N, can be reduced by selecting a sufficiently long observation
interval, as demonstrated in Article IV.

4.3

Proposed performance analysis methods

An important part of the contribution of this thesis is the novel analytical SER evaluation
framework for ED-PAM systems with an arbitrary selection of M, D, and γ. In
particular, Articles V and VI propose analytical methods to evaluate the SER in AWGN
and frequency-selective multipath channels with optimal ML decision thresholds.
Furthermore, the effect of nonideal threshold selection due to residual systematic and
random estimation errors are analytically evaluated in Articles I–III and VI.
In the following subsections, we start with a SER analysis in a general multipath
fading channel described in Subsection 4.1.1. Since the special interest is on lognormal
fading channels, we treat this special case more thoroughly. Finally, we consider the
effect of systematic and random estimation errors on the SER.

4.3.1

General multipath fading channels

From the available analysis methods introduced in Section 3.4, the pdf-based approach
is selected. The pdf-based method results in a simple and accurate evaluation tool,
provided that the pdf of the decision variable is known. Consequently, the average SER
of the ED-PAM system can be calculated by evaluating the integral
Ps (e) =

Z ∞
0

Ps (e|γ) p (γ) dγ.

(43)

where Ps (e|γ) is the SER conditioned on γ and p(γ) is the pdf of the SNR per bit γ. In a
frequency-selective fading channel, variable γ is distributed according to the sum of
multiple resolvable fading components. It is shown in Article VI that for the target
system, the CER takes the form
"
#
p

p

M−2
p
p
1
Ps (e|γ) =
M − 1 + ∑ QD
2λm γ , 2ρm0 (γ) − QD
2λm+1 γ, 2ρm0 (γ) ,
M
m=0
(44)
where ρm0 (γ) = ρm (γ)/N0 and QD (·, ·) denotes the general Dth order Marcum Q-function.
Next, we substitute (44) into (43) and evaluate the integral at hand. By applying the
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commutative law between the integral and sum operations, we obtain
"
#
M−2
1
Ps (e) =
M − 1 + ∑ JD (m, m) − JD (m + 1, m) ,
M
m=0
where
JD (m, n) =

Z ∞
0

QD

p

p
2λm γ, 2ρn0 (γ) p (γ) dγ.

(45)

(46)

Since (27) does not have an analytical closed form solution with (26), the optimal
thresholds ρn0 (γ) in (46) are unknown functions of γ. For that reason, the integral in (46)
must be evaluated by using finite sums, i.e.
q

q
G
0
0
0
JD (m, n) ≈ ∑ wi QD
2λm γi , 2ρn (γi ) p(γi0 ),
(47)
i=1

where G is the number of summations and γi0 , wi are, respectively, suitable choices of
integration points and weights. The approximation given by (47) allows us to estimate
the value of the improper integral (46), using only a finite number of optimal thresholds
ρn0 (γi0 ). In particular, (47) requires the calculation of G(M − 1) optimal thresholds via
numerical evaluation of (27). It is evident that the value of G should not be extensively
high. In the next subsection, we see how to evaluate (47) with lognormal fading as a
case example by using appropriate choices for the integration points and weights. The
objective is to analytically examine the multipath diversity effects for a given multipath
delay profile. Articles I, II, and V present the SER results in an equivalent but slightly
different form, and Article VI then simplifies the mathematical expressions.

4.3.2

Lognormal multipath fading channel

The SNR per bit γ in (43) is now assumed to be distributed according to the sum of
lognormal variables, whose pdf is difficult to derive in a closed form. To maintain
the simplicity of the analysis presented in the previous subsection, it is desirable to
approximate the sum of lognormal variables by another lognormal random variable. As
described in Article VI, a desired approximation of (46) with lognormal pdf given in
(20) can be found as
q

q
1 G
0
0
0
√
JD (m, n) ≈
(48)
∑ wi QD 2λm γi , 2ρn (γi ) ,
π i=1
where
γi0

= exp

!
√
zi 2σ + µ
,
ω

i = 1, 2, . . . , G,

(49)
87

ω = 10/ ln(10), and wi and zi are, respectively, the weight factors and zeros of the
Gth order Gauss-Hermite integration. Parameters µ and σ are the mean and standard
deviation of the normal variable 10 log10 (γ), respectively. Parameters µ and σ are
affected by the selected power delay profile (PDP) of the channel and found by using a
suitable moment-matching approach as described in Article VI. Finally, by using (48) in
(45) we obtain a novel approximate average SER for the M-ary ED-PAM system in a
frequency-selective lognormal multipath fading channel as
"

q
q
1
1 G M−2
Ps (e) ≈
2λm γi0 , 2ρm0 (γi0 )
M − 1 + √ ∑ wi ∑ QD
M
π i=1 m=0
q

q
− QD
2λm+1 γi0 , 2ρm0 (γi0 ) .

(50)

Using the proposed evaluation method (50), several observations are made in Article
VI. The value of D has a notable effect on the performance, but the effect slightly
diminishes as the value of M increases. Since the required SNR is quite high for large
M, increasing the value of D, i.e. letting more noise samples in the system, does not
affect the performance so much as with a higher noise power. The performance of the
ED-PAM system degrades with respect to the PAM system using the MRC, as M is
increased because of the superior ability of the MRC to combat reduced symbol spacing.
Since the MRC can combine the paths more efficiently at the cost of higher complexity,
the performance difference between the MRC and ED-PAM systems increases with the
increasing value of L. It is shown that an inversed moment matching is more accurate
but also also more difficult to obtain than noninverted moment-matching. In general, the
provided analytical method can be used for optimization of the ED-PAM system, for
example to identify the optimal integration time for a given PDP of the channel. The
approximation error of using Gauss-Hermite integration can be roughly evaluated as
summarized in Appendix 5. Some numerical SER results in function of G are provided
in the book chapter written by the author of this thesis [11].

4.3.3

Effects of threshold estimation errors

In this subsection, a short summary is provided on the analysis results of the performance
of the proposed suboptimal threshold schemes. Analytical methods are proposed
to evaluate the effect of imperfect threshold estimation on the CER performance.
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Extensions to random block fading channel models are also possible by averaging
the error probability over the pdf constrained by the specific statistics of γ, provided
that the joint pdf of γ and the threshold estimation errors are known. In this section,
the mathematical expressions, which can be found in the appropriate articles, are not
explicitly shown.
Systematic error
In Articles I and II, some observations were made about the relation between the
systematic threshold mismatch and the corresponding margin in the required SNR per
bit to preserve a desired SER. The required margin seems to increase nonlinearly with
threshold offset, and the negative offset is more sensitive to introduce degradation than
the positive offset due to asymmetrical pdfs of ED-PAM symbols. The required margin
seems to increase with M for a given SER. However, the sensitivity dependency on γ
and D is highly irregular with respect to the threshold offset due to the fact that they
shape the pdfs of ED-PAM symbols. We conjecture that a simple quadratic function can
describe the approximate dependency between a relatively small systematic threshold
mismatch and the corresponding margin in the required SNR per bit to preserve a desired
SER.
DA estimation
In Article VI, the effect of joint systematic and random threshold estimation errors
on the CER using the DA estimation approach is considered. The motivation for the
analysis is to find an approximate closed-form relationship between the CER and the
observation interval with given system parameters to evaluate jointly the residual bias
and convergence characteristics. The inclusion of the effect of systematic error is readily
obtained by replacing the optimal thresholds in the error rate equations of the previous
section by a selected suboptimal scheme. However, the joint inclusion of the effect
of estimated parameter tuple (Êr,0 , . . . , Êr,M−1 , N̂0 ) results in a double integral of the
form shown in Article VI. The problem of finding a closed form analytical relationship
between the CER and the required observation length is mathematically intractable due
to the Bessel function in the noncentral chi-square pdf. Two alternative approximate
methods are proposed to evaluate the double integral at hand using the Berry-Esseen
theorem and Gaussian quadrature rules.
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The approaches rely only on the statistics of the independent signal energy and noise
spectral density estimation parameters and can be used to analyze any DA threshold
selection method depending on these parameters. The analytical approximations are
found to be useful for the evaluation of the convergence characteristics and residual
systematic error of the selected estimator with given system parameters. One obvious
interest is to define the required observation interval to achieve a saturation level
determined by the systematic error of the particular threshold estimator as illustrated via
numerical examples in Article VI. The analytical results confirm that relatively long
training signals are required for the DA approach with near-optimal convergence due to
the cross-products between the signal and noise created by the squaring operation of ED.
NDA estimation
A similar approximation approach as for DA estimation is also applied to the NDA
scheme in Article III. However, in the case of the NDA method, only one random
variable must be treated. Furthermore, the moments of the decision variable are derived
completely differently, as shown in Article III. The analytical results provide some
fundamental insight on how the pattern noise affects the threshold deviation and,
consequently, the SER with respect to the observation interval and number of modulation
levels. In general, the NDA estimation method is biased and suffers from relatively slow
convergence. This is a consequence of using a very simple and constrained estimator
structure without redundant signals. The method is thus most suitable to binary PAM
systems, low numbers of DOFs, and slowly fading environments.
BDD estimation
The SER performance of the BDD method is studied in Article IV. In this article, we
must rely on computer simulations because the pdf of the random variables introduced
by the patter noise is unknown. Nevertheless, the SER expression from Article VI serves
as an analytical lower bound and insightful verification reference also for the BDD
method. The pattern noise is caused by the potential incomplete transmitted sequences
in the IM. It is shown that a small value of K is an appropriate choice to avoid the
pattern noise due to incomplete transmitted sequences. A significant observation is
that the value of N should primarily be selected large enough so that the probability
of incomplete transmitted sequences is low in comparison with the target SER. The
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effect of the AWGN is then further reduced in the DM. The effect of imperfect feedback
decisions was found to be insignificant on the performance of the BDD estimator.
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5

Discussion

In this chapter, further in-depth discussions of the achieved results are presented. The
main comparative characteristics of the proposed threshold estimation techniques are
analyzed in Section 5.1. The significance of the proposed analysis methods is shortly
discussed in Section 5.2. Finally, the present limitations are summarized in Section 5.3
with reference to future work.

5.1

Threshold estimation

The optimal decision thresholds for ED of multilevel PAM symbols must be found using
complicated nonsymmetrical chi-square pdfs. It was shown that the discrimination of
PAM symbols with an FSI front-end of ED can be found using a regression analysis
and polynomial fitting approach resulting in an attractive near-optimal closed-form LS
estimation approach. It was illustrated in Articles II and VI that the LS method is clearly
superior in comparison with the Gaussian approximation having similar complexity.
It was also observed that asymptotic approximations of involved Bessel functions
lead to large performance degradations with ED-PAM systems. The superiority of the
LS approach with respect to the Gaussian approximation increases with decreasing
number DOFs, and this happens frequently when a multiband modulation approach is
used. A significant observation is that the polynomial order of the LS method seems
to affect notably only the threshold with subindex m = 0. This means that one can
select a low-order polynomial for the remaining thresholds, resulting in a tractable
scheme also from the complexity point of view. It is emphasized that although the
proposed threshold estimation methods are optimized for the family of chi-square pdf,
the approaches could be readily modified for other pdfs as well. These include the Rice
and Rayleigh distributions, which are used to model the pdf of the decision variable with
envelope detection, as shown in Appendix 1. The estimators are given in a nonrecursive
form. However, the corresponding recursive structures, which may be more convenient
for a practical implementation, can be found by recursively updating the previous
estimate [79, 138]. In principle, it is also possible to use fixed predefined thresholds
based on assumed fading statistics without trying to adapt to changes in a time-variant
channel, and thus ignoring the resulted systematic threshold mismatch. However, the
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performance of ED-PAM system is rather sensitive to the systematic threshold mismatch
as illustrated in Articles I and II. Consequently, the multipath fading and shadowing
effects may degrade the performance significantly, if the decision thresholds are not
adaptive. Moreover, the information about noise power density is still required.
Three alternative estimation methods were presented to find the time-varying
parameters required to detect the PAM signals in slowly fading multipath channels.
The methods have different complexity and performance characteristics, as presented
in the following. The convergence speed of the DA method is the highest for a given
SER, followed by the BDD method. The worst performance was observed with the
NDA method. This is illustrated in Figs. 4 and 5 of Article IV. A key reason for the
performance differences is how the estimation method treats the problem arising from
the pattern noise. In general, from the convergence point of view, the DA method results
in the best performance by sending redundant training signals which consumes both
basic resources, i.e. transmit energy and the bandwidth. Also the estimation robustness
suffers, as the estimation can be performed only during a specific time slot where the
training signal takes place. The NDA and BDD estimation, on the other hand, can be
performed at any stage during the data transmission increasing the robustness of the
system. The NDA method is very simple but cannot remove the pattern noise efficiently.
The BDD method has the complexity and performance on the order of the DA method
with relatively low values of M, and there is no requirement for a redundant training
signal. The proposed BDD method is then very attractive especially for popular OOK
signals.

5.2

Performance analysis

The main motivation for using the proposed performance analysis methods is to obtain
some analytical insight on how the SER depends on the various ED-PAM system
parameters. The proposed analysis methods enable using optimal adaptive thresholds
in the performance evaluation with arbitrary number of DOFs per symbol. They lead
to an important performance bound for more practical threshold estimation methods.
It was observed from Fig. 1 of Article V that the Gaussian approximation of the pdf
of the symbol decision variable for the data estimation cannot be used to resemble
the optimal thresholds with a low number of DOFs, and more involved least squares
methods are required for a closed-form solution. However, the Gaussian approximation
of the pdf of the energy estimation errors results in suitable approaches to relate the
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error probability and the required observation length in a closed form, as seen from Figs.
7–9 of Article VI. The presented performance analysis seems to be the first one aiming
at solving the problem of analytical SER evaluation using optimal and suboptimal
threshold estimation in ED-PAM systems and frequency-selective multipath channels
with time-varying SNR, and an arbitrary number of DOFs and PAM alphabet size. The
reason might be the analysis difficulty and the fact that there has been no attractive
wireless communication applications suitable for ED-PAM systems until recently in the
form of wideband SRC applications presented in Chapter 1. The analytical difficulty
mainly comes from the fact that the ED-PAM receiver has a nonlinear structure with
signal- and channel-dependent noise and decision threshold characteristics. It was
further recognized that the proposed general analysis framework can readily be extended
to analyze more complicated channel phenomena such as the correlation effects or
random delays between multipath components by using appropriate semi-analytical
approaches. An additional publication is under preparation on this topic [7].

5.3

Present limitations and future work

In this section, a critical discussion on the main limitations of the present work is given
in order to provide motivation for future work. Regarding the LS threshold approach
in Articles I and II, it was not possible to show what are the best-fit parameters in
the regression analysis, and the parameters were found experimentally by studying
the trends on the error function with respect to related parameters. However, since
the SER performance was found to be very close to that of the optimal one, it can be
concluded that the proposed regression parameters are close to the best-fit ones. In this
work, the quantitative SER values were compared only between ED and MRC with
several idealized assumptions. The complexity comparisons with different approaches
were covered only by rough statements, as in Table 2. Consequently, a remaining open
question is to reveal the overall practical trade-offs including the required transmitter
signal energy, signal processing energy, effect of transceiver nonidealities, and the
related hardware complexity of different transceiver structures. Further study is needed
to address the problem with the enhancement of the white noise and possible nonwhite
interference inherent to ED-PAM systems. The evaluation of the BDD algorithm in
Article IV was conducted using computer simulations. However, Article IV is currently
being extended into a journal paper [8] including more analytical results to study the
performance of the very promising BDD approach.
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In order to solve the improper integrals involved with the analytical SER expressions,
some well-established approximation rules and the approximation errors have been
applied and can be evaluated, as summarized in Appendix 5. The SER analysis results
apply when the number of DOFs is an even integer. The extension to odd numbers of
DOFs is trivial but the problem becomes more complicated with fractional numbers of
DOFs. However, the number of DOFs can always be rounded to the nearest integer with
only a slight effect on the analysis accuracy. Although a general framework, which
can be used for any fading statistics in (45)–(47), was presented, the work was limited
to describe closed-form solutions only for lognormal fading channels. The selection
was made based on the common consensus that the lognormal distribution is the most
important statistical model for very wideband SRC channels at 3–10 GHz [131] and at
57–66 GHz [220] center frequencies. Depending on the used fading distributions, it
may turn out that the applied quadrature rules do not apply or the pdf of the decision
variable is not known. Then, some other numerical methods could be used to solve the
SER. Good summaries of advanced numerical approximation methods and other SER
evaluation approaches are found in [36] and [5, 180], respectively.
Perhaps the main limitation of the studied ED-PAM systems is that, in comparison
with optimal MAP detection, the low complexity advantage of the proposed methods
comes at the cost of becoming more vulnerable to the effects of random noise, as the
squaring operation of ED enhances the noise components of the PAM signal. This
drawback represents a fundamental trade-off between the minimization of transmitted
signal energy and complexity of signal detection. Nevertheless, the severity of the noise
enhancement in a particular SRC system depends on a number of issues and should
be considered more carefully in future work. For the basic resources allocated by the
regulators, i.e. the transmitted signal power and the operating frequency range, the
effects of the noise can be reduced mainly by reducing the link distance, increasing the
antenna gain, or reducing the symbol rate. Obviously, if signal redundancy and related
processing complexity is allowed, channel coding is a traditional approach for reducing
the noise effects.
In order to give a more concrete idea of the possibilities to mitigate the noise effects
in very wideband SRC systems, in Figs. 15 and 16, some examples are plotted on the
estimated maximum available SNR per bit at the receiver for a given link distance in
meters, antenna gain in dBi, and data rate in Gbit/s14 . We use the SRC frequency ranges
14 The
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relation between the received SNR and data rate Rb is found by representing the SNR as Eb Rb /(BN0 ).
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Fig 15. The maximum available SNR per bit at the receiver of an SRC system
operating at 3–10 GHz.
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Fig 16. The maximum available SNR per bit at the receiver of an SRC system
operating at 59–66 GHz.
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3–10 GHz and 59–66 GHz as case examples, where the maximum emission power limit
of -2.8 dBm and 40 dBm are, respectively, allowed by the regulators [50, 219]. We
apply the standard link budget analysis with the Friis’ path loss model15 [170, p. 93–98],
noise figure of 5 dB, and link margin of 10 dB. This simple approximate analysis shows
that there are a number of practical ways to overcome the possible noise enhancement of
SRC radios. There seems to be more available SNR per bit in the frequency range of
59–66 GHz in comparison with 3–10 GHz. With a deployment of the cognitive radio
concept [92, 124], it is likely that the power emission limits will be even more relaxed in
the future.

15 Friis’
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model may be too optimistic in the near-field if the distance is less than the signal wavelength [171].

6

Concluding remarks

This thesis presents novel methods for the design and analysis of low-complexity very
wideband SRC radios using ED and PAM signals. Chapter 1 presents the background
for the research problem and explains the novel contributions of the research against
the most relevant literature. In Chapters 2 and 3, an overview is provided on selected
concepts and design methods for SRC radios to obtain insights between the studied
system, other PUD schemes, and optimal MAP detection. The author’s contributions are
then described in more detail in Chapters 4 and 5.
The main achievements are summarized as follows. Firstly, a closed-form decision
threshold selection method, which adapts to a time-varying channel gain and enables an
arbitrary choice of the PAM alphabet size and integer time-bandwidth product of the
receiver filters, is proposed. Secondly, novel nonredundant NDA and BDD threshold
estimation schemes are introduced for both binary and multilevel ED-PAM systems.
Thirdly, analytical error probability evaluation in frequency-selective multipath fading
channels is addressed. A special attention is given on lognormal fading channels, which
are typically used to model very wideband SRC multipath channels. Finally, analytical
error probability evaluation with nonideal parameter estimation is presented.
Low complexity is important especially in very wideband or high center frequency
SRC radios where phase recovery and energy capture from numerous resolvable
multipaths easily become a bottleneck for the system design. A nonnegative PAM
alphabet enables us to design a simple ED-based detector which does not need to
know the relative timing, phase, or amplitude information of resolvable multipaths for
the multipath energy capture. Only information over the ensemble symbol is needed,
including the start time of the symbol, total energy over all multipaths, and noise
power density. Furthermore, PAM signals can be detected by using only a single real
decision variable with a low-complexity decision threshold comparison structure without
relatively complicated coding delay lines or correlation banks required for differential
and multidimensional orthogonal signals, respectively. A very motivating development
has been that PAM signals were adopted in the 60 GHz SRC standards such as Ecma-387
[49] and IEEE 802.15.3c [86] during the work performed in this thesis. The main reason
for adopting PAM signals was to enable the use of a low complexity ED receiver which,
however, is not specified by the standards. These observations indicate that the selected
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problem is timely and the results can be exploited in such SRC systems. A very recent
trend is to explore the possibilities to apply the unused frequency range with Terahertz
SRC radios operating in the vicinity of 1 THz center frequency [184, 208]. It is evident
that the need for low-complexity transmission methods studied in this thesis will be
important also for Terahertz communication systems.
One main contribution of this thesis is to obtain analytical insights for understanding
the performance characteristics of both binary and multilevel ED-PAM systems in slowly
fading SRC channels. In many practical cases, binary PAM signals, i.e. OOK signals,
are favored due to the superior error rate performance under AWGN in comparison with
multilevel PAM signals. For a given bit rate, multilevel and multiband PAM signals
can be used to increase the symbol interval and, consequently, the robustness to ISI.
Multiband ED-PAM systems resemble the popular multicarrier systems, but possibly
complicated carrier phase estimation is avoided and the multipath diversity can be
cost-efficiently exploited. In general, the design and analysis of advanced PUD systems
lags behind the corresponding phase-aware receivers, and there is a clear need for better
understanding of these systems. In more complicated environments with significant ISI
or other type of interferences, the nonlinear operations involved with the PUD receivers
may also increase the complexity of some parts of the symbol detection with respect
to the phase-aware detection. To this end, the significance of interference avoidance
with PUD systems by signal design was also emphasized. The ED as well as other
PUD systems have traditionally been used with low data rate applications. Due to the
recent advances in both algorithm and implementation designs, the PUD systems have
created much attention among academic and industrial research communities to apply
PUD-based transceivers also for high data rate applications. This is true especially in
case of very wideband SRC systems operating at 3–10 GHz as well as 57–66 GHz.
There are several interesting open problems requiring further study, as discussed in
Chapter 5, reflecting the scope of this thesis. In ED-based SRC systems, it is highly
desirable to minimize the required signal redundancy using blind estimation techniques.
Consequently, it becomes important to obtain analytical insights on how to reduce the
effects of pattern noise inherent to blind estimation. A journal article is currently being
prepared by the author on this problem [8]. Another interesting relatively new topic is
the optimization of multiantenna techniques for PUD systems, because the effect of
the noise and interference enhancement of PUD approaches can be reduced without
decreasing the information rate. The research presented in this thesis is being pursued in
such multiantenna extensions [7].
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Appendix 1 Some statistical properties of
Gaussian-derived processes for PUD systems
In this section, variants of pdfs involving Gaussian random scalar variables are summarized. The extension to vector variables follows readily. The aim is to collect some
important pdfs to illustrate the differences between the statistics of the decision variables
for the PUD systems presented in Chapter 2. The motivation is to represent the material
in a unified format in order to give inference for the relationships between the decision
variables of different PUD systems. For brevity, we can assume that the signal is of the
form
r(t) = αc cos[2π fct + φ (t)] + n(t),
(51)
where αc is a known deterministic amplitude, fc is the center frequency, φ (t) is a
uniformly distributed random phase variable over [0, 2π), and the noise n(t) is a zeromean band-limited AWGN process with the noise spectral density N0 . For notational
simplicity, we can drop the time-dependency t from the parameters. In addition to pdfs,
in the simplest cases, the raw moments E(zk ), where z is a given random variable and
k is a positive integer, are summarized. The central moments can be found from the
corresponding raw moments by the relation [177, p. 8]
k

k!
µzk−i E(zi ).
i!(k
−
i)!
i=0

E[(z − µz )k ] = ∑

(52)

where µz = E(z) is the ensemble average of z.
Gaussian process
The scalar real random variable r from (51) is said to be Gaussian or normal stochastic
process if the pdf is given as [118, p. 106]


1
(r − µr )2
exp −
.
(53)
p(r) = √
N0
πN0
The pdf of a complex Gaussian process readily follows from (53) as a joint density of its
real and imaginary parts [118, p. 250]. The raw moments of r are given as [153, p. 40]
k

k!
µ i E[(r − µr )k−i ],
i!(k
− i)! r
i=0

E(rk ) = ∑

(54)
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where E[(r − µr )k ] = 1 · 3, · · · , (k − 1)(N0 /2)k/2 for even k and E[(r − µr )k ] = 0 for odd
k.
Envelope of a Gaussian process
The pdf of the envelope of the Gaussian process r is found by first representing (51)
in a complex envelope form [118, p. 129]. The in-phase and quadrature components
of the complex envelope rI and rQ are treated as independent variables and their joint
pdf is first examined conditionally on random phase
qθ . Next, the conditional joint
2 and φ = arg(r + jr ).
pdf is represented with the new transformations re = rI2 + rQ
e
I
Q
Finally, we have two random phase variables φ and φe . However, it is shown in [118, p.
129], that it is enough to integrate over only one phase variable to result in a completely
phase-independent pdf as
 2

re + αc2
2re
exp −
I0 (2αc re /N0 ),
(55)
p(re ) =
N0
N0
where I0 (·) is the modified 0th order Bessel function of the first kind. This density is
called the Rician density by the inventor S. Rice [161]. If αc = 0, (55) reduces to the
well-known Rayleigh pdf. The kth moment of re is given as [177, p. 11]
 2 



αc
k
k
αc2
k/2
E(rek ) = N0 exp
Γ 1+
,
(56)
1 F1 1 + ; 1;
N0
2
2
N0
where Γ(·) is the gamma function and 1 F1 (·; ·; ·) is the confluent hypergeometric function.
Squared envelope of a Gaussian process
In this section, we treat the squared envelope of a Gaussian process. In this case, we do
the transformation rs = re2 , where re was defined in the previous subsection. Applying
this transformation to (55) and a proper pdf normalization inferred from the fundamental
transformation law of probabilities16 immediately result in


√
p(re = rs )
√
1
rs + αc2
exp −
(57)
p(rs ) =
=
I0 (2αc rs /N0 ).
√
2 rs
N0
N0
This density is called the noncentral chi-square pdf with two DOFs. If αc = 0, (57)
reduces to the central chi-square pdf with two DOFs. The kth moment of rs is given as
16 The

transformation law of probabilities suggests the mapping of densities as |p(z)dz| = |p(x)dx| from which
√
p(z) = p(x)(dx/dz) and dx/dz = 1/(2 z) [151, p. 214].
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[177, p. 15]
E(rsk ) = N0k exp



αc2
N0





α2
k!1 F1 1 + k; 1; c .
N0

(58)

Sum of squared envelope of a Gaussian process
In this section, the pdf for the sum of squared envelope of a Gaussian process, which
generalizes (57) for a sequence of samples, is presented. That is, we consider the
transformation rq = ∑i ri2 = ∑i (xi + ni )2 , where i = 1, 2, . . . , v, ri are received signals
sampled from r, xi are constant sampled noiseless received signals, and ni are sampled
independent zero-mean AWGN components. The derivation of the pdf is made in
four steps as shown in [118, p. 136–138] by obtaining the pdf of one term of the
summation of the transformation ri2 , finding the characteristic function of ri2 , finding the
characteristic function of rq , and taken the inverse transform of the the characteristic
function of rq . Finally, we have
s
!
 


rq + λc
1 rq (v/2−1)/2
yλc
(59)
p(rq ) =
Iv/2−1
exp
N0 λc
N0
N02
for even integer v and λc = ∑i xi2 . The integer vth order modified Bessel function of the
first kind is given as
Iv (z) =

1
π

Z π

exp[z cos(θ )] cos(vθ )dθ .

(60)

0

For odd v, the exponents and subindexes of (59) are sightly modified [177, p. 15]. The
pdf (59) is called the noncentral chi-square pdf with v DOFs and noncentrality parameter
λc . If the noncentrality parameter is zero, (59) reduces into central chi-square pdf with v
DOFs. The kth moment of rq is given as [177, p. 15].
 #
 2 " v


+
k
−
1
!
α
v
v αc2
c
k
k
2

E(rq ) = N0 exp
+ k; ;
(61)
1 F1
v
N0
2
2 N0
2 −1 !
for even v. With odd v, a slight modification of (61) is found in [177, p. 15].
Weighted sum of squared envelope of a Gaussian process
In this section, we further extend the previous case into a weighted sum of squared
envelope of a Gaussian process. The appropriate transformation is rw = ∑i w̃i ri2 =
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∑i w̃i (xi + ni )2 , where i = 1, 2, . . . , v and w̃i > 0 are the chosen weighting factors. This
pdf cannot be found in a closed form and several infinite series forms have been proposed
[103]. Different series forms have different convergence characteristics. One of the
simplest one is the power series form given as [103]
v/2+k−1
bw,k (−1)k r2w

,
p(rw ) = ∑
2Γ 2v + k
k=0
∞

(62)

where bw,k are found recursively as function of the weighting factors w̃i , as shown in
[103]. The pdf (62) is called the weighted noncentral chi-square pdf. If the noncentrality
parameter is zero, (62) reduces into the weighted central chi-square pdf [102].
Differential Gaussian process
In the differential Gaussian process of interest, which is suitable to detect signals
using differential phase modulation, the phase parameter φ in (51) is divided into two
components, i.e. φ = φ̃ + θ , where φ̃ denotes the phase contribution from the differential
modulation of the carrier phase and θ is an unknown uniformly distributed channel
phase. Parameter θ is constant at least over the period of time 2T required to transmit
two waveforms having signal phases φ̃1 + θ and φ̃2 + θ , respectively. Then the relative
phase difference between two successive waveforms, i.e. (φ̃1 + θ ) − (φ̃2 + θ ) = φ̃1 − φ̃2 ,
will be independent of θ . Consequently, an appropriate transformation for a decision
variable is rd = |φ̃1 − φ̃2 |, where the required phase difference is measured between two
noised received signals r(t) and r(t − T ). The pdf for this transformation is given as [14]
π/2
R

n
o
αc2
sin(r̃d ) 1 + 2N
[1
+
cos(r
)
sin(r̃
)]
d
d
0
0n
o
αc2
× exp − 2N0 [1 − cos(rd ) sin(r̃d )] d r̃d ,

p(rd ) =

1
π

(63)

where r̃d = md + φ̃1 − φ̃2 and md is the phase modulation offset.
It is enlightening to take a closer look on the noisy measurement process r(t)r(t − T )
of the phase difference to recover the differential phase information. Without the loss
of generality, we can assume that phase difference between r(t) and r(t − T ) is zero
and αc = 1 [153, p. 273]. Then the differential transformation results in three terms as
r(t)r(t − T ) = 1 + [n(t) + n(t − T )] + n(t)n(t − T ). The first noise term [n(t) + n(t − T )]
is Gaussian-distributed with zero mean and twice the variance of r(t). The second noise
term nd = n(t)n(t − T ) has the pdf of I˘0 (|nd |/N0 )/N0 , where I˘0 (·) is the zeroth order
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modified Bessel function of the second kind [177, p. 49]. As noise variance decreases,
the effect of the second noise term becomes negligible.
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Appendix 2 Derivation of (28)
The asymptotic decision rule (28) applies the approximation of the modified Bessel
function in (26) as [151, p. 190]
Iq (z) ≈ (2πz)−1/2 exp(z),

(64)

which is valid when z  q. After substituting (64) into (26) and rearranging the terms,
we obtain
!
p

 1
 D−1 
2
4yk Er,m − yk − Er,m
4yk Er,m − 4
yk
1
p (yk |Er,m ) ≈ √
exp
(65)
N0
N02
2πN0 Er,m
for m = 1, 2, . . . , M − 1. Approximation (65) is valid when z  q [151, p. 190], i.e.,
p
when 4yk Er,m  (D − 1) N0 . Since the central and noncentral chi-square pdfs in (26)
are notably different depending on whether m = 0 or m > 0, we treat these two cases
separately.
Case m = 0:
In case of m = 0, we substitute p(yk |Er,0 ) from (26) into the left-hand side of (27) and
p(yk |Er,1 ) from (65) into the right-hand side of (27), and after rearranging the terms, we
obtain


Er,1
ζ (2D−1)/2 exp (−2ζ ) = exp −
cd ,
(66)
N0
p
where ζ = ρ0 Er,1 /N0 and cd = (2π)−1/2 (D − 1)!4−1/4 . Next, we take the natural
logarithm of both sides of (66) and after rearranging the terms, we obtain
s
Er,1
(2D − 1) ln (ζ )
1
− 2 = ln(cd ) −
.
(67)
2
ζ
ζ
ρ0
Next, we apply limζ →∞ (·) for both sides of (67) and we observe that the first terms of
both sides of (67) become zero. The proof for the term becoming zero is trivial for the
right-hand side of (67). To prove that the first term of the left-hand side of (67) becomes
zero, it is sufficient to show that limx→∞ [ln(x)/x] → 0. The L’Hopital’s rule states
that if limx→∞ d[ f (x)]/d[g(x)] → 0, then limx→∞ [ f (x)/g(x)] → 0, where d(·) denotes
the derivative of the argument. Since the derivatives of f (x) = ln(x) and g(x) = x are,
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respectively, given as d[ f (x)] = 1/x and d[g(x)] = 1, we obtain limx→∞ (1/x) = 0. After
substituting the first terms of both sides of (67) for zero, it is obvious that ρ0 approaches
Er,1 /4, provided that ζ → ∞.
Case m > 0:
In case of m > 0, we alternatively use (65) for both sides of (27). Therefore, (27)
becomes
!
!
p
p
4ρm Er,m+1 − Er,m+1
4ρm Er,m − Em
(1−2D)/4
(1−2D)/4
Er,m
exp
= Er,m+1 exp
. (68)
N0
N0
Next, we take the natural logarithm of the both sides of (68). After rearranging the
terms, we obtain


√
p
 2D − 1
2 ρm p
Er,m+1
Er,m+1 − Er,m
ln
.
(69)
Er,m+1 − Er,m =
+
N0
4
Er,m
N0
After some further basic algebra in (69), ρm can readily be solved and we obtain (28) for
m > 0.
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Appendix 3 Proof that (36) is an ML estimate
Given a conditional observation vector (y1|c0 , y2|c0 , . . . , yNc |c0 ) with Nc0 independent
0
entries at the output of ED, the ML estimate for a scalar parameter N0 is defined to be
the value that maximizes the joint central chi-square pdf
!
 Nc (D−1)
Nc
Nc0
0
1
yk
1 0
(70)
exp −
∑ yk|c0 .
∏ p(yk|c0 |N0 ) = [N (D − 1)!]Nc0 N0
N0 k=1
0
k=1
Because the logarithm is a monotonically increasing function, the logarithm of a function
achieves its maximum value at the same points as the function itself. After taking the
natural logarithm of (70), the maximum is found by differentiating it with respect to N0
as
( "N
#)
Nc
c0
Nc0 Nc0 (D − 1)
∂
1 0
(71)
ln ∏ p(yk|c0 |N0 )
−
+ 2 ∑ yk|c0 .
=−
∂ N0
N0
N0
N0 k=1
k=1
Finally, to find the ML estimate N̂0 , (71) is set to zero and after some algebra, we have
Nc

1 0
−Nc0 D +
∑ yk|c = 0
N̂0 k=1 0

(72)

from which (36) can be readily obtained.
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Appendix 4 Proof that (37) is an asymptotically
unbiased estimate
After substituting (36) and (38) into (37) and taking the statistical average, we obtain
E(Êr,m ) =

κm
NcM−1

NcM−1

∑
k=1

E(yk|cM−1 ) −

κm
Nc0

Nc0

∑ E(yk|c0 ).

(73)

k=1

Since yk|cm is a conditionally chi-squared-distributed variable, it can readily be shown
that E(yk|cM−1 ) = DN0 + Er and E(yk|c0 ) = DN0 (cf. [153]). Therefore, (73) becomes
κm
E(Êr,m ) =
NcM−1

NcM−1

∑
k=1

κm
(DN0 + Er ) −
Nc0

Nc0

∑ DN0 = κm Er = Er,m .

(74)

k=1

Since E(Êr,m ) = Er,m , estimate (37) is an asymptotically unbiased estimate.
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Appendix 5 Approximation methods
Berry-Esseen theorem
The CLT states that under certain circumstances, the sample mean, considered as a
random quantity, becomes more normally distributed as the sample size is increased.
The Berry-Esseen theorem attempts to quantify the rate at which this convergence to
normality takes place. Let zl , l = 1, 2, . . . , L, be independent and identically distributed
random variables with E(zl ) = 0, E(z2l ) = σ 2 , and E(|zl |3 ) = υ < ∞, ∀l. We further
√
define z = L−1 ∑l zl , F(z) as the cdf of z L/σ , and Φ(z) as the cdf of the standard
normal distribution. Then, it can be shown that the error between F(z) and Φ(z) is upper
bounded as [52]
qυ
|F(z) − Φ(z)| ≤ √ ,
(75)
σ3 L
where q < 1 is some constant to improve the error estimate. When L → ∞, the error
approaches zero.
Gauss quadratures
Given the functions w(z) and f (z), the Gauss quadrature approximates the improper
integral as [1]
Zεu

G

w(z) f (z)dz ≈ ∑ wi f (zi ) + RG ,

(76)

i=1

εl

where
RG =

γe (2G)
d
[ f (ξ )]
(2G)!

(77)

is the approximation error for a given value of G, γe is the error parameter depending on
the selected quadrature rule, d(q) (·) denotes the qth derivative of the argument, ξ is
some point in the interval (εl , εu ), and zi and wi are, respectively, appropriately selected
zeros and weights [1]. With the Gauss-Hermite quadrature, we set εl = −∞, εu = ∞,
w(z) = exp(−z2 ), zi are zeros of a Hermite polynomial, and wi are the Gauss-Hermite
weights given in [1]. In case of Gauss-Laguerre quadrature, we set εl = 0, εu = ∞,
w(z) = zβG exp(−z), βG is a constant, zi are zeros of a Laguerre polynomial, and wi
are the Gauss-Laguerre weights given in [1]. The error parameter in (77) is given as
129

√
γe = πG!/2G and γe = G!Γ(G + βG + 1) for the Gauss-Hermite and Gauss-Laguerre
quadratures, respectively. More Gauss quadratures can be found in [1].
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Appendix 6 Errata
Table 3. Errata in Articles I–VI.
Article

Page

Paragraph

Typo

Amendment

II

2

2

0
ρm,opt
, (1 + ∆ρm )

0
ρm,opt
(1 + ∆ρm )

V
V
IV

4
4
2

3
3
3

ω
v!
κm = m2 (M − 1)−2 c−1
s

ω2
(v − 1)!
κm = m2 (M − 1)−2
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