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Notations

p(zly) notational shorthand for pxy (X =z [Y =y)

>omiay f(B) sum over B\ A

D e, f (@) sum over all a for which the k-th component equals ay,
E.[f (z,y,2)]|z] expectation of f (z,y, z) w.r.t. z, conditioned

onz: [p(z|z2)f(x,y,z)dx
Vary [f (z,y,2)|z] variance of f (z,y, z) w.r.t. , conditioned on z

S {z} the imaginary part of =

R{z} the real part of =

x* complex conjugate of

z an estimate of

X a vector x

Tk the k-th element of some vector x

X a matrix X

xXT the transpose of X

XH the transpose complex conjugate of X: X# = (X*)"

Xnm element at row n, column m of X

]| norm of x: ||x|| = /32, |e*

X (f) the Fourier transform of the signal x (¢)

X (er2mIT) the discrete Fourier transform of
the sample sequence {z (kTs)}

T=1y x is a notational shorthand for y (or vice versa)

T XY x is proportional to y: x is equal to y up to irrelevant
additive and multiplicative terms

x~N (u, 02) x is a real random variable drawn from a Gaussian
distribution with mean ; and variance o2

x ~CN (p,20?) z is a complex random variable,

with independent real and imaginary
parts, such that R {z} ~ N (,0?) and S {z} ~ N (u, 0?)

(n,m)g n and m in octal notation

[a, 0] a continuous interval from a € R to b€ R
Invwm an N x M matrix of ones

OnwxM an N x M matrix of zeros

Iy an NV x N identity matrix

arg (x) the phase of the complex number z
argmax, f (z) the value of = that maximizes f ()

10



Glossary

A amplitude

ot complex path gain

CIC (R,L) CIC filter with decimation factor R and order L (Chapter 4 and 7)
d. the parameter vector to be estimated (Chapter 8)

d, the nuisance parameter (Chapter 8)

d. the complete data (Chapter 8)

d,, the missing data (Chapter 8)

d;, the hidden data (Chapter 8)

(1) the Dirac distribution: [k (t)d (t — to) dt = h (to)

Ok Dirac delta: for k € Z: 69 =1, d20 =0

E, energy per transmitted symbol

Ey energy per information bit

E. energy per coded bit

fe carrier frequency

fir intermediate frequency

g (1) obtained by matched filtering h (¢ = [h*( h(t—u)du
hpp (t) baseband channel impulse response

h(t) overall impulse response: h (t) = VE, [ p(u) hgp (t — u) du

0 carrier phase

I1[P] indicator function: I [P] = 1 when P = true and I [P] = 0 otherwise
L number of paths in multi-path channel

M number of points in the signaling constellation {2

Wi (a) message from function node f to variable edge a, evaluated in o’
Ha—gf (a) message from variable edge a to function node f, evaluated in a’

N oversampling factor (Chapters 5-7)
Ny number of information bits per burst
N, the number of symbols per burst

No AWGN power spectral density

N, number of coded bits per burst

Q the signaling constellation

p(t) the transmit pulse

pr (t) the interpolation pulse

q(t) obtained by matched filtering p (¢ = [p* p(t—u)du

rx (t) received signal, with X the baseband IF or bandpass representatlon
sx (1) transmitted signal with X the baseband, IF or bandpass representation
o? noise variance per real dimension, often o2 = Ny/ (2E5)

t time

T the symbol duration (1/7 is the symbol rate)

1/T; the sampling rate

T propagation delay

y (¢) obtained by filtering r (t) with p* (—¢ = [p* du

—u)
Sometimes: obtained by filtering r (¢ ) w1th h* (—t): y (t) = f h* (—u)r (t —u) du
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Abbreviations and acronyms

AAF Anti-Aliasing Filter

ADC Analog to Digital Conversion (or Converter)
APP A Posteriori Probabilities

ASP Analog Signal Processing

AWGN Additive White Gaussian Noise

BB BaseBand
BER Bit Error Rate
BP BandPass

CDMA  Code Division Multiple Access

CIC Cascaded Integrator Comb

DAC Digital to Analog Conversion (or Converter)
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DSP Digital Signal Processing

DS/SS  Direct-Sequence/Spread-Spectrum
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SRC Sample Rate Conversion
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Chapter 1

Introduction

1.1 An evolution in communications

In the last decade, the way we communicate, access and distribute information has changed dramatically. The Inter-
net is now virtually ubiquitous. Cell-phones, digital cameras, laptops, GPS and portable media players are becoming
commonplace, and are constantly transforming, changing, merging. There is a powerful economic drive to recom-
bine existing techniques and standards, to create wireless devices that people can use for a variety of tasks (an idea
aptly referred to as ‘convergence’). One of the goals is a device that is able to support different standards (such
as GSM, DECT, CDMA, UMTS, WiFi), is upgradable to future standards, can support heterogeneous services (e.g.,
narrow-band voice and broadband data services, entertainment, GPS, etc.), at low cost. Furthermore, this device
should be able to operate under the most adverse conditions, with very low power consumption, using the least
possible bandwidth, and so forth [1,2]. An important aspect is that of adaptivity: how, and according to which criteria
can the transmission-parameters (e.g., transmit power, data rate, etc.) be changed over time in an efficient manner?
Many current standards strive to meet at least a subset of the abovementioned requirements.

In the meantime, the communications research community is developing new ideas at an ever increasing pace.
Although the bulk of this research will most likely become nothing more than historical record, every once and a
while a truly remarkable idea shakes up the community, creating entire new fields of research and connecting ex-
isting ones. In the field of digital communications, it all started around the time (for a historical overview, see [3])
of Claude Shannon’s 1948 landmark paper: A Mathematical Theory of Communication’ [4]. Not only did Shannon
singlehandedly create the field of Information Theory, he also changed the way people thought about communic-
ation. Rather than considering the transmission of electromagnetic waves, Shannon envisaged digital information.
The concept of sending information in digital form (e.g., as bits) was formalized at that time. Shannon also derived a
bound, now known as the Shannon Bound, relating a channel to the information rate; the Shannon Bound basically
states how many bits per second one can reliably transmit over a given channel. This bound is still used as a bench-
mark for state-of-the-art communication systems [5]. By defining a new communication paradigm, Shannon helped
in laying the foundation for a large set of related problems, many of which are still relevant today. For instance, the
field of coding theory, concerned with how we can protect the bits that are to be transmitted over the channel. The
field of multi-user communication, where one allows multiple users to share the same channel. And of course other
topics, too many to list here.

Probably the most groundbreaking contribution in the late 20th century is the concept of iterative processing
(turbo-processing). Although this idea has been latently present since the early 1960s [6], it took until 1993 [7] before
its potential was fully recognized, and before the processing power was available to implement the corresponding
algorithms. The idea is conceptually simple: a complex task is divided in simple sub-tasks. To solve the complex
task, one solves the sub-tasks, exploiting information available from the solutions of other sub-tasks. Although
deceptively straightforward, the reader should appreciate the enormous impact the turbo-concept has had in the last
decade. For instance, the idea was originally applied to the problem of channel coding, resulting in the development
of a novel type of code (a turbo-code, naturally). For the first time since Shannon’s 1948 paper, a research group was
able to create a practically implementable code, that could approach the Shannon Bound!! Later, the turbo-principle
was applied in virtually every area of digital communications, leading to techniques such as turbo-synchronization,
turbo-multi-user-detection, turbo-equalization, etc. The turbo-principle was originally developed in a rather ad-
hoc way. Only recently a mathematical framework was proposed confirming, up to a point, the validity of these
algorithms. This framework goes under the name of ’factor graphs’ [8,9], and provides insightful ways to develop

1At the International Communications Conference in 1993, where Claude Berrou et al. first presented their turbo-codes, the idea was met with
significant scepticism. Only when the results had been independently verified, was the turbo-concept fully accepted.
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Figure 1.1: A generic Multi-Mode Transceiver

iterative algorithms, based on a graphical representation of a problem or system.

Let us take a step back. On the one hand there is a need from the industry to create powerful, adaptive devices
(requiring powerful, adaptive algorithms). On the other hand, a plethora of new iterative algorithms and techniques
from the communications research community are available. In this dissertation, we will forge some links between
iterative processing and adaptive transceivers.

In the remainder of this chapter, we will give a brief description of the transmission schemes under consideration,
and place them in their proper context. A number of practical problems related to such receivers will be touched
upon. We end with an overview of the organization of this dissertation.

1.2 Multi-mode transmission and Software Radio

1.2.1 Concept

In adaptive transmission, the transmitter can decide, based on a set of rules, to change the way digital information
is transmitted. For instance, the transmitter could increase the transmit power depending on the channel conditions,
to ensure a target quality of service (QoS). The transmitter could also adapt the data rate, depending on the type
of content that needs to be transferred [10]. The different regimes under which a transmitter can operate will be
named the transmit modes. Determining a set of rules according to which modes should be selected is referred to
as link adaptation, and deals mainly with information-theoretic aspects of multi-mode transmission. The process of
modifying (through filters or software) the transmitter and receiver to operate in a given mode will be referred to as
mode adaptation.

A generic multi-mode transceiver is shown in Fig. 1.1. The transmitter selects a transmit mode, according to the
link adaptation strategy. For instance, the transmitter could decide to adapt the transmit power and modulation
based on certain channel state information, in order to reduce the overall transmit power and thus increase battery
life. The transmitter can obtain the channel state from the receiver through some separate channel (shown in dashed
in Fig. 1.1). Once a transmit mode has been selected, a sequence of bits is converted to a signal corresponding
to that mode. The signal is generated through a combination of Digital and Analog Signal Processing (DSP and
ASP, respectively), separated by a Digital to Analog Converter (DAC). Both analog and digital components may
depend on the transmit mode. Then, the signal is transmitted to the receiver over a channel, in this example using
an antenna®. The signal propagates through the channel and arrives at the receiver, corrupted by thermal noise. The
main goal of the receiver is detecting the bits. Often the most efficient way to do this, is first estimating the channel
state (and possibly the transmit mode), and only then detecting the bits, assuming the estimates to be correct. In
some scenarios, the transmitter can forward the transmit mode to the receiver through some separate channel (again

20r some other means, such as optical fiber, coax cable, telephone line etc.
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shown in dashed in Fig. 1.1). Similar to the transmitter, the receiver also has analog and digital components, now
separated by an Analog to Digital Converter (ADC).

1.2.2 Practical issues

As with many ideas, the concept of adaptive transmission is not new. At the time of its conception (some 40 years
ago), there was only very limited interest [11,12]. Only recently, with the availability of suitably powerful hardware,
has adaptive transmission been put back on the agenda (see [13] and references therein).

Despite the presence of powerful hardware, mode adaptation at the transmitter and the receiver should be per-
formed in an efficient manner. It would not do to design transceivers with different analog and digital components
for each possible mode - the cost would simply be prohibitive. In fact, mode adaptation should be performed, as
much as possible, in the digital rather than the analog part of the receiver: analog components cannot easily be
adapted, cannot benefit from Moore’s law and are generally less reliable and less cost-effective than their digital
counterparts.

Shifting tasks to the digital domain goes hand in hand with the concept of Software Radio (SR) [14]. Originally
conceived for military applications, the idea of Software Radio is to digitize signals close to the antenna and let all
processing be performed by digital signal processors, programmable by software, operating on a suitable hardware
platform. Adapting the radio to operate in a new mode (or even a new standard), simply requires loading different
software. Some critical functionalities of Software Radios are [15]:

o Analog to digital and digital to analog conversion: when the ADC is moved closer to the antenna, the digitization
bandwidth needs to be increased, as well as the dynamic range. Additionally, power consumption of ADC and
DAC components may be an issue. Problems related to ADC and DAC are outside of the current scope.

o Sample rate conversion: different parts of the receiver may operate at different rates. The process of converting
samples at one rate to samples at another rate is known as Sample Rate Conversion (SRC).

o Channelization: isolating independent communication channels contained within a signal. Out-of-band as well
as in-band interferers should be suppressed, either in the digital or in the analog domain.

It is expected that future multi-mode receivers will be implemented as Software Radios. For that reason, we will not
distinguish between these two types of receivers.

From the exposition above, it has become clear that the task of receiver and transmitter are somewhat asymmetric:
the transmitter has perfect knowledge of the data and transmit mode, but only imperfect (or no) knowledge of the
channel state. The receiver, on the other hand, does not know the data, has only imperfect knowledge of the channel
state and may or may not know the transmit mode. In general, the task of the receiver is much more complex than
that of the transmitter.

1.3 Iterative techniques

The (multi-mode) Software Radio described above does not really require any advanced estimation or detection
algorithms. Standard approaches [16,17] will do just fine: one would first estimate the transmit mode and the channel
parameters. Then, the receiver is adapted to the transmit mode, so that standard operations such as equalization and
timing correction can be performed. Finally, the bits are detected.

However, when we include the aspect of coding, everything changes dramatically. Powerful codes have the
property of achieving very reliable transmission with very low transmit power. Very low transmit power results in
very low received power. Unfortunately, conventional algorithms, which have satisfactory performance for uncoded
transmission (requiring high transmit power for reliable transmission), are now unable to cope: due to the low
power at the receiver, these algorithms become very unreliable. Since state-of-the-art error-correcting codes are not
very robust against estimation errors, new approaches are called for.

A way around this problem is applying the turbo-principle to equalization, data detection and estimation [18,
19]. Roughly speaking, one employs a set of standard algorithms to roughly estimate, equalize and perform data
detection. We then have some additional information regarding the transmitted data. This information can then
be used to improve the reliability of estimation and equalization algorithms. This in turn results in more reliable
information to be provided to the decoder, and so forth. Such iterative techniques have been applied since the
advent of turbo-codes in the early 1990s. However, most iterative estimation algorithms were developed in an ad-
hoc way, and are only useful for very specific applications. A mathematical framework was still missing. Developing
such iterative estimation techniques for multi-mode transceivers is an important topic and covered in part in this
dissertation.
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1.4 Overview

This dissertation deals with two important tasks of the receiver. First of all, the receiver has to determine the channel
state and the transmit mode. Subsequently, the receiver has to adapt to the channel state and transmit mode in an
efficient manner. Although we will mainly focus on receiver algorithms, some sections dealing with receiver design
may also be applied to the transmitter.

The text consists of four parts. The main contributions are in Part II and III, which can be read (more or less)
independently from one another. Each part starts with a chapter dealing with some background information, useful
to fully appreciate the contributions in later chapters of that same part. This way, the reader can read through the
chapters without getting distracted by the mathematical details.

Part 1

In the first part, we will introduce a mathematical description of the system model (Chapter 2) for the coded multi-
mode transmission scheme under consideration, followed by a more detailed look into some problems that are the
main motivations for this research. The first part ends with a description of factor graphs, which form a unifying
framework for many iterative algorithms (Chapter 3), and which will be heavily relied upon throughout this manu-
script.

Part I1

The second part deals with adaptation, i.e., how can a receiver which perfectly knows the transmit mode and channel
state efficiently detect the data? We start with some basic material, pertaining to analog and digital signal processing
(Chapter 4) which will be useful for the remainder of Part II. This is followed by a description of how a receiver can
cope with adverse channel conditions (Chapter 5). We then move on to some aspects related to mode adaptation,
exposing the critical issue of rate-adaptation (Chapter 6). A separate chapter is devoted to the comparison of different
multi-rate receivers in terms of performance and complexity (Chapter 7).

Part II1

Part III considers the problem of iterative estimation. We start again with some basic material (Chapter 8), describ-
ing general estimation techniques. This is followed by a detailed description of so-called code-aided estimation
algorithms in Chapter 9. As these algorithms tend to exhibit problems related to convergence and computational
complexity, we devote Chapter 10 to show how these issues can be resolved. As a by-product, we will describe
a powerful algorithm for estimating discrete parameters (Chapter 11). Part III ends with a presentation of some
relevant performance results (Chapter 12).

Part IV

We end our thesis with Part IV, describing some open problems and proposals for future work (Chapter 13), be-
fore wrapping things up with our final conclusions (Chapter 14). Chapter 14 also contains a complete list of own
publications in international refereed conferences and journals.
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Chapter 2

System Model

2.1 Introduction

In all communication systems, we are faced with the following problem. A transmitter wishes to send (digital) in-
formation to a receiver. For this communication, they have been allocated a certain channel (e.g., a carrier frequency,
a maximum bandwidth, a physical link, time slots, etc.). Within the channel constraints, they have the possibility
to dynamically change the way how the data is transmitted. This can be achieved by employing multiple trans-
mit modes. This includes changing the number of bits per second (the data rate), the way how the information is
represented (coding, modulation) and the transmit power [20].

Although a multi-mode transmission scheme enables the transmitter to dynamically adapt to the changing envir-
onment, it creates some extra challenges for the receiver. On top of the conventional operations the receiver has to
perform (such as channel estimation, synchronization and data detection), it now also has to determine the transmit
mode and adapt itself to that mode in an efficient manner. This readily defines two tasks, not present in conventional
mono-mode receivers: mode detection and mode adaptation.

As mentioned before, besides these new tasks, the receiver still has to fulfill the functions required of all mono-
mode receivers. The transmitted signal is corrupted in many ways as it passes through the physical channel. The
most efficient way for a receiver to recover the transmitted data, is first to estimate how the signal is corrupted
and then take measures to undo this corruption [16]. In addition, the received signal has to be synchronized to the
transmitted signal. This means that parameters such as propagation delays and carrier phases need to be estimated
and compensated for.

Clearly, the receiver has to perform two types of tasks in order to detect the data. The first is estimation of
unknown parameters (transmit modes, channel parameters and synchronization parameters). Once these para-
meters have been estimated, the second task of the receiver is modifying itself to compensate for these parameters
(resp. mode adaptation, equalization, timing- and carrier phase correction) in order to perform data detection. We
will name these tasks estimation and adaptation, respectively.

In this chapter we will describe the transmitter, the channel model and the front-end of the receiver. Relevant
notations and terminology are introduced. The model we present is a fairly standard one, mainly based on [16,21]
and depicted in Fig. 2.1.

2.2 Transmitter

2.21 Signal generation

The transmitter sends a sequence (b) of N, information bits to the receiver. The bits are first encoded, yielding a
code sequence c of length N, where ¢ and b are related by the one-to-one mapping x: ¢ = x (b). The ratio N}, /N, is
referred to as the code rate. The coded bits are then mapped to a sequence of N, complex symbols a = ¢ (c), taken
from an M-point constellation! denoted as 2. The symbols are shaped by a unit-energy transmit pulse p (t). The
resulting complex baseband signal can be written as

Ny—1
spp (t) = VE. Y ap(t — kT) 2.1)
k=0

1For the moment, a constellation can be thought of as a collection of M points in the complex plane.
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Figure 2.1: Model of transmitter and receiver

SBB(t)

Figure 2.2: A baseband signal with block-pulse p (t)

where E; and 1/T denote the transmit energy per symbol and the symbol rate, respectively. The transmit pulse has
a (one-sided) bandwidth B. An example of a baseband signal with Q = {—1,+1} and a block-pulse is shown in
Fig.2.2.

We distinguish between the energy per information bit (E3), the energy per coded bit (E,) and the energy per
symbol (E;): these are related by E.log, M = E and E, N, /N, = E..

The complex baseband signal is now converted to a real bandpass signal?, with carrier frequency f.. This yields:

NoTa ejzwfct} (2.2)

SBP (t) =

% 2

(spp (t) e??™ et + s (t) e 727 1et) (2.3)

2.2.2 Mono-mode and multi-mode transmission

In mono-mode transmission, the information sequence b uniquely defines the transmitted signal sgp (¢). In multi-
mode transmission, sgp (t) can depend on other parameters. These include

o the energy per information bit £

e the energy per transmitted symbol F

e the code

¢ the modulation set {2 and mapping function ¢

e the symbol rate 1/7°

2BB = BaseBand; BP = BandPass
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e the pulse shape p (t)

Note that these parameters are not all independent.

2.3 Receiver

The signal spp (t) propagates through a channel with real channel impulse response h g p (t). This channel is assumed
to be time-invariant, which constrains the burst length to be sufficiently short (V7" has to be much smaller than the
coherence time of the channel®). At the receiver, the signal is further corrupted by thermal Additive White Gaussian
Noise (AWGN). The signal at the input of the receiver is given by

+oo
TBP (t) = / SBP (u) th (tfu)dqun(t) (24)
,iooo |
- / R{Vasps (u) & hpp (¢ —u) b du+n (1) 2.5)

where n (t) is a real AWGN process with power spectral density (PSD) Ny/2. The received signal rgp (t) is often
referred to as the RF-signal (Radio Frequency). The RF-signal is first down-converted to baseband:

Fr(t) = V2rgp (t)cos(2nf.t) (2.6)
fQ(t) = V2rpp(t)sin(—2mf.t) 2.7)

where the subscripts I and ) denote the In-phase and Quadrature component of the signal. Low-pass filtering of
71 (t) and 7g (t) gives rise to*

rr (t) = +OO§R{SBB (u) hBB (t—u)}du+w1 (t) (28)
,iooo
rQ (t) = [ %{SBB (u) hBB (tfu)}dquwQ (t) (29)

where w; (t) and wg (t) are independent real Gaussian noise processes; both are white within the signal bandwidth
with power spectral density No/2. The filter h g (t) corresponds to a down-converted version of hp (t):

hpg (t) = hgp (t) e 92 /et, (2.10)

The complex baseband signal is then given by

rep(t) = ri(t)+jrq(t)
+oo
_ / sp5 () hap (t —u) du+w (f) (2.11)

— 0o

Substituting (2.1) into (2.11) yields

Ns—1
rep(t) = Y aph(t—kT)+w(t) (2.12)
k=0

where i (t) = VEs [ p(u) hpp (t — u) du is obtained by convolving /E,p (t) and hpp (t).

3Coherence time: loosely defined as the time during which the channel is constant. The coherence time is inversely proportional to the speed
of movement and the carrier frequency fe.

S {2} = 25 R{a} = 25
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RF to IF conversion

Although we did not consider this explicitly in the model above, the RF signal not only consists of a useful signal
component and noise, but also of signal components with other carrier frequencies belonging to other services or
users. These have to be removed through filtering using a very sharp bandpass filter. This is often difficult to
realize. As an additional problem, when the carrier frequency or signal bandwidth changes (which is the case in
some communication standards), the filters and oscillators need to be changed. As this is impractical, the resulting
receiver cannot easily be tuned. Direct conversion from RF to baseband is therefore commonly avoided [22].

In practice, the RF signal is never down-converted to baseband in a single stage. Rather, a so-called super-
heterodyne receiver is used, whereby the RF signal is filtered using a coarse, tunable filter that removes image com-
ponents, followed by down-conversion to an Intermediate Frequency (IF). The resulting IF signal is then processed
according to the methods outlined above, where f. needs to be replaced with the IF, f;r < fe:

+o0 )
rie(t) = / R {\/isBP (u) P> 1Py (¢ — U)} du +n (t) (2.13)

—00

where hp (t) is an IF-equivalent representation of hgp (¢). Possibly, the receiver will have multiple IF stages, each
time reducing the IF.

When the carrier frequency of the RF signal changes, tuning the filters and oscillator frequency can now easily be
accomplished [22].

2.4 Channel model

A common channel model is the multi-path model, whereby the channel impulse response consists of a number of
distinct paths [16]:

L—-1
hps (t) =Y _ b (t—m) (2.14)
=0

where o; and 7; are the complex gain (embedding carrier phase and attenuation) and the propagation delay of the
[-th path. We order the paths as 7o < 71 < ... < 77,_;. We say that the I/-th path is resolvable when 7,41 — 7, > 1/B,
where B represents the bandwidth of p (¢). If this is not the case, both paths are to be combined into a single path,
and the complex gains added.

A channel is said to be frequency-selective when it has at least two resolvable paths. Otherwise the channel is
frequency non-selective (also known as a frequency-flat channel). The delay of the first path, 7y, corresponds to the
propagation delay of the burst through the channel. For a frequency-flat channel, the channel model (2.14) is often
written as

hpp (t) = Ae?¥5 (t — 1) (2.15)

where A, 0 and 7 represent the channel attenuation, carrier phase and propagation delay, respectively.
Note that the channel model may further be characterized by the joint distribution of the channel gains and
propagation delays. All this a priori information is captured in the a priori distribution, p (o, 70, . . ., -1, Tr.—1)-

2.5 Receiver tasks

The ultimate goal of the receiver is to recover the N, data bits b from the received baseband signal g5 (t). In order to
achieve this goal, the receiver is forced to cope with some adverse conditions. For instance both the channel kg (t),
and the noise statistics may be unknown to the receiver. Even for a flat channel, the oscillators at the receiver will
not be synchronized with those at the transmitter, so that the propagation delay and the carrier phase need to be
determined before detection can take place. Finally, the receiver needs to determine the transmit mode of the current
burst.

Even if all of these parameters were known, the operation of the receiver is far from trivial: the frequency se-
lectivity needs to be taken into account (equalization), the signal needs to be reconstructed at the correct time instants
(timing correction), the detector may need to be modified to operate in the current transmit mode (mode adaptation).
Hence, in order to perform data detection, two tasks need be performed:

e estimation (of channel parameters, noise power, synchronization parameters, transmit mode);
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Figure 2.3: Multi-Mode Receiver
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Figure 2.4: Ideal Digital Multi-Mode Receiver

e adaptation (equalization, timing correction, mode adaptation).

2.5.1 Adaptation

When the receiver knows the channel parameters, synchronization parameters, transmit mode etc, it needs to take
into account these parameters to develop suitable observation models and data detection algorithms. This will be
the main topic of Part II of this dissertation.

Adaptation to channel parameters and synchronization parameters deals with topics such as matched filtering,
timing correction and equalization. These problems are well-known and standard solutions have been developed
decades ago. The equalization problem deserves some attention: optimal techniques such as sequence estimation [23]
cannot be used for many types of codes, while sub-optimal standard equalization techniques [21] are no longer
sufficiently reliable in combination with state-of-the-art error-correcting codes [24]. Recently, turbo-equalization
techniques have been proposed which iterate between data detection and equalization [18,24,25]. For the sake of
completeness a short chapter (Chapter 5) is devoted to adaptation of the receiver to channel parameters and syn-
chronization parameters.

How adaptation to the transmit mode should be performed is a problem which is fairly recent. The most straight-
forward way to implement such a multi-mode receiver would be as depicted in Fig. 2.3: the incoming signal is first
processed in the analog domain, irrespective of the mode. Then a branch is selected, depending on the mode, so
that mode-specific analog (e.g., filtering depending on the pulse-shape) and digital (e.g., equalization) signal pro-
cessing can be performed. Finally, a mode-independent digital (e.g., decoding) stage may be performed. One way
to significantly reduce the complexity of a multi-mode receiver is to perform no mode-dependent processing in the
analog domain. This is shown in Fig. 2.4. The incoming signal would first undergo ASP, is then sampled at some
rate (independent of the mode), followed by DSP. The DSP part would be implemented on some hardware plat-
form, where a mode change corresponds to a change of the software running on that platform. For our example,
the digital part would consist of loading new digital filters (depending on the pulse shape), a new equalizer and a
mode-independent decoder. The whole process of mode adaptation is then transformed into efficiently changing the
digital parts of the receiver through the software. As we will show, adaptation to a change in the symbol-rate may
be especially critical: changing the symbol rate implies changing the transmit pulse p(t). A related task is sample
rate conversion (SRC): the incoming signal (either baseband or at IF) is sampled with a fixed master clock. Generally,
the clock rate will be incommensurate with the symbol rate. Hence, samples taken at the master clock rate need to
be converted to samples at (a multiple of) the symbol rate. This task is known as sample rate conversion, and has
received much attention in the context of Software Radio [15]. We could go one step further and sample the incoming
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Figure 2.5: Ideal Multi-Mode Software Radio Receiver.

RF-signal 7pp (t) directly using a wideband ADC, as depicted in Fig. 2.5. This corresponds to an ideal Software Ra-
dio, as defined in [15]. However, such an approach is not feasible with today’s hardware: high resolution wideband
ADCs are not yet commercially available. On the other hand, sampling the IF signal can be achieved with todays
ADCs. It is well known that care needs to be taken when sampling an IF signal in order to avoid aliasing [26].

Adaptation to the transmit mode will be the main topic in Part II of this dissertation. Mode adaptation is for
the most part a straightforward process, with the important exception of adaptation to the symbol rate. We pay
special attention to this problem in Chapter 7, where we develop several classes of receivers which allow us to trade
computational complexity for performance. These different classes of receivers are compared analytically in terms of
bit-error-rate (BER) performance. This results in simple design rules for multi-rate receivers and the development of
a low-complexity multi-rate receiver with a fully digital IF-sampling front-end.

2.5.2 Estimation

The problem of estimating channel parameters and synchronization parameters is present in all digital communica-
tions systems. Hence, a wide variety of algorithms have been developed over the last 50 years to perform this task.
However, since the development of capacity-approaching error-correcting codes, these conventional algorithms often
become unreliable: state-of-the-art codes operate at very low signal-to-noise ratios (SNR), making accurate estima-
tion very hard. A challenging problem is thus the following: how can we exploit the presence of the error-correcting
code during the estimation process?

Similarly, estimation of the transmit mode needs to be performed (mode detection). This is a relatively recent
problem, not present in mono-mode receivers. Mode detection is different from channel estimation in a sense that
the transmitter always has perfect knowledge of the current transmit mode. This implies that when no reliable mode
detection algorithm can be developed at a reasonable computational cost, it makes more sense to forward the current
transmit mode to the receiver through some separate channel. When mode changes are frequent, mode detection is
more attractive [27].

In Part III, we will describe a general framework for estimating all these parameters. The emphasis is placed on
so-called code-aided (or code-aware) estimation techniques that iterate between data detection and estimation.

2.6 Main Points

We have presented the transmitter and receiver model, including the channel model and RF to IF to BB down-
conversion. While the transmitter’s task is generally straightforward, the receiver faces several challenges: it needs
to detect the data stream in the presence of unknown parameters. These include parameters of the quasi-static chan-
nel, noise statistics and the transmit modes. Even when all these parameters are known to the receiver, data detection
is still a hard task and should be performed in an efficient manner. As an additional challenge, the data will be pro-
tected using a powerful error-correcting code. While such codes result in more bandwidth- and/or power-efficient
communication, they force the system designer to consider more advanced estimation and detection algorithms.
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Chapter 3

Factor Graphs

3.1 Introduction

Factor graphs are currently a hot topic in communications research. The key concepts have been around for some
time in fields such as machine learning and artificial intelligence [28]. Only recently connections have been made
with communications problems [8,9,29]. Currently, factor graphs serve as a means to develop communications
systems and algorithms [30]: many existing detection algorithms can be interpreted as special cases of factor graphs
and many novel algorithms have been designed according to the factor graph paradigm. Factor graphs will appear
throughout this dissertation. Since factor graphs define how algorithms can be developed in a systematic way, many
of the techniques that will be investigated are based on factor graphs or rely on them for their proper operation. In
any case, they are of sufficient importance to deserve their own chapter in this dissertation.

This chapter is organized as follows: we start with a description of factor graphs and the sum-product algorithm
from an abstract point of view in section 3.2. We then move towards a specific application in section 3.3, common
to many communications problems: maximum a posteriori (MAP) estimation. We end in section 3.4 with some ex-
amples of MAP estimation, intended to give the reader some feeling of how factor graphs can be applied in advanced
detection and decoding schemes.

3.2 Factor graphs and the sum-product algorithm

Factor graphs are a convenient way to represent functions of many variables. When a function can be written as a
product of (more simple) functions, the corresponding factor graph can be decomposed in multiple (more simple)
factor graphs which are interconnected. Factor graphs also provide an efficient way to compute marginals of the
corresponding function. This is achieved by a procedure, known as the sum-product algorithm. The marginals are
computed by passing messages over the factor graph. We will give a brief overview of the concept of factor graphs
and apply them to some well-known communications problems.

3.2.1 Factor graphs: representation and terminology

We will use the normal graphs that were introduced in [29]. A factor graph is a diagram that represents the factoriz-
ation of a function of several variables:

f(l'l,fl,'Q,...,LCN) = Hf](X]) (31)
J

where X is a subset of {x1,z9,...,zn}. Each of the variables z; (which can be scalars or vectors) is defined over
some alphabet ¥;, so that f (.) is defined over ¥; x ... x ¥y. A factor graph consists of nodes (vertices), edges and
half-edges (the latter are connected to only one node). The factor graph is related to the function f (.) as follows:
there is a node! for every factor f; (.) and one (half-) edge for every variable x). Node f; is connected to variable
<= 1, € X;. Finally, edges (resp. half-edges) are connected to exactly two (resp. one) nodes. We also introduce the
notion of the so-called indicator function, I [P]: for a predicate P, I [P] = 0 if P is false and I [P] = 1 if P is true. An
equality-node with adjacent edges z1, . ..,z is a node representing the function? I [z = ... = 2]

1Nodes me be of different shapes (rectangles, circles, etc.). The shapes bear no meaning.
%In case the variables are defined over a continuous domain: 7 [z1 = ... =z] = Hﬁ;ll 0 (z — xg+41), where 6 (z) is the Dirac distribution.
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Figure 3.1: Some simple factor graphs. Observe a cycle in the factor graph on the left

xy

T2 f3

Figure 3.2: Normal factor graphs vs. conventional-style factor graphs. The two graphs represent the same function. On the left a normal
factor graph, on the right a conventional factor graph.

Examples

In Fig. 3.1, some simple factor graphs are shown. The graph on the left corresponds to the function:

[ (x1, 22,23, 04, 25) = f1 (21,23, 24) fo (72,23, 25) f3 (24, 25) . (3.2)

The graph in the middle corresponds to the function:

[ (w1, 22,73, 74) = f1 (x1,23,24) f2 (72,73) f3 (24) - (3.3)

The reader will observe that the graph on the left contains a cycle (of length 3), while the other graphs do not. Also
note that variables can occur in no more than two functions. Although this may seem restrictive, it is not really: by
including equality nodes, variables can appear in arbitrarily many functions. For instance, the graph on the right
represents the function:

[z, 20,23,04) = fi(x1) fo (w2, 23) f3(2) I [21 = 23 = 24] (3.4)
= fi(z1) f2 (22,21) f3 (21) ] [11 = 73 = 4] (3.5)

so that x3 and x4 can be interpreted as ‘"dummy’ variables in the factor graph representation of the function f1 (x1) fa (@2, z1) f3 (

Representation

In technical literature, factor graphs are conventionally depicted in a slightly different way. In [8], both variables
and functions correspond to nodes, while the edges define which variable appears in which function. For instance,
the function (3.5) leads to a conventional factor graph of the form shown on the right of Fig. 3.2. The corresponding
normal factor graph is depicted on the left side of the same figure. We will only consider normal factor graphs in this
dissertation.
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Figure 3.3: Messages on factor graphs. The message fif, ., (.) is passed over edge w3 where it is renamed fiz, s, (.). Similarly,
Bpr—ag () = Hag—rs ()

3.2.2 The sum-product algorithm

Factor graphs not only allow us to visualize a function, they can also provide a graphical way to compute its marginals,
gi (x;), for z; € U;, defined as

gi (@)=Y fl(a1,22,...,2N) (3.6)
~{zi}
where ~ {z;} represents the 'not-sum’, i.e., the summation over all variables, except x;. In (3.6), summations over
continuous valued variables must be replaced with integrals over the corresponding domain.

In many cases, the computation of g; (x;) and of g; (z;), j # ¢, will have a lot of commonality. To compute all the
marginals jointly in an efficient manner, we resort to the sum-product (SP) algorithm. The SP algorithm is a message-
passing algorithm, where messages are computed in the nodes of the graph and passed over the edges. A message
over a given edge is a function of the variable corresponding to that edge. The message from a given node (i.e., a
function f,,,) to one of its adjacent edges (i.e., a variable of that function, z; € X,,) is denoted by pi¢,, .o, (.). Similarly,
a message from an edge (variable x;) to an adjacent function f,, is denoted by p,, .y, (.). How different messages are
related is depicted in Fig. 3.3 (note that messages may be renamed as they pass over an edge).

The marginal g; (.), evaluated in the value z; € ¥,, is given by the product of two messages over the corresponding
edge.

9i (i) = puf,—a; (Ti) X pa;—,,, (74) (3.7)

where f,,, is an arbitrary function with z; € X,,,. The key to the SP algorithm is how messages in nodes are computed.

Theorem 3.2.1 (The Sum-Product algorithm). Given a function and a cycle-less corresponding factor graph representation,
the Sum-Product Algorithm relates outgoing messages to incoming messages, according to>

[if—ay, (Tk) = Z fn (Xn) H Hay—f, (@) - (3.8)

~{z} £k

Initialization: The SP algorithm starts from the half-edges in the graph and from nodes with degree* 1. Half-edges transmit
messages identically equal to '1’, while degree-1 nodes transmit messages equal to the corresponding function itself, evaluated in
the connected edge.

Message Computation: A node f, (.) of degree m with corresponding variables x1, . .., x, computes an outgoing message
f, —z (X)) On edge x, according to (3.8) when all incoming messages (1, — ¢, (x1), | # k) have been received.

Termination: Once all messages have been computed, the marginals are given by (3.7).

A sketch of the proof is given in the Appendix of this chapter.

3.2.2.1 Remarks

The sum-product algorithm is more general than one would suppose at first sight: the sum and product operators
need not be the standard sum and product over the set of real numbers. The sum-product algorithm can be applied
to general abstract sets F', endowed with suitable 'sum’ (®) and ‘product’ (®) operations, such that (F, ®, ®) forms a
commutative semi-ring [9]:

e @ is associative and commutative. There exists an identity element for &®: eq

3For continuous variables, the summations are replaced with integrals.
“The degree of a node is the number of adjacent edges.
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e ® is associative and commutative. There exists an identity element for ®, eg
e ® is distributive over &: a ® (b®¢c) = (a®b) ® (¢ ®@c) forany a,b,c € F.

The indicator function is then given by : I [P] = eg when P is true and I [P] = eg when P is false. Also, in the
initialization step, half-edges transmit the message e,

Observe also that the sum-product algorithm is used to find marginals of the function. These marginals are
functions themselves. Similarly, the messages are functions of the corresponding edges.

3.2.2.2 Example

Consider the function from Eq. (3.5): f (z1,z2) = fi (21) fa (x2, z1) f3 (z1) with corresponding factor graph shown in
Fig. 3.4. The sum-product algorithm is applied as follows:

1. Initialization: Messages from half-edges and degree-1 nodes:

Hazo— fo (‘TQ) =
Hfs—mzy (rq) = f3(x4)
ffy—ay (T1) = f1(z1)

2. Now, messages can be computed from f; to edge 3 and from the equality node to x3:

Prmas (X3) = D fo (02, 23) flmy p, (72)
T2
= > folwa,ws)
Ha—as (z3) = Z I [ml =3 = 1’4] Hfs—my (24) Hf1—zy (z1)
T1,T4

Pps—zs (T3) pfy -z, (T3)

3. Subsequently, we compute messages from the equality node to x; and z4; at the same time a message from f>
to z2 can be computed:

Hg—zq (1‘1) = Hfy—zs (.131) Hfs—ay (xl)

Hg—azy ($4) = Hfr—azs (.1‘4) Hf—mxy (.1‘4)

Hfo—xy (-T2) = ZfQ (‘T27$3) Hg—zxs (I3)
z3

4. Termination: Finally, the marginals are given by:

g1 ($1) = Hg—mz ($1) X fr—ay (Il)
= Y falwzm) fs (@) fi (1)

g2 ($2) = Hfs—as (‘TQ) X Py —fo (‘TQ)
= Y falwzws) fa(23) fi (23)

3

which is clearly the desired result. Also, it is easily verified that g; (1 = a) = g3 (x3 = a) = g4 (x4 = a) for any
a € \111.

3.2.3 Factor graphs with cycles

When the graph contains cycles (loops), the SP algorithm has no natural initialization, nor termination. The SP
algorithm starts again from the half-edges and nodes with degree one. At some point, due to cyclic dependencies,
nodes will not be able to compute outgoing messages. The sum-product algorithm simply halts (or waits forever).
The common solution to this problem is to replace unknown messages with a ‘default’ message (the message ‘1’ (eg
in general) over the corresponding domain). This is known as resetting the factor graph. The SP algorithm keeps
operating in this way. After a number of iterations, the SP algorithm is halted. The computed marginals are no
longer exact, but rather an approximation. The approximation becomes less accurate when the graph contains short
cycles [8].
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[Fes===s= half-edge

T2

Figure 3.5: A factor graph of the function f1 (x1, x3,x4) f2 (x2, x3,x5) f3 (x4, x5) with a cycle of length 3.

3.2.3.1 Example

Consider the function from Eq. (3.2): fi (z1, z3,x4) f2 (22,23, %5) f3 (x4, x5) with corresponding factor graph shown
in Fig. 3.5. The sum-product algorithm is applied as follows:

1. Initialization: Messages from half-edges and degree-1 nodes:

{H’$1Hf1 (xl) = 1

IU’JCQHfz(SUQ) = 1

2. At this point, no more messages can be computed. For instance, to compute /15, .., (x3), we require ji,; s, (x5).
Since fig,— f, (z5) is unavailable, we set 1., ¢, (z5) = 1.

3. Now, the message from f, to z3 can be computed:

Pfamas (13) = Y fo (w2, 23,25) x 1 x 1

Z2,T5

4. We can then compute jif, .5, (24) and pg, o, (25), to re-evaluate iy, .., (x3), to re-compute fif, .4, (z4) and
W fs—as (T5),... ad infinitum.

5. Termination: since this process continues indefinitely, we simply interrupt the SPA and compute all approxim-
ate marginals.
3.3 Receivers as factor graphs
It turns out that many communication problems can be cast in the framework of factor graphs. In fact, some state-

of-the-art iterative algorithms that were originally developed in an ad-hoc way, can be interpreted as applying the
sum-product algorithm on a suitable factor graph.
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p(b)

p(r[b)

Figure 3.6: Factor graph of p (r |b) p (b). The only variable (edge) is b.

3.3.1 Principle

Suppose we want to infer b from an observation r. With b = [bg,...,b Nb,l]T, we commonly want to minimize the
error probability P {B # b} by maximizing the a posteriori distribution w.r.t. b [16], resulting in the MAP® estimate of
b:

bayap = argmgxp(b\r). (3.9)

In communications problems, the rule (3.9) corresponds to MAP sequence detection. In most cases, direct evaluation
of p (b|r) is impossible. Let us re-write the a posteriori distribution using Bayes’ Rule®:

p(blr) o p(r|b)p(b) (3.10)

where a b bears the meaning: a is equal to b, up to irrelevant additive and multiplicative constants. This factor-
ization can be represented by the factor graph from Fig. 3.6. The observation r should be considered a parameter
(rather than a variable) in this factor graph. Applying the sum-product algorithm to this graph would result in the
computation of p (b |r) (up to an irrelevant multiplicative constant). Unfortunately, even the likelihood function p (r |b)
and especially the a priori distribution p (b) are commonly too complex to evaluate.

Let us transform this factor graph into a graph where the variables are now the components of b. The correspond-
ing factor graph is depicted in Fig. 3.7. Although the latter graph represents the same function as the graph from
Fig. 3.6, the SP algorithm will not yield the same results: in the case of Fig. 3.7, we can compute the marginal a pos-
teriori distributions p (by, |r ), not the joint a posteriori distribution p (b |r). Decisions with respect to the components
of b are given by:

bp vap = arg mMax p (b |r) . (3.11)
k

In communications problems, the rule (3.11) corresponds to MAP symbol detection. Generally, grouping the MAP
estimates of the components does not yield the MAP estimate of the vector b:

. . . T
byrap # |bovaps .- bng—1,maP]| - (3.12)

Nevertheless, in many practical scenarios, computation of the marginal p (b, |r) is feasible, provided we introduce
additional variables (edges). Furthermore, the technique of making decisions w.r.t. the components of b as opposed
to b as a whole has led to some of the most powerful detection and decoding algorithms known today. The idea is to
introduce additional variables to the likelihood function p (r |b) and the a priori distribution p (b) so that both lead
to nice factorizations. This leads to the following

Key Idea: In order to perform MAP detection on the components of b, given an observation r, we need to compute the a
posteriori probabilities (APPs) p (by, |r), i.e., the marginals of p (b |r). We introduce additional variables (grouped into
a vector, say x), such that p (b,x|r) leads to a convenient factor graph representation of both the likelihood function
p(r|b,x) and the a priori distribution p (b,x). Applying the SP algorithm on this graph yields the required APPs
{p (b |r)}, as well as APPs of the additional variables {p (z; |r)}.

SMAP: Maximum A Posteriori.
SBayes’ Rule: p (z,y) = p (z|y)p(y) = p(y|z) p (2).
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Figure 3.7: Another factor graph of p (r |b) p (b). The variables are now the components of b.

To be more precise, these graphs will represent a function that is proportional to an a posteriori distribution. Hence,
the marginals will be marginal a posteriori distributions, up to a scaling factor. Since distributions are normalized,
we can easily determine this scaling factor. As will become apparent, this implies that messages in the SP algorithm
can be scaled arbitrarily: this does not affect the outcome of the SP algorithm (it merely changes the final scaling
factor). In the following sections, we will often scale messages implicitely, or determine messages up to a scaling
factor (through the notation a  b).

3.3.2 Sequence detection

In some situations, it may be required to find the MAP sequence estimate (i.e., b M ap), rather than the MAP estimates of
the individual components ({IA);% MAP }). For instance, for convolutional codes, the well-known Viterbi algorithm [31]

locates the MAP sequence estimate. It is reasonable to ask ourselves, can an algorithm such as the Viterbi algorithm
be cast within the factor graphs framework? Indeed it can. The idea is as follows: first of all, note that (F,®,®) =
(R*, max, x) forms a commutative semi-ring. Now, we introduce additional variables, such that p (b,x|r) has a
convenient factorization. We then construct the corresponding factor graph. When we apply the SP algorithm (where
now the 'sum’-operation is replaced by max), we find the following marginals (up to an irrelevant constant):

gk (b) = max p(b,x]r). (3.13)
Introducing
by = arg max g (br) (3.14)
we finally obtain
. . . T
byrap = {bo,u-,bm—l} . (3.15)

Commonly, this algorithm is executed in the log-domain, where (F, @, ®) = (R, max, +). In that case, we marginalize
the factorization” of log p (b, x|r).

3.4 Examples: codes on graphs
In this section, we will investigate some important examples:

e a generic error-correcting code,
e mapping of bits to constellation points,
e a convolutional code,

e a turbo code.

We will create factor graph descriptions of each of these systems.

"Note that the factorization now is no longer a product of factors, but a sum of terms!
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3.4.1 Some basic building blocks

Interleaver

An interleaver is a block that permutes edges (variables). The inverse process is known as de-interleaving. Although
an interleaver can be written as a function with a corresponding factor graph, we choose to interpret it merely as a re-
ordering of edges. Hence, an interleaver has no real factor graph representation, it is simply a means to interconnect
factor graphs. An example is shown in Fig. 3.8.

factor graph }

factor graph J

Figure 3.8: An interleaver connecting two factor graphs

Copier
A copier is an extension of the equality node, so that the attached variables can appear in multiple functions. An
example of a 3 x 3 copier is shown in Fig. 3.9. The sum-product algorithm is trivial: an outgoing message is the

product of the two incoming messages attached to the corresponding equality node. For instance, a copier which
copies a variable a to a; and ay leads to

Hg—a (a) = Z 1 [a1 = a2 = a] Hai—pg (al)ﬂaz—qa (a2>

ap,az

= fa—g (@) Hay—g (@)

()
/

of =

az

Figure 3.9: A 3 x 3 Copier

Selector

A selector (or puncturer) has L; inputs and L, outputs, with Ly < L;. The output is a subset of the input. A selector
can again be considered as a collection of edges, and serves to connect factor graphs. A graph is shown in Fig. 3.10.
The arrow in the graph represents the direction of the operation of the selector. The L; edges at the top and the L,
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edges at the bottom are connected to other nodes in the factor graph. The L; — Ly edges that end in the selector-block
are half-edges.

[ factor graph j

[ factor graph }

Figure 3.10: A Selector connecting two factor graphs.

3.4.2 A generic error-correcting code
3.4.2.1 Definition

A binary error-correcting code of length N, is an injection from {0, 1}Nb — {0, l}NC, with N, > N,. The ratio N, /N,
is referred to as the code rate. Consider a binary code of length N, with 2™ codewords. A codeword ¢ € {0, 13 s
obtained by mapping an information word b € {0,1}"*, such that ¢ = x (b). Let us further assume that the codeword
c is mapped to a sequence of N. BPSK symbols® a = 2c — 1. Finally, a is transmitted over a discrete-time AWGN
channel. At the receiver, we have an observation r = a + n, n is a vector of N, iid (independent and identically
distributed) AWGN samples with n;, ~ N (0,02). The goal of the receiver is to recover the information stream b.
The MAP symbol detection rule (3.11) leads to:

biaiap = argﬂ})axp(bk\r) (3.16)
k
= argrrll)%X Z p(blr) (3.17)
~{bk}
where
p(blr)=> p(b,aclr). (3.18)

Now, p (b, a, ¢ |r) can be factorized as follows:

N.—1

p(ba,clr)ocp(b) [] plrxlan)lar =2k — 1)1 [c = x (b)] (3.19)
k=0

where, due to the AWNG, p (7}, |a ) o< exp (—# 7% — ak|2).

3.4.2.2 Factor graph

The factor graph of the factorization (3.19) is shown in Fig. 3.11. The top-most node corresponds to p (b), the a
priori distribution of b. This node may be omitted when all bits b;, are mutually independent with uniform a priori
distributions’. The node below enforces the code constraints I [c = y (b)] between b and c. The nodes marked ¢
enforce the mapping constraint (mapper nodes) and the bottommost nodes correspond to pi, = p (i |ai ). Observe
that there are cycles between the node p (b) and the node I [c = x (b)].

8Q = {—1,+1}. More general mapping strategies will be covered later.
9This is because the resulting half-edges will transmit uniform messages.
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p(b) apriori information
b() b1 bNbfl
@ @ s
I[c = x(b)] code constraint node
X
0 @ |© CNe-1
© © mapper node- - - - - - -=
ag aq an,—1
)
Do b1 PN.—1

Figure 3.11: Factor graph of the function p (b) [[~y "' p (1 lax ) I [ax = 2¢cx — 11 [c = x (b)] of a generic code with BPSK mapping.
The nodes ¢ and x enforce the constraint I [ay = 2c, — 1] and I [c = x (b)], respectively. The bold arrows represent the scheduling of the
messages.

3.4.2.3 Sum-product algorithm

Application of the sum-product algorithm will yield the (approximate) marginal APPs p (b |r), k =0,..., N, — 1, as
well as the by-products p (¢i |r) and p (ay |r) for k = 0, ..., N, — 1. To make the situation a little more insightful, let
us assume that the information bits by, are iid'® with p (b;) = 1/2, Vk. In order to decode this code, we now apply the
sum-product algorithm (the ordering of messages in steps 1-3 is depicted in Fig. 3.11.):

1. Initialization: Messages from the N, bottom-most nodes to the mapper-nodes are sent:

Ha, —¢ (an) xXp (Tn |an)

and at the same time messages from the top-most edges to the block enforcing the code constraints
P (D) = 1/2
2. Messages from the N, mapper-nodes ¢ to the code constraint node I [c = x (b)] are given by, applying (3.8)

fp—e, (Cn) = ZI [an = 2¢, — 1] pa, —¢ (20, — 1)

= Ha,—e (2¢n, — 1)

3. Now the messages from code constraint block I [c = x (b)] to the mapper nodes ¢ can be computed according

to (3.8)
fix—cm (Cm) = (3.20)
Np—1 N.—1
Z I [C =X (b)] H Mo —x (bk) H Ho—c, (Cn)
b,cicm k=0 n=0,n#m

10Note that this assumption removes the cycles present in the factor graph from Fig. 3.11: the node p (b) can be replaced with N}, nodes p (by,).
When p (b ) is uniform, the nodes p (bx) can themselves be removed, leaving us with N}, half-edges b, k =0, ..., N, — 1.
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Figure 3.12: Mapper factor graph for m = 3 bits

where the summation goes over all 2/¥* possible b and all 2V<~! possible ¢ with m-th bit equal to ¢,,. At the
same time, messages are sent from the code constraint block to the information bit edges

Ny—1 N.—1
f () = > Tle=x®)] [ rovox @) [] tro—e. (cn) (3:21)
c,bib; k=0, k£l n=0

where the summation goes over all 2/¥¢ possible ¢ and all 2V~ possible b with [-th bit equal to b;.

4. Termination: The APPs of the information bits are then given exactly by

p (b [r) o< pry—b, (br) X i, — (br)

and the decisions of the bits can be made as follows:

by = b ).
k argbkrggfl}p(klr)

Remarks

e The power of many advanced codes lies in the efficient computation of (3.20) and (3.21), based on a factorization
of I [c = x (b)], through the introduction of additional variables.

e As mentioned before, when the components of b are a priori independent, the block corresponding to p (b) is
to be replaced with IV, blocks p (by). When p (by) is uniform, the corresponding a priori node may be omitted
all-together.

e When the components of b are not a priori independent, one would then have to iterate between the a priori
node p (b) and the code-constraint node I [c = x (b)].

e The factor graph from Fig. 3.11 can be interpreted as consisting of two parts: one part corresponding to the
constraints (a priori distribution, code constraints, mapping constraints) and a second part corresponding to
the observation (the N, nodes at the bottom).

3.4.3 Mapper

In the previous case, coded bits were mapped to BPSK symbols. We will now consider a more general scenario. The
sequence of coded bits ¢ = [cg, .. .,c Nc,l]T is broken up into Ny, = N./m blocks of length m. Let us denote the I-th
block as c;. A mapper converts each group of m bits to a complex number, part of a 2™-point signaling constellation
Q. So, if we want to transmit m bits ¢; = [clm, e C(l-i—l)m—l] " over an AWGN channel using a constellation €2, we
map these bits to a point a; = ¢ (c;) € Q. Transmission of a; over the AWGN channel yields r; = a; + n;, with
n; a complex AWGN sample with variance o2 per real dimension. Hence, a mapper corresponds to the function
I[a; = ¢ (c;)], and the overall mapping function!! I [a = ¢ (c)] can be factorized

Ta=g()]= [ o =), (3.22)
=0

11With a slight abuse of the notation .
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A factor graph for this mapping function is depicted in Fig. 3.12 for m = 3. An array of such mapper nodes is to
be combined with the generic error-correcting code from the previous section. Note that there are cycles present
between the mapper nodes and the code-constraint node when m > 1. Hence, the SP algorithm applied on such a
factor graph will be iterative and sub-optimal [32]. Let us focus on the first symbol [ = 0:

1. Initialization: a message from the observation node (at the bottom) to the mapper node is sent:

( ) ! | |2
—, (ag) < exp a .
Mag—p (A0 € 252 T 0

At the same time, messages from the edges of the coded bits are sent to the mapper block ., ., (¢;). In case
such messages are unavailable, we set yi.; ., (c;) =1, =0,...,m — 1.

2. Messages from the mapper node to the coded bits can now be evaluated:

Ho—c; (cz) = Z I [GO =@ (CO)] Hag—ep (aO) H Hej—p (cj) (3.23)
c:c; VED)

where the summation goes over all m-bit sequences with i-th bit equal to ¢;.

3. The messages [y, (¢;) can then be forwarded to the code-constraint block I [c = x (b)]. After some time,
messages (i, (c;) are provided from the code-constraint block to the mapper block, so that (3.23) can be
re-evaluated.

3.4.4 Convolutional Code Generator

Similar to the generic error-correcting code, a convolutional code (CC) maps a sequence b of IV}, information bits to
a sequence c of N, coded bits. Convolutional codes can be defined through a filter-like operation. For our purposes,
it is more convenient to start from a state-space view. We will work in stages: first, we define a CC generator, giving
rise to an indicator function I [[s,d] = x; (b)] with a corresponding factor graph. In the next section, further nodes
will be be attached to result in a full-blown, very general convolutional code. The corresponding factor graph can
then be attached to mapper nodes and observation nodes. To lighten the following exposition, we will assume again
that the information bits are iid and equiprobable.

3.4.4.1 Definition

Consider a state space S with 2v~1 states. At time k, the encoder is in a given state s, € S. At time £, the generator
receives a number (say K) input bits by, € 2%. Given the current state s, and the input sequence by, a parity sequence
pi € 2M of length M is generated and a new state s, € S is entered into. We can write this as:

[Pk, Skt1] = fau ([br, sk]) (3.24)

where f,;; is independent of the time index k. Encoding starts from an initial state sg = Sstqrt, Where ssiqrt € S is
known to both the transmitter and the receiver. After L (with IV, = KL) input blocks by, ...,br_1, the encoding
stops and the encoder is in a state sy,.

The input of a CC generator is given by b = [b{,...,b?_,] ". This uniquely determines the parity sequence

p=[pl,....pI_i] ", We further distinguish between non-terminated and terminated convolutional codes.

Terminated convolutional code We are required to end up in a known'? state s.,,q € S. For this purpose, we add v
termination blocks tg,...,t,_1 sothat, fork =0,...,v — 1:

[Ak, Sp4k+1] = fau ([brs SL4k]) - (3.25)

By proper selection of tg, ..., t,_1 , we can always ensure that the final state sy, equals s¢pq. Introducing t =
[6d,... ,tffl]T andq = [qf,..., qffl]T, we can write [thT]T = Gterm (51) for some well-defined function
Gterm : S — {0, 1}”X<M+L). Hence, we can write the output of the CC generator as d = [b”tTpTq”] T while
the corresponding state sequence is given by s = [so = Sstart, - - - » SL4p = send]T. The initial state s.4,+ and the

final state s.,,4 are known to both the receiver and the transmitter.

12Known in a sense that it should be known prior to encoding and decoding.

36



f term

SL SL+1 SL+v— i. SLiv .

to

4o 1/7 qv—1

Convolutional Code Generator Block

L Sko L@?éif-ﬁg_ )
i i s ©

bo

Figure 3.13: Convolutional Code Generator: factor graph for K = 1, M = 1 of the indicator function I [[s,d] = x1 (b)]

Non-terminated convolutional code We are not required to end up in a known state. The output of the CC generator

is denoted by d = [prT] T, with state sequence s = [sg, ..., s L]T. The initial state sg = 544, 1S known to both
the receiver and the transmitter.

In either case, we can fully describe the CC generator with the indicator function I [[s,d] = x1 (b)], where b is the
binary information sequence, d contains information and parity bits (and possibly the termination sequences t and q)
and s is a state sequence. Later, this indicator function will appear in the factorization of the a posteriori distribution
p (b, d,s,x|r) where r is the observation and x are additional variables (to be defined later).

3.4.4.2 Factor graph

We will now construct a factor graph representing the function I [[s,d] = x1 (b)]. In order to keep the situation
insightful, we'll stick to the case K = M = 1 for the remainder of this chapter. In this case, L = N;. For a terminated
convolutional code, we can factorize the function as

Np—1
I[[s,d] = x1 (b)] = fo(s0) lb_[ f (Sky Sk+1, Pk, bk) frerm (SL,t,4) (3.26)
k=0
where, for initial state s,;4,+ and final state s, 4:
fO (50) = 1 [50 = sstm’t]
I (Sks8k4+1: Pk, 0k) = 1 [[Prs Skt1) = far ([brs Sk])]
v—1
fterm (SL7t7 Q) = H I ana 5N5+n+1] = fa,ll ([tvu 5N1,+71,D] fend (5L+u)
n=0
fend (SL+V) =TI [SL-H/ = Send]

which leads to a factor graph shown in Fig. 3.13. We will refer to this graph as the Convolutional Code Generator
Block (CCGB). It has as variables'® d and s. This block represents an indicator function which evaluates to 1 <= d
is a valid output with associated state sequence s. The node fj (s¢) constrains the initial state to be ss;4,+. The nodes
f enforce the relation (3.25). When the code is not terminated, the node fi¢,n, from Fig. 3.13 can be omitted. The node
frerm (sL,t,q) is employed in terminated convolutional codes to ensure the final state (s;+,) equals se,q. Breaking
open this node, we can reveal its details, as shown in Fig. 3.13.

13Note that b is contained in d.

37



CONVOLUTIONAL CODE (CC)

[ @ cceB  I[[d,s] = xi(b)] ]

o 0 di 4 Hep—cc(cr)
@ |4 -

S e
Tl d; : S
. : E

\ <:j :; i to mapper

- ‘ c |

el l T
) : o CN {1
COPIER <§ R
(@) T ,,,,,,,,,,,,,,,,,, @

Figure 3.14: Convolutional code: factor graph for K = 1, M = 1. N. < L. The block marked CCGB is described in Fig. 3.13. The use of the
copier will be explained later. The selector punctures a subset of the L bits, retaining N, bits for transmission over the channel.

3.4.4.3 Sum-product algorithm

We can apply the sum-product algorithm on the factor graph from Fig. 3.13, assuming messages {4, ~ccas (br)},
{ttpr—~cca (pr)} and, for terminated codes, {1tq, —ccan (qr)}, {it,—ccap (tr)} are available. The application of the
sum-product algorithm is fairly straightforward. For a detailed description of the resulting algorithm, the reader is
referred to the appendix of this chapter (section 3.6.2).

It turns out that the resulting sum-product algorithm is equivalent to the well-known BCJR algorithm [33], named
after its creators Bahl, Cocke, Jelenik and Raviv. The sum-product algorithm has the same computational complexity,
but is somewhat more elegant in its mathematical description, since it only requires a single update-rule to describe
the entire algorithm.

3.4.5 Convolutional Code

With the building blocks from the previous sections, we can now define a very general convolutional code.

3.4.5.1 Definition

The sequence d (of size, say, f/), containing all information bits b, parity bits p (and, for terminated codes, termination
bits t and q) is not transmitted over the channel directly. We puncture L — N, bits of d. The remaining N.. bits are
then provided to mapping blocks (as described in section 3.4.3), yielding a sequence of constellation symbols a. The
rate of this convolutional code is given by N, /N.. Note that for a fixed NV, this rate depends on (i) whether or not the
code is terminated, and (ii) on the puncturing pattern.

3.4.5.2 Factor graph

We include two more blocks in the factor graph to come to a view as shown in Fig. 3.14: a copier and a selector. The
selector selects N, bits at the output of the copier for transmission over the channel; the remaining L — N, bits are
punctured. In the case of a systematic code, the selector will not puncture any of the information bits.

3.4.5.3 Sum-product algorithm

Similar to the generic error-correcting code from section 3.4.2, the convolutional code can be decoded with the sum-
product algorithm. Decoding starts from some observation r, with a corresponding observation model. This yields
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messages ¢, —cc (¢k), k = 0,...,N. — 1, where [co, . .., cn,—1] are the coded bits after puncturing. For instance, in
the case of BPSK modulation and AWGN with variance o2 per real dimension, we have

1
pomco @) o exp (=gl — (e - D) (327)

In order to decode the code (i.e., infer b; from r), we apply the SP algorithm to the graph from Fig. 3.14. Note that
the graph has no cycles, so the exact marginals will be computed.

1. Initialization: First, messages p.,—cc (ci) are sent over the ci-edges. At the same time, the half-edges in the
selector-node transmit messages equal to 1 (this corresponds to the bits that were punctured). Similarly, the
half-edges at the bottom transmit upward messages equal to 1.

2. In the copier node, the equal nodes compute an upward message to the CCGB block by multiplying the two
incoming messages (according to the SP rule). This yields us, —.ccas (bx) and pp, —ccen (px), k=0,...,L—1.
In the case of a terminated code, this step also yields 4, .ccar (tx) and pg, —cces (gx), k=0,...,v — 1.

3. The SP-algorithm is applied to the CCGB block. This algorithm is described in the appendix of this chapter
(section 3.6.2).

4. The CCGB outputs messages pccaB—b, (bk)-

5. Termination: The APPs of the information bits are then given by

p (b |r) < peccap—b, (b)) X pv,—ccan (br)
and decisions w.r.t. the information bits can be made:

by, = argn})axp(bk Ir).
k
Steps 1-4 are marked in Fig. 3.14.

3.4.6 Turbo code

Although turbo codes are a very advanced type of code, their structure and decoding algorithm can be easily de-
scribed in terms of what we have already covered. Turbo codes are simply two convolutional codes, separated by an
interleaver [7]. A possible factor graph is shown in Fig. 3.15 : using a selector, a subset of the output bits (d) of the
top-most encoder is used, after interleaving, as information bits of a second convolutional encoder. For each encoder,
a set of bits is selected for transmission over the channel.

The different selectors (the three selectors 5-0, S-1 and S-2 are marked in black in Fig 3.15) in the graph can be
modified to change the rate of the code. The interleaver is a crucial part of the code, as it improves the error-correcting
abilities of the codes, and increases the length of cycles.

Note that the factor graph of a turbo code always contains cycles. Decoding is generally performed iteratively as
described in Algorithm 1. Each of the constituent CC blocks accepts information from the channel, as well as from
the other constituent CC. To initialize this process, we have to set initial messages from one decoder to the other,
equal to some constant.

3.4.6.1 Parallel and serial concatenation

Two types of turbo codes are generally distinguished: parallel concatenated convolutional codes (PCCC) and serial
concatenated convolutional codes (SCCC). The latter are obtained in Fig. 3.15 by

e not transmitting any of the bits of the topmost encoder (i.e., the corresponding selector S-1 punctures all the
bits)

e passing all the bits from the topmost encoder to the bottom encoder (i.e., the selector S-0 punctures none of the
bits).

A PCCC code is obtained by

e passing only the information bits b from the top encoder to the bottom encoder (i.e., the selector S-0 in Fig. 3.15
punctures all the parity bits and termination bits). Both encoders use the same set of information bits (albeit in
interleaved form for the bottom encoder).
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TURBO CODE

Figure 3.15: Turbo code, including constituent CC, interleaver, mapper nodes and observation nodes. Three selector blocks perform puncturing
and are marked in black. Some additional equality nodes (not depicted) are required to connect the interleaver with the bottom CCGB.

Algorithm 1 SP algorithm for a turbo code

1: Initialization: set messages from bottom CC to top CC to constant value
2: for i =1to I,,4, do

3. Decode top CC. Accept messages from channel and from bottom CC.
4:  Decode bottom CC. Accept messages from channel and from top CC.
5: end for

6: compute APPs of information bits
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Figure 3.16: Turbo Code: performance

3.4.6.2 Illustration

To illustrate the power of turbo-processing, an example of the performance of the iterative SP algorithm for a
turbo code is shown in Fig. 3.16. Observe the decreasing bit-error-rate (BER) with each iteration'*.

3.4.7 Further applications

Of course, the story doesn’t end there. Many of the most powerful error-correcting codes (such as turbo codes, LDPC
codes [6,34] and RA codes) can be elegantly represented as factor graphs. As we have seen, factor graphs can be
combined to make larger factor graphs: for instance, attaching a convolutional code node with an array of mapper
nodes. Iterative detection for such systems was originally developed in an ad-hoc way in [35]. Advanced iterative
detection schemes for multi-antenna systems are likewise based on factor graphs [36]. Even techniques such as FFTs,
the Forward-Backward (Baum-Welch) algorithm on Hidden-Markov models and Kalman filters/smoothers can be
interpreted as the application of the sum-product algorithm on factor graphs. A more extensive list of applications
of factor graphs in digital communication systems can be found in [8,37] and references therein.

Nodes in factor graphs can be grouped and made into a ‘black box’: the black box can then operate according
to an algorithm different from the SP algorithm and output messages of the connected variables. For instance, one
could replace the CCGB nodes in Fig. 3.13 by another decoding algorithm (such as the Soft Viterbi algorithm [38]). The
CCGB accepts the same messages as the standard sum-product algorithm. It outputs messages that can be interpreted
as or transformed into valid messages, that in turn can be used elsewhere in the factor graph. However, the messages
inside the CCGB will not be computed by the sum-product algorithm, but by the Soft Viterbi algorithm. Although
this will affect the performance, the sum-product algorithm can still be applied elsewhere in the graph. Since we will
make use of error-correcting codes based on factor graphs throughout this dissertation, many digital components in
the receiver are forced to adhere to the input-output relationship described by the sum-product rule.

3.4.8 Some important practical considerations

In most cases, when the factor graph represents a function proportional to some a posteriori distribution p (b |r),
messages computed during the sum-product algorithm should be normalized, so that 3 j1r—.s, (by = o) = 1. Since
the graph represents p (b |r) up to a multiplicative constant, this normalization does not affect the outcome of the SP
algorithm!®: the APPs of the variables are still obtained after normalization. However, normalizing messages during

4Parameters: rate 1/3 parallel concatenated convolutional code. Constituent codes: systematic recursive, rate 1/2, generators (21,37). Block
size: 501 QPSK symbols. Random interleaving. Only the first convolutional code is terminated.
15This also explains the somewhat liberal use of the notation "’ in the previous sections.
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the SP algorithm has two benefits:

e Messages can at all times be interpreted as probability mass functions (or probability density functions, for
continuous variables).

e More importantly, normalization avoids problems related to numerical stability: multiplying probabilities
tends to create messages with very small magnitude, often beyond the resolution of current processors.

3.5 Main Points

We have presented the concept of factor graphs:

e Factor graphs provide a convenient way to represent the decomposition of functions of many variables;
e applying the sum-product algorithm on a factor graph yields the marginals of the function;
e this marginalization is no longer exact when the graph contains cycles. Short cycles should be avoided;

o The turbo-principle can be interpreted as applying the SP algorithm on a factor graph of a suitable a posteriori
distribution p (b, x| r), where b contains the variables we wish to detect, r is an observation and x is a vector of
additional variables.

In the field of communications theory, factor graphs have been applied mostly in the context of adaptation to known
channel and transmit modes and to data detection. Recently, factor graphs have begun to appear as a means to estimate
parameters, with mixed success. One of the main problems with factor graph-based estimation lies in the nature of
the parameters that need to be estimated: since some of them are continuous, the messages are no longer probability
mass functions!®, but rather probability density functions. These need to be represented in the SP algorithm in an
efficient manner.

16Probability mass functions can conveniently (and exactly) be described with a vector representation.
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3.6 Appendix

3.6.1 The Sum-product algorithm

Theorem 3.6.1 (The Sum-Product algorithm). Given a function and a cycle-less corresponding factor graph representation,
the Sum-Product Algorithm relates outgoing messages to incoming messages, according to'’

fpmae @k) = > fo (Xn) [ twimp (20) - (3.28)
~{zr} I#k

The SP algorithm starts from the half-edges in the graph and from nodes with degree 1. Each node computes outgoing messages
(i, -z, (@) when all incoming messages (py, — 1, (1), | # k) have been received. Once all messages have been computed, the
marginals are then given by (3.7).

Proof. By induction on N, the number of nodes in the graph. A function with N nodes can be written as
S (i xpxmwe) = f1 (oxn) < fi (o X, ) (3.29)

where xj, is a variable, f 7 ( fr (N)) is the part of the graph to the left (right) of ; and =z, is a variable that will be
used during the inductive step. Since the graph is a tree, x; and xp are distinct variable sets (either of which may be
empty). The marginal corresponding to x, is given by

gt ( Zf (w1, x) X Y f9) (@r, xR, 70) (3.30)

XRyTc

Messages in a graph with N nodes will be superscripted as ;(¥)(.). We will denote by ug} () and u$fy R( ) the
messages on an edge from right-to-left and from left-to-right, respectively. The corresponding factor graph is depicted
in Fig. 3.17.

A. Base Case: N = 1.

This is trivial: the message from the variable to the node is identically 1, while the message from the node to the
variable is the marginal.

B. Inductive Hypothesis:

Assume the SP algorithm correctly computes the marginals for any factor graph with up to N nodes.

C. Inductive step:

Start with a cycle-less graph with N nodes. As before, the corresponding function will be denoted fN) (x1,, x1,, X g, ).
Without loss of generality, we assume that the new node was attached at the far right of the graph to an edge z., so
that (see Fig. 3.17)

f(N+1) (XL7 xka XRa x(n b)

= f(N) (XL,xk,XR, :CC) X w (l‘c,b> (331)
= éN) (:CkHXL) I(QN) (:CkHXRwrc) ’(/} (SUC, b) . (332)

We now apply the SP- algorlthm on the factor graph of f(N+1V (x;, xy,xg, ., b). Three types of variables can be
discerned: variables in Sy = {xr, =%, Xg}, variables in {b} and the variable z..

—Variables in Sy Let us take the generic element z; in Sy. The messages from left to right are unchanged as
compared to the N-node factor-graph:

uSE @) = ulyh () (3.33)
Zf( (zr,xL) (3.34)

7For continuous variables, the summations are replaced with integrals.
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S (@, X1, XR, 20)

Figure 3.17: Sum-Product Algorithm on a function with N + 1 factors: féN) (zr,XxL) }(?IN) (xk,XR, Tc) Y (xc, b)

On the other hand, the messages from right to left are now different. Since f I(?N) (zk,XR,x:) X P (2, b) contains
less than N +1 nodes, the SP algorithm yields the following marginal of the function f ;%N) (g, XR, Tc) XY (2, b):

paps (@) = Y Y (aexp @) X ¥ (2, b) (3.35)

XR,b,xc
Multiplying (3.33) and (3.35) yields

(N+1) (N+1)

tror ~ (Tk) X ppor (Tk) (3.36)

N (V) (N) b 3.37

= Z fR ('rlﬁXRaxC) fL (mkvxL)w(xcv ) ( . )
XR,XL,b,T¢

= > Y wexnae) £ (a,x0) ¥ (20, b) (3.38)
XR,XL,b,Tc

= Z SO (xp, 2k, XR, T, b) (3.39)
XR,XL,b,Tc

= gp () - (3.40)

—Variable 2. Due to the inductive hypothesis, the message over edge z. from left to right is given by

(N+1) (x(/)

Wi = Y A (arxn) x LY (o xp, ) - (3.41)

XLTksXR

On the other hand, since the components in b correspond to half-edges:

ot (z) = >4 (2e, b) (3.42)
b

which immediately yield the correct marginal for z..

—Variables in {b} Concentrating on a generic element b;, we know that u%\;zﬂ) (by) = 1. Taking into account (3.41),
we immediately find the correct marginal for b;.

O

3.6.2 Convolutional Code Generator: sum-product algorithm

Let us consider the generator of a non-terminated CC. Assume, given some observation r, we have computed the
messages iy, —cces (bg) and py,, —ccas (px) for k = 0,..., L — 1. We are interested in determining the marginal
APPs of the information bits b;,. We introduce the following notations (see Fig. 3.18):
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o up,—ccas (b)) = ub (bk) and pp,, —.ccan (Pr) = ,Lt;(;[k]) (pr), with "U” for upward message.
e messages related to state variables will be denoted ugf) (si) and ,ugf‘) (sg) for Left-ward and Right-ward mes-
sages, respectively.

We know ugf) (so) since the code starts from a known state. On the other hand, we know that ugi) (sr) is a constant,
since the code is not terminated so that all final states are equiprobable. We can now apply the sum-product algorithm
on the graph from Fig. 3.13. This immediately yields Algorithm 2. We remind that a node can compute an outgoing
message, only when all incoming messages are available. The algorithm starts with two passes to compute state-
messages: a forward pass and a backward pass, which are executed in parallel. This is followed by the computation
of downward messages of information and parity bits. How the messages are related, is depicted in Fig. 3.18.

Algorithm 2 SP algorithm for convolutional code

1: Define: x5, = [Skfl, SkyPk—1, bkfl], Vk
2. for k=1to L do
3.  Forward pass (Left to Right)

S (i) =
S of (Xk)lﬁz(f,ﬁl (1) uS0) | (1) 8P| (s10-1)
Xp Sk

4 Backward pass (Right to Left)

ul (se—k) =

U
>ooof (XL7k+1),uz(;L)7k (br—r) 1857 (Pr—i) p$s)  (S—k41)

XL—k+1:SL—k

5. end for
6: for k=0to L —1 do
7. Downward messages for information bits
e () = > f (k) pli)y (k) ) (i) by (o)
Xp41:0k

8:  Downward messages for parity bits

U
ol (o) = D7 f rn) 1S (swn) b (si) afy (br)

Xk+1:Pk

9: end for

Once the upward messages and downward messages are known, the marginal APPs are given by

p (bg|r) o< Nb (bk> X Nb (bk)

The presented algorithm is equivalent to the well-known BCJR algorithm [33], named after its creators Bahl,
Cocke, Jelenik and Raviv. Applying the sum-product algorithm has the same computational complexity, but is some-
what more elegant in its mathematical description, since it only requires a single update-rule to describe the entire
algorithm.
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Figure 3.18: Sum-product algorithm on convolutional code
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Part 11

Multi-mode receivers: adaptation






Outline

In the second part of this dissertation, we will investigate how a receiver can detect the transmitted data in the
presence of known channel parameters (including synchronization parameters) and a known transmit mode. We
show how the receiver could be modified when the channel parameters and/or the transmit mode change, and how
such modifications can be accomplished efficiently.

o We start this part with a brief overview of some basic concepts related to continuous-time and discrete-time
signals (Chapter 4). We include some basic notions related to sampling and digital filtering, as well as the
semi-analytical computation of BER degradations.

e In Chapter 5 we consider problems of timing correction, equalization and data detection. We show how the
receiver needs to be modified to operate when the channel state is changed. With the aid of factor graphs,
iterative receivers are derived that will be useful later on.

e The problem of mode adaptation (i.e., how to modify the receiver as the transmit mode changes) is covered in
Chapter 6. We show that in most cases adaptation is a fairly straightforward task and boils down to replacing
parts in factor graphs to suit the current transmit mode. An important exception is adaptation to the symbol
rate in multi-rate transmission schemes.

e The design of receivers that are able to operate efficiently for multi-rate transmission is the main topic of
Chapter 7. Various receiver structures will be discussed and compared in terms of their BER degradation,
as compared to an ‘optimal’ reference receiver. We propose a low-complexity multi-rate receiver, combining
techniques from IF-sampling and sample rate conversion based on a frequency-domain view.
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Chapter 4

Basic Principles: Signals and Filters

4.1 Introduction

In this chapter we will cover a mish-mash of aspects related to digital and analog signal processing, including filter
theory, baseband and bandpass sampling theorems, Fourier transforms, signal reconstruction, anti-aliasing filters,
BER degradation computation and vector-representations of signals. These topics will be applied mainly in Chapter
7. Readers familiar with these topics can safely skip this chapter.

4.2 Continuous-time signals

4.2.1 Signal representation

A signal z (t) and its Fourier Transform (FT) X (f) are related by

X(f)= / +ooz(t) e IIm It gt (4.1)
+oo
z(t) = X (f)e??mItdf. (4.2)

When X (f) = 0 for |f| > B we say that z (¢) is band-limited to +B with a one-sided bandwidth B. When X (f) =0
for || f| — fo| > B, with f, > B we say that x (¢) is band-limited to

fel=fo—B,~fo+ BlU][fo — B, fo + B] (4.3)

with a one-sided bandwidth 2B.

4.2.2 Filtering

When we filter z (t) with a linear, time-invariant filter 4 (¢), the resulting signal is the convolution of z (¢) and & (¢):

“+oo
y(t) = / x (u) h(t —u) du. (4.4)
In the frequency-domain this becomes
Y(f)=X(NH). (4.5)

4.3 Discrete-time signals

4.3.1 Signal representation

When we sample a signal « (¢) at a rate 1/T}, the Discrete-Time Fourier Transform (DTFT) is given by
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“+oo

X (ej27rfTs) _ Z x(kTs)efj%fkTS (4.6)
k=—oc0
1 R k
Ed

Observe that X (e/27/7%) is periodic, with period 1/T,. When X ( f- Ti) and X ( f- ;—/) (k # k') overlap, aliasing
occurs, and the original signal z (t) can no longer be reconstructed. This idea is formalized in the following two
sampling theorems.

Theorem 4.3.1 (The Baseband Sampling Theorem). A signal that is band-limited to the frequency band f € [—B,+B]|
can be fully reconstructed from samples taken at a rate 1/T,, when

1
— >2B. 4.
T, 2 (4.8)
Proof. Due to the periodicity, it suffices to verify that X (f) and X (f — 1/T,) do not overlap. X (f) contains no
component for f > B, while X (f — 1/T) contains no components for f < 1/T; — B. Since B < 1/T — B, there is no
aliasing. Hence, the signal can be reconstructed from its samples.
O

Theorem 4.3.2 (The Bandpass Sampling Theorem). A signal that is band-limited to the frequency band f € [—fo — B, —fo + B] U [/
can be reconstructed from samples, taken at a rate 1/T, when

1 2B
> = .
Ts ~ min(r,1—1r) (4.9)
where r is the fractional part of 2 foTs (i.e., r = rem (2foTs) € [0, 1]).

Proof. We denote the signal component centered at f = fo (resp. f = —fo) by X (f) (resp. X~ (f)). Let us focus
on X (f). Since 1/Ts > 2B, the baseband sampling theorem tells us that the periodic extension of X * (f) will
not overlap with X* (f). The same is true for X~ (f). Hence, it suffices to show that the periodic extension of
X~ (f) does not overlap with Xt (f). The components of the periodic extension of X~ (f) closest to X+ (f) are at
f=—fot+ki/Tsand f = —fo + ko/Ts with ky = |2foTs] and ke = [2foTs] = k1 + 1. This situation is depicted in
Fig. 4.1, where r is defined as

r = 2foTs — [2foTs] (4.10)
= rem(2foTs) (4.11)
There is no aliasing when
r/Ty > 2B (4.12)
and
1-r)/Ty, > 2B. (4.13)
O

4.3.2 Filtering

When we filter = (kT,) with a digital linear, time-invariant filter h (kT;), (which can be interpreted as a sampled
continuous-time filter), the output is given by

+oo
Ya (kTs> =T Z T (lTs) h (kTs - ZTS) (414)
l=—o0

In the frequency-domain this becomes

Y, (ejQﬂ'fTs) =X (ejZWfTS) f{ (ejQWfTS) (415)
where I (e/27/T:) = T,H (e/27/T%).
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Figure 4.1: Bandpass sampling theorem
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Figure 4.2: An IIR filter

Digital and Analog Processing

When processing an analog signal « (¢) with an analog filter & (t), suppose that z (), h (t) and 1/T} satisfy the follow-
ing conditions

1. both z (¢) and h (t) are band-limited to +B
2. the sample rate 1/7, satisfies the baseband sampling theorem (condition (4.8))

3. the summation in (4.14) goes from the infinite past to the infinite future.

Then, we have the following relationship between the continuous-time signal y (¢) from (4.4) and its discrete-time
counterpart yq (kT) from (4.14):

Y (Oly—pr, = ya (kT5) . (4.16)

In practice, condition (1) and (3) can only be met approximately.

Representation

Digital filters come in two flavors: Finite Impulse Response (FIR) and Infinite Impulse Response (IIR) filters. Their
DTFTs are commonly written as a function of z =1 = e727/Ts:

Yi(2) =X (2)H (2). (4.17)

For FIR filters, H () is a finite polynomial in z~*. For IIR filters, H (z) is the ratio of two finite polynomials in 2~!. In
Fig. 4.2 we show a simple example for H (z) = (14 z7%) / (1 + 27! + 272). IIR filters allow for more flexible designs,
but are potentially unstable.
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4.4 Two important digital filters

4.4.1 Interpolation filters
Time-domain interpretation
Interpolation is a technique to reconstruct, from samples = (n7), a signal z (¢) at time instants ¢, according to

+oo
vr(te) = Y a(nTy)pr(ty —nTy) (4.18)

n=—oo

where py (t) is the interpolating pulse, and x; (i) is referred to as an interpolant. Denoting the FT of z (t) by X (f),
interpolation is ideal (i.e., z; (tx) = = (tx), Vi) provided X (f) = 0 for |f| > 1/ (2T;) and p; (t) = sinc(t/T;), with
sinc () = sin(wx)/ (7).

We introduce the quantities my, € Z and py, € [0, 1], uniquely defined by t;, = myTs + pxTs. Hence my Ty is the
sampling instant of the fixed master clock immediately before or at the instant ¢;. Then (4.18) can be transformed
into [39,40]

+oo
zr (ty) = Z hi (k) x (mgTs — iTs) (4.19)

1=—00

No
D hi(uw) @ (my Ty —iTy) (4.20)
i=—Ny

Q

where h; (ux) = pr (iTs + piTs) and Ny and N3 can be chosen by the interpolator designer. This indicates that
the interpolator can be implemented as a time-varying discrete-time filter with coefficients h; (u;). We see that in a
practical implementation, the interpolator has a finite length. For example, for a linear interpolator, we have p; (t) =
1 —|t| /T for |t| < Ts and p; (t) = 0 for |t| > T; this yields only two nonzero filter taps, i.e., h_1 (1) = p and
ho (1) = 1 — u. Such polynomial interpolators may be implemented in an efficient Farrow structure [41]. The finite
number of filter taps inevitably gives rise to non-ideal interpolation (i.e., z; (tx) # z (tx)). An example is shown in
Fig. 4.3.
In many applications, t;, = kT; + 7 for some output sampling rate 1/77 and some delay 7.

Frequency-domain interpretation
The interpolator output samples can be interpreted as passing the signal
400
()= Y a(kT.)d(t—kTy) (4.21)

k=—o0
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Figure 4.5: Linear interpolator: Fourier transform Py (f)

through an interpolator filter with impulse response p; (t) and re-sampling the output (i.e., the continuous-time
reconstructed signal) at time instants ¢; = [T7 4 7. This equivalent interpretation is depicted in Fig. 4.4.

The Fourier transform of the interpolator input signal is given by X (f) = X (e/27/7+). The interpolator has a FT
P; (f). The interpolator output signal, z; (¢) has a FT X; (f), given by

X1 (f) =X (e2T) Pr(f). (4.22)

The goal of the interpolator is to remove potential aliasing components, while at the same time not to distort the
useful signal too much. Hence, polynomial interpolators have a frequency response which is fairly flat around f =0
and has broad nulls around non-zero multiples of k/T,, k € Z. This property is illustrated in Fig. 4.5 for a linear
interpolator. Resampling at times /77 + 7 yields a DTFT equal to
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Figure 4.6: Decimating CIC filter of order L with decimation factor R

X, (70 (4.23)
1 *2"’ X, (7o ™ erntsmme (4.24)
TI . TI
_ 1 *2’0 (Y x (o ity (4.25)
T~ T\ T T, '
1 =R m 42
= T]TS Z Qn fﬁ E ( ) 6)
where
n )
Qu(f)=X (f - T) Pr(f)emir, *27

Generally interpolators are constrained so that z; (mTy) = = (mT;). Hence,

1 JrooP i =1 4.28
LA DR -

Potential problems

While interpolators are good at reconstructing signals, they are very sensitive to interfering signals. The interpolator
removes signal components at k/T;, k # 0. However, an interfering signal in the bandwidth [-1/ (2T),+1/ (27%)]
is attenuated but not fully suppressed. Such a signal may cause aliasing at the output of the interpolator. To see this
consider the following example: assume we have a perfect interpolator, but there is an interfering signal centered at
f = 1/(2T5). Further, assume the interpolator output rate is 1/ (27;). Clearly, at the output of the interpolator the
useful signal and the interfering signal will be centered around (multiples of) f = 1/ (2T%), so that the useful signal
is irrevocably destroyed.

4.4.2 CIC filters

Decimating CIC (Cascaded Integrator Comb) filters are low-complexity decimation filters with good anti-aliasing
properties [42]. They are generally used in form (b) in Fig. 4.6: a CIC decimation filter of order L with decimation
factor R (R, L € N) consists of L integrators followed by an order R decimator and L first order differentiators. A
mathematically equivalent (but computationally more demanding) form is shown as (a) in Fig. 4.6. The magnitude
response can be shown to be (up to an irrelevant constant):

sin (7 fRT) L

sin (7 fT5)
This transfer function should be interpreted as the transfer function before the decimator in form (a) in Fig. 4.6. Note

that the integrators are IIR filters, and the differentiators are FIR filters.
An example is depicted in Fig. 4.7 for R = 7. Observe the nulls at fTs = k/R, k # 0.

|H (e7*™7+) ] o (4.29)
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Figure 4.7: Decimating CIC filter: magnitude frequency response with R =7 for L = 4and L = 2.

Hence, signal components that may cause aliasing after decimation will be removed thanks to the nulls of the
filter. As the filter order (L) increases, these nulls become more pronounced. However, this comes at a cost of an
increased passband ‘droop’ (i.e., more attenuation of the useful signal component around fT = 0).

Recently, CIC filters have been gaining a lot of attention from the research community in the context of Software
Radio: their low complexity makes them attractive for a number of different tasks [43].

4.5 BER degradation

In the previous section, we considered two type of filters that distort the signal, in a sense that the input signal
can never be reconstructed from the output signal. It is important to evaluate to what extent such an operation
degrades the performance of the system. In principle, this can be achieved by implementing the system, performing
simulations and inspecting the results. As this is generally time-consuming, we will consider a different approach.
Using a (semi-)analytical technique, we will determine the BER degradation of a receiver, compared to a reference
receiver. This technique is based on [16, 44, 45].

4.5.1 Principle

Consider the following problem. We transmit a number of symbols {a}. At the receiver, we have an equal number
of samples {y; } and a decision on symbol a;, is made, based solely on sample yy,, with:
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yr = V/Esarso (u) + \/EZ anSk—n (1) + v/ No/20 (u) ny (4.30)

n#k

where E; is the energy per symbol, Ny /2 is the noise variance per real dimension, s¢ (u) is the complex gain of the
useful signal component, s;_,, (u) is the complex gain of the n-th symbol a,,. The samples nj are CN (0, 2), while
o (u) is a noise scaling factor. The vector u denotes a set of nuisance parameters, whose values may or may not be
known to the receiver. For instance, a timing error, a phase error, non-ideal interpolation, filtering, etc.

The receiver operates under the (incorrect) assumption that s, (u) = §,, and o (u) = 1. Our goal is to determine
the BER degradation of this receiver, compared to a receiver that operates on the samples /Fsay, + \/No/2ny. The
latter receiver will be named the reference receiver’.

The BER degradation (expressed in decibels) of our receiver compared to the reference receiver at a target BER
(say BER,.y) is defined as

(Es/No)yes

where (E;/Ny),., f is the SNR required for the reference receiver to attain a BER equal to BER,..s, while E,/Nj is the
SNR required for our receiver to attain the same BER. Denoting with a all symbols except aj, and defining

BERdeg = 101log,,, <ﬂ> (4.31)

f(ua) = 2 (UHZ:?(S)G”S’“‘" (u) (4.32)

we show in the Appendix of this chapter (section 4.8) that the BER degradation can be approximated as

BERdeg = —10log,, (A2 —V2(E,/Ny),. f) (4.33)

where
A = Eaulf(u,a)) (4.34)
V = Varaulf (u,a)l. (4.35)

The approximation (4.33) is valid for 2 (E/Ny),., V < 1 and for small degradations (less than 1 dB).

ref

4.5.2 Example

Suppose we transmit a sequence of real data symbols {a}. The receiver operates under an unknown timing error ,
with some a priori distribution p (7). The observations at the receiver can be shown to be

“+o0

vk =Y arnq(nT —7)+m

n=—oo

where nj, ~ N (O, 1 (NO/ES),,ef) and ¢ (t) is a Nyquist pulse, so that ¢ (¥T") = . Hence, u = [r], and f (u,a) =
(q (=7) + X0 Wh—ng (nT — T)) /o (u). This yields

ocu) = 1
A = E:[q(-7)]
—+o0
V = E; Z q2(nT—T) — A2

This can be further calculated by numerical evaluation of the expectation w.r.t. 7. Note that, whenp (7) = § (1), A =1
and V =1 — A2 =0, so that

BERdeg —10log;q (1)

= 0dB.
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Alternatively, we can use a frequency-domain interpretation, based on the characteristic function of 7:

o= [ pwyera

Since oo
¢ —7)= [ Q(f)e* T 7df
one easily finds
“+oo
A= [ ameemna
+oo
V=Y ¢(-2mn/T)E, — A

where B, = [T Q(f)Q(f —n/T) df.

4.6 Signal Representation

4.6.1 Principle

In many places in this dissertation, we will consider vector representations of signals. In general, a vector representa-
tion r of a signal r (¢) is obtained by expanding r (¢) onto a set of orthonormal basis functions: {¢¢ (t), ¢1 (¢),...,on-1 (¢)}
as follows [46]:

+oo
n= [ rwea (4.36)
so thatr = [rg,r1,...,7 N_l]T. Since the basis functions are orthonormal, we have
N-1
r(t) = Z Tk @k () - (4.37)
k=0

Sampling a signal then corresponds to a particular set of basis functions (i.e., delay-shifted sinc-pulses). In many
cases N = +oco0. When the signal is a random process, the values {r} will be random variables.

4.6.2 Application

A situation that will appear frequently throughout this text is the computation of likelihood functions. Suppose we
have a signal s (¢) and observe r (t) with:
r(t)=s(t)+n(t) (4.38)

where n (t) is a complex white Gaussian noise process with PSD N /2 per real dimension. Projection onto an or-
thonormal basis yields

r=s+n (4.39)
where
(n) —< Il (4.40)
p(n) o< exp N n .
=/ P ar (@41)
X exp No/ n .
The likelihood function p (r|s) can be written in two ways:
1 2
plels) o (-l sl (@42)
0
or as
1 [T 5
p(r|s) x exp N |r(t) —s(t)|"dt). (4.43)
0J—-
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4.7 Main points
In this chapter, we discussed the representation of continuous-time and discrete-time signals and filters. Particular

attention was paid to interpolation filters and CIC filters. We also described a technique that enables us to directly
calculate BER degradations without the need to resort to time-consuming simulations.
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4.8 Appendix: BER degradation

4.8.1 Definitions
The BER degradation of our receiver compared to the reference receiver at a target BER (say BER,..5) is defined as
Ee /NO
BERdeg = 10log | ———— (4.44)
& <<Es/No>mf>

where (E;/Ny),., f is the SNR required for the reference receiver to attain a BER equal to BER,..s, while E,/Nj is the
SNR required for our receiver to attain the same BER. For BPSK transmission, the BER of the reference receiver is
given by

BER..; ((E./No), ;) = Q ( 2 (%)) (4.45)
with . o,
Q(z) = E/x e~ zdt. (4.46)
The decision variable is given by
o = VEsarso (W) + VE; Y ansi—n (0) + v/No/20 (u) ny,. (4.47)

n#k

For our receiver, we have the following BER vs SNR relationship:

BER(Eg/Ny) = Eau |Q ( 12 (u,a) 25;) (4.48)
where
fuay = 2WF Z;?l’;)ansk" ) (4.49)
In (u,2) (4.50)
o (u)

and averaging in (4.48) is performed w.r.t. u, noise statistics and all symbols a, except symbol ay,. Since the reference
receiver and our receiver should attain the same BER, this yields:

b 2F;
o( ()., ) oo (Vo)

For a given value of (E,/Ny),., f E, /Ny can be found iteratively, through a computationally intensive search.

(4.51)

4.8.2 Semi-analytical approach

Searching E, /Ny directly can be avoided as follows [44,45]. We introduce the following notations eq = (E;/Ny),. fr
e = E,/Ny, P (eg) = BER,; ((ES/NO)M), BER () = Eau [P (2 (w,a)¢)], A = Eay [f (wa)l,and V = Eq, [f? (0,a)] -

A2, Similar to [44,45], we model f (u,a) as NV (A, V). In that case, the decision variable can be transformed to:

Yr < Vear f (u,a) + ny, (4.52)

which gives rise to a bit error probability

2
Q( f?(u,a) 2;;) = Q<\/2€2§—Aﬂ>. (4.53)

Substituting (4.53) into (4.51) and equating the arguments yields:

FEau
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— = A% — 2¢,V. (4.54)
Replacing (4.54) in the definition (4.44) leads to

BERdeg = —101log (A2 — V2€0) (4.55)

which is valid for 2eoV' < 1 and for small degradations (less than 1 dB).
In most cases o (u) takes on values closely clustered around its mean, so that we may use the following approx-
imation:

A= Eaylf (u,a)] ~ EaE“u[JEZ ((1‘1‘)’}‘“‘)] (4.56)
and
V = Varaulf(u,a)] (4.57)
Eau[]%,(u,a)} 42
Bt (5
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Chapter 5

Factor graphs, equalization and data
detection

5.1 Introduction

In this chapter we will illustrate the measures a receiver needs to take in order to cope with adverse channel effects.
Within our framework of factor graphs, we discern two stages: in the first stage the incoming continuous-time signal
(rrr (t) or rpp (t)) is transformed to a suitable observation y. In the second stage, a factor graph of an a posteriori
distribution is created and the sum-product algorithm is applied to yield a posteriori probabilities of the information
bits. The first stage involves techniques such as matched filtering, whitening, sampling, timing correction. In the
second stage, the problem of equalization will appear. Tasks such as synchronization and equalization are common to
all receivers and have therefore received intense interest from the research community for over 50 years. Traditionally,
equalization amounted to sampling and filtering the incoming signal in such a way that the channel looks more like a
frequency-flat channel. The resulting samples were then provided to a decoder. Pioneering work in this area dates to
the late 60s and early 70s [23,47,48]. In the next two decades, the theoretical aspects related to equalization have not
received much attention until the advent of turbo codes in 1993 [7]. Only then it was recognized that information need
not only flow from the equalizer to the decoder. By performing iterative equalization and decoding, performance can
be improved significantly [18]. A good overview of such turbo-equalization techniques is given in [24]. The same
paper also touches on the relationship between iterative equalization and factor graphs.

This chapter is organized as follows: we first define the ultimate goal of the receiver (i.e., data detection) and show
how this goal may be achieved in two stages. The first stage is described in section 5.3 and concerns the conversion
of the incoming signal to a suitable observation model. Secondly, from this observation model a factor graph can be
constructed. When we apply the sum-product algorithm on this graph, the data can be recovered. Several practical
ways to proceed are provided in section 5.4

5.2 Receiver operation
5.2.1 The received signal revisited

We start again from our received baseband signal. Revisiting Eq. (2.12):

Ng—1
rpp(t) = Y aph(t—kT)+w(t) (5.1)
k=0

where \/Ej is the transmit energy per symbol, w (¢) is a Gaussian noise process that is white within the signal band-
width and A (t) is obtained by convolving the transmit pulse p (t) with hpp (t)

“+0o0o
h(t)=+/Es / p(u) hpp (t —u) du. (5.2)
Finally, hpp (t) is modeled as follows:
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Figure 5.1: Data detection: factor graph of p (b) I [c = x (b)] I [a = ¢ (c)] p (y|a). The observation y, the channel parameters and transmit
mode are parameters (not variables) in this graph.

L1
hpp () =Y s (t—7) (5.3)
1=0

where «; and 7; are the complex gain and the propagation delay of the [-th path. When L > 1, the channel is
frequency-selective. When L = 1, the channel is frequency-flat.

5.2.2 Data detection: principle

Our goal is to detect the sequence of information-bits b based on rpp (t). Here, b is related to a through a = ¢ (c),
where ¢ = x (b). x represents the transformation from information-word b to codeword c and ¢ corresponds to the
mapping of ¢ to a modulation-set. Detection consists of two parts:

1. We first process the received signal rpp (t) to obtain an observation vector y, so that the likelihood function
p (y |a) has a form that can be cast in the suitable factor graph framework.

2. We construct the factor graph of the a posteriori distribution
p(b,a,cly) xcp(b)Ifc=x(b)]I[a=¢(c)p(yla). 54)

as depicted in Fig. 5.1. We then apply the sum-product algorithm on this factor graph, yielding the marginal a
posteriori probabilities (APPs) p (by|y). Decisions w.r.t. the information bits can be taken as follows

b = argmaxp (by| y). (5.5)
k

The remainder of this chapter is devoted to see how the transformation from rpp (¢) into a suitable observation y is
accomplished, what the corresponding factor graphs look like, and how the sum-product algorithm can be applied.
The key to many detection algorithms lies in the factorization of the likelihood function p (y| a), with the introduction
of additional variables. (see also "the key idea” of MAP detection on factor graphs from page 30).
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5.3 Observation models
We say that an observation y forms a sufficient statistic to detect the data sequence b when [46]
p(bly) =p(blrsp) (5.6)

where rpp is obtained by projecting r g (t) onto a suitable basis.

We will consider three observation models. A factor graph of the corresponding likelihood functions p (y |a)
is constructed in section 5.4 for the three observation models. These likelihood functions can simply be ‘plugged
into” the factor graph from Fig. 5.1, so that the APPs can be computed. Although all three models happen to form
a sufficient statistic to detect b, we could also consider a myriad of sub-optimal observation models, each with a
corresponding likelihood function (e.g., [49]). The principle for data detection remains the same: a factor graph will
be constructed from the likelihood function and the SP algorithm is then used to detect the data sequence b.

5.3.1 Observation model 1: matched filter detector

We denote by ¢ (¢) = fjof h* (—u) h (t — u) du. Expanding rpp (t) onto some orthonormal basis yields a vector
representation rzp. As the noise at the input of the receiver is white within the signal bandwidth, we have the
following likelihood-function:

2
dt (5.7)

logp(rpp|a)
N,—1
rpp (t) — Y agh(t—kT)

—+00
O(_/
- k=0

“+o0
o<2§R{ Z ak/ rig (t t—k:T)dt} —af'Ga (5.8)

= 2R {yMFa} —aflGa (5.9)

where G is a N; x N, Toeplitz matrix with

Girw =g((k—K)T) (5.10)
and ymr = [YmFos .-, YMF, Ns_l]T denotes the vector of N, samples, obtained by filtering the baseband signal
rpp (t) with a filter, h* (—t):

—+00
YMF )k = / rpp (t) h* (t — kT)dt. (5.11)

The filter h* (—t) is referred to as the matched filter (i.e., matched to h (t)), while the samples {yarrx} are known as
the matched filter outputs. It is easily verified that p (a|rpp) = p (a] yar), so that data detection can be performed,
based solely on the N, matched filter outputs y ;7. The matched filter outputs can be written as

yur =Ga+n (5.12)
with

E [nn"] = NyG. (5.13)

Example

When the channel is frequency-flat, hpp (t) = Ae’ 95 (t — 1), where A is an amplitude, 6 the carrier phase and 7 the
propagation delay. In that case, h (t) = v/E;Ae’?p (t — 7), so that

+oo
g = / W (—u) B (t — ) du (5.14)
+oo
= A’E, / (—u—T7)p(t—u—7)du (5.15)
— A’E (5.16)
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where .
0= [ v up-wd (5.17)
When p (¢) is a square root Nyquist pulse,
g (nT) = A*E6, (5.18)

so that yyr = A2E,a + n, with E [nnH ] = A2E,N,I N,. A receiver that computes the matched filter samples is
shown in Fig. 5.2. This receiver is easily extended to a general multi-path scenario with L > 1 paths, as depicted in
Fig. 5.3.

5.3.2 Observation model 2: whitening matched filter

When ¢ (t) is not proportional to a Nyquist pulse, detection based directly on the matched filter outputs may be
difficult (since G in (5.10) will not be diagonal, so that the noise samples at the output of the matched filter are
correlated). Fortunately, based on a spectral decomposition of the matrix G, the noise at the output of the matched
filter can be whitened (the details of whitening are omitted here, but can be found in any standard textbook on Digital
Communications, such as [21]). By clever choice of the whitening filter, the resulting observation model corresponds
to a causal channel with L,, taps':

ywur = Ha+w (519)

with F [WWH } = NoIn.t+r1,-1 and H an (Ns + L, — 1) x N, Toeplitz matrix. For instance, for a three-tap channel

w

(Ly = 3) and N; = 4, we get:

ho 0 0 0

hy hg 0 O

| he by he O
H=| 0 0 (5.20)

0 0 hy h

0 0 0 h

1We note that there are many ways to whiten the noise in y s 7 (e.g., through a Cholesky decomposition of G, or a Karhunen-Loeve expansion).
However, not all techniques will lead to a sufficient statistic. For more details on whitening, see [46].
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5.3.3 Observation model 3: over-sampling detector

In the last technique, we proceed as follows: the incoming baseband signal rpp () is filtered with an analog anti-
aliasing filter (AAF) and sampled at a rate N/T satisfying the Baseband Sampling Theorem. By suitable selection of
the AAF, the noise of the samples will be white, iid and distributed according to CN (0, NgN/T'). The samples can be
written as

yos =Ha+w (5.21)

with E [ww#| = NoN/TI. In the matrix H, the row corresponding to sample yog (mT + IT/N) is equal to (for
m > 0):

column m

!
[ ... h(BET) K(£T) R(EET) 0]

Hence, the row corresponding to yos ((m + 1) T +IT/N) is equal to the row corresponding to yog (mT + IT/N),
right-shifted over N columns. This regular structure is due to the fact that the sample rate is an integer multiple
of the symbol rate. In principle, the incoming signal could be sampled at a rate that is not an exact multiple of the
symbol rate. In such cases, possibly all rows in H will be different.

When the sample rate is an integer multiple of the symbol rate, it is readily verified that (5.21) can also be written
as

Yos = Ah+w (522)
where h contains the channel impulse response (assuming & (t) takes on significant values in [-L;T’, +L,T):
h” = [h(L,T) h(L,T —T/N) h(L,T —2T/N) ... h(—L;T +T/N) h(—L,T)]
and the row of A corresponding to y (mT + IT/N) is equal to

column kg column kg + N
! !
[0 ... 0 ao 0 ... 0 ai 0 .. ]

where kg = (L, —m)N —1 > 0:

Remarks

e yog in (5.21) is a vector of length (roughly) (N5 + L) N, where Ly, is the number of symbol periods for which
h (t) takes on significant values?. When the transmit pulse p (t) takes on significant values for L, symbol dura-
tions, then Lj, ~ L, + =2,

e Depending on the channel, either a matched filter or an oversampling approach will be used. It is obvious that
a matched filter receiver is to be preferred when the overall channel impulse response & (t) closely resembles
a square root Nyquist pulse. An oversampling receiver would in such cases entail a significant computational
overhead. On the other hand, when & (¢) has a more exotic shape, an oversampling approach may be more
suitable: it removes the need of explicit matched filtering and whitening.

5.4 Equalizers

Based on the three observation models (5.12), (5.19) and (5.21), we will now construct factor graphs of the corres-
ponding likelihood functions p (y|a). The sum-product algorithm can then be applied on the factor graph from
Fig. 5.1.

The sum-product algorithm may be too complex to implement in practice. For this reason we also describe a type
of augmented equalizer: this is a block that replaces the node p (y |a) in Fig. 5.1, and accepts messages /i, — (ai) and
outputs messages fi,—.q, (i), but does not operate according to the sum-product algorithm. As long as the augmented
equalizer satisfies the input-output relationship of a node in a factor graph, it can be used instead of the sum-product
algorithm in Fig. 5.1. Numerical results comparing the different equalizers can be found in abundance in technical
literature [18,24,25,50,51] and are omitted here.

2Note that, strictly speaking, h (t) is of infinite duration.
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Figure 5.4: Factor graph of likelihood function for Observation Model 1: frequency-flat channel
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Figure 5.5: Factor graph of likelihood function for Observation Model 2: frequency selective channel

5.4.1 Sum-product equalizers
Observation model 1: matched filter detector

Observation model (5.12) generally gives rise to a likelihood function p (yasr| a) that is not suitable in a factor graph
representation, due to the correlation of the noise. Only in the case when g (¢) in (5.10) is a Nyquist pulse (e.g., when
the channel is frequency-flat) can we obtain a suitable likelihood function of the following form

N,—1
p(ymrla) = [ p(ymrklar) (5.23)
k=0
2
x H eXp( AQE N, |yMF,k _akA2Es| ) (5.24)

The corresponding factor graph is shown in Fig. 5.4, where p (yarr x| ax) is abbreviated by py. The sum-product
algorithm is trivial: messages ptq,—, (ax) = p (Yrmr x| ax) are propagated upwards to the mapper nodes.

Observation model 2: whitening matched filter

In the case of a symbol-rate detector with H corresponding to an L,,-tap channel, we may write the k-th component
of (5.19) as®

Y = Z hyag—; + wy, (5.25)

. (5.26)

3For notational convenience, we omit the subscript W M F in this paragraph.
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Figure 5.6: Section of factor graph of likelihood function for Observation Model 3

fork = 0,...,Ns + Ly, — 2. Introducing the additional variables {zy},_o . .7, o and {sx},_o  n_, withs, =

[@k—L,+1,---,ak—1], a vector of size 1 x (L,, — 1) we can transform the hkehhood function p(y|a) into the following
factorization
p(y,x,sla) = (5.27)
Ny+Ly—2
IT  pCukloe) Ilee = hoax + fi (sk)]
k=0

where f, (sg) = Zz>o hiag—;, and implicitly we assume a<o = 0 and a>n, = 0. Abbreviating p (yi| xx) with p,
I'zy = hoar, + fu (sk)] with f (zk, ak, sk), and introducing

Ly,—2 L,—1-k
filen, ansn,—esn) = ] I zien, = Y henan,—

and fo (so) = 1 [So = le(wal)}/ we have

p(y,x,s|a) = (5.28)
No—1 NytLy—2

o(so) T[ pof (@rsanssi)  T] pefi(@n, o o 40,-2,58,)
k=0 k=N,
which lends itself well to a trellis representation, shown in Fig. 5.5.

Discussion

e Note that now the SP algorithm is applied to a factor graph representation of p (b, a,c,x,s|y), rather than
p(b,a,cly).

e Observe the similarities between this factor graph and the one corresponding to the convolutional code gen-
erator block (Fig. 3.13). In the equalizer, the variables a;, are not binary (except for BPSK transmission), so the

messages over the a;-edges will be vectors of size ||. The variables xj, can take on || values. Hence, the

complexity of the sum-product algorithm on this factor graph scales as O (N 519

L) For channels with large
L., this approach is no longer suitable.

e When the channel is frequency-flat (L,, = 1), the state variables sy, are all of length L,, — 1 = 0, so that the factor
graph from Fig. 5.5 reduces to the factor graph from Fig. 5.4.
Observation model 3: over-sampling detector

Let us focus on a situation where the incoming signal is sampled at 7'/N and the channel A (¢) takes on significant
values in (—L;T,+L,T), so that L;, = L; + L,. The equalizer will operate on the samples4

y=[y(-LT),y (LT +T/2),....y (NT—-T+L1)]"

“For notational convenience, we omit the subscript OS in this paragraph.
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Introducing the following notations hl(”) =h(IT+nT/N), nl(n) =n(T+nT/N)forn=0,...,N—1, wecan express
y\™ =y (IT +nT/N) as

L
y,gn) = Z hl(n)ak—z—Fn,(cn) (5.29)
I=—1L,

where implicitely a9 = 0 and a>n, = 0. After some straightforward manipulations:

Ly+1L,
=0
= x,(gi)Ll + n,(;i)Ll (5.31)

which bears a striking resemblance to (5.25). The function p (y, x,s|a) can again be factorized in a similar fashion,
and is represented by the factor graph depicted in Fig. 5.6. We have introduced the state variables s;, given by

sk = [ak—r,,---,ak—2,ax—1]. The nodes p;”) are a shorthand for p (y,ﬁ”) xé")) The f-nodes ensure that x,(!';)LL =
Zf;gf L hg”gl 41ak—1, forn = 0,..., N — 1. The SP algorithm operates in the standard way. The complexity of this

algorithm scales as O (N s |Q\L"). Note that

e Each f-node in the factor graph from Fig. 5.6 has 3 + N connected edges (as opposed to at most 4 edges in the
previous observation models);

e Some measures need to be taken at the boundaries of the factor graph (i.e., sections corresponding to & = 0 and
k = N, — 1), just like in the previous observation model;

e When the channel is frequency-flat, iterating between equalization and decoding is still necessary. In observa-
tion model 1 and observation model 2, iterating between equalization and decoding was not required as there
were no cycles in the factor graph between the block p (y|a) and the block I [a = ¢ (c)].

e When the sample rate is not a integer multiple of the symbol rate, the function f may vary from time & to time
k + 1, which is clearly undesirable.

From the exposition above, it has become clear that a straightforward factor graph approach to equalization is pos-
sible, but computationally demanding when the channel is long (i.e., large L, or Ly).

5.4.2 Augmented equalizers

Although the factor graph equalizers are interesting from a theoretical point of view, they are generally too complex
to implement. Various ways to reduce the complexity have been proposed in technical literature. For instance, we
could reduce the size of the state-space in the graphs from Figs. 5.5-5.6 by making decisions (either hard or soft)
on the state. This reduces the complexity to O (IV; |(2|), irrespective of the number of taps. Such an approach was
considered in [52].

Another way to proceed, is to look into the class of what we will call ‘augmented” equalizers, where we replace
the node corresponding to the likelihood function p (y| a) with a block that performs an algorithm, different from the
sum-product algorithm. These augmented equalizers can be used for the three observation models and are basically
conventional equalizers that have been augmented in three ways, so that they can operate within a factor graph:

1. Input augmentation: the equalizer can accept information from other parts of the factor graph, in particular
messages regarding the symbols ay: fip—q, (ax) (i-e., the message from the mapper node).

2. Message computation: messages should be computed in a way that does not violate the SP rule: an outgoing
message [tq,—, (ar) should not depend on the corresponding incoming message (i, —q,, (ak)-

3. Output augmentation: the equalizer can output information in the form of messages jtq,—, (ax), which are
used elsewhere in the factor graph.

Various types of such augmented equalizers have been devised in technical literature. For the sake of illustration, we
will describe a popular MMSE (Minimum Mean Squared Error) equalizer [49].
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MMSE equalizer
The equalizer operates as follows. Suppose we want to estimate a quantity a, with distribution CN (m,, S,,) from
an observation y, with

y=Ha+n (5.32)

where n ~ CN (0, S,,,,). If we model the coded data symbols as Gaussian random variables, we can apply standard
techniques (see [16, p. 643]) to estimate these symbols, for any of the three observation models (i.e., for (5.19), (5.21)
as well as (5.12)):

a = mg+ SaySy_y1 (y —my) (5.33)
= m, +S..H" (HS,,H" +8,,,)”" (y — Hm,) (5.34)

where S, is the cross-covariance of aand y, S, is the auto-covariance of y and m,, is the mean of y. The components
of a are then estimates of the different symbols a;. When information from the decoder is disregarded, m, = 0 and
Sue = In,, in which case (5.34) reduces to a conventional MMSE equalizer [21]:

a=H"(HH" +8,,) y. (5.35)

Augmentation

In order to meet the three requirements above, the following modifications need to be made:

1. Input augmentation: the input messages fi,—.q, (ax) are used to approximate m, and S,,: for instance, the
k-th component of m, would be given by® m, 1, = > . w X fp—a, (w), while E [aja}] would be approximated
by mqm? ;.

2. Message computation: when estimating a,, we need to remove the dependence of the estimate a5 on the
incoming message [t,—q, (ax). This is achieved by replacing the corresponding entries in m, and S,, with
those of the conventional MMSE equalizer [49].

3. Output augmentation: the MMSE equalizer outputs an estimate of each of the symbols. To convert these
estimates to messages, we model the estimates G, to have a Gaussian distribution with mean p,ay, and variance
o?. Both uy and o} can easily be determined from the available data [49].

Computational complexity

In practice, the computational complexity can be reduced by making use of a sliding-window approach: when de-
termining a, the MMSE equalizer operates only on y}, a subset of y. Applying suitable approximations, the compu-
tational complexity is given by

e Observation Models 1 and 2: O (N,L,,), for an L,,-tap channel
e Observation Model 3: O (N;N L), for an Lj, N-tap channel, with N samples per symbol duration.

When we compare with the factor-graph approach, we see a drastic reduction in complexity: the MMSE equalizer is
no longer dependent on the constellation and its complexity is linear (rather than exponential) in the channel length.

5.5 Main points

In this chapter, we have discussed how a (mono-mode) receiver that has perfect knowledge of the channel state and
synchronization parameters, can detect the transmitted data. First the received signal rpp (t) is transformed into
a suitable observation y. This involves tasks such as matched filtering, whitening of noise, sampling and timing
correction. Secondly, by the introduction of additional variables (say, x), a factor graph of the function p (y,x |a) is
created, and connected to the factor graph that models the a priori distribution of the coded data symbols a. Applying

5Here, we exploit the fact that messsages are represented by pmfs.
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the sum-product algorithm in this graph yields the APPs of the information bits. It turns out that, depending on
the observation model and channel impulse response, we may need to iterate between decoding and equalization
(turbo-equalization) using the SP algorithm. Unfortunately, this SP approach is not feasible for long channels. A
second structure is mentioned, based on a conventional MMSE equalizer that is augmented to operate within the
overall factor graph and replaces the node corresponding to p (y, x |a).

When the channel state changes, this may impact the conversion from rzp (t) to y as well the factor graph of
p(y,x|a). In the latter case, this simply boils down to replacing a node in the factor graph. In the former case, de-
pending on the observation model and type of channel, new filters may need to be loaded to perform the conversion
from rpp (t) to y. The complexity related to this heavily depends on the transmission model (e.g., CDMA, OFDM),
and should be considered on a case-by-case basis. For the simple models we have considered, a matched filter
receiver is better suited for frequency-flat channels, while an oversampling receiver may be preferred for frequency-
selective channels.

Finally, we remind that any APPs computed in the detection process are actually conditioned on the (estimate of)
channel state and transmit mode.
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Chapter 6

Transmit mode adaptation

6.1 Introduction

Now that we have familiarized ourselves with some techniques related to matched filtering, equalization and data
detection, we are ready to go one step further and consider the problem of transmit mode adaptation. In conventional
mono-mode communications the transmitter does not have much freedom in the transmission. Basically, it can only
change the information bit-sequence from frame to frame. In multi-mode transmission, the transmitter can set a
number of parameters for each burst. The problem of mode adaptation is related to designing flexible transceivers in
an efficient manner. At the same time we should stay true to the Software Radio paradigm and not allow any modes
to depend on analog components. The latter goal is generally easy to achieve, since most modes are inherently digital.
An exception is the shape of the transmit pulse, which lingers somewhere between the analog and digital domain.
This is related to the critical aspect of symbol rate adaptation. We pay special attention to this problem, and place it
in its common context, namely that of Direct-Sequence/Spread Spectrum (DS/SS) communications.

In parallel to the previous chapter, we assume that both the channel state and transmit mode can change from
burst to burst, but remain constant within a burst. We again assume the receiver has perfect knowledge of the channel
state and the transmit mode parameters. Our goal in this chapter is to see how a change in the transmit mode affects
the receiver.

This short chapter is organized as follows: we first discuss the general problem of transmit mode adaptation
in section 6.2 and then focus on the specific issues related to symbol rate adaptation in section 6.3. Symbol rate
adaptation turns out to be far from trivial and will be covered in detail in the next chapter.

6.2 Transmit Mode Parameters

6.2.1 System Model

We repeat the transmission model from Chapter 2. The transmitter sends a burst of N, information bits b to the
receiver. The bits are first encoded, yielding a code sequence c of length N., ¢ = x (b). The ratio N;/N, is referred
to as the code rate. The coded bits are then mapped to a sequence of N, complex symbols a = ¢ (c), with symbols
taken from an M -point constellation 2. The symbols are shaped by a unit-energy transmit pulse p (t). The resulting
complex baseband signal can be written as

Ns—1
spp (t) = VE. Y ap(t — kT) (6.1)
k=0

where E; and 1/T denote the transmit energy per symbol and the symbol rate, respectively. The transmit pulse has
a (one-sided) bandwidth B.

In conventional (mono-mode) communications, the transmitter has only one degree of freedom in the creation of
spp (t): the sequence of information bits b. Once b is set, the signal s (t) is fixed. In multi-mode transmission, the
transmitter has the possibility to set additional parameters, according to a predefined set of rules. These parameters
may include the transmit energy, the code, the constellation and the symbol rate. Each of these parameters affects the
receiver in a different way.

The receiver operates on the signal 7z (t), obtained by filtering spp (t) with the channel impulse response, and
adding AWGN. In Fig. 6.1, we show the general structures we have derived so-far: the incoming signal rpp (t) is
first processed to yield a suitable observation y. A factor graph of p(a, b, c|y) is constructed. The parameters of
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Figure 6.1: Receiver: transformation from rgp (t) to observation y. Factor graph of p (a, b, cy ).

this graph are the observation y, the channel parameters and the transmit mode. Applying the SP algorithm on this
factor graph yields the a posteriori probabilities (APPs) of all variables. The node corresponding to p (y |a) may be
replaced by a suitable block (e.g., an augmented MMSE equalizer).

6.2.2 Modes

Contrary to the previous chapter, transmit mode adaptation concerns both the transmitter and the receiver. We will
now give a short overview of how modes may be changed and how they affect the transmitter and the receiver.
As we will see, mode adaptation generally boils down to modifying nodes in the factor graph, i.e., a pure software
change.

Transmit energy

The transmitter can change the transmit energy F, in a limited continuous range. At the receiver, adapting to a
change in E; is easy: it corresponds to a trivial change in the node corresponding to the likelihood function p (y |a).

Code and code rate

By changing the error-correcting code x and/or the code rate N, /N, the transmitter is able to offer certain packets
improved protection against adverse channel effects. At the receiver, the correct decoder must be plugged into the
factor graph to decode the packet correctly. For codes with simple building blocks (such as convolutional codes),
the code can be modified by changing the building blocks. For other codes (such as LDPC codes), this is not so
straightforward. An efficient way to change the code rate is through puncturing. The process of puncturing was
already briefly mentioned in Chapter 3: we fix the underlying code, but transmit only a (variable) subset of the
coded bits over the channel. A related topic is that of rate-compatible punctured codes [53, 54], where code rates
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Figure 6.2: Multi-rate DS/SS with Variable Spreading Factors (left) and Variable Chip Rates (right). For VCR the chip pulse of the low rate
user (L) is longer than for the high-rate user (H).

are organized in a hierarchy, so that higher-rate codes are embedded in low-rate codes. Finally, adaptive coded
modulation has been investigated [55].

Constellation and mapping

Changing the constellation requires changes to the mapper block and (for factor-graph equalizers) to the equalizer
block!. Changing the mapping (i.e., how a group of bits is mapped to a constellation point) requires only changes
to the mapper block I [a = ¢ (c)]. The latter is accomplished by storing a list of all possible mappings. Additional
information on adaptive modulation can be found in [10, 56-59].

Symbol rate and pulse shape

This is probably the most complex task for the receiver: when the symbol rate changes, the pulse shape p (t) changes
accordingly. At the transmitter, this requires modifications to the digital filters used to generate spp (t) from (6.1).
At the receiver, changes are more drastic and pertain to the matched filter, the equalizer and the ADC. This is closely
related to the concept of multi-rate transmission and will be discussed in more detail in the next section.

6.3 Symbol rate adaptation

The problem of symbol rate adaptation and multi-rate transmission is well known in the context of Direct-Sequence
Spread Spectrum (DS/SS) systems. In such systems, the transmit pulse is given by?

Ng—1
pr(t)= Y anper, (t—nTy) (6.2)

n=0
where «, is a chip, N, is the spreading factor and p. 1, (¢) is a rate 1/T, square root Nyquist chip pulse with one-sided
bandwidth Br. Note that p7 (7') has the same bandwidth. The symbol rate is related to 7. and N, by
1/T =1/ (N,Te). (6.3)

Hence, the symbol rate can be increased by either reducing the number of chips per symbol or increasing the chip
rate (or a combination of both). This leads to techniques known as Variable Spreading Factor (VSF) and Variable Chip
Rate (VCR) multi-rate transmission [60-62] (see Fig. 6.2).

INote that an MMSE equalizer requires no knowledge of the constellation.
2The subscript 7" will indicate the symbol duration.
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Let us compare these two techniques on a simple example: multi-rate transmission over a frequency-flat channel
hpp (t) = Ae??5 (t — 7). The corresponding matched filter is given by (see section 5.3)

h* (—u) = Ae 77 Z oz,*Lp*Td”p —u—nT,—T) (6.4)

which can be implemented in the following 4 steps®:

1. Filtering with a chip-matched filter p} . (—t), yielding a signal x; (t) where

z1(t) = Al \/E, Z ag Z an/ch w)per, (t —u—nT, —7—kT)du

-1

- AejefZakZanch (t—nT.—71—kT)

2. Timing correction to compensate for 7, yielding samples (assuming an adjustable clock)

—1
o (IT+mT,+7) = Ae’\/E, Zakzanqﬂ (IT — kT + mT. — nT.)

s_ Q

= Aeje\/fs Z ag Z an(slfk(smfn
k=0 n=0

= Aeje mala771

3. Despreading, yielding samples x5 (IT"), with

Ny—1
Z of xy (IT+mT. + 1)

m=0

N,—1
= Ae'?’\/E,q Z |0¢m|2
m=0

To (lT)

4. Carrier phase correction

VSF multi-rate transmission

In a VSF system the rate can be reduced by increasing the spreading factor. The maximal symbol rate equals the
chip rate (corresponding to N, = 1), with each symbol corresponding to a single chip. From the description of the
matched filter, we see that as the spreading factor changes, this only has an impact on step 3. With step 3 being a
simple correlation that is implemented digitally, a change in the spreading factor can easily be adapted to.

In the context of multi-user systems, the difficulties related to VSF are the following: first of all, VSF requires
careful dynamic allocation of spreading codes to each of the users. Secondly, there is no way to change the bandwidth
corresponding to different rates. Also, only very few users can be supported at the highest data rate.

VCR multi-rate transmission

In VCR transmission, the symbol rate is reduced by using a low-rate chip pulse, but maintaining the same spreading
factor. Looking again at the 4 steps in matched filtering, a change in the chip pulse impacts step 1, requiring a new
filter to be loaded for each rate.

In the context of multi-user systems, VCR has the benefit of superior performance compared to VSF [63] and
has more freedom in terms of the number of users that can be supported at a given data rate. However, VCR
transmission has some practical drawbacks: since low-rate users do no use up the same bandwidth as high-rate
users, VCR requires advanced frequency planning. Secondly, since DS/SS systems commonly use RAKE receivers
(similar to the receiver depicted in Fig. 5.3) without any further equalization, low-rate users will not be able to

3We will neglect the noise in this paragraph.
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| | transmitter | receiver |

E, trivial trivial
code/code rate code FG code FG
modulation set mapper FG + code FG | mapper FG + code FG + equalizer FG
modulation mapping mapper FG mapper FG
T, pulse digital filters digital + analog filters + equalizer FG

Table 6.1: Modifications required at receiver and transmitter to support multi-mode transmission. FG stands for factor graph.

exploit multi-path diversity to the same extent as high-rate users. This problem could be countered by allowing
low-rate users to perform additional equalization. Finally, a third concern with VCR is that the matched filter needs
to be changed in a non-trivial way according to the symbol rate: for each rate, a new chip-pulse p. r, (t) would need
to be loaded at both the transmitter and the receiver. This is hardly convenient. The next chapter is devoted to
how multi-rate transmission with varying bandwidths can be implemented efficiently by removing the need to store
multiple impulse responses of the rate-dependent chip pulses. Note that VCR can also be applied to systems without
spreading.

6.4 Main points

We have given a brief overview of which parameters can be changed during multi-mode transmission (see table
6.1). Similarly to the previous chapter, two types of adaptation can be discerned: adaptation in the transformation
of the incoming signal rgp (t) to a suitable observation y and adaptation of the factor graph. It turns out that most
modes can be easily adapted to, by changing the corresponding part in the receiver’s factor graph. Only the symbol
rate and pulse shape cause some practical problems, since they are related to the transformation of the incoming
signal. In particular, a matched filter receiver needs to load new filter taps each time the symbol rate changes. An
oversampling receiver must change the sampling rate if it wishes to operate at a rate that is a fixed multiple of the
symbol rate. This calls for sample rate conversion techniques. As we will see later, the matched filter receiver also
suffers from a dependency of the computational complexity on the symbol rate. In the next chapter we will tackle
these problems.
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Chapter 7

Low-Complexity receivers

7.1 Introduction

In the previous chapter, we have shown how a receiver can adapt, at least in principle, to the transmit mode. How-
ever, there are a number of practical concerns that were not discussed thoroughly, related to the conversion of the
incoming continuous-time signal (rpp (t) or rrp (f)) to a suitable observation y. More specifically, in the context
of Software Radio it is desirable to perform tasks as much as possible in the digital domain [14, 64]. Any analog
processing that is mode-dependent should be removed and replaced with a digital counterpart. For instance, rather
than sampling the output of the matched filter, we could sample its input at some suitable sampling rate and perform
matched filtering digitally. Although shifting operations to the digital domain leads to a multi-mode receiver that is
fully realizable in software, there are still a number of issues we need to contend with.

First of all, we would like filters to operate (as much as possible) at a rate that is independent of the symbol
rate. A related issue is that of Sample Rate Conversion (SRC): we would like components to operate at an integer
multiple of the symbol rate. Since we can not guarantee the sampling rate to be an exact integer multiple of all
(or even any) symbol rates, SRC is required. This problem is present in both the matched filter receiver and the
oversampling receiver [65]. Finally, we could like to go one step further and sample the IF signal directly. This has a
number of benefits that will be detailed later on in this chapter. However, sampling the IF signal directly results in
high-frequency components that may interfere with the useful signal. Care needs to be taken in the design of such
an IF-sampling receiver.

These modifications will result in a receiver that closely adheres to the ‘everything digital’ Software Radio paradigm.
The receiver will operate almost fully in the digital domain at low complexity. However, these modifications may
have a significant impact on the performance of the receiver. These issues will be the topic of the current chapter. We
will focus on the matched filter receiver, although many points are valid for the oversampling receiver.

This chapter is organized as follows: in section 7.2 we give a qualitative description of some receiver alternatives.
The problem of sample rate conversion is described in section 7.3. The bulk of this chapter is found in section 7.4
and is devoted to the evaluation of different receiver alternatives in terms of computational complexity and BER
performance. We end with some remarks regarding coded systems in section 7.5.

7.2 Design issues in multi-rate receivers

The matched filter receiver from Chapters 5-6 assumed an adjustable clock that samples the signal at the output
of the matched filter at the correct time instants, driven by a synchronizer (analog timing correction). The corres-
ponding receiver is shown in Fig. 7.1: analog IF-to-baseband conversion and analog matched filtering is followed
by synchronized symbol-rate sampling. The analog matched filter in this receiver configuration can be replaced by
an equivalent structure with a digital matched filter! (in which case the synchronized baseband sampling in front
of the matched filter is at a multiple of the symbol rate, and the matched filter output is decimated to the symbol
rate). In addition, also the IF-to-baseband conversion can be performed digitally by using synchronized bandpass
sampling (in which case the intermediate frequency and the sampling rate must be carefully selected to avoid aliasing
from the double-frequency terms [26]). The advantage of IF-sampling as compared to baseband sampling is that IF-
to-baseband conversion is performed digitally, so that the need for analog quadrature oscillators, identical analog
low-pass filters and identical analog to digital converters in the in-phase and quadrature branches is avoided [66].

1Provided the sampling rate satisfies the Baseband Sampling Theorem (see Chapter 4).
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Figure 7.1: Reference receiver structure with analog matched filtering (MF) and synchronized sampling

Analog timing correction can be replaced with digital timing correction, where sampling is performed by means
of a fixed free-running clock, and synchronized samples are obtained by interpolating between the available non-
synchronized samples [39,40]. The synchronized instants at which an interpolant is needed are determined by a
synchronizer, and forwarded to the interpolator. From the implementation point of view, digital timing correction
is to be preferred, because an inexpensive fixed sampling clock can be used. On the other hand, because of its
finite memory the interpolator introduces distortion that degrades the performance as compared to the receiver with
synchronized sampling (Fig. 7.1). Different receiver configurations with digital timing correction can be envisaged:
non-synchronized sampling can be performed either at baseband or at IF, and interpolation can either precede or
follow matched filtering. The performance degradation caused by non-ideal interpolation in the case of baseband
sampling has been investigated in [44, 45, 67].

In the current chapter, these receiver alternatives will be investigated in some detail.

7.3 Sample rate conversion

For low-cost designs (such as for wireless devices), the clock rate cannot be guaranteed to be a multiple of the symbol
rates. On the other hand, it is often desirable to let digital filters operate at a multiple of the symbol rate. Among
other things, this allows filters to be implemented using a polyphase approach [65].

For multi-rate transmission, there is another dimension to this problem. Suppose we have a system where we
are able to sample the signal at a multiple of the smallest symbol rate (the 'base’ rate). Assume further that all sym-
bol rates are an integer multiple of the base rate. Note that the sampling rate has to satisfy the baseband sampling
theorem for all symbol rates. This means that for low data rates, the signal will be heavily oversampled. In such
a case computational complexity will strongly depend on the symbol rate: for high data rates computational com-
plexity may be significantly smaller than for lower data rates. Ideally we would like computational complexity to be
independent of the data rate.

These problems are all related to the concept of sample rate conversion, i.e., how to convert samples at a given rate
to samples at another rate. The problem of sample rate conversion was considered in [15,43,65,68-72]. These contri-
butions deal mostly with fractional sample rate conversion (i.e., transforming from rate Ny /T to rate No/T). Due to
the particular nature of the receivers we will consider, we need to allow for more general sample rate conversion.

7.4 Low-complexity matched filter receivers
We have described some critical issues in the design of digital multi-rate receivers:
o the digital implementation of the matched filter;
e in the case of digital timing correction: the location of the interpolator;
e IF-sampling;
e sample rate conversion.

Now, we are ready to embark on a more quantitative analysis. Our final goal is to create a receiver that operates, as
much as possible, like a Software Radio, while at the same time not significantly impacting the overall performance.
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Let us start from the receiver from Fig. 7.1. This receiver will be designated the 'reference receiver’, as all our new
receivers will be compared to it. We will now introduce four receivers that operate in the digital domain, whereby
the received signal is sampled at a rate 1/7, a rate that may be incommensurate with some or all of the symbol
rates. These four receivers will be compared to the reference receiver in terms of BER performance at the output of
the matched filter for BPSK modulation. To keep the analysis tractable, a frequency-flat channel is assumed with an
overall channel impulse response given by § (¢ — 7) /Y where 7 is the propagation delay and 6 the carrier phase. Both
6 and 7 are assumed to be known to the receiver.

The BER performance results we will obtain, will translate into simple design criteria such that the BER degrad-
ation of the four receivers compared to the reference receiver will be negligible (i.e., less than, say, 0.1 dB) for all
symbol rates. While BER performance results were obtained for a very specific scenario (i.e., a very specific channel
model and a very specific type of modulation), the resulting design criteria in no way depend on that scenario and
are valid for more general cases, even for coded transmission.

We will proceed as follows: we first give a description of the receiver front-end, followed by a listing of four
possible digital receivers. One of these receivers combines IF-sampling with symbol-rate independent matched fil-
tering. We will then detail the effects of aliasing on such receivers, paying special attention to the role of the digital
interpolators and the use of digital anti-aliasing filters. This is followed by a detailed performance analysis, based
on the BER degradation of each of the four receivers, as compared to the reference receiver. We then present design
criteria for each of the receivers. The resulting design rules are subsequently verified by numerical evaluation of the
BER degradation and by computer simulations.

7.4.1 System description
7.4.1.1 Receiver front-end

Let us first re-visit the system model. We consider multi-rate burst transmission, where the symbol rate (1/7) is con-
stant during a burst, but can change from one burst to the next. After propagation through the channel § (t — 7) €9,
we write the received IF signal as

rIr (t):S[F (t,’]’,g)+n(t) (71)

where n (t) is real additive white Gaussian noise (AWGN) with power spectral density equal to Ny/2 and s;r (¢, 7,6)
is the IF signal:

srr (t,71,0) = %{\/QES Zaka (t—kT —71) eﬂ”f’Ftej‘g} (7.2)
k

%{\@SLP,T (t—7) ejQ”fIFtejg} (7.3)

where f;p is the IF, {a;} are the uncorrelated data symbols with E [|ak|2} = 1, E is the energy per symbol, pr (t)

is a square-root cosine-roll-off unit energy transmit pulse with roll-off a € [0, 1] and a one-sided bandwidth B =
(14 a)/(2T), 0 is the carrier phase and 7 is the propagation delay of the complex envelope. We assume 6 to be a
random variable that is uniformly distributed in [0, 27[. Note that both 7 and 6 are constant for a given burst, but can
vary from burst to burst. The symbol interval T' can take on values within an interval [T}, Tinas]. Consequently,
the bandwidth B of the transmit pulse is in a corresponding interval [B,ip, Bmas). As in the previous two chapters,
the carrier phase 6, the propagation delay 7 and the IF f;r are assumed to be known at the receiver.

The corresponding complex baseband signal can be obtained by down-conversion followed by low-pass filtering

BB (t)ZSLP,T (t—r)ej9+w(t). (74:)

7.4.1.2 Receiver alternatives

The reference receiver from Fig. 7.1 can be used to detect the data symbols. Unfortunately, this receiver is far from a
Software Radio receiver: almost all components are analog. Among other things, this implies that the analog matched
filter would have to be replaced as the symbol rate changes.

We will describe four receiver alternatives. The first two are baseband (BB) sampling receivers and are depicted
in Fig. 7.2. Then we will describe two IF-sampling receivers, depicted in Fig. 7.3.

Baseband sampling receivers The first BB receiver is used in most current receivers: the baseband signal is sampled
with a free-running clock and matched filtered prior to timing correction. It is easily verified that when the
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Figure 7.2: Two baseband sampling seceivers. AAF stands for analog Anti-Aliasing Filter.
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Figure 7.3: Two IF-sampling receivers. AAF stands for analog Anti-Aliasing Filter.
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Figure 7.4: Digital receiver with IF sampling and sample rate conversion before matched filtering

sampling rate satisfies the baseband sampling theorem, and when the interpolator is ideal, this receiver has
exactly the same performance as the reference receiver. Unfortunately, the taps of the matched filter will still
need to be changed as the symbol rate varies: different sets of matched filter taps need to be stored and loaded
depending on the symbol rate. Also, the computational complexity of the matched filter will be significantly
larger for low data-rates.

The second receiver is obtained by interchanging the matched filter and interpolator: now the matched filter
taps no longer depend on the symbol rate? (up to an irrelevant multiplicative constant). Only one set of taps
needs to be stored at the receiver. Also, the computational complexity related to matched filtering is independ-
ent of the symbol rate. Hence, from the complexity point of view, the preferred configuration in a multi-rate
receiver is to interpolate in front of the matched filter.

IF-sampling receivers These are very similar to the BB-sampling receivers, with the notable exception that down-
conversion is now performed digitally, so that the need for analog quadrature oscillators, identical analog
low-pass filters and identical analog-to-digital converters in the in-phase and quadrature branches is avoided.
The receiver where interpolation precedes matched filtering is of particular interest: it combines all benefits of
IF-sampling and low-complexity matched filtering. However, the high-frequency components that are now still
present in the down-converted signal may interfere with the useful signal. In the sequel we will show that a
receiver with interpolation in front of matched filtering is more susceptible to aliasing than is the receiver with
matched filtering in front of interpolation. To overcome this, we include an optional digital anti-aliasing filter
after down-conversion. As this receiver combines many aspects not present in conventional receivers, it will be
our main focus during this chapter.

7.4.1.3 IF-sampling receiver: operation

We have proposed a receiver that combines IF-sampling with low-complexity multi-rate matched filtering. We will
now describe this receiver in more detail. As shown in Fig. 7.4, the received signal r;r (t) is applied to an analog
anti-aliasing bandpass filter, sampled by a free-running clock at a rate 1/7;, and frequency-translated from IF to
baseband by applying a constant-speed rotation of —27 f;pT, rad/sample. The anti-aliasing filter (AAF) is a fixed
analog filter that does not change with the symbol rate of the received burst. We model the equivalent low-pass filter
as a 4-th order analog Butterworth filter with 3 dB cut-off frequency equal to Baa = Bz (1 + €), with e > 0. Note
that the bandwidth of the noise at the output of the AAF is larger than the bandwidth of the useful signal, especially
when operating at the minimum symbol rate. The AAF has a nearly flat frequency response for |f| in the interval
[f1F — Bmaws f1F + Bmaz), in order to avoid large distortions of the useful signal.

Subsequently, synchronized samples of the down-converted signal, taken at a multiple (V) of the symbol rate
(i-e., at instants ¢T'/N + 7), are obtained by means of an interpolator (IP). The interpolator takes care of both timing
correction and sample rate conversion. As interpolators have poor anti-aliasing properties, we also consider applying

2Under the assumption that for any 71 and Ts: pr, (n71/N) o pr, (RT2/N). This assumption is valid for many types of transmit pulses.
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Figure 7.5: Frequency-domain view of low-pass (LP) signal and noise (centered around f = k/T, for k € 7Z), high-frequency (HF) signal
and noise (centered around f = —r /T + k/Ts, for k € Z) and Py (f), the Fourier transform of the linear interpolator.

an optional digital AAF, placed before the interpolator [73]. This filter should be independent of the symbol rate and
have a near-flat characteristic in the band [— Bz, +Bmaz)-

The resulting synchronized samples are applied to a discrete-time receive filter that is matched to the transmit
pulse. In Fig. 7.4 this filter is represented through its DTFT H (e2™f7/N). The matched filter (MF) output is decimated
by a factor N, yielding samples z;, at the decision instants k7" 4+ 7. The matched filter also suppresses (part of) the
double-frequency terms (at —2f;r + multiples of 1/T) that result from the down-conversion of the sampled output
of the analog anti-aliasing filter. The matched filter output samples are fed to the decision device that detects the
transmitted symbols {ay}.

7.4.2 Aliasing

The bandpass signal 7 4 4 () at the output of the AA filter is sampled at rate 1/7 and frequency translated (in discrete
time) by an amount — f;p. At the same time, carrier phase correction is performed. The resulting sequence {u (nT%s)}
can be interpreted as samples of a signal u (¢), which is related to r 4.4 (t) and to the complex envelope 744, 1.p (t) of
raa(t) by

u(t) = V27 aa (t) e I firt =30 (7.5)
= raarp(t) +7rhap (1) eI firt =520 (7.6)

The Discrete-Time Fourier Transform (DTFT) of the sequence {u (nT)} consists of a periodical extension (with period
1/Ts) of Raap (f)+ Riarp (—f —2f1r) e77%% with Raa 1p (f) denoting the Fourier Transform (FT) of 744 1.p (t).

In order to avoid aliasing with the useful signal at the input of the interpolator, shifts (by a multiple of 1/T%) of the
high-frequency (HF) component R} 4 ;. p (—f — 2f1r) should not overlap with the low-pass component R4 .p (f)
within the interval (- B, B). Defining3 r = rem(2frrT,), the shifted HF components located closest to f = 0 are
centered at —r /T and (1 — ) /Ts. The periodical extension of the LP and HF components is shown in Fig. 7.5 for
r = 0.4. Applying the Bandpass Sampling Theorem, we require that (Baa + B)Ts < min(r,1 —r) for all symbol
rates. Hence, a sufficient condition to avoid aliasing at the input of the interpolator is as follows:

(Baa+ Bnaz)Ts <min (r,1 —7). (7.7)

3rem (x) € [0, 1] denotes the fractional part of z.
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Although condition (7.7) assures that no aliasing occurs at the input of the interpolator, aliasing at the output of the
interpolator is still possible. An interpolator is able to remove the periodical extension of R4 p (f), but generally
has poor anti-aliasing properties, i.e., the ability to remove the periodical extension of R} 4 ;p (—f — 2fo) [74] (this
effect is clearly visible in Fig. 7.5). The latter may get aliased with the useful signal at the output of the interpolator
and cause significant degradations.

By applying a simple digital anti-aliasing filter before the interpolator, the signal contributions that cause the
aliasing may be (partially) removed. We will now describe the aspects of interpolation and anti-aliasing in more
detail.

7.4.2.1 Interpolation

The interpolator output rate is an integer multiple (V) of the symbol rate 1 /7. Since the propagation delay 7 is known,
the values 1; and m; (as described in section 4.4, page 54), to be provided to the interpolator, are known at the receiver.
In practice, these quantities need to be estimated by a timing recovery circuit. For the remainder of this chapter, we
will use a two-tap linear interpolator in all examples and results. As higher order polynomial interpolators have
similar Fourier transforms, generalization is straightforward. In fact, the mathematical derivations do not assume
any particular type of interpolator.

7.4.2.2 Digital anti-aliasing filter

We denote the output of the digital AAF (DAAF) by z (nT;) (see Fig. 7.4). When no DAAF is present, = (nTs) =
u (nT). We consider two types of anti-aliasing filters: ideal low-pass filters and CIC filters.

Ideal anti-aliasing filter This DAAF is spectrally flat within (— B4z, Bmas) and rejects frequency components out-
side (—Bmaz; Bmaz)- When (7.7) is satisfied, there can be no aliasing from high frequency components within
the signal bandwidth at the DAAF output. Although such a filter is not realizable in practice, its performance
will serve as a reference.

CIC anti-aliasing filter As ideal low-pass filters are not realizable, we also consider a class of CIC filters. Decimat-
ing CIC filters are low-complexity decimation filters (with input rate 1/7, and output rate 1/ (RT;)) with good
anti-aliasing properties. These filters were described in section 4.4. Unfortunately, in combination with an in-
terpolator, the use of CIC filters has several side-effects: the interpolator has to work at a lower rate (1/ (RT%)
instead of 1/T5), reducing its performance. Secondly, CIC filters suffer from a severe passband "droop’, espe-
cially for high symbol rates. While the latter problem is tackled in [75], solutions to the former problem were
discussed in [71] in the context of Software Radio receivers: using a polyphase filter structure allowed the in-
terpolator to operate at the higher rate. This is similar to [72] where a set of R parallel CIC filters were placed
before the interpolator. An extra control structure forwarded the correct samples to the interpolator. Here we
propose a solution that is mathematically equivalent to [72], but more simple: by dropping the trailing decim-
ator (see Fig. 4.6, page 56), the resulting filter, which we denote by CIC (R, L), has equal input and output
rates. It now serves solely as an anti-aliasing filter and not as a decimator. The frequency magnitude response
of a CIC (R, L) is given by (up to an irrelevant constant):

sin (7 fRT) o

[Hpaa (£l = | (nfTs)

(7.8)

where the subscript D AA refers to the digital anti-aliasing filter. As can be seen in Fig. 7.6, a CIC (R, L) has
nulls for fTs = kR, for k € Z,0 # kmod R and is flat around f7s = k. It can easily be shown that while increas-
ing the number of stages in the CIC filter (i.e., the order, L) improves the alias rejection, it also increases the
passband droop, thus distorting the useful signal. When we combine this filter with the frequency response of a
polynomial interpolator, we end up with an interpolating filter that has very attractive anti-aliasing properties,
especially if the HF signal components happen to be centered at nulls of the CIC filter, e.g., when T = kR,
0 # kmod R.

CIC implementation For a practical implementation, it is important to note that the overall impulse response can be
re-written as follows [76]:

L
H(z) = (1_121> x (1— 2" (7.9)
R—1 L
= (Zﬂf) . (7.10)
k=0
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Hence, the CIC filter can be implemented by the L-fold concatenation of the FIR filter 1 + 2 =% + ... + 2~ 8#+1L,

7.4.3 Performance measure

The performance measure we consider is the BER degradation compared to the reference receiver from Fig. 7.1. The
decision variable is given by

2t =V Esarso (0) + VES Y ansp_n (1) + v/ No/20 () ny, (7.11)

n#k

where u = [r, §]. For an IF-sampling receiver, s, (u) may contain contributions due to the high-frequency component
of the signal (see Eq.(7.5)). Similarly, the noise can contain baseband and high-frequency components. We introduce
the following notations:

e o7 ,: average of 02 (u) (average w.r.t. noise statistics, carrier phase and decision instants),

e Ppp: average power of the baseband component in so (u) + >_,, 4 @nsk—n (u) (average w.rt. data symbols,
carrier phase and decision instants),

Py p: average power of the high-frequency componentin so (u)+3_,, ., @nSk—n (u) (average w.r.t. data symbols,
carrier phase and decision instants),

e Py: part of Prp due to the current data symbol a.

Applying the BER degradation equation (4.55) from Chapter 4, with V- =(Ppp + Pgr) /o’,—A? and A% = Py /o},,
yields

1 2E,
BERdeg = —1010g O’E . (PU — (PLP + PHF — PU) ( NO )) . (712)
o

The reference receiver from Fig. 7.1 is not affected by HF terms, nor by inter-symbol-interference, so that Prp = Py =
1, Pyr = 0, 02, = 1, yielding a BER degradation of 0 dB. In the baseband sampling receivers, no high-frequency
components are present in the signal or noise, so that Pyr = 0.
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We will now evaluate z;, further for the four receivers. The evaluation is semi-analytical: averaging w.r.t. data
symbols, noise statistics, decision instants and carrier phase is performed analytically by transforming z, to a frequency-
domain form. The resulting integrals in the frequency domain can then be evaluated numerically. This is in contrast
with [44, 45, 67] where only averaging w.r.t. data symbols is performed analytically and all remaining averaging is
performed through (time-consuming) computer computations.

We will introduce the following acronyms for the four receivers:

1. IP+MF:BB refers to baseband sampling, with interpolation before matched filtering,
2. IP+MFIF refers to IF-sampling, with interpolation before matched filtering,
3. MF+IP:BB refers to baseband sampling, with matched filtering before interpolation ,

4. MF+IP:IF refers to IF-sampling, with matched filtering before interpolation.

Receiver (1) was proposed in [67]. Receiver (2) is the proposed low-complexity receiver from Fig. 7.4. Receiver (3) is
the most common receiver in current digital communications systems, while receiver (4) is a common IF-sampling
receiver.

7.4.4 Performance analysis
7441 1P+ MF

In order to investigate the effect of the non-ideal interpolation on the decision variable zj, we will first relate the
DTEFT of the DAAF input samples to the DTFT of the MF input samples. Based on the latter, we can easily compute
Zk-

Taking into account that the interpolator operates on samples z (nT) of a signal z (¢), and applying (4.26)-(4.27),
we obtain the following relationship between the DTFTs of {z; (¢{T'/N + 7)} and {u (nT5)}:

+oo
X, (%) = T];s Y Q. <f—m¥) (7.13)

m,n=—0o0

where

n , :
Qn(f)=U (f - T) Hpaa (e2™7) Pr(f) ™/ (7.14)
Pr (f) and U (f) are the FT of the interpolating pulse p; (¢) and of the signal u (¢) from (7.14), that underlies the
samples {u (nT%)} at the input of the digital anti-aliasing filter. When no digital AA filter is present, we set Hp a4 (e/2™/T+) =
1. In (7.13) the summations over m and n reflect the sampling of z (¢) and z () at rates N/T" and 1/T5, respectively.

We can now express zj, as

T (N7 o T N
_ i2nf< 727 f + j2w fkT
zk = /0 H (e N) X; (e N) e df (7.15)
“+oo
_ i /N/TH (ejzﬂ—f%) Z Qn (f) ej27rfdef (716)
T Jo n=—o00

where H (ej 2 f %) denotes the FT of the sequence {% [i]} (i.e., the matched filter taps). This leads to
2 = (7.17)

N/T
/ o (ejzwf%) U (6277) Hpaa (7271T2) Py () 275 KT+7) g
0

To see how, in the absence of a DAAF, the HF components in U ( f) contribute to (7.17) (and consequently increase
the BER degradation), let us list the important factors in the integrand: H (ej 2% ) , Pr(f) and U (e27/7+). Breaking

up the latter factor in a low-pass (LP) and high-frequency (HF) component, we obtain a frequency-domain view,
depicted in Fig. 7.7 (with Hpaa (e/2™/7) = 1,7 = 0.6 and T/ (NT,) = 2.22). From the figure it is clear that HF
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Figure 7.7: Frequency-domain interpretation for Interpolator + Matched filter for r = 0.6, T/ (NTs) = 2.2200.

components contribute to the integral (for instance the component at fT, = 0.4 overlaps with the component of
H (eﬂ”f %> centered at fT; = TsN/T = 1/2.22 = 0.4505). These components will cause a degradation if they are
not removed by a digital AAF.

Hence, a HF component causes aliasing when it is close to the center of the periodic extension of the matched

filter. This occurs when, for any n,m € Z:—r/Ts + n /T is close to mN/T. Especially when mN/T is within the main
lobe of P; (f) ([—1/Ts,+1/T;] in Fig. 7.7) aliasing can be significant.

7.4.4.2 MF +1P

In this case the matched filter rejects aliasing outside the useful signal bandwidth so that no separate digital AA filter
is needed. Hence, zj, is expressed as

1/Ts ) ) )
2 = / U (e72™7T) H (27 17) Py (f) e?27 I RTH7) gy, (7.18)
0

Notice the subtle differences between (7.17) and (7.18). When (7.7) holds, the HF terms (with bandwidth B4 4 and
centered around k/T, — r/T;) contained in the sequence {u (mT)} do not contribute to (7.18), as they are suppressed
by the matched filter (H (e/27/7+)), which has a bandwidth less than B,,q, and is centered around k/T%, k € Z. The
components of the integrand in (7.18) are depicted in Fig. 7.8. Now, provided (7.7) is satisfied, high-frequency signal
components fall outside the matched filter bandwidth. Hence, they will not contribute to the integral.

7.4.5 Receiver Design Parameters

Now that we have determined the decision variables for each of the four receivers, we can compute the power of the
low-pass and high-frequency signal and noise components. In principle, this is achieved by breaking up zj, into the
four corresponding components and calculating their power. This calculation is straightforward but very tedious: it
basically amounts to performing a great deal of integrations and summations and would cover many pages in this
manuscript. As these exact computations do not yield any additional insights, they are omitted here. At this point,
we have sufficient information to determine design criteria for our four receivers. Later, in section 7.4.6, we will
evaluate these criteria in terms of their BER degradation.
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Figure 7.8: Frequency-domain interpretation for Matched filter + Interpolator for r = 0.6. Observe that HF components fall outside the MF
bandwidth.

7.4.5.1 Baseband sampling receivers
MF+IP

We need to ensure no aliasing occurs within the useful signal bandwidth at the input of the matched filter. This is
achieved when the Baseband Sampling Theorem is satisfied for all T*:

1
? > BAA + Bmaa:- (719)

S

A higher sample rate will improve interpolator performance and reduce the degradation with respect to the receiver
from Fig. 7.1.

IP+MF

The same restriction (7.19) on T, applies to avoid aliasing within the signal bandwidth at the interpolator input.
To ensure that the signal in [-Baa, Baa] at the interpolator input causes no aliasing within the signal bandwidth
[—B, B] at the interpolator output, we need (applying the Baseband Sampling Theorem again):

N > Tmaw (Bmln + BAA) . (720)

Under these restrictions degradations will be low. Again, a higher sampling rate 1/7’; will lead to better performance.
N and T can be chosen independently. Note that for BB-sampling all considered values for N satisfying (7.20) lead
to the same degradation.

7.4.5.2 IF-sampling receivers
MEF+IP

In order to avoid that sampling at rate 1/T gives rise to aliasing within the signal bandwidth at the input of the
matched filter, the sample rate and IF are restricted by (7.7):

1 BAA + Bma.’r

_ > .
72 (7.21)

min (r,1 —7r)’
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Increasing the sampling rate 1/7 improves the interpolator performance and reduces the degradations with respect
to the receiver from Fig. 7.1. When (7.7) holds, the performance is the same as for the MF+IP receiver with baseband
sampling.

IP+MF without digital AAF

In [77] we have shown that the receiver performance degradation is very large when the dominating HF components
(located at frequencies (1 —r) /T, and —r/T}) at the interpolator input get aliased into the useful signal bandwidth
[— B, B] at the interpolator output (see Fig. 7.7, where HF components at T = —0.6 and f7; = 0.4 undergo the least
attenuation from P; (f)). It was observed that low BER degradations (i.e., less than 0.1 dB for a BER of 10~?) can be
achieved by avoiding this aliasing by means of proper parameter selection. More specifically, these low degradations
can be obtained when

1 BAA + Bma:r
—_ > 7.22
T,” 12 (7.22)

and

N Z Tmaz (QBAA + Bmaa; + Bmzn) . (723)

Condition (7.22) assures that there exist values for r (implicitly given by (7.7)) so that there is no aliasing within the
useful signal bandwidth at the input of the interpolator. Condition (7.23) assures that the dominating HF component
is outside the useful signal bandwidth at the output of the interpolator. Defining r* = T (Bpqes + Baa), it can be
verified (see [77]) that aliasing due to the dominating HF component is then avoided only when r ~ r* or r =~ 1 — r*.
Furthermore, when

1
N > Tma.t o B Bmin 7.24
2 < ST, + b5aa + > ( )

both HF components are suppressed for r ~ % Note that the oversampling factor N required in both (7.23) and (7.24)
may be significantly larger than the one required in (7.20). This is clearly undesirable. Hence, such a receiver is of
little practical interest for multi-rate systems.

IP+MF with ideal digital AAF

When the interpolator is preceded by a fixed digital AAF that suppresses frequencies outside the interval [— Ba4, +Bmaz],
the parameters T, N and r must satisfy (7.20) and (7.7) in order to avoid aliasing from high-frequency components

of {u (nT,)} within the signal bandwidth [—B, B] at both the input and the output of the interpolator. When (7.7)
holds, the resulting performance is equal to that of the IP+MTF receiver with baseband sampling, irrespective of N.

IP+MF with CIC digital AAF

We can suppress signal components that are located near the nulls of a CIC filter (see section 7.4.2.2). By increasing
either the order (L) or the factor (R) of the CIC filter, HF signal and noise components at the interpolator input are
more attenuated. At some point, increasing L or R will not affect the influence of the HF components to the BER
degradation (i.e., these components have become negligible). At the same time, due to the passband droop for R > 1,
the useful signal is distorted, especially for high symbol rates (small T") and high CIC orders (large L). Hence, a CIC
filter will reduce aliasing (which is good) but also distort the useful signal (which is bad). Clearly, both r and the CIC
parameters (L and R) will play a key role in this trade-off.

We further remind that the receive filter with taps h = {h [i]}(with DTFT H (exp (j27fT/N))) was assumed
matched to the transmit pulse p (t). Consequently, it is not matched to the entire received pulse (i.e., the concatenation
of the transmit pulse, the CIC filter and the interpolator). It therefore makes sense to optimize the receive filter taps
h in order to counteract the distortion of the useful component introduced by the interpolator and (especially) the
CIC filter. We have selected the following optimization criterion: minimize (w.r.t. h) the maximal (maximized over
all considered 7T') Mean Squared Error (MSE) between aj, and zj:

h = arg m&n {mqu {E [|ak — zkﬂ }} . (7.25)
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Figure 7.9: Frequency response of original and optimized receive filter for CI1C(4,3), T's = 1/11.1, N = 5 and 51 filter taps

To illustrate this, we consider a CIC(4,3) filter and T /T}in, = 1/11.1, N = 5 for T/T i, € (1,2). Fig. 7.9 shows
the frequency response of a truncated matched filter (for a receive filter with 51 taps) as well as the filter resulting
from the optimization criterion (7.25). Note that this optimization process is only useful in situations where the
degradation is mainly due to the distortion of the useful signal (i.e., the passband droop) and not because of aliasing
of HF components. This is not really a restriction as we may increase either R or L in CIC(R, L) to suppress HF
aliasing components.

7.4.6 Numerical Results

We will determine, as a function of r = rem (2f;¢T;), the maximum BER degradation (maximized over all considered
symbol rates) assuming uncoded BPSK transmission at a reference BER of 1072, with Tynau/Timin = 2, Baz =
0.75/Tmin, Baa = 0.9/Tin and Ty, /Ts = 11.1 (which satisfies (7.22)). We consider both the case of a discrete set
of symbol rates (i.e., ' € {Tyin, Tmaz}) and of a continuous set (i.e., T € [Thin, Tmaz]). The lower bounds for N
according to (7.20), (7.23) and (7.24) are given by N = 3, N = 6 and N = 14, respectively. We will consider three
values of N (N =5, N = 12 and N = 16). We will observe that in the case of baseband sampling, degradations
are very low, both for the IP+MF and the MF+IP configuration. This confirms the results from [67]. As mentioned
in section 7.4.5.2, the IP+MF:IF with ideal DAAF configuration and the MF+IP:IF configuration will lead to low
degradations for a wide range of r. Around = 0 and r = 1, HF components coincide with the useful signal, so that
IF-sampling inevitably leads to severe degradations.

Case 1: N=16
Fig. 7.10 shows results for N = 16. When no digital AAF is present in the IP+MF:IF system, low degradations are

visible for r =~ r* = 0.15, r & 1 — r* = 0.85 (with r* defined in section 7.4.5.2) and for r around 1/2. This is in
accordance with the results from [75]. Observe that for r around 1/2, the degradation is not very sensitive to the IF.
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Figure 7.10: BER degradation (at a reference BER of 10™°) as a function of r maximized over the considered symbol rates for N = 16. For
MF+IP the continuous-rates and discrete-rates cases coincide.
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Figure 7.11: BER degradation (at a reference BER of 10™2) as a function of r maximized over the considered symbol rates for N = 12 . For
MF+IP the continuous-rates and discrete-rates cases coincide.

92



10 1))

=
o,
iN
T
i

BER degradation [dB]

[
o
»
T
-
~
i

— IP+MF:BB & MF+IP:BB
- - MF+IP:IF & IP+MF:IF w/ ideal DAAF
—o— |P+MF:IF discrete T-set & continuous T

10" I I I I I I I I I
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

r

Figure 7.12: BER degradation (at a reference BER of 10™3) as a function of r for N = 5 without CIC filters

Case 2: N=12

When we decrease N to 12, as shown in Fig. 7.11, we see that for IP+MFE:IF without AAF, acceptable situations occur
only for r = r* and r ~ 1 — *. Note the difference between the continuous symbol rate case and the discrete symbol
rate case.

Case 3: N=5

Reducing N even further to N = 5, we obtain results shown in Fig. 7.12. Absence of a digital AAF in the IP+MF:IF
receiver results in high degradations for almost every value of r, even when we only consider the discrete set of
symbol rates. This figure clearly illustrates that applying a digital AAF can significantly reduce the BER degradation.
In Fig. 7.13, we therefor consider efficient CIC filters with factor R = 4. From (7.8), we gather that HF components will
undergo maximal attenuation when r € {1/4,1/2,3/4}. This effect is clearly visible for the CIC(4,2)+IP+ M F-case:
degradations of the IF-sampling receiver are equal to those of the BB-sampling receiver for those values of r. This
means that for those values of r the degradation is now dominated by the distortion of the useful signal component
(the passband droop). On the other hand, for values of r far enough away from {1/4,1/2,3/4}, IF-sampling results
in an additional degradation compared to BB-sampling. This additional degradation is due to aliasing of HF signal
and HF noise components. For those values of r, optimization of the receive filter will not significantly reduce the
degradation. Note that for BB-sampling, the CIC filter has no useful purpose (it will only distort the useful signal),
so the corresponding curves merely serve as a reference point (i.e., it shows to what extent the degradation is due
to aliasing, rather than to passband droop). The CIC(4,3) leads to similar results, only now the degradation is
dominated by distortion of the useful signal component for all » € [0.2,0.8]. Observe that even for BB-sampling the
degradation is fairly high. This situation is well suited to the optimization method we proposed at the end of section
7.4.5.2.

As expected, optimization of the receive filter in the CIC(4, 2) case yields the most gain when r € {1/4,1/2,3/4}.
In other r-regions, degradations have been reduced, but remain very sensitive to the value of r.

For CIC(4,3), optimization of the receive filter reduces the degradation, both for IF and BB-sampling. Again the
degradation for IF-sampling remains roughly constant for r € [0.2, 0.8]. Although the minimal degradation is higher
compared to the optimized C1C (4, 2) case, degradations remain low for a wide range of 7, resulting in less sensitivity
to the intermediate frequency.
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Figure 7.13: BER degradation (at a reference BER of 10™2) as a function of r for N = 5 with CIC filters with and without optimized receive
filter.

7.4.7 Complexity comparison
IP+MF

The design parameters {r, T, R, L, N} each have a different impact on the complexity of the proposed receiver: the
length of the matched filter is proportional to N, the complexity of the ADC and the digital AAF is related to 7.
For the CIC filter, the computational complexity is proportional to L and R. On the other hand, r has essentially no
impact on receiver complexity. For practical reasons it is often preferred to keep f;r as low as possible. Note that
as T decreases, interpolation performance of the low-pass signal part improves: the main lobe of Py (f), the FT of
pr (t), is broader and signal components centered around f = k/T5, for k # 0, undergo more attenuation, leading to
less aliasing due to baseband components.

MEF+IP

For the configuration with matched filtering prior to interpolation, the parameter N has no meaning, because the
ratio of the interpolator input and output rates is not usually an integer. The optional digital AAF has again a
computational complexity related to T,. Note that in this configuration the matched filter serves as a symbol rate
dependent anti-aliasing filter. Hence the optional DAAF serves no useful purpose and can be omitted.

Comparison

We will compare two receiver configurations. On the one hand the CIC+IP+MF receiver and on the other hand the
MF+IP receiver. We assume that r = 0.27, T},40/Tmin = 2 and that the matched filter spans K = 12 symbol periods.
From section 7.4.6, we see that for T},,;,/Ts = 11.1 and N = 5, the CIC(R = 4,L = 2) filter + non-optimized matched
filter leads to a BER degradation of roughly 0.1 dB. It can be verified that a MF+IP receiver with T}, /Ts = 5.6 yields
about the same BER degradation. The computational complexity (measured in terms of the number of real-valued
operations per symbol interval) of the MF+IP configuration can be approximated by Cysrrp ~ 2K (T/Ts)?. On the
other hand, the CIC+IP+MF configuration results in a computational complexity Cipyp ~ 2 (LT/Ts + KN). When
we substitute the considered system parameters, this yields Cpprp € [753,3010]) and Crpyr € [164,209]. In this
case, the MF+IP configuration leads to a significantly larger processing time for the same degradation compared to
the CIC+IP+non-optimized MF receiver.

As far as memory requirements are concerned, we remind that the IP+MF receiver requires storing only a single
set of matched filter taps, whereas in the MF+IP receiver a different set of filter taps needs to be loaded for each value
of the symbol rate.
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Figure 7.14: BER performance of the proposed receiver for turbo-coded transmission for baseband (BB) sampling and IF-sampling.

7.4.8 Remarks
Timing Recovery

Depending on system requirements, timing recovery could be performed either in feed-forward (FF) mode (e.g., for
burst transmission) or in feed-back (FB) mode (e.g., for continuous transmission). Application of FF timing recovery
to the receiver from Fig. 7.4 involves filtering the sequence {x (nTy)}, feeding the resulting sequence to an even-
symmetrical nonlinearity, and computing the timing estimate from the Fourier transform (evaluated at the frequency
1/T) of the nonlinearity output [16]. From the timing estimate, the quantities ;; and m; are determined, and fed
to the interpolator. In the case of FB timing recovery, the signal (at rate N/T) at the output of the receiver filter
H (exp (j2n fT/N)) is fed to a timing error detector [16]. Based on the timing error detector output and on the
values of y; and m;, the quantities 4,41 and m;4, are computed, and passed to the interpolator. A low-complexity
FB timing estimator for IF-sampling receivers was proposed in [78], whereby the oversampling is embedded in the
timing recovery circuit.

In a practical implementation, it may be more convenient to perform timing recovery and phase estimation (i.e.,
determining 7 and 0) after matched filtering. It would therefore be natural to use two interpolators: the first one
(before the matched filter) would take of sample rate conversion. Hence, it would not require any timing information:
it simply inputs samples at rate 1/7; and outputs samples at a (nominal) rate N/T', without any regard to the clock
phase. A second interpolator (after the matched filter) would be used to reconstruct the signal at the correct timing
instants. It replaces the decimator from Fig. 7.4.

IF-sampling issues

Although IF-sampling seems attractive, there are a number of issues that were omitted in the previous discussion.
Current systems and circuits still suffer from several sources of degradation, mostly related to the ADC (such as
sampling clock jitter) [79,80]. These topics are beyond the scope of this dissertation.

7.5 Coded transmission
All the results above pertain to uncoded transmission. In [16, Chapter 7], it is mentioned that for coded transmission

we expect very similar BER degradation performances as for uncoded transmission. To verify this, we have carried
out computer simulations for a turbo code*. We consider two distinct symbol rates: {Toin, Tmaz }, With Thaz = 2Tmin,

“Parameters: the constituent convolutional coders are rate 1/2, recursive and systematic with octal generator (21, 37)s, resulting in an overall
rate equal to 1/3. The interleaver is pseudo-random and of length 111. BPSK transmission is assumed so that the block length equals N5 = 333.
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while B0 = 0.75/Thin, Baa = 0.9/Tpin, Trmin/Ts = 11.1 and r = 0.5. The matched filter operates at N = 5 samples
per symbols (corresponding to Figs. 7.12-7.13).

BER performance results are shown in Fig. 7.14. As expected, the baseband sampling receivers result in a neg-
ligible degradation (less than 0.01 dB for T' = T4, and around 0.1 dB for T' = T,;,). In correspondence with
the results from Fig. 7.12, the IF-sampling receivers result in very large degradations when no anti-aliasing filter is
present. Applying the CIC (4, 2) filter reduces the degradation again to that of the baseband sampling receiver. We
see that the design criteria remain valid for coded transmission.

7.6 Main Points

In this chapter, we have considered the problem of designing a low-complexity IF-sampling multi-rate receiver,
suitable for multi-mode Software Radio. The proposed receiver combines IF-sampling with sample rate conversion
before matched filtering. Aliasing is combatted by a special form of highly-efficient CIC filters. These filters can
also be applied to perform channelization (i.e., the removal of unwanted signals from other users or services) by
appropriate selection of the CIC design parameters.

Our design criterion was based on a frequency-domain interpretation of the signals, thus rendering it applicable
to not only uncoded BPSK signaling, but also to coded systems, higher-order constellations and frequency-selective
channels. This makes the four receiver structures roughly equivalent, assuming that the system is well-designed.
Hence, any algorithm that operates using the matched filter outputs of one of these receivers can be applied with
tolerable loss to the output of any of the remaining three. For the sake of clarity, we will consider only the baseband
MEF+IP receiver for the remainder of this dissertation. However, the reader should be aware that in practice we
could/would use the IF-sampling IP+MEF structure and obtain roughly the same results.

Only the first encoder is terminated.
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Part 111

Multi-mode receivers: estimation






Outline

Now that the problems of timing correction, equalization, mode adaptation and multi-rate receiver design are out
of the way, we are ready to pick up where we left off in Chapter 2, namely the problem of estimation. The reader
will have realized that in the second part of the dissertation, we have always assumed that the receiver has perfect
knowledge of the channel impulse response, propagation delay, carrier phase and transmit mode. This is obviously
a simplified view. In practice, some of these parameters will need to be estimated by the receiver. This will be the
topic of this third part: estimation for multi-mode receivers. As conventional estimation algorithms fail due to the
low SNR-low BER environment, we will develop so-called "code-aided’ (or ‘code-aware’) estimation algorithms that
iterate between decoding and estimation.

We start with some basic material pertaining to estimation algorithms in Chapter 8. This includes Maximum
Likelihood (ML) and Maximum A Posteriori (MAP) estimation, and an interpretation based on factor graphs.
We then consider a more practical class of estimation algorithms, namely the Expectation Maximization (EM)
and Space Alternating Generalized Expectation Maximization (SAGE) algorithms.

In Chapter 9 these techniques will be applied to our receiver resulting in a class of code-aided estimation
algorithms that are able to exploit code properties during estimation in a systematic (as opposed to an ad-hoc)
way.

Unfortunately, the algorithms from Chapter 9 still suffer from two drawbacks. First of all, their computational
complexity is excessive. Secondly, the proposed estimation algorithms require an initial estimate. When this
initial estimate is unreliable the performance may be seriously degraded. These two problems will be addressed
in Chapter 10, resulting in two novel estimation algorithms. One of these algorithms is particularly well suited
to estimating discrete parameters.

The problem of estimating discrete parameters has received little attention in the technical literature. In Chapter
11, we describe some relevant problems.

Performance results are provided in Chapter 12. We will illustrate that the proposed algorithms can achieve
impressive performances with little computational overhead. Additionally, the overhead related to training
symbols can be reduced significantly, resulting in a gain in terms of power and bandwidth efficiency.
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Chapter 8

Basic Principles: Estimation

8.1 Introduction

In this chapter, we will describe some general tools related to estimation. We start with the description of Maximum
Likelihood (ML) and Maximum A Posteriori (MAP) estimation (section 8.3), including a factor graph interpreta-
tion (section 8.4). In most cases, these estimation techniques result in intractable algorithms. To overcome this, we
present an iterative technique (known as the Expectation Maximization algorithm) that is able to perform ML/MAP
estimation with a lower computational cost (section 8.5). As even the EM-algorithm cannot be applied to some
multi-dimensional problems, we include a brief description of the Space-Alternating Generalized Expectation Max-
imization algorithm (the SAGE algorithm, section 8.6). This fairly abstract chapter ends with a more concrete example
in section 8.7, to which we apply the different estimation techniques. Readers familiar with these topics can safely
skip this chapter.

8.2 Problem formulation

The class of estimation problems we will consider can be formulated as follows:

Our goal is to estimate a parameter d., based on an observation r. Furthermore, the observation r may depend on another
unknown quantity d,,. We refer to d,, as the nuisance parameter.

The vectors d. and d,, can take on values in a discrete or continuous domain, or a combination of both.

8.3 MAP and ML estimation

MAP and ML estimation are two possible techniques to compute estimates of a parameter [46]. MAP estimation
exploits a priori information on the parameter. ML estimation is suited to problems where a priori information is
missing, or when the parameter is non-random (i.e, unknown but deterministic).

8.3.1 Maximum A Posteriori estimation

When a is a random parameter, the MAP estimator maximizes the a posteriori probability:

derrap = arg maxp (de |r) (8.1)
where!
p(delr) = Zp(deadn Ir) (8.2)
d,
_ p(de)
= SF gp(r\de,dn)p(dn |d. ). (8.3)

In many cases, d,, will not depend on d., so that p (d,, |de) = p(d,,).

ISummations should be replaced by integrations, where applicable.
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p(r|de, d,) p(de)

Figure 8.1: Estimation on factor graphs: factor graph of p (de, d,, |r). Each node can be further factorized, with the introduction of additional
variables (edges).

8.3.2 Maximum Likelihood estimation

When d. is a non-random parameter or when p (d.) is unknown, MAP estimation is not possible and maximum
likelihood (ML) estimation is performed. In ML, we maximize the likelihood function w.r.t. d.:

deary = argmaxp (rld,) (8.4)
Observe that when d. has a uniform a priori distribution over its entire domain, the MAP estimate reduces to the

maximum likelihood (ML) estimate. Because of this relation, we will stick mainly to MAP estimation in this chapter.
Particularizations to ML are obtained in a straightforward manner.

8.3.3 Two problems

ML and MAP estimation suffer from two problems:

1. First of all, the likelihood function p (r |d. ) and the a posteriori distribution p (d. |r) are often very difficult to
evaluate in practical scenarios, especially in the presence of nuisance parameters.

2. The second problem is related to the maximization: even when p (r|d. ) or p (d. |r) can be evaluated in a reas-

onable amount of time, the maximization with respect to d. can be very difficult: when d. is multi-dimensional,
maximization is often next to impossible, even through numerical methods.

8.4 Estimation on factor graphs

The solution to these problems seems obvious. Why not simply create a factor graph of the factorization of p (d.,d,, |r),
perform the sum-product algorithm and that’s it? Let us see how to proceed. First of all, we know that

p(delr) = ZP (de,dy |r) (8.5)
d,
and that
p(de,dyfr) o p(rlde,d,)p(de)p(dn) (8.6)

when d. and d,, are independent. A factor graph of (8.6) is provided in Fig. 8.1.

Secondly, we will assume that p (r|d.,d,, ), p (d,) and p (d.) have nice factorizations as function of the compon-
ents of d. (say, d. ) and d,, (say, d, ;). Generally, this factorization will require the use of additional variables (see
Chapter 3, section 3.3) and may create cycles in the graph. Hence, given some observation r, we can apply the
sum-product algorithm, yielding (approximations of) p (d. i |r), Yk and p (d,; |r), VI . So, applying the sum-product
algorithm not only provides us with an estimate of d. x, but also of d,, ;! Problem solved. Or is it?
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Figure 8.2: Estimation through factor graphs: two pragmatic approaches

8.4.1 Drawbacks

The sum-product algorithm in its pure form is not a popular tool for general estimation purposes. With good reason.
In contrast to the discrete parameter estimation problems (e.g., estimating bits and symbols) from Part II of this
dissertation, certain components d. ;. or d, ; may take on values in a continuous domain, so that messages over
the corresponding edges will be probability density functions (pdfs), rather than probability mass functions (which
have convenient vector representations). So the question arises of how these pdfs should be represented. A list of
samples? A single value? Parameters of some standard distributions? Furthermore, the summations in the sum-
product algorithm are to be replaced with integrals. What should we do if we cannot obtain a closed-form solution
for these integrals? Resort to numerical techniques? If so, which ones? How should the integration be related
to the representation of the messages? Last of all, the factor graph of p (r|d.,d, ) p (de) p (d,,) may contain many
short cycles. These will degrade the performance of the sum-product algorithm and lead to unreliable marginals of
p(de,d,, |r), and thus to unreliable estimates. These reasons make estimation on factor graphs unattractive from an
implementation-complexity point of view. This does not mean factor graphs are not used in estimation problems.
We will describe some pragmatic approaches in the next section.

8.4.2 Pragmatic approach

The most common way to circumvent the problems described in the previous section is to break up the factor graph
from Fig. 8.1, and to perform the sum-product algorithm on each of the disjoint sub-graphs. Messages between
graphs may be of some special form (e.g., Dirac distributions).

Two extreme cases are depicted in Fig. 8.2. On the left, we estimate the parameter d. through some existing
algorithm (possibly the sum-product algorithm). The resulting estimate d. is provided to the p (r|d,, d,, )-block. The

factor graph computes the marginals of p (dn d., r). These marginals can then be used by the estimation algorithm

to improve the estimate of d., leading to an iterative estimation procedure. Many estimation algorithms fall into this
category, including the algorithms that will be described in the remainder of this chapter. On the other hand, we
can interchange the role of d. and d,, yielding the factor graph on the right of Fig. 8.2. A combination of these two
extreme approaches is also possible. Just about any estimation algorithm one can conceive can be interpreted in this
way.

8.5 The EM algorithm

As we have seen, straightforward application of the ML or MAP procedure is not possible in most estimation prob-
lems. Estimation on factor graph also has many drawbacks. The Expectation-Maximization (EM) algorithm is a
technique that solves the MAP (or ML) problem in an iterative way [81, 82]. We will describe the MAP version of
the EM algorithm (also known as the Bayesian EM algorithm [83]). The ML version is obtained by dropping terms
related to the a priori distribution of d..

8.5.1 Principle

Assume again that we want to estimate a parameter d. from an observation r. Suppose that, if we had access to
another variable, say d., the estimate of d. could be easily computed, in a sense that p (d. |r, d. ) is easy to compute.
The EM algorithm is an iterative procedure that exploits this variable d. and at each iteration breaks down in two steps:
the Expectation step (E-step) and the Maximization step (M-step).
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Starting from an initial estimate d{” of d., the EM algorithm evaluates E- and M-steps successively and after each

M-step produces a new estimate of d.. Hence, we obtain a sequence of estimates of d.: [&S’), ad”, &9, . ] . When

d. is defined over a continuous domain, the EM algorithm will converge to a value d{™), which is called a solution

of the EM algorithm. Furthermore, the EM algorithm assures that the a posteriori probability (or the likelihood in
case of ML estimation) of successive estimates is non-decreasing. Some issues related to the convergence of the EM
algorithm are found in the Appendix of this chapter (section 8.9).

Complete data

We refer to d. as the complete data. In order to qualify as valid complete data, we have the following sufficient
condition on d. [84]:

p(de,rlde) =p(r|d:)p(de|de) (8.7)

so that the observation can depend on d. only through d..

Initial estimate

An initial estimate d*) of d. is required to start the EM algorithm.

E-step

At iteration ¢ > 0, the E-step is given by:

Q(d.ld?) = Eq, [logp(d..d.)

r,d{) } 8.8)

~ logp(d.) + Fa, [logp (dc[d.) |r.d{" | 59)
= logp(d.) + / logp (d |de ) p (dc r,d) ) dd,. (8.10)
M-step
Following the E-step, the M-step is given by:
A = arg max {Q (de\ agp) } . (8.11)

e

8.5.2 Complete data and missing data

In many technical papers, d. = [r, d,,], where d,, is referred to as the missing (or unobserved) data. In that case, d. is
always a valid complete data. Often, d,,, will be independent of d., so that the E-step becomes:

Q(d.|a)
=logp(de) + /logp(ndm |d.)p (dm ‘r,aé”) dd,, (8.12)

o logp (de) + /logp (r|dp,de)p (dm

r, ag>) dd.,,. (8.13)

8.5.3 EM-based estimation using factor graphs

Although at this point it seems rather obvious, the EM algorithm can be implemented on a suitable factor graph. As
was mentioned in [85], the a posteriori distribution p (dc ‘r, (Aiél)) required during the E-step (8.8) can be obtained

by defining a factor graph as in Fig. 8.2 (left part). The M-step is similarly obtained by defining a suitable factor
graph where the sum and product operations are replaced with the maximization and sum operations, respectively?,
leading to the max-sum algorithm.

2Observe that (R, max, +) is a commutative semi-ring. See Chapter 3, section 3.2.
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8.6 The SAGE algorithm

8.6.1 Principle

The EM algorithm has the ability to circumvent the problem of ML and MAP estimation related to the nuisance
parameter. However, the EM algorithm still suffers from the other ML/MAP problem: the optimization of a multi-
dimensional function (i.e., the M-step). Additionally, there is the problem of the convergence rate: in order to make
the M-step tractable, complete data spaces have to be defined that are sufficiently informative®: making the complete
data space more informative (e.g., by adding mode parameters to it) results in easier maximization, but, at the same
time leads to a reduction in the asymptotic convergence rate [81,84].

A solution to both of these problems was proposed in [84], known as the Space Alternating Generalized Expect-
ation Maximization (or SAGE) algorithm, and can be seen as an extension of the EM algorithm. Although the SAGE
algorithm was originally proposed in the context of image processing, it is, very much like the EM algorithm, applic-
able to general estimation problems. The SAGE algorithm operates in a way very similar to the EM algorithm. Rather
than defining complete data, SAGE uses so-called hidden data. The E-step and M-step are also slightly modified.

As with the EM algorithm, convergence of the SAGE algorithm is assured in a sense that the a posteriori probab-
ility /likelihood of successive estimates is non-decreasing. The convergence proof is similar to the proof of the EM
algorithm and can be found in [84].

Hidden Data

We break up d. = [d¢1,de 2, - ., de,m], where, with a slight abuse of notation, d. ;, C d., and d.; =de. \ dc x. Each
subset d. ; has an associated so-called hidden data dj, . such that d;, x is a complete data for d.  when d, j is known.
Mathematically, this translates to (see Eq. (8.7))

p (dh,Im I‘l de) =Dp (I“ dh,ka de’,;) P (dh,k| de) . (814)
When M = 1, the SAGE algorithm reduces to the standard EM algorithm.

Initial estimate

An initial estimate d'” of d, is again required to start the SAGE algorithm.

E-step

We now execute the EM algorithm, with the following alteration: at each iteration we only update a single d. ;, while
the estimate of d, j, is left unchanged. When updating d. » we use the hidden data space dj, ;. The E-step (8.8) thus
becomes, at iteration 7 > 0:

Q (de,k\ &g))

= Ea, , {1ogp (dh,ky de,k, di’%)

r,d } (8.15)

— logp (de,k, d%) + Ea,, [bg p (dh,k de.s, d%) r, ag>] (8.16)
= 1ogp (de,k, &S}C) + /Ing (dh,k d€7k, &S% ) P (d’hk r, ag)) ddh,k (817)
which is now a function of d. ; only.
M-step
The M-step now becomes:
(Elgzl) = argmaxgq,, Q (de’k| (SL(;Z)) 1
400 _ 49 (8.18)
ek - ek

31t has been observed that in the selection of the complete data, one can trade convergence rate for complexity through the ‘informativeness’ of
the complete data. Information should here be understood in the sense of the Fisher Information Matrix (FIM): when more information is added
to make up the complete data d., the EM algorithm becomes easier to solve (both the E-step and the M-step), but the convergence rate decreases.
For proofs, see [81].
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The main differences between the SAGE and the EM algorithm are:

e SAGE updates parameter subsets rather than the entire parameter set: this makes the maximizations tractable;

e SAGE uses hidden data spaces that are particular to the parameter subset. By creating hidden data spaces that
are sufficiently informative only for that subset, overall asymptotic convergence can be increased.

8.7 An example

The SAGE algorithm is commonly applied when the M-step in the EM algorithm is difficult or when the convergence
rate of the EM algorithm is poor. A popular example is that of signal decomposition. To allow the reader to get
some familiarity with the ML, EM and SAGE methods, we will consider this example in some detail. The problem
description is based on [86,87]. This example will turn out to be very relevant for our particular problem (estimation
of channel parameters) as will become apparent in Chapter 9, section 9.3.

8.7.1 Problem formulation

Suppose we have an observation, r, that is the sum of L signals, sy, ...,sy—_1, corrupted with AWGN. Each of the
signals s;, depends on a parameter by, and a common nuisance parameter a. Introducing b = [b{,...,b]_,] T we
have
L1
r = Y sp(aby)+n (8.19)
k=0
= s(a,b)+n (8.20)

where F [nnH } = 20°1. This implies

logp (r|b,a) Mf%ﬂrfsﬂz. (8.21)
We will work under the following assumptions:
e b and a are a priori independent;
e p(a)is known;
e we have available or can easily compute* p (a|r,b) for any b.

Suppose we want to obtain an ML estimate of d. = b in the presence of a nuisance parameter d,, = a. We will apply
three techniques to estimate b:

1. The ML-technique
2. The EM algorithm
3. The SAGE algorithms

8.7.2 ML estimation
The ML estimate is given by (8.4):

b = arg max p (r|b) (8.22)

where
p(rib)= /p (r|b,a)p(a)da. (8.23)

Unfortunately, (8.23) is generally impossible to evaluate in a closed form. Furthermore, the maximization (8.22)
is hard when L is large or when each b, contains many components. These two problems make ML estimation
impossible to use in practice.

* Although this assumption may require a leap of faith on the part of the reader, a motivation will be provided in later chapters.
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8.7.3 EM estimation
Let us try the EM approach.

Complete data definition

We consider a as missing data so that d. = [r, a].

E-step
Applying the EM algorithm with complete data d,,, = [r, a], the E-step (8.13) becomes

Q(b‘f)“)) x /logp(r\a,b)p(a‘r,f)(i))da (8.24)
oc —/Hr—s(a,b)HQp(a‘r,B(i))da (8.25)
x —Ea{Hs(a,b)HZ‘r,B(i)} (8.26)
+ 25}%{rHL§:1Ea{sk (a,bk)|r,f>(i)}}
par

Since p (a ‘r, B(i)) is assumed to be available, we can in principle evaluate @ (b ‘B(i) ) Hence, the first problem
related with ML estimation is now circumvented.

M-step

Since @ (b ‘B(i) ) is a function of b, maximizing (8.26) w.r.t. b is still L-dimensional and thus still very hard.

8.7.4 SAGE estimation
We can also apply the SAGE algorithm with hidden data® for by, dj, . = [a, r]. In this case the E-step is given by

Q (ka B(“) (8.27)

a/logp(r\a,bk,f)g))p(a
2
/H (r—Zsl ab )) — sk (a,byg) p(a‘r,ﬁ(i))da

£k
x ~Ba |5k (a,by)|I

r, B(i)} + 2% {Ea [ikH (a, Bl%)) sk (a,bg)|r

)
Zy, (a7 Bg)) =r— Z Sk (a, Bl(l)) . (8.28)

1#£k

where

Note that the SAGE algorithm has a rather nice interpretation: to estimate by, we deduct from r all interfering
signals (i.e., > ;4 Sk (a b )) The remaining signal is then treated as the sum of s, (a, b;) and an AWGN term.

This removal of interference bears much resemblance to Serial Interference Cancellation (SIC), a common technique
in multi-user detection.

8.8 Main points

In this chapter we have given an overview of several general-purpose estimation techniques. We started with Max-
imum likelihood (ML) and Maximum A Posteriori (MAP) estimation. Both ML and MAP estimation suffer from

5Note that we select the hidden data to be the same for all parameter subsets.
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several problems: they require the optimization of functions of many parameters. On top of that, the functions
themselves are generally very hard to compute.

The Expectation-Maximization algorithm can be used to iteratively solve MAP and ML problems at a lower
computational cost. Finally, we have briefly described the Space-Alternating Generalized EM algorithm (SAGE)
whereby at each iteration only a subset of parameters is updated. This last technique is especially well-suited to
multi-dimensional problems.
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8.9 Appendix: Convergence of the EM algorithm

We will show that the MAP (or ML) estimate is a solution of the EM algorithm and that for any initial estimate,

al”, subsequent estimates will have an increasing a posteriori probability (or likelihood, for ML). We focus on MAP
estimation.

Theorem 8.9.1. The a posteriori probability of two subsequent estimates in the EM algorithm is non-decreasing:

logp (agﬂ) |r) > logp (&g” |r) . (8.29)

Proof. Due to the definition of the M-step (8.11), two subsequent estimates necessarily satisfy:

0 (&SH)

a") > Q(av

ag>) . (8.30)

Furthermore, taking into account (8.7), it is easily verified that

Q(delaéi)) logp(r)—/logp(r\dc)p(dc ¢

+ logp(d. Ir)+/10gp(dc|de,r)p(dc

ao, r) dd, (8.31)

(&)

&U),r) dd..

Hence, after some rearranging of (8.30), we obtain

log p (&SH) \r) —logp (&S) \r)

p(dea r
> / log p(gc agﬂ)’z) P (dc

The right-hand-side in (8.32) is nothing more than the Kullback-Leibler Distance (KLD) between two distributions
[88]. Since the KLD is non-negative, this proves (8.29).

aw, r) dd,. (8.32)

€

O

Theorem 8.9.2. The MAP estimate is also a solution of the EM algorithm:

devap = arg f%aXQ (de\ ae,MAP) (8.33)

Proof. This follows immediately from the previous Theorem and the fact that logp (8167 MAP |r) > logp (d. |r) for all
d..
O

The convergence behavior of the EM algorithm should be interpreted as depicted in Fig. 8.3: for any value of d,
there are multiple solutions of the EM algorithm in the space where d. resides. Around each of these solutions lies
a domain of attraction: when the initial estimate is within one of those domains, the EM algorithms converges (with
high probability®) to the corresponding solution. One of these solutions is the ML (or MAP) estimate. We will name
the domain of attraction around the ML (MAP) estimate, the acquisition region.

6The boundaries of the domains of attraction are not "hard’ boundaries.
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domain of d,.

_ solutions of the EM algorithm
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Figure 8.3: Convergence behavior of the EM algorithm
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Chapter 9

Code-aided estimation: the big picture

9.1 Introduction

Now that we have a firm grasp of the principles of estimation theory, we will apply Maximum Likelihood (ML)
techniques to the system from Chapter 2. We will consider three classes of algorithms to estimate the channel impulse
response and/or synchronization parameters. First of all, we describe a class of ‘conventional” estimation algorithms.
These can be divided in Data-Aided algorithms (which exploit the knowlegde of known data symbols in the burst -
known as pilot symbols or training symbols) and Non-Data-Aided (NDA) algorithms (which are based on statistical
properties of the incoming signal). Secondly, we will derive algorithms that are able to exploit code properties during
estimation through the EM and SAGE principles. We then briefly discuss a third class of algorithms that perform joint
decoding and estimation by extending the factor graph at the receiver to include the uncertainty w.r.t. the channel
parameters.

Many other such ‘code-aided” algorithms have been proposed in the last decade or so. Still, most of them are
either closely related to EM- or factor-graph-based estimators, or are more of an ad-hoc nature. As the latter class
of algorithms cannot be applied to a wide range of problems and are inherently sub-optimal, we will stick to more
systematic techniques in this dissertation.

In Fig. 9.1, the receiver from Fig. 6.1 is repeated with one additional block: the estimator. The estimator has as
inputs the received signal, exact knowledge regarding pilot symbols, and, for a code-aided estimator, some kind of
information from the detector. The output of the estimator is, depending on the set-up, an estimate of the channel
impulse response, or of the channel parameters, or of the synchronization parameters, or of the transmit mode.

This chapter deals mainly with describing how information should flow from the detector to the estimator. In a
first phase, we will assume that the transmit mode is known at the receiver.

9.2 Conventional estimation techniques

We will start with estimation techniques for frequency-selective channels. Since a frequency-flat channel is merely a
special case of a frequency-selective channel, estimation algorithms for the latter channel can be applied unmodified
to the former. However, we will point out that more suitable algorithms exist, tailored especially to the frequency-flat
channel. Tailoring algorithms to suit a certain estimation problem will be a common theme in this and the following
chapters: although the techniques we have presented (ML, MAP, EM and SAGE) are very general, care needs to be
taken when they are applied to specific estimation problems. Sometimes a certain algorithm will be overkill for a
certain estimation problem. Also, some parameters require different estimation strategies than others.

9.2.1 Frequency-selective channel

We start from the original model, given in Eq. (2.12) in Chapter 2. In frequency-selective channels, channel estimation
is usually performed by exploiting pilot symbols [16]. The signal at the input of the receiver is of the form

N,—1
rpp(t) = Z aph (t —nT) 4+ w(t) (9.1)
Lnio N.—1
= oy app (t —nT — 1) +w () (9.2)
=0 n=0
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Figure 9.1: Receiver with three main blocks: conversion of rgp (t) to'y, factor graph detector and estimator.
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h(t)

S A

Figure 9.2: Channel estimation: unstructured approach

where a,, is the n-th data symbol, n (¢) is a complex white Gaussian noise process with PSD o2 per real dimension.
The first P symbols are pilot symbols (i.e., known to the receiver), while the remaining Ns — P are unknown coded
symbols, so that a = [aL al]”. The signal is band-limited and sampled at a rate 1/7T; = N/T, yielding samples

{r (kTs)}. Considering the results from Chapter 5, we need to determine the overall impulse response

L—1
h(t)=> ap(t—m) (9.3)
=0

We now have the choice to estimate  (t) either directly or through the parameters ({7, ax };_, ;) of the underly-

ing channel model. These approaches lead to what is known as unstructured and structured estimators?!, respectively.
Once the channel impulse response is known, the equalization techniques from Chapter 5 can be applied.

9.2.1.1 Method 1: the unstructured estimator

We refer back to the three observation models from Chapter 5, section 5.3: the matched filter receiver, the whitening
matched filter receiver and the oversampling receiver. Note that the former two observation models require know-
ledge of the channel impulse response (CIR) to generate the observation, so it makes no sense to estimate the CIR
from them. Hence, we start from an oversampled version of the signal. In Chapter 5, we have seen that when we
start from an oversampled (at rate N/T) version of the received signal rz5 (), we obtain the following observation
(see Eq. (5.21)):

r=Ah+w (94)

where h is the sampled channel impulse response of 4 () and A is a matrix containing the data symbols a (see section
5.3.3 in Chapter 5). Generally, h (t) will be of the form shown in Fig. 9.2:

h(t) = hy (t - A—) 9.5)

where h; (t) is the part of h (¢) that takes on significant values (say, over a time intervalt = —L,T, —L,T+T/N, ..., +L,T).
This leads to two estimation approaches:

Approach A Jointly estimating® A € [0, A,,4.] and the sampled version of h, (t). Denoting by L;_ the duration of
hs (t) expressed in number of symbol durations, this leads to the following observation model:

0A hs (—=LiT)

r = Ap +w (9.6)
U he (L, T)

= Axh+w 9.7)

where 0, is an = x (Lj_N) matrix of all zeros, and A p is the matrix of data symbols, defined in section 5.3.3 in
Chapter 5.

n the technical literature, one may also find the names parametric (instead of structured) and non-parametric (instead of unstructured) estimat-
ors.
2 Assume we know a priori that A lies in a known interval and have a rough idea of the duration of h (t).
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Approach B Estimating the sampled version of the entire channel impulse response £ (t), in which case we replace
in (9.6) Aaz and A with 0 and h with [ (—=LiTy) , ..., h (L Ts + ApmeeT/N)]T.

As Approach B can be cast within the framework of Approach A, we only focus on Approach A.
A data-aided estimation algorithm can be derived as follows: the receiver performs estimation under the assump-
tion that unknown data symbols are all zero. We then get the following observation model:

(UN
r = Ap h+w (9.8)
0(Aas—2)
= Aaph+w 9.9)

where A p is obtained by replacing in A p all unknown coded data symbols with zeros. Applying the ML principle
to obtain a data-aided estimate of h and A now yields

[h, A] = arg %17anlogp (r|h,A). (9.10)
Since
logp (r|/h,A) oc —h"AZAph + 2R {r"As ph}, (9.11)
(9.10) is solved by
~ -1
A = arg max {3? (I'HAAJ"J (A?Ap) AZ’PI‘)} (9.12)
and R )
h=(AfAp) Af r. (9.13)

Note that in case we follow Approach B, the vector h will be much larger: it will contain (A4, + Ly, ) N entries
(rather than L N). For large A4, Approach B would require significantly more pilot symbols than the approach
where we estimate A and h jointly. On the other hand, Approach B would not require the one-dimensional search
(9.12) over all possible values of A.

9.2.1.2 Method 2: the structured estimator

While (9.12)-(9.13) is conceptually straightforward, there is another way to proceed. Estimating the entire channel
vector h can be avoided by exploiting the underlying channel model (9.3): in principle we only need to estimate 2L
parameters (the L gains and the L propagation delays), rather than L, N channel taps and 1 delay shift. We start
from a vector representation of rpp (t), say r. We again apply the ML principle, to obtain a data-aided estimate of
the 2L channel parameters®:

{Fr, Qi tyy, = arg ma)i logp(rlap,ac = 0, {7k, i}y ) (9.14)
Th Ok g
with
logp (I‘ |aP7 ac =0, {Tkv ak}vk)
L-1 P—1
x — Z o, af, Z Uy Oy, q (N1 —n2) T 471, — 71,)
ll,lgzo ’I’Ll,nQ:O
L—1P—1
+23 Y R{many® (nT +7)} (9.15)
=0 n=0
where

+oo
y(t) = / p* (—u)rpp (t —u) du/\/Es

— 00

3The notation p (r {a p,ac = 0,{my, ar}yy ) is somewhat misleading, as it gives the impression that the transmitted sequence contains only
pilot symbols. The true meaning is as follows: the receiver operates under the assumption that the transmitted sequence contains only pilot symbols.
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and ¢ (t) = [ p* (—u)p (t — u) du. Unfortunately (9.15) is difficult to maximize with respect to the gains and delays
when L > 1. We will introduce a common approximation. When we neglect the cross-terms (i.e., {1 # [2) in the first
term in (9.15), we can reduce (9.15) to:

Ing (I‘ |aPa ac = 07 {Tk7 ak}Vk) (916)
L—1 P-1 P-1

~ Z (— oy |? Z |an|? + 2R {al Z any”™ (nT + Tl>}>
=0 n=0 n=0

which is the sum of L terms, each of which depends only on one delay and one complex gain. Hence, the resulting
maximization problem can easily be solved. This structured approach is common in DS/SS systems where inter-
path-interference is neglected.

Once the channel parameters have been estimated, the overall impulse response & (t) can be reconstructed, so that
the signal rpp (t) can further be processed.

9.2.2 Frequency-flat channel

In a frequency-flat channel, we are faced with the following received signal:

No—1

rpp (t) = Ael® Z anp (t —nT — 1) + w (¢) (9.17)
n=0
where a,, is the n-th data symbol, A is the path amplitude, § is the carrier phase and 7 is the propagation delay. The
first P symbols are again pilot symbols. The noise w (t) is complex white Gaussian noise with variance o2 per real
dimension. We will assume the following a priori distributions:

e Ais areal, positive number
e 0 is uniformly distributed in [—7, +7]

e 7 is uniformly distributed in [-A1, +A,], for some known constants A; and As.

9.2.2.1 Data-aided estimation

Starting from (9.17), an unstructured channel estimate can be obtained by applying (9.12)-(9.13). Similarly, a struc-
tured estimate is obtained from (9.15), for L = 1:

1ng(r |aP77-a A7 9)

P-1 P-1
x —A? Z |an|2 +2A Z R {anejey* (nT + T)} (9.18)
n=0 n=0
which is now solved as follows:
P-1
;= 2y (nT + 9.19
P I |2 o (T ) ©19
P-1
0 =—arg { Z any™ (nT + i’)} (9.20)
n=0
R {Zf:_ol anejéy* (nT + 7“')}
A= . (9.21)

P—1, 2
> n—o lan]
9.2.2.2 Other estimation algorithms

By now, the reader might get the impression that all estimation techniques fall into the ML, EM or SAGE category.
This is far from true. Contrary to EM or SAGE methods, conventional algorithms are application specific and often
of very low complexity. It is simply impossible to give a comprehensive overview of standard estimation methods,
due to the huge number of algorithms available in technical literature. The reader is referred to the standard works
in estimation and synchronization theory [16,17]. We simply present some simple algorithms relevant to our system
model. The entire process is depicted in Fig. 9.3 and consists of both data-aided and non-data-aided algorithms.
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Step 0: burst detection

First of all, the receiver measures the energy of the incoming signal. When the receiver expects a burst, a number of
samples will be stored for further processing. Since such energy-detection is inherently sub-optimal, the exact time
of the beginning of the burst is unknown. The uncertainty is modeled in the distribution of 7. This explains the
introduction of the parameters A; and A in the previous section. For convenience, we will assume A;/T" € N.

Step 1: (Fractional) delay estimation

Secondly, 7 is estimated by exploiting the cyclostationarity present in the signal rgp (t) [16]: 5 () is filtered with
p* (—t) resulting in a signal y (t). As we will consider only digital implementation, we can start from the samples
y (kT'/N). We process these samples, yielding an estimate of 7 [89]:

7= —% arg {Z F (y (kT/N))exp (—jQW%) } 9.22)
k

where F () is a suitable non-linear function. A popular example is F (z) = |z|?, resulting in the well-known Oer-
der&Meyr synchronizer [90]. Taking into account the Bandpass Sampling Theorem, the Oerder&Meyr synchronizer
requires N > 2BT, where B is the one-sided bandwidth of received signal. It is important to note that the Oer-
der&Meyr estimator requires no knowledge of A or 6.

The reader may notice that 7 € [-T/2,+T/2]. When A; > T/2 (i = 1,2), which is often the case, 7 should be
interpreted as an estimate of the fractional part of 7. To clarify this, let us break up 7 as follows:

T=¢e;+ kT (9.23)
with e, € [-T/2,+T/2] and k, an integer, belonging to the set S,, defined as
kr € [~A1 /T, Ao/ T). (9.24)

Hence, estimation of 7 can be broken up into estimation ¢, and estimation of k,. The estimate 7 from (9.22) should
be understood as an estimate of ¢, rather than of 7. We will refer to (9.22) as fractional delay estimation and write £, in
lieu of the misleading 7. The process of determining k. is known as frame synchronization and is the next step in the
estimation process.

Step 2: Frame synchronization

Assuming the estimate of ¢, to be correct, we now apply (9.19) to find an estimate of k.

P-1
k., = arg IIIIC%X HZ::O any” (T 4+ kT +E.)]. (9.25)
This is again a famous algorithm [91], operating by correlating the pilot symbols with the time-shifted symbol-rate
matched filter outputs. The final estimate of 7 is now given by 7 = k, T + &,.

Step 3: (Fractional) phase estimation

Once 7 has been estimated, matched filter output samples at the symbol rate (i.e., y (T +7),n = 0,..., Ny — 1) are
used to estimate 6. Note that when 7 = 7, we have y (nT + 7) = Ae’%a,, + n,,. We will consider the Viterbi& Viterbi
phase estimator from [92]:

.1 N e
0= o arg {kz_o (y (nT + 7)™ } (9.26)

where M, is known as the phase ambiguity number of the constellation (2, defined as follows: 27 /Mg, is the smallest
angle of rotational symmetry* of Q. For M-PSK constellations, M¢, = M, where M is the number of constellation
points. For square QAM constellations, Mq = 4.

%3 in an angle of rotational symmetry of Q when rotating 2 over 1 yields Q.
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Similar to delay estimation, (9.26) provides an estimate in the range [—7/Mq, +7/Mgq]. We write 6 as

ko
0= 2r— 9.27
€g +2m Mo (9.27)
where ¢ € [—n/Mgq,+7/Mg] and ko € {0,..., Mg — 1}. Hence, (9.26) should be interpreted as an estimate of &y,
rather than of . Estimation of ky is referred to as phase ambiguity resolution, which is the next step in the estimation
process.

Step 4: Phase ambiguity resolution

Similar to frame synchronization, we apply (9.20) to perform phase ambiguity resolution:

P-1
ko = arg H}caxﬂ? { Z anejé"ejzﬂk”/Mﬂy* (nT + %)} . (9.28)
0

n=0

The final estimate of 6 is now given by 6 = kg2r/Mq, + .

Step 5: Amplitude estimation

The last estimation step is estimation of A. A data-aided estimate of A is given by (9.21).

Step 6: Message computation

Once 0, 7 and A have been estimated, the samples {y (nT ++)e™d é} are provided to the factor graph as parameters,
and messages fiq, — (ar) can be computed.

9.3 EM-based code-aided estimation

We have seen how a combination of data-aided and non-data-aided techniques can be used to estimate the channel
impulse response. However, they are one-shot algorithms: the estimate is provided to the factor graph detector,
where iterative equalization, demodulation and decoding is performed. No information flows back from the detector
to the estimator.

By applying the EM algorithm, we will introduce code-aided algorithms that are able to exploit information
from the detector in an elegant and intuitive way. Before we go into the details of EM-based code-aided estimation
algorithms, some important issues need to be addressed:

e What will we estimate? The data symbols or the channel parameters?

¢ Secondly, what would be an appropriate choice for complete/hidden data?

A most natural way to proceed is to estimate the data sequence while considering the channel parameters as nuisance
parameters. Indeed, the final goal of a receiver is recovering the data symbols, not estimating the channel parameters!

However, there are several problems with such an approach: in many cases p (dc ‘r, dAe(Z)) will be impossible to

evaluate, so that the E-step (8.8) can only be performed approximately. Secondly, the M-step: we need to make
an estimate (=a hard decision) of the data sequence at each iteration of the EM algorithm. Not only does making
such a decision require searching exhaustively the space of all codewords, all state-of-the-art detectors require soft
information w.r.t. the coded data symbols to operate properly. Still, many papers on iterative EM-based estimation
apply the EM algorithm to estimate the data sequence, rather than the channel parameters [93-95].

Following [19,96-99], we have taken another, at first sight counter-intuitive approach: we treat the data symbols as
nuisance parameters in estimating the channel parameters. The complete/hidden data will contain the data sequence
and the received signal. It will turn out that the resulting estimation algorithm is able to exploit information from
the factor graph detector through the a posteriori probabilities of the coded symbols. This enables the estimator and
factor graph detector to cooperate in a seamless way. We follow the same pattern as in the previous section: we
first consider a frequency-selective channel and then a frequency-flat channel. We remind again that any technique
derived for a frequency-selective channel can be applied without alteration to a frequency-flat channel.
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Figure 9.3: Conventional estimation for flat fading channel, with §,, = y (kT +7), k=0,. ..
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9.3.1 Frequency-selective channel

The signal at the input of the receiver is of the familiar form

L—-1 N,-1
rpp (t) = Zal Z anp (t —nT — 1) +w(t). (9.29)
=0 0

n=

As before, we will describe two estimation techniques. The first one is unstructured and estimates the sampled
version of the overall impulse response h (t) directly, similar to the unstructured technique from section 9.2.1.1. The
second one exploits the underlying channel model and estimates the channel parameters, similar to section 9.2.1.2.

9.3.1.1 Method 1: the unstructured approach

Starting from (9.6)
(LN
r = Ap h+w (9.30)
O(A’VYL(L(L'_A)
= Aprh+w (9.31)

and applying the EM algorithm with complete data d. = [a,r] to estimate d. = [h, A], yields the following E-step
(see Eq. (8.13)):

Q(d.|a)
=FE, [1ogp (r|la,Ah) ’r, AW, ﬁ(i)] (9.32)
—E, {_hHAgADh + 2R {r? Aah} [r, A, fl“)} (9.33)
E-step We can evaluate @ (de\ (Aig)) as
Q(dea) = W AZAph 1 2R {r"Asn} (9.34)

where Ax = Fy [ Aa|r, A0, h0)] and AFAp = By [AfAp|r, A0 RO,

M-step Solving (9.34) w.r.t. h and A, yields the following solution of the M-step:

—_ 71 -
AU+ = arg max {\SR (yHAA <AgAD) Agr> } (9.35)
~ . —_— _1 ~
hi+h) = (AgAD> Al or (9.36)

—1
The main question is of course, how can the quantities Ag(i + and (Ag A D) be computed? A Aw+1) contains

elements of the form

i, = FEa [an| r, A®, fl@‘)} (9.37)
= Z wXp (an = w| r,A(i),fl(i)) (9.38)
weN
forn € {0,..., N, — 1}. The matrix AZ A contains elements of the form E, {ana;‘n| r, A, fl(i)]. For m # n,

these elements can be approximated as E, [ana;‘n\ r, A(i), fl(i)} ~ a,a.,, while for m = n, we obtain

janl® = Dl xp (an = w| r,A(“,fl“)) : (9.39)

weN
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This reduces the question to: how can we compute the quantities a,, and |a,,|*? And what is their interpretation?

—

It is clear that &, and |a,|* can be computed in terms of the marginal a posteriori probabilities (APPs) of the
coded symbols, conditioned on the previous estimate of the d.. These APPs are of course computed by the
factor graph detector structures from Part II of this dissertation. In other words, when we provide the detector

with the observation r and the estimate d'” = [fl(i), A(i)} , the detector will compute (iteratively, through the
sum-product algorithm) the APPs p (an =w|r, ﬁ(i), A(i)) . Note that for pilot symbols the APPs do not depend

on d'”: the APPs are either zero or one, and perfectly known to the receiver, so that for pilot symbols a,, = a,,

—_—

and |a,|* = |an|*.

The reader will notice the similarities between the data-aided algorithm (9.12)-(9.13) and the new EM-based al-
gorithm (9.35)-(9.36). An initial estimate for the EM-based algorithm can be obtained from (9.12)-(9.13).

A great deal has been achieved in this short paragraph: an important connection has been made between the
EM estimator and the factor graph detectors from Part II. An iterative estimation technique has been derived that
exploits information from the pilot symbols and coded symbols in a natural, almost intuitive way: the algorithm is
obtained by formally replacing the pilot symbols from a data-aided algorithm with the a posteriori expectation of the
coded symbols. These a posteriori expectations go under different names in technical literature: soft symbols, soft
symbol decisions, symbol expectations... With all the background knowledge we have amassed regarding ML, EM
and SAGE estimation, extending these concepts to structured estimation is a fairly straightforward task.

9.3.1.2 Method 2: structured approach

Using a vector representation of rpp (t), we can transform, with obvious notations, (9.29) into the following vector
representation

L-1

Z a ap, Tl + w. (940)

=0

where s; (a, a;, 77) is a vector representation of o Znig anp (t —nT —7;). Let us contemplate (9.40): we are trying
to estimate parameters from the superposition of L signals. Referring to the example from section 8.7 in Chapter 8,
we notice that we have in fact already solved this problem by means of the SAGE algorithm! Applying (8.27), with
by = [ak, 7] and dy, ;, = [r, a], the E-step of the SAGE algorithm is given by

Q (bk\ B(i)) = (9.41)
Ea [_ sk (a, bk)||2‘ r, B<i>} + 2R {Ea [zkH (a,lé.@) sy (a,by) r,f.(ﬂ } (9.42)

where

Zy; (a,f)(i)) = r— Zsl (a, lA)l(l)) . (9.43)

1£k
In our case, since p (t) is a square root Nyquist pulse:
sk (a,bg)|> = ou|” Z lan|” (9.44)
while
e (a, B(i)) sk (a,by) = (9.45)
H
NO)
r sk (a,bg) — Zsl (a, b, ) sk (a,by) .

1k
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The last term in (9.45) can be written as’

H
Z S (a, Bl(i)) sk (a, bg)
I#k
= ag Z ay Z aranq(nT —n'T + 7 — 7%) (9.46)
l#k n,n’
=oal’R (Tk, B(i)) a (9.47)
where ¢ (t) = [ p* (—u)p (t — u) du and
Ry (70, 60) = 3" aiq(nl =0T+ 71— 7). (9.48)
Ik
Finally, r”s;, (a, by) is given by
rfs, (a,br) = oy, Z any™ (nT + %) (9.49)

n

where y (t) = [ p* (—u) rpp (t — u) du. After substitution we obtain

Q (bk|6(i))

= —Ja*Y Fa [|an|2\ r, b)) + 2% {ak > Fa|anlr, 6] y* (07 + Tk)}
— 2R {akEa {aHR (Tk, B(i)) a‘ r, B(i)} } (9.50)

Note that the first term is equal to |ax|* N, for M-PSK constellations. Q (bk\ B(i)) can be computed from the APPs

D (an| r, B(i)) when we again use the approximation
Ea [ana:n| r,f)(i)] ~ E, [an| r,B@] Ea [a:‘n| r,f)(i)] (9.51)

for n # m. We can now maximize () (bk| B(i)) w.r.t. 7, and «y: for a given 75 a closed form solution for ay, can be
found. After back-substitution of this solution into (9.50), we can maximize w.r.t. 7, with a one-dimensional search.

9.3.2 Frequency-flat channel

By now, it is a straightforward task to derive a similar algorithm for the frequency-flat channel estimator. We start
again from the following received signal

N,—1
rpp (t) = Ael® Z anp (t —nT — 1) +w(t). (9.52)

n=0

We simply specialize the multi-path case from section 9.3.1 to L = 1. In (9.50), the last term can now be dropped since
in the definition of R (Tk, B(i)) from (9.48), there are no terms in the summation. Hence, (9.50) becomes

Q (b|£><i>) - -3 E, [\an\z

n}S(i)} + 2R {Aejé Z Ea [an| rﬁ(%’)} y* (nT + 7-)} . (9.53)

Introducing a,, = F {aﬂr,&@}and an|> = E {\anf

r, a(i)} , the maximization is now fairly straightforward. The
final result is given by (see also [19]):

5See Chapter 4, section 4.6 for information regarding vector represenations of signals.
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No—1

,7A_(i+1)

= arg max Z any* (nT + 1) (9.54)
n=0
while
N.—1
00+ — _arg { 3yt (nT v +<i+1>) } (9.55)
n=0
and

St an)?

The reader will notice (again) the striking similarities between (9.19) and (9.54), between (9.20) and (9.55) and between
(9.21) and (9.56). Indeed, the code-aided estimation algorithms are again obtained by formally replacing pilot sym-
bols with the corresponding a posteriori expectations.

AG+D —

(9.56)

Initialization

The EM algorithm requires an initial estimate of d.. This estimate can be obtained through a conventional estimation
algorithm, as described in section 9.2.2.

9.3.3 Two extreme cases
9.3.3.1 Data-aided estimation

EM and SAGE estimators can be constructed to exploit solely pilot symbols. In this case, we simply ignore the
unknown data symbols (replace them with zeros in the receiver’s observation model) and place the pilot symbols in
the complete/hidden data space. This technique could be used, for instance, to refine a data-aided estimate of the
channel parameters for a frequency-selective channel, by incorporating the effect in inter-path-interference. In fact,
most existing algorithms for multi-path channel estimation that use SAGE are data-aided [100,101].

9.3.3.2 Uncoded transmission

In some cases, decoding the packet is a very expensive operation and one may want to treat the data as uncoded
during the estimation stage. This can be achieved by removing, from the factor graph of the receiver (Fig. 9.1), that
part of the graph that corresponds to the error-correcting code I [c = x (b)] and the part corresponding to the a priori
distribution p (b).

9.4 Sum-product code-aided estimation

As we have mentioned in Chapter 8, section 8.4, we can create a factor graph that includes the unknown channel
parameters and transmit mode parameters as variables (i.e., as edges). Although the exact execution of the sum-
product algorithm is generally fairly complex, the idea of performing joint estimation and detection through factor
graphs has received increased attention from the technical community. Interesting papers in this area can be found in
[102-104] (for phase estimation) and [105] (for auto-regressive model parameter estimation). These works capitalize
on an earlier paper [106], where a general framework for iterative receiver design using factor graphs was described
and applied to channel estimation. Also in [106] the problem related to message representation is tackled: the authors
propose to use canonical distributions. This idea was adopted in [102, 104, 105], where messages are represented by
distributions that can be described with few parameters (e.g., a mixture of Gaussian distributions) or by resorting to
Monte Carlo methods.

A more pragmatic approach was taken in [30, 107] and [85]: the authors break up the overall factor graph into
smaller graphs. Within each graph the sum-product algorithm is applied. However, messages between graphs are of
a different nature (e.g., hard or soft decisions).
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Figure 9.4: Factor graph representation of p (b, ¢, a, x, 0 |r )with unknown carrier phase 0

9.4.1 Example
A most insightful example is that of phase estimation. Assume we are given an observation
r=ae’’ +w (9.57)

where a is the sequence of N, coded data symbols, 0 is the carrier phase and w is a vector of iid AWGN samples with
E [ww'] = 20%I,. Introducing x = ae’?, we can construct a factor graph of

p(b,c,ax,0[r) = ﬁ p(riler) I [zx = axe’®] Ifa= o ()] I[c = x (b)]p (b) p(6) (9.58)
k=0

where ¢ is the function that maps bits to constellation points, x represents the transformation from information bits
to coded bits and

1
p(rk |TK) o< exp <_ﬁ |7k — $k2> . (9.59)

The corresponding factor graph is shown in Fig. 9.4, where we have abbreviated p (ry |1 ) by pr. The nodes marked
f, represent the function

f(ag, i, 0k) =1 [z, = akeje"] (9.60)

while the equality node assures all §;, are equal to 6.
Applying the sum-product algorithm yields

1. A message is sent from the all the nodes of degree one:

Hpo)—o (8) = p(0)
Hpi—ay, (xk) = p(Tk |xk) ,VE
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2. The equality-node sends messages over all the §;-edges®:

27
a0, (Ok) = / 1[0 = 0k = Orzx] H/“Lfﬂ(h (01) pp(o)—o (0) dOdO 1y,
0 1%k
2
= / J (9 ek Np(@ —>9 H ,Uf—>el 0[ ek) dﬂdﬁl;ﬁk
0 %k
= H Hf—0, (O) Hp(6)—06 (Or)
1%k

When pf g, (0x) is not available, yig o, (0x) = fip)—0 (Ok).

3. Messages over the a;-edges are sent

Hayp—e (@) = /I (2 = are’™* ] pip, —ay, (k) Bg—b, (Ok) ddby

/5 (21 — ane’®™) tpp—a (T1) Hg—oy, (Ok) dzidby,

27
= / fip—a, (are’™) pg—o, (Or) O
0

4. Now messages are propagated upward from the node marked I [a = ¢ (c)] and further on in the graph.

5. Later in the sum-product algorithm, downward messages (t,—a, (ar) = fa,—f (ar) OvVer the ax-edges will be
sent. Now messages can be sent to the phase-equality-node

Por—g (Ok) = Y pay—s (k) fipg—ay, (are’™)

ag

6. In the equality node, these messages are multiplied to update 5., (6x). Then we go back to step 2.
7. And so forth

Immediately, a problem arises: since § is defined over a continuous domain, summations have become integrals. How
are these integrals computed? Connected to this is the question of how messages should be represented. Keeping
track of arbitrary messages is impossible. It is clear that even for this very simple estimation problem, the sum-
product algorithm runs into a number of difficulties, due to the domain over which the parameter is defined. This
makes joint decoding and estimation through factor graphs unattractive from a complexity point of view. A common
way (see also Chapter 8, section 8.4) to avoid the evaluation of the exact messages is to replace /15—, (6i) with a
Dirac distributions ¢ (8, — 6*), where 6* is a hard estimate of ¢, for instance obtained by maximizing the real message
Hg—o (0). Itis easily verified that the use of Dirac distribution results in an SP algorithm that requires no integrations.

Note that sum-product code-aided estimation on factor graphs is not really an estimation technique: the goal is
the computation of the a posteriori probabilities of the information bits. The messages related to the phase are simply
by-products of the sum-product algorithm. This technique will not be pursued further in this dissertation, except in
the context of discrete parameter estimation (where integrals are again replaced by summations), in Chapter 11.

9.5 Main points

In this chapter, we have derived estimation algorithms for frequency-selective and frequency-flat channels. We star-
ted with conventional data-aided algorithms for a frequency-selective channel: an unstructured approach results in
an estimate of a sampled version of the overall impulse response h (t). A structured approach can be used to find
estimates of the underlying channel parameters (i.e., the L propagation delays and the L complex gains). We have
specialized these algorithms to a frequency-flat channel and included some well-known non-data-aided algorithms
for fractional delay and fractional phase estimation.

We have then described a class of estimation algorithms based on the iterative EM and SAGE algorithms for both
frequency-selective and frequency-flat channels. It turns out that these algorithms require a posteriori probabilities
(APPs) of the coded symbols, conditioned on the previous estimate of the channel parameters. These APPs can be

®Note that the indicator function T [9 =0, =012 k] is now actually a Dirac distribution: 6 (6 — 6) [], #k 6 (0 — Ok).
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computed by the factor graph of the receiver. In many cases the resulting algorithms can be obtained from the corres-
ponding data-aided algorithms, by simply replacing the unknown symbols with so-called a posteriori expectations.

Finally, we mentioned the possibility of performing joint estimation and decoding by incorporating the unknown
channel parameters into the factor graph of the receiver. Although this solution is most elegant, the computational
complexity is extremely high. As an additional problem, such a factor graph solution requires severe modifications
to the detector. This is in stark contrast to the EM-based estimator, which can be combined with an off-the-shelf
detector.

[

In the next chapter we will make some subtle alterations to the EM-based estimation algorithms, resulting in two
novel versions of the EM algorithm. In the subsequent chapter these novel algorithms are applied to a set of problems
that the EM algorithm traditionally avoids: the estimation of discrete parameters. This includes the abovementioned
problems of frame synchronization and phase ambiguity resolution, but also the detection of the transmit mode.

To avoid confusion, we will name the factor graph representation of p (a, b, ¢, x |r) where x contains additional
parameters not present in d. (d. is the set of channel parameters, synchronization parameters and transmit mode
parameters) the synchronized factor graph (such as Fig. 9.1). On the other hand, the factor graph representation of
p(a,b,c,x,d. |r) will be named the overall factor graph (such as Fig. 9.4).
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Chapter 10

Code-aided estimation: the smaller picture

10.1 Introduction

In the previous chapter we have described how the EM algorithm may be applied to perform code-aided estimation
in a systematic way. Although the proposed algorithms seem to have solved all our problems, we are not out of
the woods just yet. First of all, we have not considered the problem of transmit mode detection. Secondly, we will
show that the EM and SAGE code-aided estimation algorithms are still too complex for a practical system. Thirdly,
the issue of convergence needs to be addressed. All these and more will be covered in the current chapter. We start
with the issue of computational complexity, followed by a discussion of convergence problems. It turns out that
convergence is closely related to the problem of estimating discrete parameters.

In short, this chapter will describe some important modifications to the algorithms from the previous chapter, in
order to make them more suitable for a practical system.

10.2 Computational complexity

10.2.1 The EM algorithm

r,&é“). To
compute these APPs, two steps are required: first of all, the synchronized factor graph' of the receiver needs to
be reset (see Chapter 3, section 3.2.3). This means that all messages corresponding to cycles are reset to constant

In the EM algorithm, each time we update the estimate of d., we need to re-compute the APPs p (ak

messages (uniform pmfs). Secondly, based on the observation r and the current estimate of d. (i.e., {18)), the sum-
product algorithm is applied to the synchronized factor graph of the receiver. After many iterations (say Np) within
this synchronized factor graph, reliable approximations of the APPs are delivered to the EM estimator and ali*™ is
computed. This situation is shown in Algorithm 3. Note that at the end of each decoding stage we check whether
or not the decoded word & corresponds to a valid codeword?. Since mapped codewords are sparse in Q¥+, the
probability of moving from one codeword to another during detection is negligible. Such a stopping criterion is
commonly applied to LDPC codes, but it is argumented in [108] that this technique should be applied to all codes.
The reason lies in the fact that (1) checking if a word is a codeword is generally an inexpensive operation, (2) it may
reduce decoding time significantly, especially for low BER scenarios.

Now, suppose the receiver has a reliable estimate of d. at its disposal and that it requires N iterations to compute
reliable approximations of the APPs. If each iteration takes T seconds, it takes a total of NpT; seconds to detect
the packet when we perform one-shot estimation of d.. On the other hand, if we perform Ngjs EM iterations to
obtain more and more reliable estimates of d., the total processing time grows to Np Ng17 seconds. This is clearly
unacceptable.

Solution - embedded estimation

The most elegant way around this problem is by introducing the concept of embedded estimation [109]. The resulting
algorithm is shown in Fig. 4. The changes are quite subtle: we reset the synchronized factor graph only once, prior

! As defined at the end of the previous chapter: a factor graph where channel parameters and synchronization parameters do not appear as
variables (i.e., edges).

2a is valid codeword <= & = ¢ (x (b)), for some b, with a = [ao, - - -, dNS,l]T, where a; = argmax,cq p (ak =a )r, aéi) )
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Algorithm 3 EM estimation

1: input: observation r, initial estimate Eiéo)

2: for iin0to Ngy — 1 do
3. reset synchronized factor graph of detector

4:  perform iterative detection with Np iterations to compute APPs p (ak ‘r, 619 )
5. if ais valid codeword then

6: break

7. end if

8:

compute @ (de

a?)
9:  find maximum: determine
10: end for

agﬂ)

Algorithm 4 EM embedded estimation

1: input: observation r, initial estimate 6120)
2: reset synchronized factor graph of detector
3: for iin0to Ngy — 1 do

4:  perform iterative detection with Kp iterations to compute APPs p (ak

£a)
if a is valid codeword then

break
end if
compute @ (de

2 (0)
« ) (i+1)

9: find maximum: determine d'
10: end for

to the iterative process. Also, when computing the APPs, we perform only a limited number of iterations (say
Kp < Np) within the synchronized factor graph. This means we no longer compute the APPs p (ak ‘r, al” ), but

rather a distribution depending on all previous estimates. Since the APPs we computed were only approximations
of the true APPs to begin with, these modifications may have little impact on the overall performance. Clearly,
embedded estimation is especially attractive when the sum-product algorithm on the synchronized factor graph is
itself iterative. When the synchronized factor graph does not contain any cycles, embedded estimation reduces to the
conventional EM algorithm, so no gain in terms of computational complexity can be obtained.

Returning to our example, we set Kp = 1. Performing Ngjs EM iterations requires a total of Ngy iterations
within the synchronized factor graph. So, after Nga/T} seconds, the packet is decoded and, at the same time, the
parameter d. has been updated Nz, times.

Unfortunately, embedded estimation comes with a hidden cost: for some estimation problems, embedded estim-
ation leads to biased® estimates, which in turn impact the BER performance [99].

10.2.2 The SAGE algorithm

Of course, the SAGE algorithm suffers from exactly the same problem as the EM algorithm. However, even with
embedded estimation, SAGE estimation has another drawback. Each time the APPs are computed (or updated would
be a more apt term in the case of embedded estimation), we can update only a single component dy, . of d..

As before, we will denote by Np the number iterations required to compute reliable APPs in the synchronized
factor graph and by T; the processing time related to a single one of these Np iterations. Suppose there are d. is
broken into L parameter-components. We wish to update each of these parameter components Ngj; times. Then the
total processing time becomes a massive LN g NpT) seconds for the SAGE algorithm. With embedded estimation,
the processing time would drop to LNg T seconds. Still, this is too large for a practical system.

Solution - multiple parameter updates

A pragmatic solution would be to update multiple parameters, say K p, based on the same APPs. In our example,
if we update all L parameters once for fixed APPs (i.e., Kp = L), the total processing time would again be equal to
NgaT seconds.

3 An estimate is biased when the estimation error has a non-zero mean.
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10.2.3 Further approximations

Many variations can be conceived to reduce the computational complexity. For instance, one could perform EM
estimation without exploiting the code to improve the initial estimate. After this, the code-aided EM-estimation
algorithm kicks in. One could switch between exploiting code properties for some iterations and not exploiting them
for other iterations, etc. Each of these implementations will trade performance for computational complexity.

10.3 Convergence properties

In Chapter 8 we have seen that the EM algorithm delivers estimates with an ever increasing likelihood (or a posteriori
probability for MAP estimation). In the same chapter, it was shown that the ML or MAP estimate is always a solution
of the EM algorithm. These two statements do not imply that the EM algorithm always converges to the ML of MAP
estimate. Many technical papers that deal with code-aided estimation disregard this fact and merely state that "EM
converges to ML under some mild conditions’. These mild conditions are related to the initial estimate. Because
the impact of the initial estimate has been mostly disregarded in technical literature, several types of estimation
problems could not be solved by the EM approach. In this section, we delve deeper into the problems related to the
initial estimate.

10.3.1 Convergence characteristic

Our goal is to (a) graphically describe the evolution of the parameter estimate from one iteration to the next and
(b) to investigate properties of solutions of the EM algorithm. We constrain ourselves to the estimation of a scalar
parameter.

We estimate a parameter d. through an iterative estimation algorithm according to the update rule A =

f (dA((f)) We start from an initial estimate d.", and compute a sequence of estimates dMd® ... We then define the

estimation error at the i-th iteration as e = d{”) — d_. Hopefully e will become very small as i increases. We also
know that any solution of an iterative estimation algorithm satisfies d, = f (cie), i.e., itis a fixed point of the update

rule. Let us try to visually represent this information. We first define two additional parameters 7 (e, d.) and & (e, d.),
as described in Algorithm 5.

Algorithm 5 Convergence characteristic

1: for ein —ooto +oo do
2 setd? =e+d,

3. reset the synchronized factor graph of the receiver
4:  generate a suitable observation r, given d,

5. perform the sum-product algorithm

6: compute d&”” = argmax,, @ (de JS))

7. compute n (e, d.) = e(+1) = 40T _ ¢,

8. compute & (e,d.) = Q (d&“ ‘JS)) =Q(e+dcle+d.)
9: storen (e, d.)and & (e, d.)
10: end for

e 1) (e, d.) should be interpreted as the estimation error at the current iteration, given that the previous estimate of
d. had estimation error e.

o ¢ (e, d.) is simply the value of the Q-function, evaluated in the previous estimate.

Note that, by construction, £ (e, d.) and 7 (e, d.) do not depend on the iteration index i. We then plot, for a fixed d.,
En(e,de)]—eand E [ (e, d.)] as a function of e. Here, the expectations are taken over the observations r. Then, from
E[n(e,d.)] — e we can investigate the evolution of the iterative estimation algorithm, while E [ (e, d.)] allows us to
interpret properties of the solutions of the estimation algorithm.

The definitions of (e, d.) and £ (e, d.) may be somewhat contrived at first sight. We will now consider an example
to illuminate their use.
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10.3.2 Example: phase estimation

To focus our attention, let us consider an example: phase estimation d. = 6. In this case 7 (e, d.) and £ (e, d.) do not
depend on d.. Let us also consider a specific turbo code with QPSK mapping?.

If Fig. 10.1, we plot E [ (e, 0)] — e as a function of e for different SNRs. How to interpret this plot? We observe
a number of zero-crossings, namely at e € {—m, —3n/4,—7/2, —7w/4,0,7/4,7/2,37/4, 7}, independent of the SNR.
For these zero-crossings, we have E [ (e,d.)] — e = 0, or E'[n(e,d.)] = e. Hence, these points correspond to fixed
points (solutions) of the EM algorithm: when e is such a fixed point, the estimate of d., on average, remains fixed.
The set of fixed points can be broken up into two subsets: those corresponding to positive zero-crossings (i.e., e €
{=3n/4,—7/4,7/4,37/4}) and those corresponding to negative zero-crossings (i.e., e € {—m, —7/2,0,7/2,7}). The
positive zero-crossings correspond to unstable fixed points: suppose ej is such a point. Then, for some small §,
e = ey + dleads to E[n(e,d.)] > e, for§d > 0and F[n(e,d.)] < e for § < 0. Hence, the estimation errors move
away from eg. On the other hand, negative zero-crossings correspond to stable fixed points: suppose eg is such a
point. Then, for some small §, e = ey + J leads to E [n(e,d.)] < e, for § > 0 and E [n(e,d.)] > e for 6 < 0. Hence,
the estimation errors move fowards eg. Only for estimates within the range [—7 /4, +7/4] will the estimation errors
converge to the desired (stable) fixed point: at e = 0. For estimates outside this range, it is unlikely that the solution
of the EM algorithm will give rise to a small estimation error. This observation is of course also true for the initial
estimate. Hence, the range [—7/4, +m/4] corresponds to the acquisition range of the EM algorithm. This means that
the EM algorithm must be provided an initial estimate within [—m /4, +m /4] if we want to have a good chance that the
solution of the EM algorithm coincides with the ML/MAP estimate. Additionally, we can infer from Fig. 10.1 that
more reliable estimates lead to faster convergence, especially at increased SNR.

In Fig. 10.2, we show E [¢ (e, d.)] as a function of e. We see that the abovementioned stable (unstable) points
coincide with local maxima (minima) of E [£ (e, d.)]. The global maximum coincides with e = 0. For increased SNR,
the locations of extrema do not change, but the global maximum becomes more pronounced. Note that the solution
of the EM algorithm giving rise to the global maximum of E [¢ (e, d.)] has the smallest estimation error.

Finally, as an illustration, we show in Fig. 10.3 some results for a short random code over QPSK (20 random words
in 19, for which ML evaluation is possible. On the left side, we show the likelihood function p (r|6), while the right
side corresponds to @ (6| 0). The true phase was § = 0. Observe the striking similarities between the likelihood
function and the Q-function. Note especially the locations of the extrema: they are the same for both figures.

10.3.3 Conclusion

Although the above exposition is somewhat anecdotal, several things have become clear: first of all, the EM algorithm
is very sensitive to the initial estimate. A more reliable initial estimate leads to faster convergence, while a less reliable
estimate will result in slow convergence. When the initial estimate lies outside the acquisition region of the EM
algorithm, the estimates will generally converge to an incorrect solution. For phase estimation this means that the
EM algorithm cannot be used to perform joint phase estimation and phase ambiguity resolution, without resorting
to pilot symbols. We could have presented similar results for delay estimation; the conclusions would be the same
(our results are published in [110]): the EM algorithm cannot be used to perform joint delay estimation and frame
synchronization, without resorting to pilot symbols.

Now the good news: stable fixed points correspond to local maxima of @ (d. |d. ), while unstable fixed points
correspond to local minima of @ (de |d. ). Most strikingly, the value of d. that gives rise to the global maximum of
Q (d. |d. ), seems to be the solution with the smallest estimation error. The question arises: how can we exploit this
new knowledge?

10.4 Extensions of the EM algorithm

Now that we have some more insight in the convergence behavior of EM estimation algorithms, we define some
variations of the EM algorithm that allow us to circumvent the convergence problems, albeit at the cost of some
increased computational complexity.

10.4.1 The parallel EM algorithm

The parallel EM algorithm, or P-EM algorithm, refers to the parallel execution of multiple (say Mg,) instantiations
of the EM algorithm, each with a different initial estimate. These initial estimates give rise to Mg, solutions® of

4Parameters: PCCC, RSC constituent convolutional codes, rate 1/2, generator polynomials (21,37)4, pseudo-random interleaver of size 334
bits, overall rate 1/3, Gray mapping. Only the first convolutional code is terminated.
5Some of these solutions may coincide.
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Figure 10.1: Phase estimation: convergence behavior
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Figure 10.2: Phase estimation: solutions of the EM algorithm.
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Figure 10.3: Phase estimation for a short random code of length Ns = 10 with 20 codewords: ML vs. EM estimation

the EM algorithm, [&SOOO% alte) . We then try to decide which is the 'best’ solution of the EM algorithms.

' Ye,Mgm—1
According to the MAP (ML) criterion, all we have to do is select the estimate with the largest a posteriori probability
(likelihood for ML). In the case of MAP, this means

d. = arg max p (&g@m) |r) . (10.1)
oo ’

e,0

However, the computation of p (&SBOO) |r) is very hard; in fact, it is the reason why we considered using the EM

algorithm in the first place! On the other hand, if we take into account the behavior of @ (d. |d. ) and the location of
the solutions of the EM algorithm, a more practical decision rule pops up:

d. = arg max (d(e'goo)
FEea) *

ag;@) . (10.2)

The combination of multiple initial estimates with the rule (10.2) is the parallel EM algorithm. It should be noted
that (10.2) is an ad-hoc criterion: from (8.31) we know that Q (d. |d.) > @ (&e

pdelr) = p(doIr).

&e) does not necessarily imply

10.4.1.1 Applications

This technique can be applied when no reliable initial estimate can be found. By choosing Mg, sufficiently large,
and by careful selection of the initial estimates, we hope that at least one of them will lie within the acquisition region.

The parallel EM algorithm will be applied in Chapter 12 to the problems of joint phase estimation and phase
ambiguity resolution, as well as joint delay estimation and frame synchronization.
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10.4.1.2 Complexity

Although computational complexity in terms of floating point operations (flops) scales as Mgy, the computation time
does not necessarily scale with Mgy: when the Mgy EM algorithms are executed on parallel processing units,
computational complexity can be made independent of Mg.

A further reduction in computational complexity can be achieved by performing the decision (10.2) after very few
EM iterations, and then refining the best estimate with the standard EM algorithm.

10.4.2 The discrete EM algorithm

The discrete EM algorithm (D-EM) is a specialized version of the P-EM algorithm. When the space over which d.
is defined (say, Sg4,), is discrete and finite, it is well known that the standard EM algorithm may not work [111]. In
particular, a situation may arise where every element d. in S, is a solution of the EM algorithm:

d. = arg max Q (x|d.)
x€S4q,
so that the EM algorithm converges after a single iteration.
The D-EM estimate avoids this problem by searching the best estimate in the entire d.-space:

de = arg max Q(dc|de). (10.3)

Note that, contrary to the P-EM algorithm, the discrete EM algorithm is no longer an iterative algorithm.

10.4.2.1 Applications

This technique can be applied to hypothesis-testing problems. This includes phase ambiguity resolution and frame
synchronization, but also mode detection. Note that no initial estimate of d. is required.

In Chapter 11, we will apply the discrete EM algorithm to some well known hypothesis testing problems: frame
synchronization, phase ambiguity resolution and rate detection.

10.4.2.2 Complexity

The number of flops is increased with a factor equal to the size of the d.-space. Still, a reduction in computational
complexity can be achieved by making a decision (10.3) after very few iterations of the sum-product algorithm on
the synchronized factor graph. Also, complexity can be reduced further by the use of thresholds or by first creating a
list of the most likely values of d., based solely on a pilot sequence (a technique known as a list synchronizer) [112].

10.5 Main points

In this chapter we have exposed some of the key weaknesses of EM-based estimation algorithms. First of all, compu-
tational complexity is very high. This may be circumvented by embedding estimation iterations within the iterations
of the synchronized factor graph of the detector and by performing multiple parameter updates at each iteration.
Secondly, the EM algorithm suffers from severe convergence problems. Most disappointingly, the acquisition range
of the EM estimator turns out to be very small. Based on a visualization of the iterative behavior of the EM algorithm,
we have proposed two variations of the EM algorithm: the parallel EM algorithm, whereby multiple initial estimates
are considered, and afterwards the ‘best’ estimate is selected. Another variation, the discrete EM algorithm, suitable
for the estimation of discrete parameters, does not require an initial estimate. Again, selection of a ‘best’ estimate is
required. Finally, based on the convergence study of the EM algorithm, we have defined a pragmatic approach to
select a ‘best’ estimate.
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Chapter 11

Estimation of discrete parameters

11.1 Introduction

Conventionally, problems such as frame synchronization and phase ambiguity resolution are solved by inserting
pilot symbols in the data stream [91,113]. As this leads to a reduction in bandwidth- and power-efficiency, many
research groups have been motivated to look into code-aided hypothesis testing algorithms. The same is true to
some extent for mode detection: the receiver can discover the transmit mode by inspection of the data stream and
pilot symbols. Applying code-aided techniques can improve the detection performance. Note that the transmit mode
could be sent from the transmitter to the receiver through a separate channel, removing the need for mode detection.
Hence, the computational complexity associated with mode detection should be low. An exception to this is the
problem of signal identification for military applications (i.e., eavesdropping).

In the context of frame synchronization and phase ambiguity resolution, we mention the following technical pa-
pers. Code-aided frame synchronization was discussed in [112,114-117]: [112] uses a list-based synchronizer and
makes the pilot sequence part of the codeword, thus forcing the coder into a sequence of known states. The decoder
verifies this sequence to determine whether or not frame synchronization is achieved. In [114] the so-called path
surface metric, based on the forward and backward metrics in the BCJR algorithm [33], is used for frame synchroniza-
tion. The properties of this metric change when the decoder is not synchronized. In [115] termination symbols in the
convolutional codes are taken into account in deriving the ML frame position. Yet another approach is mentioned
in [116], where it was observed that a frame synchronization failure reduces the amplitude of the so-called extrinsic
log-likelihood ratios (LLRs) as compared to a synchronized decoder. This idea was reconsidered very recently: a
powerful frame synchronizer was proposed in [117], based on Mode Separation (MS): the extrinsic LLRs computed
by the decoder have a bi-modal distribution. The distance between these modes is maximal when the frame is per-
fectly synchronized. Finally, code-aided phase ambiguity resolution was investigated in [118] where it was observed
that the statistics of the branch metrics in the Viterbi decoder change depending on the phase shift. We should men-
tion that many code-aided frame synchronization algorithms can be applied to phase ambiguity resolution with only
minor modifications.

In the context of mode detection, the problem of rate detection (i.e., detecting the symbol rate 1/T') has attracted
most of the attention of the technical community. The problem of blind rate detection has already been treated extens-
ively for DS-CDMA systems for 2nd and 3rd generation wireless devices (see for example [27,119,120] and references
therein). In DS-CDMA the symbol rate is changed by fixing the chip rate and varying the length of the spreading
codes (i.e., number of chip per symbol). However, the considered rate detection algorithms are very application-
specific, are often developed specifically for BPSK, and, more importantly, are derived under the assumption that all
channel parameters (such as channel gains, propagation delays etc.) are known. Apart from the abovementioned
work for DS-CDMA, most blind rate detectors exploit the cyclostationarity of the received signal [121,122]. Al-
though such detectors have some very attractive properties, they fail to operate properly when the excess bandwidth
decreases or when the SNR is not sufficiently high. Since the data will generally be protected by an error-correcting
code, a low SNR operating point can be assumed, so that these algorithms are no longer suitable. Another type of
symbol rate detector was proposed in [123]: the received signal was filtered using an analog filter bank. Through an
ad-hoc criterion, the most likely signal bandwidth was determined. The authors reported an estimation accuracy of
99.5% (i.e., a rate detection error probability of 0.005).

In this chapter, we demonstrate how the discrete EM algorithm can be applied to mode detection (in particular we
will focus on the important problem of rate detection) and synchronization (in particular frame synchronization and
phase ambiguity resolution). We will compare the discrete EM algorithm (which accepts APPs from the synchronized
factor graph, as described in the previous chapters) with the sum-product estimation technique, where we apply the SP
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Figure 11.1: Generic multi-rate receiver

algorithm on the overall factor graph (where the synchronization parameters appear as variables (edges), as described
in Chapter 9, page 125).

11.2 Mode detection

11.2.1 System model

We will demonstrate how the EM algorithm can be applied to perform mode detection. We will focus on the import-
ant problem of rate detection. The transmitted signal is given by

N,—1
sr(t)=vEs > apr (t—kT) (11.1)
k=0

where E; denotes the energy per transmitted symbol, a = [ao, . ..,an,-1]" is the vector of data symbols and p7 (t)
is the transmit pulse corresponding to symbol rate 1/7". We assume that p7 () is a square-root Nyquist pulse. The
symbol interval T" belongs to a finite set of equiprobable values: T' € St = {Tin, - - - ; Imas ;- The receiver is assumed
to know the set St . For a flat, quasi-static channel, the complex envelope of the received signal can be expressed as

rge (t) =asp (t—7)+n(t) (11.2)

where o = A exp (j0) denotes the complex channel gain, 7 the propagation delay and » (t) a complex AWGN process
with spectral density Ny. We model the phase 6 as uniformly distributed in [0, 27[; the probability density function
of the magnitude is arbitrary (e.g., in case of fading, a Rayleigh distribution is appropriate), while 7 is uniformly
distributed in [-A, +A].

We consider a fully digital receiver whereby the signal rpp (t) is band-limited through analog filtering and
sampled at a fixed rate 1/T}:

rep (kT,) = Ae?’sp (kT — 7) + n (kTy) (11.3)
with E [n (KTy) n* (IT,)] = NoTs0x_1.

11.2.2 Symbol rate detection

The main goal of the receiver is to recover the data symbols. In order to do this, the receiver requires reliable estimates
of A, 0, 7,and T. A generic multi-rate receiver is shown in Fig. 11.1. Its main blocks are an ADC, a matched filter bank!
(i.e., one matched filter per symbol rate), parameter estimators and correctors. The parameter estimators (denoted by

n practice this bank of matched filters could be replaced by a single matched filter, preceded by an interpolator, as explained in Chapter 7.
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EST) estimate 7, § and A, while the parameter correctors (denoted by COR), perform compensation for carrier phase,
amplitude and delay. The latter operation, which includes timing correction and possibly sample rate conversion, is
performed by a digital interpolator. From Chapter 9 we know that the first step in the estimation process is timing
recovery. As timing recovery requires knowledge of T', rate detection should ideally take place prior to any other
estimation algorithms. We will consider three rate detection algorithms.

11.2.2.1 Cyclic correlation-based algorithm

A cyclic correlation-based algorithm from [121] performs rate detection in front of the matched filter bank. The
branch corresponding to the estimated rate is selected. Such an approach, exploiting the cyclo-stationary character
of the incoming signal, has the advantage of very low complexity. This algorithm corresponds to performing rate
detection at point (a) in Fig. 11.1.

The idea is as follows: in order to eliminate excess noise, we first apply the signal samples {rgp (kTs)} to a
low-pass filter. This results in a sequence of NV samples, denoted by z. We then define, for some T € N:

ya(n) = [zn="T)z"(n),...,z2(n+7T)z"(n)] (11.4)
N-1

N (1) = 5 3 ya(n)e T, (11.5)
n=0

Here ry (T') measures the spectral line at f = 1/7. Note that a signal with symbol rate 1/T should yield spectral
lines in the FT of its autocorrelation at frequencies, f € {0, —1/T,+1/T}. The final rate detection algorithm is given

by
T:argmj@XHrN (T)H2 (11.6)

The parameter Y will be set to 0 for the remainder of this text.

11.2.2.2 Low-SNR approximation

A second algorithm is based on a low-SNR approximation of the likelihood function [124]. This algorithm requires
no knowledge of 7, A or 6.

This algorithm, the details of which can be found in the Appendix of this chapter (section 11.6), can be interpreted
as selecting the branch in the matched filter bank that yields the largest output energy. It is computationally more
complex than the cyclic correlation approach from [121], since now the incoming signal has to be filtered by each of
the matched filters. Only after considering the outputs of the matched filter bank, a decision is made w.r.t. the symbol
rate. This corresponds to performing rate detection at point (b) in Fig. 11.1.

11.2.2.3 Discrete EM

Applying the discrete EM algorithm leads to the following E-step, with d. = 7"

N,—1
Q(T|T)=%R {a > aryr (kT+%)} (11.7)

k=0
where yr (t) = T >, reB (kT) p} (t — kTs) /V/Eg and ay, is the familiar a posteriori symbol expectation of the k-th
symbol:

Ek:wap(ak=w|T,r,7°,d) (11.8)
weN

and & and 7 are estimates of the complex gain and the propagation delay, respectively. For fixed T, finding these
estimates can be achieved through the techniques described in Chapter 9. Hence, the symbol rate estimate is given
by

T = arg jr%as); Q(T|T). (11.9)

In the case of uncoded transmission, computation of the a posteriori symbol probabilities is a simple task:
1
plar =w|T,r,7,&) = Cexp (_F lyr (KT +7) — dw2) (11.10)
0
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with C' a normalizing constant. In the case of coded transmission, the a posteriori symbol probabilities are computed
by the sum-product algorithm on the synchronized factor graph. As the latter approach will drastically increase
the overall computational complexity, it is preferred to treat the data symbols as uncoded during the rate detection
process: this is achieved by simply removing the part corresponding to the code in the synchronized factor graph
during rate detection.

From (11.7), we see that the received signal 7 (t) is applied to the matched filter bank, and to each filter output,
an algorithm for estimating 7, A and @ is applied. This estimation can be performed by means of a classical algorithm
(see [16,17,21]) or by means of a more sophisticated EM algorithm (see [19, 98, 125]). Hence, for each branch in
the matched filter bank there are corresponding estimates of 7, A and §. These estimates are used to compute the
marginal APPs required by the discrete EM algorithm. When we treat the data as uncoded during rate detection, this
corresponds to performing rate detection at point (c) in Fig. 11.1.

A similar line of reasoning can be applied to detect any type of mode, such as the signaling constellation, the code
rate, etc. In some cases it will be necessary to exploit information from the code, possibly leading to fairly complex
algorithms.

Performance results are postponed until Chapter 12.

11.3 Code-aided estimation of discrete synchronization parameters

Code-aided frame synchronization and phase ambiguity resolution can be performed either on the synchronized factor
graph (e.g., using the discrete EM algorithm), or on the overall factor graph (wWhereby the delay shift and phase ambigu-
ity are considered as variables (edges) in the factor graph). This latter technique was discussed in section 9.4, where
we have shown that for continuous parameters, the sum-product algorithm runs into some practical difficulties.
When the synchronization parameters are discrete, these problems are removed and the sum-product algorithm
again becomes an attractive way to perform joint detection and estimation.

11.3.1 Phase ambiguity resolution
11.3.1.1 System model

We start from the following model: a sequence a in Q"= is transmitted, rotated over § and corrupted by AWGN:

r = adin 11.11)
= x4n (11.12)

where F [nn*’] = 2021y, . The phase 6 is constrained to the following set of (equiprobable) values Sy = {0, 27 /Mq, . ..
where M, is the ambiguity number of the constellation (as defined in section 9.2.2). We remind that for M-PSK con-

stellations, Mg = M, where M is the number of constellation points. For square QAM constellations, Mq = 4.

11.3.1.2 ML approach

According to the ML criterion, we obtain an estimate of the data sequence as:

a = argmaxp(r|a) (11.13)

= argmapr(ﬂa,H). (11.14)
0
The computation (11.13) is intractable in practice.

11.3.1.3 EM approach
Applying the discrete EM algorithm leads to
H Hz j6
0 argmgx%{r ae } (11.15)

where a = [ao,...,an,_1]" and @y = E[ay |r,0]. The required APPs are computed through the sum-product al-
gorithm on the synchronized factor graph.
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Figure 11.2: Overall factor graph with phase ambiguity. The f-nodes enforce f (ak, zx,0k) = I [zx = are’®*].

11.3.1.4 Overall factor-graph approach

The overall factor graph corresponding to p (a, b, ¢, x,  |r ) is shown in Fig. 11.2. This is an exact copy of Fig. 9.4, with
the important difference that in Fig. 11.2 the phase can only take on discrete values. Replacing in the sum-product
algorithm from page 124, integrals with summations, at the first iteration, we obtain

1
—6, (Or) = — 111
tg—oy (Ok) L (11.16)
so that the messages to the mapper nodes are given by
Hay—p (ak) = Z Hopi,—ay, (akejok) tg—o, (Or) (11.17)
0kESe
1 )
- Cowr (aged? 11.18
Mq, okze;se Hpy—ay, ( k ) ( )
Due to the symmetries in the constellations,
Hf—ar (ar) = fif—a, (are’®) (11.19)

for any 6 € Sy. Hence, piy_.q, (ai) can only take on |Q2] /Mg different values. Let us focus on the interesting case of
M-PSK? signaling: then || /Mg = 1, so that us_.q, (ar, = w) = 1/M, Yw € Q. This means that no useful information
is sent over the a;, edges to the mapper nodes. The block I [a = ¢ (c)] is not provided with any useful information by
the messages (1§ _.q, (ar). It can be shown that for most practical codes and mapping strategies, after application of
the SP algorithm in the nodes I [a = ¢ (c)] and I [c = x (b)], the downward messages (.4, — r (a) Will also be uniform
(and hence contain no useful information). This causes the sum-product algorithm on the overall factor graph to
converge after a single iteration! Even for general codes and mapping strategies, there is no guarantee that the sum-
product algorithm will always converge to the correct a posteriori probabilities (due to the cycles in the overall factor
graph). Furthermore, it may take many iterations for the sum-product algorithm to converge.

2With Q = {exp (j2rk/M)} L
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Figure 11.3: Phase Ambiguity resolution - 16-PSK - random code

11.3.1.5 Performance results

To compare these algorithms, we have carried out computer simulations for a short random code, consisting of 16
codewords of 120 bits, mapped to a 16-PSK constellation. To remove the effect of cycles within and between the nodes
Ila=¢(c)] and I [c = x (b)], we create a cycle-less factor graph of the function I [a = ¢ (x (b))], without further
factorization. Hence, the SP algorithm within this part of the graph is exact. We have considered three detectors:

1. the ML detector which performs data detection according to (11.13)
2. the discrete EM estimator in combination with the synchronized factor graph

3. the sum-product algorithm on the overall factor graph

In Fig. 11.3 we show bit-error-rate (BER) results for phase ambiguity resolution. Clearly the discrete EM algorithm
outperforms the sum-product algorithm by a wide margin. Most strikingly, the discrete EM estimator has nearly
the same performance as the ML detector. Note also that there remains a gap between the performance of the ML
detector and the BER of a perfectly synchronized system: this degradation is related to the inherent properties of the
code and mapping and cannot be bridged by any estimation algorithm. We have also evaluated the performance of
a similar system with 16-QAM signaling, and the results (not shown) are roughly the same.

11.3.2 Frame synchronization
11.3.2.1 System model

Now, the model is a little more complex. Let us start again from a discrete-time system where the transmitted
sequence is delay-shifted over k, symbol durations and corrupted with AWGN. We assume the delay shift to be in
the set k; € {0,..., M, — 1}. This yields the following model:

r = [of a"0% ., ] +n (11.20)

= D' (a)+n (11.21)

— x+n (11.22)

where 0,, is a vector consisting of m zeros, E [nnf] = 20%I, and D*(.) is an invertible function D* : QY —

{Qu {0}V M1 which, for k € {0,..., M, — 1}, prefixes to its argument k zeros and postfixes M, — 1 — k zeros.
The inverse of this function will be denoted by D= (.), so that D~* (D" (a)) = a.
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Figure 11.4: Overall factor graph with delay shift k.. A cycle of length 4 is shown in bold.

11.3.2.2 EM approach
Applying the discrete EM algorithm leads to

N,—1
R Nl —
— H ks (z 2
kr = argngx@?{r DF (a)} — 3 1;70 lax|”. (11.23)

where a = [ao, ..., an,_1], ax = E [ag |, k,] and |ax|* = E [\ak|2 ‘I‘,T}.

11.3.2.3 Overall factor graph approach

A factor graph of the factorization of p (a, b, ¢, x, k.| r) is depicted in Fig. 11.4 for M, = 2. The nodes marked by f
correspond to the following constraint:

flag,ap—1, x5, k) =1 [(ap = xp ANy = 0) V (ap—1 = 2 Nk = 1)] (11.24)

where A (V) denotes the logical "and” (‘or’). Application of the sum-product algorithm on the overall factor graph is
straightforward and omitted here.

Contrary to the problem of phase ambiguity resolution, the overall factor graph from Fig. 11.4 has one important
weakness: the node corresponding to p (r |k,,a) contains many very short cycles (of length 4). Such cycles will
seriously degrade the performance of the sum-product algorithm, especially when they occur in great number [8,34,
126].

11.3.2.4 Performance results

To compare the performance of the frame synchronization techniques, we have again carried out computer simula-
tions, for the same code as in section 11.3.1.5. We set M, = 3 and consider three detectors:

1. the ML detector which performs data detection according? to (11.13)

3With 6 replaced by k-, of course.
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2. the discrete EM estimator in combination with the synchronized factor graph

3. the sum-product algorithm on the overall factor graph

In Fig. 11.5 we see that the sum-product algorithm is again outperformed by the discrete EM algorithm, which in
turn attains near-ML performance. In light of this evidence, the sum-product algorithm may not be the best tool for
performing detection in the presence of unknown discrete parameters.

11.4 Other code-aided hypothesis testing algorithms

We briefly describe two hypothesis-testing algorithms from technical literature that operate on the synchronized factor
graph, much like the discrete EM algorithm. We refer to Fig. 11.6 for the relevant notations. These algorithms will be
applied in Chapter 12.

Mode Separation

The first algorithm (Mode Separation [117]) is based on the following observation: the messages that are computed by
the decoder fi., ., (i) will have a different distribution depending on whether or not the receiver is synchronized.
The technique is described in Algorithm 6. Note that messages are first converted to log-likelihood ratios.
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Algorithm 6 Mode Separation
1: for ki, =0to M, —1do
2:  for kg =0to Mgy —1do
3 y = D~ k- (r) e—Jko2m/Ma
4: perform SP algorithm:
*compute fiq, ., (ar) X D (yi| ak)
*compute [y, (i)
*decode and compute i, ., ()
5: estimate Mode Separation
Ak =108 (pte, - (ck = 1)) — 10g (e, - (ck = 0))
*My = E[XX>0]
*M_ =E[M\X<0]
*MS (kr ko) = My — M_
end for
end for
: {kT, k9:| = argmaxy, r, MS (k+, ko)

Pseudo-ML
A second ad-hoc technique (pseudo-ML [127]) is described in Algorithm 7.

Algorithm 7 Pseudo-ML
1: for k, =0to M, — 1do
2. for kg =0to Mgy —1do
3 y = D~ k- (r) e—Jko2m/Ma
4: perform SP algorithm:
*compute fiq, e (ar) X P (Yi| ar)
*compute [y, (i)
*decode and compute i, ., (cx) and jiq, —, (ar)
5: compute pseudo-likelihood
Wi = 108 (5,0 g —p (A1 = @) X flay—p (a1 = w))
*PML (kr ko) = > 1 Mk
end for
end for
: [kT,M57 k97]yjs} = argmaxg._ k, PML (k.,-, kg)

® N

11.5 Main points

In this chapter, we have described two hypothesis testing algorithms. The first is the discrete EM algorithm which
accepts a posteriori probabilities from the synchronized factor graph. The second is the sum-product algorithm on the
overall factor graph. In the discrete EM algorithm the different hypotheses are tested separately (possibly in parallel),
while the SP algorithm on the overall factor graph can be interpreted as testing all hypotheses simultaneously.

We have considered the following hypothesis testing problems: symbol rate detection, frame synchronization
and phase ambiguity resolution. We have argued that for practical systems, applying the SP algorithm on the overall
factor graph may not be the best choice: for both phase ambiguity resolution and frame synchronization, cycles in the
overall factor graph cause the sum-product algorithm to converge to incorrect APPs. Through computer simulations
we have shown that, for the same two problems, the discrete EM algorithm systematically outperforms the sum-
product algorithm on the overall factor graph, and even achieves near-ML performance.
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11.6 Appendix: Rate detection - low-SNR method

We denote by r the expansion of rpp (t) onto a suitable basis. The ML estimate of 7" is obtained by maximizing the
likelihood function [17]:

Ty = arg Tax p(r|T) (11.25)
T

with
p(|T) = Faralp(rla,7,a,T) (11.26)

where Ej, ;o [.] denotes the averaging over all possible data sequences, 7 and «. We model the phase 0 as uniformly
distributed in [0, 27[; the probability density function of the magnitude is arbitrary (e.g., in case of fading, a Rayleigh
distribution is appropriate), while 7 is uniformly distributed in [-A, +A]. Taking into account the AWGN noise, we
can write

p(rla? T’ a?T)
_ _L _ 2
= cexp< o %:VBB (kT,) — asp (kT — 7)) ) (11.27)
2F gl
=C"exp (TS% {a* Z ayyr (KT + T)}) (11.28)
0 k=0

where C and C’ do not depend on T and yr (t) = T >, rep (kKTs) p} (t — kTs) /v/Es. The quantities yr (kT + 7)
are obtained by applying the received signal to a filter matched to the transmit pulse, corresponding to symbol rate
1/T. Unfortunately, averaging in (11.26) w.r.t. the unknown data symbols is generally intractable. Let us expand
p(r|a,7,a,T) in a Taylor series. We start from p (r|7') = Ea r.o [p(r|a, 7,a,T )] with (up to an irrelevant multiplicat-

ive constant):
(r|a @ T) =€ SSE N; 1Z (11 29)
p y Ty Oy Xp N, k .

k=0
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where we have introduced 2, = a*a}yr (KT + 7). Expansion in a Taylor series yields

2F, | ["&
p(rla,7,a,T) ~ 1+ s?R{sz} (11.30)

The first term in (11.30) is independent of T" and can be dropped. The second term is linear in aj, so that, since
E[ax] = 0, E [z] = 0. Within irrelevant constants, this results in

[ N,-1 2
p(rlr,a,T) = Ea (9‘%{2 %})] (11.31)
k=0

x E, Z (21 + 21) (zrr + z,’;,)] (11.32)
k k!
- Y E [(zk + z;;ﬂ (11.33)
k

since E, [2x2;,] = 0 and Ej [z21/] = 0 when k # k’. We now evaluate E, {(zk + z;:)ﬂ , abbreviating yr (KT + 7) with
Yk:

E, [(zk + z;)z} =

o (5)? Fa [F] + (o)’ y2Fa [(a0)°] + ol lyel” Ea [JasP?] (11.34)
It can easily been seen that F, {|ak\2} =1, F, [aﬂ = F, [(a};)z} = C where C = 0 for complex constellations

and C = 1 for real constellations. Additionally, since a = Ae’? with ¢ uniformly distributed in [0, 27|, Ey [a?] =

Ey {(a*)ﬂ = 0, so that averaging over 0 of (11.33) yields (irrespective of the distribution of A):

N,-1
p|rT)oc Y |yr (kT + 7). (11.35)
k=0
Averaging over 7 yields:
p(r|T) o Z/ lyr (KT + 7)[* dr (11.36)
(Ne—1)T+A ,
= /A w (u) |lyr (u)|” du (11.37)

where w (u) is a window function that depends on N,, A and T. Assuming N,T > 2A, w(u) is constant and
proportional to 1/T in the interval A < u < N,T — A. For A/T < N,, we can approximate (11.37) with

1 —1)T+A )
pelr) x5 f lyr () du (11.38)
—A
T "((Ns_l)T"FA)/Ts-‘ 9
o >, lyr (KT5)[. (11.39)
k=0

Substituting (11.39) into (11.25) yields the final symbol rate detection algorithm. This algorithm can be interpreted as
selecting the branch in the matched filter bank that yields the largest output energy.
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Chapter 12

Code-aided estimation: performance results

12.1 Introduction

Now that we have given a detailed description of the application of the EM and SAGE algorithms to channel estima-
tion, synchronization, mode detection, frame synchronization and phase ambiguity resolution, we will present some
simulation results. Before we continue, note that many of the examples below are chosen especially to show off the
power of EM-based estimation. In some cases, more conventional algorithms will perform satisfactorily. In other
cases, the EM-based estimation can be applied without use of the error-correcting code. So, the choice of estimation
algorithms should be made on a case-by-case basis.

This chapter is organized as follows. We first define the performance measures we will consider to compare differ-
ent estimation algorithms in section 12.2. We then move on to practical estimation problems: first the frequency-flat
channel is investigated in considerable detail in section 12.3. This is followed by a more concise look into frequency-
selective channels in section 12.4. We end with the application of the discrete EM algorithm to rate detection in
section 12.5.

12.2 Performance measure

12.2.1 Measures

The ultimate performance criterion is without any doubt the Frame-Error-Rate (FER, also known as Packet-Error-
Rate), i.e., the fraction of packets that could not be recovered correctly. For some applications, the Bit-Error-Rate
(BER) is also a useful performance measure. Finally, we will also consider the Mean Square Estimation Error (MSEE),
i.e., the variance of the estimation error. Note that these performance measures are not equivalent: two algorithms
may yield very different MSEE, but achieve the same BER performance (and the other way round). Similarly, different
algorithms may give rise to different BER performance but the same FER performance (and the other way round). We
mention this to warn the reader that an impressive gain in terms of one performance measure does not necessarily
correspond to an equally impressive gain in terms of another performance measure.

12.2.2 Benchmarks

The FER and BER performance of estimation algorithms will be compared to the FER and BER performance of a
receiver with perfect knowledge of all unknown parameters (a genie receiver'). The MSEE performance of estimation
algorithms is benchmarked against the Modified Cramer-Rao Bound (MCRB) [128]. For unbiased estimators, the
MCRB is a lower bound on the MSEE: no algorithm can achieve an MSEE lower than the MCRB. The MCRB generally
becomes tighter with increasing SNR.

12.3 Channel estimation: frequency-flat channel

12.3.1 System set-up

We will consider a turbo code where the constituent convolutional encoders are recursive and systematic with octal
generators (21,37)g and constraint length v = 5. Only the first convolutional code is terminated. The interleaver is

1A genie provides the receiver with all unknown parameters. Also: a genie-aided receiver.
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Figure 12.1: BER (left) and FER (right) performance of genie receiver. Different curves correspond to different iterations (from one to ten).

pseudo-random, varies from frame to frame and has length N, = 240 bits. The turbo code has a rate 1/3, yielding
N, = 720 coded bits. These bits are interleaved prior to Gray-mapping onto a 4-PSK constellation. This results in a
scheme known as bit-interleaved coded modulation (BICM) [35,129,130]. The N, = 360 4-PSK symbols are placed on
square-root cosine roll-off pulses with roll-off factor 0.2 (20%). The resulting signal is transmitted over an equivalent
complex baseband channel

hpp (t) =% (t — 7). (12.1)

This means we consider the channel amplitude to be known. The received complex baseband signal is sampled at
four times the symbol rate. After estimation of # and 7, matched filter outputs are timing-corrected and rotated,

yielding y = [yo,...,yn._1] , which is provided as a parameter to a synchronized factor graph, representing the

factorization of p (a, b, c,x ’r, T, é) = p(a,b,c,x|y), where x is a vector of additional variables and where 7 and

f are the estimates of the propagation delay and carrier phase, respectively. Applying the sum-product algorithm

r,%,é)}, {p (bk ‘r,%,é)} and

r,T, 9) } Due to the cycles in the graph, the sum-product algorithm will be iterative. We will perform 10

on this graph results in (approximations of ) the a posteriori probabilities {p (ak

e

decoding iterations in the synchronized factor graph at the receiver.

Estimation

All code-aided estimation algorithms are embedded algorithms (as described in Chapter 10), whereby we update the
parameter estimates after each decoding iteration, without resetting the synchronized factor graph. More details
w.r.t. the exact implementation will be provided as we go along.

12.3.2 Genie receiver

Let us first evaluate the performance of the genie receiver, which has perfect knowledge of both 6 and 7. In Fig. 12.1
we show BER and FER as a function of the SNR (expressed in £} /N in dB) for different iterations.

12.3.3 Phase estimation

In a first phase, we will assume that 7 is perfectly known to the receiver.

Fractional phase estimation

Consider the problem where the carrier phase ambiguity has been resolved. Hence, the (initial) estimation error is in
the interval [—m /4, 47 /4]. Three estimation algorithms will be investigated:
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Figure 12.2: Phase estimation: MSEE performance for fractional phase estimation after 10 EM iterations.
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Figure 12.3: Phase estimation: BER performance for fractional phase estimation after 10 EM iterations.
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Figure 12.4: Phase estimation: FER performance for fractional phase estimation after 10 EM iterations.

e The Viterbi&Viterbi (VV) algorithm (see Chapter 9, section 9.2),
e The embedded EM algorithm (see Chapter 9, section 9.3), initialized by the VV algorithm,

o The parallel embedded EM algorithm (see Chapter 10), with two initial estimates: one from the VV algorithm
and a second estimate obtained by rotating the VV estimate over kn/4, where k € Zj is selected such that the
resulting estimate gives rise to an estimation error in the interval [—7 /4, +7/4].

The MSEE performance after 10 decoding iterations is shown in Fig. 12.2. The VV algorithm results in a MSEE
that is far away from the MCRB. The EM algorithm is able to reduce the MSEE. A small extra gain is achieved by the
application of the P-EM algorithm. However this latter approach doubles the computational cost. Note that the P-EM
algorithm attains the MCRB for E}, /Ny > 2 dB. Hence, beyond 2 dB, no other estimation algorithm can outperform
the P-EM algorithm in terms of MSEE performance.

The corresponding BER is shown in Fig. 12.3: in terms of BER, the VV algorithm gives rise to a degradation of
up to 1 dB. The EM algorithm is again able to reduce the degradation to around 0.5 dB, while the P-EM algorithm
results in a BER degradation of less than 0.2 dB. So, even-though the computational complexity related to estimation
is fairly large, from a BER point of view, the P-EM algorithm is required to reduce the degradations to an acceptable
level.

Let us now see how this all translates in FER performance (see Fig. 12.4): again the VV algorithm leads to a de-
gradation (now less than 1 dB), while both variations of the EM algorithm lead to roughly the same FER performance.

Phase ambiguity resolution

Of course, the above problem of fractional phase estimation is not realistic. In reality the phase ambiguity has not
alway been resolved perfectly. Before we move on to more realistic scenarios, we first tackle the problem of phase
ambiguity resolution, whereby we assume that 6 € {0, 7/2, 7, 37/2}. Again 7 is perfectly known to the receiver. We
will consider three code-aided algorithms to perform phase ambiguity resolution:

o the discrete EM algorithm from Chapter 10, section 10.4.2;
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Figure 12.5: Phase ambiguity resolution: BER performance after 10 decoding iterations.
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Figure 12.6: Phase ambiguity resolution: FER performance after 10 decoding iterations.
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Figure 12.7: Phase estimation: BER performance for total phase estimation after 10 EM iterations.

e the Mode Separarion algorithm [117];
e the pseudo-ML algorithm from [127].

The latter two algorithms were described at the end of the previous chapter. These three algorithms operate in a
similar way: for each of the four possible hypotheses, the packet is decoded using the synchronized factor graph.
The outputs of the decoder are used to compute a certain metric. Based on this metric, a decision w.r.t. the correct
hypothesis is made.

To reduce the computational complexity, we perform one decoding iteration for each of the four hypotheses, then
make a decision w.r.t. the phase ambiguity and then perform the remaining nine iterations for the selected estimate
of the ambiguity. This requires a total of 4 + 9 = 13 decoding iterations, as opposed to 40 decoding iterations for the
full-blown algorithms.

The BER (FER) performance of the three algorithms is shown in Fig. 12.5 (Fig. 12.6). The different algorithms lead
to roughly the same performance. Observe the near-perfect FER performance: even without training symbols, the
ambiguity does not cause a noticeable degradation.

Total phase estimation

We now combine the ideas from the previous paragraphs to perform phase estimation, without any assumptions re-
garding the possible values of the phase (or the estimation error). As we are not using pilot symbols, there is no con-
ventional algorithm that is able to estimate the phase. Furthermore, the Mode Separation and pseudo-ML algorithms
from the previous section cannot be applied?, as they are hypothesis testing algorithms, not estimation algorithms.
Hence, we can only apply the parallel EM algorithm: we first estimate the phase with the VV algorithm to obtain an

estimate 0y in the interval [~ /4, +7/4]. Then Mg, initial estimates are constructed as é,ﬁo) = Oyy + k27/ (Mga),
k =0,..., Mgy — 1. For each of these estimates, we perform a single decoding iteration in the synchronized factor
graph of the receiver. We then select the ‘best’ initial estimate according to the parallel EM algorithm, and perform
the remaining 9 EM iterations using only that initial estimate. After each iteration, the phase estimate is updated.

2To be fair, we could replace the decision rule of the parallel EM algorithm with those of the Mode Separation or Pseudo-ML techniques.
Considering the previous results from this section, we expect little performance difference as compared to the parallel EM algorithm.
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Figure 12.8: Phase estimation: FER performance for total phase estimation after 10 EM iterations.

In Fig. 12.7 and Fig. 12.8 BER and FER results are shown for M zy; = 4 (the smallest possible value) and Mg = 8.
It is clear that in order to achieve small FER degradations, only Mgy; = 8 gives acceptable results. Note that we have
not optimized Mg,,. In practice, one would try to minimize Mgys > 4 to achieve a target FER.

12.3.4 Delay estimation

In this second phase, we assume the receiver has perfect knowledge of the carrier phase 6.

Fractional delay estimation

As afirst step, we consider fractional delay estimation: assume the receiver has perfect knowledge of the carrier phase
6, and perfect frame synchronization has been achieved. Hence, the initial delay error is in the interval [-7"/2,+7/2].
Two estimation algorithms will be considered:

e The Oerder&Meyr (OM) algorithm (see Chapter 9, section 9.2),

e The embedded EM algorithm (see Chapter 9, section 9.3), initialized by the OM algorithm. The maximization
from (9.54) is performed by the well-known Newton-Raphson algorithm.

In parallel to the results for fractional phase estimation, we first show the MSEE performance in Fig. 12.9: the OM
estimator is far away from the MCRB, while the EM estimator attains the MCRB for E}, /Ny > 1.5 dB. Hence, beyond
this SNR, no other estimation algorithm can outperform the EM algorithm in terms of MSEE performance.

The corresponding BER is shown in Fig. 12.10: in terms of BER, the OM algorithm gives rise to a degradation of
up to 0.8 dB. The EM algorithm is again able to reduce the degradation to less than 0.1 dB for all considered SNR. FER
performance is depicted in Fig. 12.11: the degradation of around 0.3 dB from OM estimation is almost completely
removed by the EM algorithm.
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Figure 12.9: Delay estimation: MSEE performance for fractional delay estimation after 10 EM iterations.
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Figure 12.10: Delay estimation: BER performance for fractional delay estimation after 10 EM iterations.
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Figure 12.12: Frame synchronization: BER performance after 10 decoding iterations.
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Figure 12.13: Frame synchronization: FER performance after 10 decoding iterations.

Frame synchronization

Again, the problem of fractional delay estimation is not realistic. In reality we cannot assume that perfect frame
synchronization has been achieved. Before we move on to more realistic scenarios, we first tackle the problem of
frame synchronization, whereby we assume that 7 € {—27,...,27"}. We will consider three code-aided algorithms
to perform frame synchronization: the discrete EM algorithm as well as the two algorithms from recent technical
literature: Mode Separation and pseudo-ML (as described at the end of the previous chapter).

To reduce the computational complexity, we perform one decoding iteration for each of the five hypotheses, then
make a decision w.r.t. the frame position and then perform the remaining nine iterations for the selected estimate of
the frame position. This requires a total of 5 4+ 9 = 14 decoding iteration, as opposed to 50 decoding iterations for the
full-blown algorithms.

The BER (and FER) performance of the three algorithms is shown in Fig. 12.12 (and Fig. 12.13). The different
algorithms lead to roughly the same performance. Observe the near-perfect FER performance: even without training
symbols, frame synchronization can be performed without a noticeable degradation.

Total Delay estimation

Combining the results from the previous sections, we construct the following code-aided algorithm to perform joint
delay estimation and frame synchronization: we estimate the fractional part of 7 through the OM algorithm, resulting

in 7oar. Then Mgy initial estimates can be constructed as %,50) = Tom + KT/ M for suitable values of k and M, so that

all 721‘50) are in the interval [-M;T,. .., M>T)]. For each of these estimates, we decode the packet. We then select the
best initial estimate according to the parallel EM algorithm, and perform the remaining 9 EM iterations using only
that initial estimate. After each iteration, the delay estimate is updated.

In Fig. 12.14 and Fig. 12.15 results are shown for Mg = 5 and M = 1, which are the minimal values to perform
joint delay estimation and frame synchronization (as demonstrated in [110]). A non-negligible BER degradation is
noticeable. This degradation can be removed by making a decision w.r.t. the best initial estimate after more than one
decoding iteration, at an increase in computational complexity. On the other hand, the FER performance is quite
acceptable.
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Figure 12.14: Delay estimation: BER performance for total delay estimation after 10 EM iterations.
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Figure 12.15: Delay estimation: FER performance for total delay estimation after 10 EM iterations.
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Figure 12.16: Joint delay and phase estimation: BER performance after 10 EM iterations for conventional estimation and EM estimation. A
pilot sequence of 10 pilot symbols was assumed.

12.3.5 Joint delay and phase estimation

As a final step, we will consider joint delay and phase estimation, including frame synchronization and phase am-
biguity resolution. Clearly, when no pilot symbols are present, conventional estimation algorithms cannot be ap-
plied. So, let us first consider a situation where we include 10 pilot symbols in the data stream. This will result in a
rate/power loss of around 0.12 dB. Performing estimation without exploiting code properties leads to BER (resp. FER)
results shown in Fig. 12.16 (resp. 12.17) (denoted ‘conventional estimation’). We see very high degradations, both in
terms of BER and FER. Suppose we now take the obtained estimate from the conventional estimation algorithms as
an initial estimate for our code-aided EM estimator (denoted 'EM with 1 initial estimate’) in Fig, 12.16-12.17. The EM
estimator was not able to reduce the degradations because of the poor quality of the initial estimates.

Let us now see what happens when we perform the parallel EM algorithm without using pilot symbols. We con-
sider the same number of initial estimates as for total delay estimation and total phase estimation: 5 initial estimates
for 7, and 8 initial estimates for §. We make a decision w.r.t. initial estimate after the n-th decoding iteration, and
show results forn =1,...,10.

In Fig. 12.18 and Fig. 12.19 we show BER and FER performance results, respectively. Different curves correspond
to different iterations when the decision w.r.t. the frame position and phase ambiguity is made (i.e., after 1 iteration
in the top-most curve, after 2 iterations in the curve below and so forth). The topmost curve leads to the largest
degradations, but at the same time corresponds to the lowest complexity.

While the degradations compared to the genie receiver are non-negligible, the reader should be aware of the fact
that no pilot symbols are used in any of these simulations. The code is able to synchronizes itself. In that respect, the
performance of the code-aided estimation algorithms is very impressive.

12.4 Channel estimation: frequency-selective channel

12.4.1 System set-up

As our research in this area was mainly focused on DS/SS systems, the system model will be slightly different. We
will consider a convolutional code which is recursive and systematic with octal generators (23, 35)s and constraint
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Figure 12.17: Joint delay and phase estimation: FER performance after 10 EM iterations for conventional estimation and EM estimation. A
pilot sequence of 10 pilot symbols was assumed.
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Figure 12.18: Joint delay and phase estimation: BER performance after 10 EM iterations. There are no pilot symbols present.
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Figure 12.19: Joint delay and phase estimation: FER performance after 10 EM iterations. There are no pilot symbols present.

length v = 5. The information NV, = 180 bits are encoded with this rate 1/2 code, yielding N. = 360 coded bits. These
bits are interleaved prior to Gray-mapping onto an 8-PSK constellation. The 120 8-PSK symbols are preceded by 10
pilot symbols and are placed on a unit-energy pulse. We consider a pulse of the form

N,

1 9
= — . (t —KT/N, 12.2
p(t) Ngkzzopkpc(t KT /Ng) (12.2)
where p. (t) is a square-root cosine roll-off pulse with roll-off factor 0.3 (30%) and we set N, = 7 with [po, ..., ps] =

[-1,4+1,—1,+1,+1,+1, —1]. The resulting signal is transmitted over an equivalent complex baseband channel

L—-1
hpp (t) =Y b (t—m). (12.3)
=0

As different channels lead to different BER and FER performance, we have chosen to select a fixed instantiation of
the channel with L = 3 taps with

[0, a1, o] = [—0.299 — §0.567,0.307 + 50.609, 0.301 -+ j0.378] (12.4)

and
[10,71,72) = [1.5,3.5,6] % T'/N,. (12.5)

The detector consists of an augmented MMSE equalizer (as described in Chapter 5), and a sum-product demodu-
lator/decoder.

Estimator set-up

To estimate the channel impulse response, we will consider a structured estimator, based on the SAGE algorithm,
that estimates the channel gains and propagation delays. The initial estimate is purely data-aided (see Chapter 9,
section 9.2.1.2): for the initial estimate, the maximization w.r.t. the delays is performed by a line search in the range®

SHence, strictly speaking, we will not consider frame synchronization.
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Figure 12.20: Channel parameter estimation - MSEE performance for gain estimation (left) and delay estimation (right).

7 € [0,T]. Subsequent maximizations w.r.t. the propagation delays are performed through the Newton-Raphson
algorithm. For frequency-selective channels, we have to be less ambitious with respect to the number of training
symbols, as compared to frequency-flat channels: too few pilot symbols will result in unreliable initial estimates,
while too many pilot symbols will degrade the system performance because of the reduction of power and bandwidth
efficiency*. For our system model, we have found that 10 pilot symbols is a reasonable trade-off: the resulting loss
amounts to around 0.35 dB. We will perform 6 decoding iterations. After each decoding iteration, we update all the
channel parameters according to the embedded SAGE algorithm (see Chapter 10).

12.4.2 MSEE performance

Let us start with MSEE performance. In Fig. 12.20, we show the MSEE of the estimated channel gains (on the left)
and propagation delays (on the right). We have added the MCRBs corresponding to 10 symbols (the pilot sequence)
and to 130 symbols (the entire frame). We see that the DA estimates result in an MSEE that is above the 10-symbols
MCRB, and converges to that MCRB for increasing SNR, as we would expect. When we apply the SAGE estimator,
we come closer to the 130-symbols MCRB. We see that at high SNR, we achieve optimal MSEE performance, both for
delay and for gain estimation.

12.4.3 Error rate performance

We will now see how the impressive MSEE results translate into BER and FER performance. We remind that, due to
pilot insertion, we expect a performance loss (also: rate loss, pilot insertion loss) of at least 0.35 dB as compared to a
genie receiver (i.e., a receiver that knows the channel perfectly and thus requires no pilot symbols). In Fig. 12.21, we
plot BER and FER performance for three scenarios: the genie receiver, the receiver where the channel parameters are
estimated exploiting only the pilot symbols (DA estimator), and the SAGE estimator. We see that the DA estimator
leads to degradations of around 1 dB, both in terms of BER and FER performance. The SAGE estimator is able to
reduce this degradation to around the rate loss due to pilot insertion.

We conclude that the SAGE estimator can achieve good performance in terms of MSEE, BER and FER, but at a
cost of bandwidth and power efficiency. In contrast to the frequency-flat channel, we were not able to create a SAGE
estimator that does not require pilot symbols. However, should a reliable channel estimation algorithm be found that
requires less (or no) pilot symbols, it can be used in conjunction with our code-aided SAGE estimator.

4 Assuming the total power to be allocated to the packet to be constant.
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Figure 12.21: Channel parameter estimation - BER performance (left) and FER performance (right)

12.5 Rate detection

12.5.1 System Model

The last problem we will consider is that of rate detection (see Chapter 11, section 11.2). The transmitter sends a
sequence of Ny symbols using a transmit pulse pr (t), corresponding to symbol rate 1/T. The symbol interval T
belongs to a finite set of equiprobable values: T' € St = {Tynin, - - -, Timaz - The receiver knows the set Sy .

The channel is assumed to be frequency-flat. We consider a fully digital receiver whereby the signal rpp (t) is
band-limited through analog filtering and sampled at a fixed rate 1/7:

rpp (kTs) = Ae’?sp (KTy — 1) 4 n (KTy) (12.6)

with E [n (kTs) n* (IT;)] = NoTs0,—; and st (t) the transmitted signal, corresponding to an unknown symbol rate
1/T. For convenience, issues related to frame synchronization and phase ambiguity resolution will not be addressed
in this section.

12.5.2 Rate detection algorithms

We will consider the three rate detection (RD) algorithms that were described in Chapter 11, section 11.2:

o A cyclic correlation-based algorithm from [121] performs rate detection in front of the matched filter bank. This
algorithm requires no knowledge of 7, A or 6.

e A second algorithm is based on a low-SNR approximation of the likelihood function [124]. This algorithm
requires no knowledge of 7, A or . It is computationally more complex than the cyclic correlation approach
from [121], since now the incoming signal has to be filtered by each of the matched filters.

o A last algorithm is the discrete EM algorithm from Chapter 11, section 11.2. The received signal is applied to
the matched filter bank, and to each filter output, an algorithm for estimating 7, A and @ is applied. For reasons
of computational complexity, we treat the data as uncoded during rate detection.

The performance measure we consider is the RD error probability (RDEP), i.e., the fraction of frames for which the
symbol rate is not correctly detected. As a detection error results in the loss of an entire frame, the RDEP should be
sufficiently low. More specifically, if we denote the BER of a (coded or uncoded) system under perfect symbol rate
detection by BE R, then the BER in the presence of occasional RD errors is upper-bounded by

BERpp < BERy(1— RDEP)+1x RDEP (12.7)
RDEP
~ BER,(1 . .
RO( + BERO> (12.8)
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Figure 12.22: Rate detection error probability (RDEP) as a function of the SNR for block length Ns = 128

Consequently, in order to obtain a low BER degradation due to RD, the ratio RDEP/BER, should be below 1, in
which case we obtain BERrp < 2BERj. A similar reasoning can be applied to frame error rate performance.

12.5.3 Performance results

We have carried out computer simulations for BPSK transmission, with pr (t) a square-root cosine roll-off pulse with
roll-off & = 0.5. We set S = {47, 87,167} and consider frame lengths N,= 128 and Ny = 512. The propagation
delay 7 and the carrier phase ¢ will be estimated using the conventional Oerder&Meyr [90] and Viterbi&Viterbi [92]
algorithm, respectively. We assume A = 1 and A is known to the receiver.

In the discrete EM algorithm we discern four sub-cases: the propagation delay = and the carrier phase § are either
known at the receiver or are estimated using conventional algorithms from [90] and [92], respectively. These cases
are denoted by "perfect(r, #)" and ’est(r, §)" in Fig. 12.22-12.23, respectively. On the other hand, the data symbols a
are either known at the receiver (to be denoted "EM-DA’, for Data-Aided) or unknown (to be denoted "EM-NDA’, for
Non-DA). Simulations for a given RD algorithm were halted after at least 100 rate detection errors.

Fig. 12.22 (resp. Fig. 12.23) displays RDEP for the different configurations for Ny = 128 (resp. N, = 512). We
observe that the cyclic correlation-based approach exhibits very poor performance in the considered SNR range.
This is due to two factors: for low rates, excess noise will degrade the performance, while for high rates, the number
of samples per symbol interval is too low to accurately detect 7. The EM-NDA algorithm outperforms the low-
SNR algorithm by about one order of magnitude. The performance of the NDA EM-based algorithm can be further
improved by around 1 dB by applying more advanced estimation algorithms for 7 and 6 (see EM-NDA-perfect(r, §)).
On the other hand, an improvement of around 3.5 dB is visible when the data symbols are assumed to be known at the
receiver. This gives us some idea of the performance improvements attainable by exploiting code properties during
RD. Combining these two (i.e., exploiting the code during RD and using superior algorithms for estimation), can give
us a total improvement of around 7 to 8 dB. We remind that exploiting code properties during rate estimation gives
rise to a significant computational overhead, so that the resulting computational complexity may not justify such a
code-aided approach.
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Figure 12.23: Rate detection error probability (RDEP) as a function of the SNR for block lengthN s = 512
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In Fig. 12.24 (resp. Fig. 12.25), the impact of rate detection on the overall BER for a turbo-coded system® can be
observed for Ny = 128 (resp. Vs = 512). For Ny = 512, both the low-SNR and EM-based algorithm yield excellent
performance. For Ny = 128, the situation is somewhat different: the low-SNR method gives rise to a BER degradation
of around 2 dB. Application of the EM-based algorithm reduces this degradation to around 1 dB. For the sake of
illustration, we have included the BER performance when 7 and ¢ are perfectly known at the receiver. The resulting
degradation is around 0.5 dB. This means that by applying superior propagation delay and carrier phase estimation
algorithms, a small reduction in BER degradation is possible. In order to reduce the degradation even further, one
must consider code-aided rate detection algorithms.

12.6 Main Points

In this chapter, we have applied the code-aided EM and SAGE algorithms to some specific estimation problems. We
first treated estimation of carrier phase and propagation delay for frequency-flat channels, where we illustrated that
different estimation problems call for different estimation algorithms. When ample computational power is available,
code-aided estimation can be performed, removing the need for training sequences in state-of-the-art error-correcting
codes. This remarkable feat is mainly due to the inherent randomness of these codes.

For frequency-selective channels, a short pilot sequence is required to obtain an initial estimate of the channel
parameters, resulting in a performance penalty. For the system we considered, any degradation due to unreliable
channel estimation has been removed by the application of the SAGE estimator.

Finally, we investigated different rate detection algorithms. The conventional algorithms are all outperformed by
the discrete EM algorithm, at the cost of some computational overhead. For some situations (e.g., bursts with many
symbols), conventional techniques perform satisfactory.

While we have selected some examples that really make code-aided estimation shine, we stress that each problem
requires a specially tailored estimation algorithm. This algorithm will be a trade-off between performance, affordable
complexity and processing delay. The main message is that there is no hard and fast solution for all estimation
problems.

5We consider a rate 1/3 turbo code whereby the constituent convolutional codes are recursive, systematic and separated by a pseudo-random
interleaver. The codes have generator polynomials (21, 37)4 and constraint length 5. Only the first convolutional code is terminated.
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Chapter 13

Open Issues and Loose Ends

13.1 Introduction

In this dissertation, we have tackled problems related to mode adaptation and estimation for coded multi-mode
receivers. Although the algorithms we have derived are quite general, we have limited ourselves in many ways. For
instance, we only considered a scenario with a single user, where transmitter and receiver are equipped with a single
antenna. How will the detection and estimation algorithms behave in a multi-antenna and / or multi-user setting? We
focused on linear modulations for a single carrier system. What modifications are required for multi-carrier systems?
Also, the channel model was limited to a quasi-static block fading channel, which may be unrealistic in practical
applications (e.g., when transmitter and/or receiver are moving). When the channel parameters and synchronization
parameters are time-varying, other estimation techniques may be called for. Furthermore, we selected a particular
set of parameters to estimate. Some parameters, such as oscillator frequency offsets, Doppler shifts, thermal noise
variance were assumed to be known at the receiver. Additionally, although we have discussed mode adaptation (i.e.,
how the receiver can adapt to different transmit modes), we did not pay much attention on link adaptation (i.e., when,
according to which criteria, to select a given mode). How much can be gained by clever link adaptation? How does
all this translate into information-theoretical concepts? How much do we lose, in terms of capacity, by not having
perfect knowledge of the channel parameters, synchronization parameters and/or transmit mode? This is related to
the impact of imperfect channel knowledge at the transmitter: link adaptation requires some type of channel state
information to be fed back from the receiver to the transmitter.

By its very nature, this dissertation cannot encompass all these aspects. In the current chapter, we briefly touch
upon some of these issues.

13.2 Parameter estimation

13.2.1 Static parameters

The proposed algorithms can be easily altered/extended to suit different scenarios. Factor graph descriptions of
almost any conceivable receiver configuration can be created. Once an observation model is constructed, the EM
and SAGE algorithms can be obtained in a straightforward way. For instance, we have applied the SAGE algorithm
to channel estimation and synchronization for multi-user, multi-antenna systems in [131-133]. The mathematical
manipulations become somewhat cumbersome, but the principles remain the same: an iterative detector computes
(approximations of) the APPs of the coded symbols. These are used in the evaluation of the E-step of the EM or SAGE
algorithms.

Estimation of additional parameters such as thermal noise variance and frequency offsets can easily be included
in the EM and SAGE estimation algorithms. Code-aided frequency offset estimation has already been described
in [19] and applied in [134]. EM-based noise variance estimation has been addressed in [135].

13.2.2 Time-varying parameters

Code-aided estimation of time-varying parameters is a very challenging subject. A simple, yet illustrative example is
the following. Assume a frequency-flat, time-varying channel. The channel inputs are symbols ay, k =0,..., N, — 1.
The channel outputs are 1, k =0,..., N, — 1, with

TE = Qpag + ng
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where n, ~ CN (07 202). The a priori distribution of & = [ay), ..., aNs_l]T, p (a), is known. MAP estimation of «
leads to

Gnap = argmaxp (rla)p(a). (13.1)

Different ways of solving (13.1) by exploiting code properties can be conceived. First of all, we can simply apply
the EM-based techniques operating on the synchronized factor graph of the factorization of p (a|r,&). Since the
parameter to be estimated contains many components, SAGE-like algorithms are required. Alternatively, overall
factor graphs can be constructed that incorporate the unknown parameter o, as well as its a priori distribution.
Finally, more ad-hoc techniques have been developed. These three types of estimators are currently receiving much
attention from the technical community.

EM-based techniques

The most obvious way to proceed, would be to apply the SAGE algorithm to estimate the different a’s. Unfor-
tunately, although such a technique guarantees convergence to a local maximum of the a posteriori distribution
p (a|r), many local maxima are present. This makes straightforward SAGE estimation of time-varying parameters
very sensitive to the initial estimate.

More successful attempts are reported in [136,137]: in [136] the recursive EM algorithm is applied with fixed-
interval Kalman smoothing for tracking fast Rayleigh frequency-flat channels. Kalman smoothing is also used in a
similar way in [137] for under-sampled frequency selective fading channels.

Overall Factor Graphs

The use of overall factor graphs for estimating time-varying parameters has received some attention in the last few
years. In the context of phase estimation, we mention [102-104]: assuming a simple auto-regressive model, the a
priori knowledge about the phase was be incorporated into the overall factor graph. As we explained in Chapter
9, the main problem with this approach lies in the computation and representation of messages. This problem is
avoided in [30, 107] for tracking frequency-flat channels, modeled as a first-order Markov chain: the overall factor
graph is broken into two parts, one corresponding to the detector, operating under the assumption of perfect channel
knowledge, and a second part corresponding to the channel, operating under the assumption of perfect knowledge
of the transmitted sequence. The part of the factor graph corresponding to the channel then accepts decisions (either
hard or soft) from the part corresponding to the decoder. The part corresponding to the decoder, accepts an estimate
of the channel coefficients. Within both parts, the standard sum-product algorithm is applied. For the part of the
graph corresponding to the channel, this turns out to be equivalent to standard Kalman smoothing. As is shown
in [8], the corresponding messages can be represented and computed in a very simple way.

Ad-hoc methods

While the EM-based techniques as well as overall factor graphs have the benefit of providing near-optimal solutions
(in some sense), they have a common drawback: they require explicit knowledge of the a priori distribution of the
channel parameters. When such knowledge is not available, a mismatch occurs between the channel model and the
actual channel, which in turn will degrade the performance [138].

Many other code-aided estimators have been described, which do not require exact knowledge of this a priori
distribution, and are therefore inherently sub-optimal. Some of these estimators require significant modifications to
the detector (e.g., techniques based on per-survivor processing [139], and those from [140,141]).

An important class are the augmented estimators. These are conventional estimators (i.e., from before the turbo-
era), that have been augmented’ to accept soft information from a detector/decoder. This idea was applied in [142]
for timing recovery and in [143] for phase noise estimation. In both cases, a Phase-Locked Loop (PLL) is used,
whereby the conventional hard decisions are replaced with soft decisions.

13.2.3 Discussion

When designing code-aided estimation algorithms, care must be taken to develop algorithms that (i) do not cause too
much computational overhead, (ii) do not require severe modifications to the detector. In both respects, embedded
EM-based estimation techniques seem the most promising for estimating static parameters.

As far as code-aided estimation of time-varying parameters is concerned, the race is still very much open. Factor
graphs are attractive from a theoretical point of view, but may be too complex to implement and require significant

Imuch like the MMSE equalizer we described in Chapter 5.
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modifications to existing, off-the-shelf receivers. EM-based techniques seem to offer a good performance-complexity
trade-off, but a general framework is still absent. For very specific problems, such as phase noise estimation and
timing jitter, more ad-hoc approaches may be the best solution. In any case, it would seem that the most promising
approaches to perform code-aided estimation will be a combination of existing techniques (PLLs, Kalman Filters, the
EM algorithm etc.), and new insights (such as factor graphs and the sum-product algorithm).

13.3 Link adaptation

Already briefly mentioned in Chapter 6, the problem of link adaptation has been studied extensively in the last few
years. See [13,20,144] and references therein. The idea behind link adaptation is to define a strategy to dynamically
adapt the transmit mode, in order to increase both the spectral efficiency and the data rate. For instance, when
information cannot be conveyed reliably over the channel in a given transmit mode (e.g., when the channel is in a
deep fade), a different code and/or modulation scheme may be employed.

This approach to link adaptation brings to mind the following problem: for the transmitter to adapt to the channel
conditions, it needs to have some kind of knowledge regarding the current channel state. This implies that the
receiver must send back channel state information to the transmitter. Hence, there is a strong link between link
adaptation and channel estimation.

Information-theoretic approaches to the impact of channel knowledge at the transmitter and the receiver were
treated in [145]. With the advent of multi-antenna (MIMO) systems, with their enormous potential for capacity
gains, this issue is again receiving increased attention. A recent overview on this topic can be found in [146]. Many
aspects need to be considered: what type of channel state information will be sent back to the receiver, long-term
or short-term information, how often, with what delay? In theory, when both transmitter and receiver have perfect
channel knowledge, the transmitter can often be designed in such a way that the task of the receiver becomes much
more simple. For instance, a MIMO system can be converted into a number of parallel, non-interfering systems,
making detection a very simple task of low computational complexity [147]. In practice, one often assumes that only
the receiver has perfect channel state information. This makes the receiver much more difficult to implement, with a
very high computational cost [148].

We conclude that channel estimation and link adaptation are closely related.

13.4 Main Points

The estimation algorithms proposed in Part III of this dissertation can (and have been) extended to a wide variety of
estimation and synchronization problems in quasi-static environments. In order to perform code-aided estimation
of time-varying parameters, no best solution has yet been found. We have touched upon some important links
between the problem of estimating the channel state and link adaptation. A unified theory encompassing code-aided
estimation algorithms, channel state feedback, link adaptation and the impact of the complexity of the transmitter
and the receiver are important topics for future work, especially for time-varying channels.
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Chapter 14

Conclusions

14.1 Introduction

In this dissertation, we have striven to design a receiver, suitable for coded multi-mode transmission in a quasi-static
block-fading environment. In multi-mode transmission, the transmitter can select one of several transmit modes,
depending on channel conditions, content type etc. The transmit mode is completely defined by a set of parameters.
These may include the code, code rate, modulation format, bandwidth, transmission rate, transmit power, etc. Both
the transmitter and the receiver are required to adapt to the transmit mode in an efficient way. In general, the receiver
has no exact knowledge of the current transmit mode and must perform mode detection. The receiver also faces the
challenges present in mono-mode receivers: namely those of channel estimation, delay estimation, synchronization,
equalization, and demodulation. On top of all these problems, we have assumed coded transmission, whereby the
data-stream is protected by a powerful error-correcting code (such as a turbo- or an LDPC code). Although such
codes are very promising in a sense that they achieve performance near the Shannon limit, they operate at extremely
low signal-to-noise-ratios (SNR). This makes the tasks of estimation very difficult.

The goal of this thesis was two-fold: on the one hand we wanted to develop a detector that can efficiently adapt to
varying channel conditions and transmit modes. On the other hand, we have derived a class of code-aided estimation
algorithms that may be used in low-SNR environments. Of course, the detector and the estimator have to be designed
to cooperate in a seamless way.

14.2 Adaptation

Capitalizing on the concepts from Factor Graphs and the Sum-Product Algorithm, we have described several iterative
detectors. All these detectors require the conversion of the received continuous-time signal to a suitable discrete-time
observation model, from which a factor graph is constructed. To keep the factor graphs simple, the observation model
assumes exact knowledge of the channel state, synchronization parameters and transmit mode. Applying the sum-
product algorithm on the resulting factor graph results in the computation of the a posteriori probabilities (APPs)
of the coded bits, the information bits, the coded symbols, etc. The transmitted information stream can then be
recovered by making decisions based on these APPs.

When the channel conditions change, part of this factor graph may have to be altered to accommodate these
changes. The same is true for mode adaptation: when a new transmit mode is selected, the corresponding part in
the factor graph is altered. As a factor graph is an abstract notion that would be implemented in software in the
receiver, adaptation to channel state and transmit mode are achieved by simply loading the appropriate software.
One important exception is the symbol rate: a change in the symbol rate translates into a change of the conversion
from the continuous-time signal to the discrete-time observation model, and cannot easily be captured in the factor
graph framework. This conversion should be implemented as efficiently as possible. Since multi-rate transmission
is an important feature in current- and next-generation communication standards, we have examined in great detail
several low-complexity multi-rate receivers. Our main conclusion was that such a receiver could be constructed so
that

o the IF signal can be sampled directly, removing the need for identical analog in-phase an quadrature compon-
ents;

o most digital filters operate at a rate that is independent of the symbol rate;

e the corresponding BER degradation is negligible (less than 0.1 dB).
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Figure 14.1: Detector and Estimator: through analog signal processing (ASP) and digital signal processing (DSP) the received signal is
converted to a suitable observation. A model of this observation is cast into a factor graph. The estimator updates parameters of this observation
model, based on a posteriori probabilities (APPs) computed on the factor graph.

Such a receiver could be applied to Variable Chip Rate (VCR) DS/SS systems, and as such, removes one of the
important drawbacks of VCR-transmission, namely the complexity of the receiver.

14.3 Estimation

The abovementioned detectors all rely on the knowledge of the channel state, synchronization parameters and trans-
mit mode. In practice, some of these parameters will have to be estimated by the receiver. Developing estimation
algorithms was the second main topic of this thesis. These estimation algorithms should be of relatively low com-
plexity, should not require significant modifications to the existing detector, have short acquisition times, and be very
reliable, even at low SNR. Rather than developing ad-hoc algorithms, we have taken a more systematic approach
and started from the Maximum Likelihood (ML) principle. Since ML estimation is not tractable in practice, we have
considered estimation on factor graphs, the Expectation-Maximization (EM) and the Space-Alternating Expectation
Maximization (SAGE) algorithms as a means to perform ML estimation in an iterative and computationally attractive
way. From these very general techniques, we have derived estimation algorithms for our coded multi-mode receiver
that iterate between data detection on factor graphs and parameter estimation. A diagram depicting this interaction
is shown in Fig. 14.1.

In its pure form, these estimation algorithms are outrageously complex. To alleviate this, we introduced several
ways to reduce the complexity without significantly impacting the performance. Based on a study of the convergence
properties of the EM-based estimation algorithms, we have defined two variations: the parallel EM algorithm and the
discrete EM algorithm. The former can be applied when no reliable initial estimate is available, while the latter has
applications in problems dealing with the determination of discrete parameters (e.g., frame synchronization, mode
detection).

These code-aided estimation algorithms have been applied successfully to the estimation of both frequency-
selective and frequency-flat channels, to the estimation of both continuous and discrete parameters, and to the es-
timation of transmit modes. Furthermore, the algorithms can easily be applied to different estimation problems in
quasi-static environments.
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14.4 Publications

The research described in this dissertation has led to the following publications in refereed international conferences
and journals.

Factor graphs and the sum-product algorithm [149-153]
Low-complexity receivers for Software Radio [73,75,77,154-156]
Code-aided estimation

e Frequency-flat channels: [110,127,157-163]

e Frequency-selective channels: [125,131-133,164-168]

e Discrete Parameters: [169-173]

e Mode detection: [124,174]
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