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In a wireless communication system the transmitted information is subjected to a number of impair-
ments, among which inter-symbol interference (ISI), thermal noise and fading are the most prevalent.
Owing to the dispersive nature of the communication channel, ISI results from the arrival of mul-
tiple delayed copies of the transmitted signal at the receiver. Thermal noise is caused by the random
fluctuation on electrons in the receiver hardware, while fading is the result of constructive and de-
structive interference, as well as absorption during transmission. To protect the source information,
error-correction coding (ECC) is performed in the transmitter, after which the coded information is

interleaved in order to separate the information to be transmitted temporally.

Turbo equalization (TE) is a technique whereby equalization (to correct ISI) and decoding (to correct
errors) are iteratively performed by iteratively exchanging extrinsic information formed by optimal
posterior probabilistic information produced by each algorithm. The extrinsic information determined
from the decoder output is used as prior information by the equalizer, and vice versa, allowing for
the bit-error rate (BER) performance to be improved with each iteration. Turbo equalization achieves
excellent BER performance, but its computational complexity grows exponentially with an increase in
channel memory as well as with encoder memory, and can therefore not be used in dispersive channels

where the channel memory is large. A number of low complexity equalizers have consequently been
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developed to replace the maximum a posteriori probability (MAP) equalizer in order to reduce the
complexity. Some of the resulting low complexity turbo equalizers achieve performance comparable
to that of a conventional turbo equalizer that uses a MAP equalizer. In other cases the low complexity
turbo equalizers perform much worse than the corresponding conventional turbo equalizer (CTE)
because of suboptimal equalization and the inability of the low complexity equalizers to utilize the

extrinsic information effectively as prior information.

In this thesis the author develops two novel iterative low complexity turbo equalizers. The turbo equa-
lization problem is modeled on superstructures, where, in the context of this thesis, a superstructure
performs the task of the equalizer and the decoder. The resulting low complexity turbo equalizers
process all the available information as a whole, so there is no exchange of extrinsic information
between different subunits. The first is modeled on a dynamic Bayesian network (DBN) modeling
the Turbo Equalization problem as a quasi-directed acyclic graph, by allowing a dominant connection
between the observed variables and their corresponding hidden variables, as well as weak connections
between the observed variables and past and future hidden variables. The resulting turbo equalizer is
named the dynamic Bayesian network turbo equalizer (DBN-TE). The second low complexity turbo
equalizer developed in this thesis is modeled on a Hopfield neural network, and is named the Hopfield
neural network turbo equalizer (HNN-TE). The HNN-TE is an amalgamation of the HNN maximum
likelihood sequence estimation (MLSE) equalizer, developed previously by this author, and an HNN
MLSE decoder derived from a single codeword HNN decoder. Both the low complexity turbo equal-
izers developed in this thesis are able to jointly and iteratively equalize and decode coded, randomly

interleaved information transmitted through highly dispersive multipath channels.

The performance of both these low complexity turbo equalizers is comparable to that of the con-
ventional turbo equalizer while their computational complexities are superior for channels with long
memory. Their performance is also comparable to that of other low complexity turbo equalizers, but
their computational complexities are worse. The computational complexity of both the DBN-TE and
the HNN-TE is approximately quadratic at best (and cubic at worst) in the transmitted data block
length, exponential in the encoder constraint length and approximately independent of the channel
memory length. The approximate quadratic complexity of both the DBN-TE and the HNN-TE is
mostly due to interleaver mitigation, requiring matrix multiplication, where the matrices have di-
mensions equal to the data block length, without which turbo equalization using superstructures is

impossible for systems employing random interleavers.
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LIST OF ABBREVIATIONS
AWGN Additive white Gaussian noise
BCJR Bahl Cocke Jelinek Raviv
BER Bit-error rate
BDFE Block decision feedback equalizer
BP Belief propagation
BPSK Binary phase shift keying
CDMA Code division multiple access
CIR Channel impulse response
CTE Conventional turbo equalizer
DAG Directed acyclic graph
DF Decision feedback
DBN-TE Dynamic Bayesian network turbo equalizer
DFE Decision Feedback Equalizer
ECC Error-correction coding / Error control coding
EEG Electroencephalograph
EXIT Extrinsic information transfer
FIR Finite impulse response
HNN Hopfield neural network
HNN-TE Hopfield neural network turbo equalizer
IRR Infinite impulse response
ISI Inter-symbol Interference
LCTE Low complexity turbo equalizer
LDPC Low density parity check
LLR Log-likelihood ratio
LS Least squares
MAP Maxim a posteriori probability
MRI Magnetic resonance imaging
M-QAM M-ary quadrature amplitude modulation
ML Maximum likelihood
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Minimum mean squared error

Minimum mean squared error linear equalizer
Minimum mean squared error decision feedback equalizer
Mean squared error

Noniterative joint equalizer and decoder
Probabilistic data association

Power delay profile

Quadrature amplitude modulation

Soft decision feedback equalizer

Soft feedback equalizer

Soft input soft output

Signal-to-noise ratio

Soft output viteribi algorithm

Turbo equalizer

Traveling salesman problem

Viterbi algorithm
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CHAPTER 1

INTRODUCTION

1.1 PROBLEM STATEMENT
1.1.1 Context

In a wireless communication system information is transmitted through a multipath communication
channel, where multiple delayed copies of the transmitted signal arrive at the receiver. Inter-symbol
interference (ISI) is a phenomenon caused by the dispersive nature of a multipath wireless communic-
ation channel, which introduces memory to the system. In order to reverse the effect of the multipath
channel on the transmitted information, an equalizer is used to detect or estimate the transmitted

information with maximum confidence [1,2].

During transmission the information is subjected to a number of impairments, of which multipath
propagation, thermal noise and channel fading are the most prevalent. Fading is caused by the con-
structive and destructive interference of the signal during transmission, while thermal noise is caused
by random fluctuations of electrons in the electronic components in the receiver. In order to mitigate
the effect of these impairments on the transmitted symbols, the source information is encoded before
transmission. Error-correction coding (ECC) is used to introduce controlled redundancy to the un-
coded information to allow for the correction of errors that might have occurred during transmission
and reception. Decoding is performed after detection or equalization in the receiver and can greatly
improve the system performance compared to a system that does not employ ECC [2—4]. Equalization
and decoding of convolutional codes are performed by using an optimal soft-input soft-output (SISO)
maximum a posteriori probability (MAP) algorithm, adapted to each task, which ensures optimal

performance [2, 3].

© University of Pretoria
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Turbo equalization is a technique whereby equalization and decoding are performed in an iterative
fashion, where information is exchanged between the equalizer and the decoder, improving the overall
bit-error rate (BER) with each iteration [2,5-7]. The computational complexity of turbo equalization,
however, becomes an issue with an increase in channel memory and encoder memory. In fact, the
computational complexity of turbo equalization grows exponentially with an increase in channel and
encoder memory. As a result of the high computational complexity due to channel memory, much
research has been devoted to the development of low complexity equalizers, which can be used to
replace the MAP equalizer in order to reduce the overall complexity of the turbo equalizer [8—11].
Although these low complexity equalizers result in a significant reduction in computational complex-

ity, the resulting turbo equalizer performance may be suboptimal in some cases.

It is therefore of interest to the field of turbo equalization applied to wireless communication systems
to explore different modeling approaches to produce more elegant and efficient algorithms. In this
thesis the author develops two new joint equalization and decoding algorithms, which can be used
to replace conventional turbo equalizers. These new algorithms are developed by modeling the turbo
equalization problem holistically using a single model, and not as separate equalization and decoding
solutions that interact iteratively. The thesis shows that this approach leads to elegant solutions with

excellent BER performance and favorable computational complexity characteristics.

1.1.2 Research Gap

Whereas the MAP equalizer is based on a structure that allows optimal equalization, the low complex-
ity equalizers developed as a replacement for the MAP equalizer are modeled as minimization prob-
lems. Minimum mean squared error (MMSE) and decision feedback (DF) techniques, and combina-
tions thereof, are used to design these low complexity equalizers, at the cost of optimality [7,8,10-12].
The iterative exchange of information in a turbo equalizer also results in suboptimal performance,
since suboptimal decisions are made in response to incomplete information during early iterations.
This is true even when an optimal MAP equalizer is used, and it is only after many iterations that per-

formance (using MAP detection) will approach levels that may be considered to be acceptable.

There is therefore an opportunity to develop a turbo equalizer that solves the turbo equalization prob-
lem using one superstructure,’ similar to the approach followed for turbo decoding in [13], and not

two separate structures that exchange information in order to improve the overall system perform-

'In this context a superstructure is a structured algorithm that performs the task of both the equalizer and the decoder.

Department of Electrical, Electronic and Computer Engineering 2
University of Pretoria
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Chapter 1 Introduction

ance. The thesis instead proposes to use a single superstructure, and two specific cases are proposed
to model a turbo equalizer. The first is a dynamic Bayesian network (DBN), and the second a Hopfield
neural network (HNN). Both these methods have the potential to use all the available information and

process it as a whole, without having to exchange information between constituent parts.

1.2 RESEARCH OBJECTIVES AND QUESTIONS

The objective of the research in this thesis is to stay true to the structured approach that enables pro-
cessing of all available information as a whole without the need to exchange information between the
equalizer and the decoder. By integrating the equalizer and decoder, computational complexity re-
duction comparable to that of turbo equalizers employing MMSE based equalizers must be achieved,
while BER performance must remain comparable to that of a conventional turbo equalizer (CTE).

Some research questions to consider are:

* Is it possible to use superstructures to equalize and decode information jointly and achieve the

same results as a CTE?

* Will a joint approach result in lower computational complexity while still achieving acceptable

performance?

* What will be the effect of an interleaver used in the transmitter? Will there be a limitation on

the structure of the interleaver and will the interleaver affect computational complexity?

Throughout this thesis the answers to these questions will become clear as the research objectives are

achieved.

1.3 HYPOTHESIS AND APPROACH

The research undertaken was supported by a number of factors that indicated that successful devel-
opment and implementation of a new kind of turbo equalizer can be achieved, using two different

approaches.

Department of Electrical, Electronic and Computer Engineering 3
University of Pretoria
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1.3.1 Hypothesis

It is hypothesized that a DBN and an HNN can be used to model the turbo equalization problem in
order to equalize and decode coded and interleaved transmitted information jointly, and to achieve
performance that is comparable to the performance achievable with a CTE, but with reduced com-

plexity. The hypothesis is based on a number of previous works:

1.3.1.1 Dynamic Bayesian Network Turbo Equalizer (DBN-TE)

It was shown in [14] that optimal, non-iterative joint equalization and decoding can be per-
formed on a super-trellis, when a depth-limited block interleaver is used. The computational
complexity grows exponentially with an increase in channel memory, encoder memory and in-
terleaver depth. This implementation is infeasible for systems employing an interleaver with a

depth of multiple codeword lengths, and impossible when a random interleaver is used.

* The optimal MAP equalizer and decoder uses belief propagation (BP) on a trellis in order to
estimate the posterior distributions of the transmitted symbols [2, 3, 15]. BP is also used in
DBNss to infer beliefs regarding particular states of nodes in a solution space, using evidence

from neighboring nodes [16].

It was shown in [13, 17] that turbo decoding can be performed by iteratively decoding the
received codewords on a graph with cycles using BP. It was also shown in [18] that turbo
decoding is an instance of Pearl’s BP algorithm [15]. Because of the similarities between turbo
equalization and turbo decoding, these works suggest that turbo equalization is in fact possible

using a DBN or a graph.

1.3.1.2 Hopfield Neural Network Turbo Equalizer (HNN-TE)

* It was shown by this author in [19,20] that the HNN can be used to equalize M-ary quadrature
amplitude modulation (M-QAM) modulated information in single carrier systems transmitting
information through highly dispersive multipath channels, with computational complexity that
is approximately independent of the channel memory length and quadratic in the data block

length.

Department of Electrical, Electronic and Computer Engineering 4
University of Pretoria
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* It has also been demonstrated that the HNN could be used to decode a special class of check
codes, namely balanced codes [21, 22], where the HNN algorithm is applied to each code-
word received. To perform turbo equalization the codeword sequence, and not each separate

codeword, will have to be estimated.

Previous work therefore suggests that joint equalization using superstructures could be possible, and
that a DBN and an HNN can be used as frameworks. The fact that a random interleaver, as is often
used in wireless communication systems, might have an adverse effect on the computational com-
plexity of the envisioned turbo equalizers, and may in fact inhibit the development thereof, remains
an area of concern. Given the successful development of the non-iterative joint equalizer and decoder
proposed in [14], the thesis shows that successful development and implementation can be achieved
with some limited restrictions on the structure of the interleaver, which affects the computational

complexity as well.

1.3.2 Approach

The approach that will be followed for the development of the two new turbo equalizers will be as

follows:

1.3.2.1 DBN-TE

* The turbo equalization problem will be graphically modeled using a directed cyclic or acyclic

graph, and system equations will be derived from the model.

» State transition probabilities will be determined for a given convolutional encoder, which will

be used to describe the probabilities of transitioning from one state to the next in the DBN.

* The encoder outputs will be determined for each encoder state transition, which will be used to

determine the cost of transitioning from on state to the next in the DBN.

* The equalizer and decoder cost functions of the respective MAP equalizer and decoder al-

gorithms will be combined to enable the DBN to perform equalization while decoding.

¢ The effect of different interleavers - block interleavers and random interleavers - will be invest-

igated and it will be attempted to adapt the model to allow for the use of any interleaver.

Department of Electrical, Electronic and Computer Engineering 5
University of Pretoria
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Simulations will be performed to study the convergence properties as well as the performance

of the proposed DBN-TE.

1.3.2.2 HNN-TE

The HNN maximum likelihood sequence estimation (MLSE) equalizer in [19,20] and the HNN

decoder in [21,22] will be implemented for binary phase shift keying (BPSK) modulation.

The HNN decoder will be modified to decode sequences of codewords in a data block, since

the HNN decoder is only able to decode single codewords.

The HNN equalizer and the HNN decoder will be integrated so that joint equalization and

decoding can be performed using one HNN rather than two separate HNNs.

Like the DBN-TE, the HNN-TE will be adapted to be able to equalize and decoded interleaved

information jointly.

Simulations will be performed to study the convergence properties as well as the BER perform-

ance of the proposed HNN-TE.

1.4 RESEARCH GOALS

The research presented in this thesis aims to achieve the following goals:

To derive and develop two novel joint equalizers/decoders, or turbo equalizers, each using
one superstructure to perform joint equalization and decoding without exchanging information

between separate algorithms.

To ensure that the computational complexity characteristics of the proposed turbo equalizers
are comparable to those of current MMSE based turbo equalizers, to enable turbo equalization

in systems transmitting information through highly dispersive multipath channels.

To enable the proposed turbo equalizer to be used in systems were the information is interleaved

using a random interleaver, without limitations to the interleaver structure.

To ensure that the performance of the proposed turbo equalizers is comparable to that of a CTE,

Department of Electrical, Electronic and Computer Engineering 6
University of Pretoria
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using an optimal MAP equalizer/decoder pair in static and mobile fading channels.

1.5 RESEARCH CONTRIBUTION

In this thesis two novel techniques for iterative joint equalization and decoding are developed using
a DBN and an HNN as frameworks. These turbo equalizers are unique in the sense that they do not
serve to replace the equalizer in a turbo equalizer setup, like other low complexity equalizers, but to
replace both the equalizer and the decoder. They are able to process all available information as a

whole, without having to pass information between separate algorithms.

The DBN-TE is developed by modeling the turbo equalizer on a DBN. The DBN-TE is modeled as
a quasi-directed acyclic graph (DAG), assuming that a dominant connection exists between the ob-
served variable and its corresponding hidden variable and weak connections between the observed
variable and past and future hidden variables due to ISI. This allows for joint equalization and decod-
ing to be performed in an iterative fashion. During the first iteration only the dominant connection
is used to produce initial estimates regarding the transmitted coded information. During subsequent
iterations the dominant connection as well as the weak connections to past and future hidden variables
are used in conjunction with the coded symbol estimates from the previous iteration to remove the ISI
introduced during multipath propagation. The performance of the DBN-TE is comparable to that of
the CTE in fading channels, while being able to equalize and decode BPSK modulated information
jointly in highly dispersive fading channels. However, the performance of the DBN-TE is worse than
that of the CTE in some static channels where the leading channel impulse response (CIR) coeffi-
cient is not sufficiently dominant. The computational complexity of the DBN-TE is approximately
quadratic at best, and cubic at worst in the coded data block length, exponential in the encoder con-
straint length and approximately independent of the channel memory length, and is much lower than
that of the CTE for systems with long channel memory. Its computational complexity is however
inferior compared to MMSE and DFE based turbo equalizers for large coded data block lengths, but

comparable to MMSE based turbo equalizers for moderate data block lengths.

The HNN-TE is developed by combining the HNN MLSE equalizer developed by this author in [19,
20] and the HNN decoder in [21,22]. The equalizer in [19,20] has computational complexity that is
quadratic in the data block length and approximately independent of the channel memory length. It is
also able to near-optimally equalize uncoded M-QAM information in extremely dispersive multipath

channels. Also, the decoder in [21,22] is able to decode single balanced codes using the HNN, but in

Department of Electrical, Electronic and Computer Engineering 7
University of Pretoria
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order to merge the HNN MLSE decoder with the HNN MLSE equalizer, the decoder is modified to
enable the decoding of sequences of balanced codes, resulting in an HNN MLSE decoder. The HNN
MLSE equalizer and the HNN MLSE decoder are integrated to form the HNN-TE. The HNN-TE
performance is comparable to that of the CTE and it is able to equalize and decode BPSK and 4-
QAM modulated information jointly in extremely dispersive multipath channels. Like the DBN-TE,
the performance of the HNN-TE is lacking in some static channels. The computational complexity of
the HNN-TE is approximately independent of the channel memory length and almost quadratically
related to the coded data block length, and it is comparable to that of MMSE based turbo equalizers

for moderate code data block sizes.

The international journal publications that emanated from this research are as follows:

1. H.C. Myburgh, J.C. Olivier, A.J. Van Zyl, “Reduced Complexity Turbo Equalization Using
a Dynamic Bayesian Network,” EURASIP Journal on Advances in Signal Processing, 2012,
2012:136 (doi: 10.1186/1687-6180-2012-136).

2. H.C. Myburgh, J.C. Olivier, “A Low Complexity Hopfield Neural Network Turbo Equalizer,”
EURASIP Journal on Advances in Signal Processing, 2013, 2013:15 (doi: 10.1186/1687-6180-
2013-15).

3. H.C. Myburgh, J.C. Olivier, “A Primer on Equalization, Decoding and Non-Iterative Joint
Equalization and Decoding,” EURASIP Journal on Advances in Signal Processing, 2013,
2013:79 (doi: 10.1186/1687-6180-2013-79).

1.6 OVERVIEW OF STUDY

This study commences in Chapter 2 with a discussion of the MLSE and MAP algorithms gener-
ally used for equalization as well as decoding of convolutional codes. After discussing the MAP
and MLSE algorithms in general, equalization and decoding using these algorithms are discussed.
This is followed by a discussion on non-iterative joint equalization and decoding. Non-iterative
joint equalization and decoding is first discussed for systems that do not employ an interleaver, after
which it is discussed for depth-limited block interleavers. Complexity analyses of the non-iterative
joint equalizers and decoders are also presented and simulation results are presented throughout this

chapter.
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Chapter 3 is dedicated to the discussion of turbo equalization. It starts by discussing the operation of
the CTE and a computational complexity analysis. This is followed by a discussion on low complexity
equalizers used as replacement in a turbo equalizer, after which computational complexity analyses
are also performed and compared to that of the CTE. Simulation results are presented throughout this

chapter.

In Chapter 4 the DBN-TE is developed. DBNs are discussed in general, after which the forward-
backward algorithm is discussed. The turbo equalization problem is presented as a graphical model,
and the significant implications of interleaving are discussed. Next a transformation which mitig-
ates the randomization effect of the interleaver is discussed, after which the DBN-TE algorithm is
developed. Complexity reduction and optimization techniques are discussed next, followed by a
complexity analysis, where the complexity of the DBN-TE is compared to that of the CTE as well
as low complexity CTEs where the optimal MAP equalizer is replaced with suboptimal MMSE and
DFE based equalizers. Following the complexity analysis and comparison, simulation results are
presented, where the DBN-TE is simulated and compared to the CTE and other low complexity turbo

equalizers (LCTE). This chapter is concluded with a discussion and some general remarks.

Chapter 5 presents the HNN-TE. In this chapter the HNN model is discussed first. The HNN MLSE
equalizer is discussed next, after which the HNN decoder is discussed and expanded to enable the
decoding of a sequence of balanced codes, resulting in an HNN MLSE decoder. The HNN MLSE
equalizer and the HNN MLSE decoder are then merged to form the HNN-TE, and this is followed by
a computational complexity analysis, where again the complexity of the HNN is compared to that of
a CTE as well as other LCTEs. Simulation results are then presented, which show the performance
of the HNN-TE compared to a CTE, after which the chapter is concluded with a discussion and some

general remarks.

In Chapter 6 a summary of the research and the resulting outcomes are presented, and suggestions
are made for future research. Finally, Appendix A serves to explain the simulation environment used

to generate the simulation results.
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CHAPTER 2

EQUALIZATION, DECODING AND JOINT EQUALIZA-
TION AND DECODING

Equalization and decoding are two essential aspects of any wireless communication system. The
equalizer is tasked with reversing the effect of the communication channel on the transmitted inform-
ation signal, while the decoder receives the equalized symbol sequence and attempts to correct errors

that might have been caused during transmission.

The Bahl-Cocke-Jelinek-Raviv (BCJR) algorithm, also known as the MAP algorithm, is useful when
designing equalizer and decoder algorithms [2,3]. The BCJR algorithm receives soft probabilistic
information regarding the input and produces a posteriori probabilistic information regarding the
output, and is aptly called a soft-input soft-output (SISO) algorithm. The availability of reliable soft
information at the input allows for more accurate a posteriori estimates to be produced at the output,

which improves overall system performance [5-7].

The equalizer can be designed by using the Viterbi algorithm (VA), also known as the MLSE al-
gorithm, which makes use of the min-sum algorithm to find the most probable transmitted se-
quence [2,4,23]. The VA performs optimally but, it is only able to produce hard estimates at the
output, and is therefore not an attractive choice when the equalizer is followed by a SISO decoder.
The VA can be modified to produce suboptimal posterior probabilistic information at the output, res-
ulting in the soft output Viterbi algorithm (SOVA) in [24], but because of its suboptimal nature the
overall system performance will also be suboptimal. Using the MAP algorithm, the equalizer is able
to produce optimal posterior probabilistic information regarding the transmitted information, which

can be exploited by the SISO decoder.
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While the VA and SOVA can also be used for decoding, the MAP algorithm is the algorithm of
choice when the output of the decoder is fed back to be used by the equalizer, a technique known
as turbo equalization [5, 6]. However, when the estimates of the uncoded transmitted symbols are
taken directly from the output of the decoder, ie. when no turbo equalization is performed, the MSLE

algorithm will suffice.

Joint equalization and decoding can be performed by MLSE or MAP algorithms and by employing
a super-trellis, as shown in [14], given that the depth of the interleaver is limited by computational
complexity limitations. The joint equalizer and decoder achieves optimal non-iterative equalization
and decoding. Since the input of the joint equalizer and decoder is ISI-corrupted coded transmitted
symbols, and the output is the equalized and decoded symbol estimates, no posterior probabilistic
information is required at the output. Therefore the MLSE algorithm can also be used. The MAP
algorithm will perform just as well, albeit with approximately twice the computational complexity.
It has also been shown in [25] that joint decoding of turbo codes can be done on a super-trellis as

well.

Fig. 2.1 shows a block diagram of the communication system considered in this chapter. The source
information is encoded, after which an interleaver is used to separate adjacent coded bits tempor-
ally. The coded bits are mapped to modulation symbols chosen from a modulation alphabet 2, after
which the symbols are used to modulate the carrier before transmission. The transmitted information
passes through a multipath white Gaussian noise channel and is received by the receiver antenna.
After reception the signal is demodulated and matched filtered in order to produce a received symbol
sequence. The CIR is estimated using a number of known pilot symbols, and is provided as input
to the equalizer together with the received symbol sequence. The equalizer reverses the effect of
the multipath channel and produces optimal symbol estimates (MAP) or an optimal sequence estim-
ate (MLSE) regarding the transmitted coded bits after interleaving. The output of the equalizer is
deinterleaved and provided as input to the decoder, which produces optimal estimates regarding the
uncoded transmitted information in the form of log-likelihood ratios (LLR), which are mapped back
to bits to produce a final estimate of the source information. When joint equalization and decoding
is performed, the equalizer, deinterleaver and decoder are replaced by one functional block, as in-
dicated by the dashed line around these functional blocks. Equalization and decoding are performed

simultaneously, producing LLR estimates of the source information at the output.

Since the subject of this thesis is turbo equalization, equalization, decoding and joint equalization
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and decoding will be discussed in the context of the MAP algorithm, but for completeness the MLSE
algorithm will also be discussed. The MLSE and MAP algorithms are discussed next, after which

these algorithms will subsequently be related to equalization and decoding.

T TX
S, c, ¢ .| Bits-to- ¢ R
Source Encoder 11 symbols Modulator
A\ ; A\
r Rx
Demodulator 1
- L] s B - _
S Slek))i(:lsto S Decoder <G H « ¢ Equalizer j
! 4
T h | Channel
Estimator

Figure 2.1: Wireless communication system block diagram.

2.1 THE MLSE AND MAP ALGORITHMS

The MLSE and MAP algorithms are used for equalization as well as for the decoding of convolu-
tional codes [1-4,23]. The MLSE algorithm is able to optimally estimate the most probable sequence
of transmitted symbols/codewords (depending on equalization/decoding), while the MAP algorithm
exactly estimates the probability of each transmitted symbol/codeword. These algorithms are under-

pinned by Bayes’ rule of conditional probability, which states that

—d ™Y dy=d ™
P(dt e d(m)’rt) e P(dl d ;I(Jr(r) ‘d d )
P(di=d")P(r;|d;=d") 2.1)

M P(dy=d")P(r|dy=d™) ’

n=1
= BP(r|d, =d™)
where P(d; = d(’")) is the prior probability of transmitting symbol/codeword d™) at time instant ¢.
For equalization, the symbols d () are chosen from a given modulation alphabet Z of size M, where
m=1,2,....M, and for decoding, codewords symbols d™ are chosen from a list of M possible
codewords. Since it is assumed that the received symbol/codeword sequence is corrupted by white

Gaussian noise, the probability of receiving r; and time instant ¢ having transmitted dt(m), is expressed
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as [1-4,23]
m) 1 NG
P(rld =d™) = — S 2.2
(rl’ 1 ) o exXp 262 ) ( )

where o is the noise standard deviation and A,(m) is a cost function for the purpose of minimizing the

Euclidean distance between the received symbol/codeword and the symbol/codeword to be estimated,
which will be discussed in Section 2.2 and Section 2.3 respectively for equalization and decoding.
Since P(d, = d"™) and P(r;) are independent of the choice of d™), they can be absorbed into a

normalization constant 8, which, since Y, P(d, = d"|r;) = 1, can be expressed as

1
w1 P(dy =d™|r;)

B = (2.3)

In order to apply Bayes’ rule over a transmitted block of N symbols/codewords, the product rule can
be used to express (2.1) for a sequence of length N such that
P(d] ,dz, v ,dN|r1,r2, ceuy I’N) = BP(I‘] ‘d] ).P(rz‘dz) ..... P(}’N‘dN)
Pr) = BILL, P(rld)
N 1 A{(m)
= BHI:I ( 2no eXp <_%'2>> ) (2-4)

_ B A
= Vzrop exp< 262

= (2io)NeXp(_%)

where any symbol/codeword d; in the symbol/codeword sequence d = {d,,d>,...,dy} can be sub-
stituted for any d (m) and where r = {r1,ra2,...,rn} is the received symbol/codeword sequence, and

A=YN A",
2.1.1 The Maximum Likelihood Sequence Estimation Algorithm

In 1972 Forney [1] showed that the VA [1,4,23], first developed by Viterbi in 1967 to decode con-
volutional error correction codes, can be used to determine the most likely transmitted sequence.
This is done by using a trellis, a special graph, or remerging tree structure, representing all possible
combinations of transmitted symbols, to determine the solution with the lowest cost through the trel-
lis. The sequence of symbols with the lowest cost maximizes the probability that said sequence was

transmitted, thus producing the optimal estimate for the transmitted sequence [1,2].

The VA, or MLSE algorithm, attempts to minimize the cumulative cost function A = Y~ A" in
(2.4), which in turn maximizes P(d|r) in (2.4). After minimizing A in (2.4), there is no sequence of

transmitted symbols/codewords that is more likely to have been transmitted. However, the probability
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of each estimated symbol/codeword in the sequence will not necessarily be maximized among all
possible transmitted symbols/codewords. As stated before, the MAP algorithm is used to calculate
exact posterior probabilities on each symbol/codeword. The min-sum algorithm is used to find the

MLSE solution and is discussed next.
2.1.1.1 The Min-Sum Algorithm

In order to perform optimal sequence estimation, the min-sum algorithm is used. Viterbi and Forney
in [1, 23] showed that the min-sum algorithm can be used by constructing a trellis and tracing a
path, corresponding to the most likely transmitted symbol/codeword sequence through the trellis.
The min-sum algorithm allows for the elimination of more costly contending paths at each state on
a trellis, thereby greatly reducing the computational complexity due to complete enumeration. For
equalization, there will always be MZ~! possible paths at every stage in the trellis, where M is the
modulation alphabet size and L is the channel memory length. Similarly, for decoding, there will
always be 25! remaining paths at every stage in the trellis (if convolutional encoding is performed
in GF(2)), where K is the encoder constraint length which introduces memory to the transmitted
codewords. M1 and 2X~! also correspond to the number of respective states in the trellis for each

time instant ¢, for the equalizer and the decoder.

Fig. 2.2 shows a trellis with ML~! = 2K=1 = 4 states, corresponding to an equalizer used in a system
where a BPSK modulated symbol sequence of length N is transmitted through a multipath channel
with a CIR of length L = 3, or to a decoder used to decode a coded sequence of N codewords where a
convolutional encoder with constraint length K = 3 is used. The trellis is initiated by assuming that it
starts at state S at time instant = O and it is terminated at state S; at time instant ¢t = N. For equali-
zation, each state represents a unique combination of modulation symbols s, where m = 1,2,... .M,
from a modulation alphabet Z of size M, and for decoding each state represents a possible codeword
at the output of the convolutional decoder. The edges, or transitions from state S;, i = 1,2,3,4 at time
instant ¢ to any other state S;, j = 1,2,3,4 at time instant ¢ + 1 describes the likelihood of this occur-
rence, which will be a maximum if the cost function A,(m) in (2.2) is a minimum. Table 2.1 shows the

values associated with states S;, j = 1,2,3,4 for equalization and decoding respectively.

For equalization, each state will have M incoming transitions (from the left), while there will be two

incoming transitions for decoding.! But as stated above, there will only be 26! = 2K~ — 4 remaining

't is assumed that GF (2) decoding is used as usual.
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Figure 2.2: Trellis diagram.

Table 2.1: Equalizer/Decoder state values

St S, S3 S4
Equalizer 1,1 -1,1 | 1,-1 | -1,-1
Decoder -1,-1, | 1,-1 | -1,1 1,1

paths at each time instant in the trellis, which means that all but one path has to be eliminated at each
state. To eliminate more costly paths at each state in the trellis at time ¢, the cumulative cost function
A= Zﬁ\’: 1 At(m) in (2.4) is calculated for all possible paths leading to the said state up to time ¢, where
the cost of the contending paths are compared, and the path with the highest cost (corresponding to the
lowest probability), is eliminated. Therefore, at each state all the previous A; ;_,;’s are accumulated,

and where there are contending paths, the path with the largest accumulated cost is eliminated.

There will therefore be 2> = 4 surviving paths in each stage on the trellis for stages beyond ¢ =
2. When stages t = N —2 to t = N are considered, the number of allowed transitions decrease,
because of the known tail symbols at the end of the transmitted symbol sequence. For the last few
states in the trellis the contending paths are also eliminated, until only one possible path remains at
stage + = N. This path is then traced back to determine the most probable sequence of transmitted

symbols/codewords.

The MLSE equalizer/decoder produces outputs from a set of M symbols for equalization or from a
set of uncoded bits for decoding. These estimates are called hard outputs, since the estimates do not

contain any probabilistic information regarding the reliability of those estimates. The MAP equalizer
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can be used to produce probabilistic information as an indication of the reliability of the estimates.

The MAP algorithm is discussed next.

2.1.2 The Maximum A Posteriori Probability Algorithm

Following the development of the Viterbi MLSE decoding algorithm [23], the BCJR algorithm [3],
named after its developers L. Bahl, J. Cocke, F. Jelinek, and J. Raviv, also known as the MAP al-
gorithm, was developed in 1974, also for the decoding of convolutional codes. In the artificial intelli-
gence community this algorithm was developed independently by Pearl and is called belief propaga-
tion (BP) [15]. The MAP algorithm is able to produce the posterior probability of each symbol in the
estimated transmitted sequence, as opposed to maximizing the probability of the whole transmitted

sequence, as done by the Viterbi MLSE equalizer [1,2,4,23].

The aim of the MAP algorithm is to maximize the posterior probability distribution for each trans-
mitted symbol/codeword. While the MLSE algorithm assumes the prior probabilities P(d) of the
transmitted symbols to be equal, the MAP algorithm is able to exploit the prior probabilities P(d),
if necessary, in order to enhance the quality of posterior probabilistic information on each individual
transmitted symbol. Like the MLSE algorithm, the MAP algorithm uses the model in (2.4) on a trellis,
but unlike the MLSE algorithm, the MAP algorithm propagates the transition probabilities forward
from past states to future states, as well as backwards from future states to past states, after which the
marginalized probability for each estimated symbol/codeword d; is produced, given past and future

information. That is [3,26]

N
P(d,=d™|r)= Y P(dr) (2.5)
ittt
where again d", m = 1,2, ..., M, is the mth symbol chosen from a modulation alphabet & of size M

for equalization, or ™ is the mth codeword chosen from a list of M codewords produced by a convo-
lutional encoder for decoding, r is the received sequence, and N is the number of symbols/codewords

in the received sequence.

Referring to Fig. 2.2, the probability of a transition from state S;, | (at time # — 1) to state S;, (at time

1), wherei, j=1,2,...,M"! for equalizationand i, j=1,2,... 251 for decoding, is given by

®jit(Sji—1,8i¢) = BP(d; = d(m))P(rz|Sj,tfl,Si,t)> (2.6)
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where f3 is a normalization constant and P(r;|S;;—1,Si,) is given by

1 —A
P(rt‘SjJ_],Si’t) — Wexp (202> . (27)
By considering the relevant transition value? dg, P(dy;) can be written as [5, 6]
1 ~
P(d, = d(m)) = exp <2d§L(dt)> , (2.8)

where L(.) denotes the LLR operation and d; is an estimate of d;. Therefore, substituting (2.7) and
(2.8) in (2.6), yields

6 —A 1 ~
a)j*)i’t(Sijl,Si_’[) = WCXP <20_2 +exp <2d§L(dt)>> , (2.9)

which completely describes the probability of a transition from §;, | (or d;) at time t — 1 to S;; (or

d;) at time 7, based on all available information. Thus, for a transition labeled dg = 1 and L(d;) equal
to any large positive value,> P(d; = d™) will be large, confirming the transition. Similarly, for a
transition labeled dz = —1 and L(d,) equal to any large negative value P(d; = d™) will be large,
also confirming the transition. However, for a transition labeled d¢ = 1 and L(de ) equal to any large
negative number, or for a transition labeled d: = —1 and L(d,) equal to any large positive number,
P(d; = d"™) will be small. Thus, if the prior information L(d,) is in agreement with the transition
value dg, the probability of that transition will increase, confirming that transition. Otherwise, if the
prior information L(dy) contradicts the transition value de, the probability of that transition will be

decreased.

Propagating the transition probabilities @;_,;; (S i1 ,Si+) across the whole sequence from left to right
and from right to left respectively and marginalizing according to (2.5), will produce the posterior

probabilities of each estimated dj. The sum-product algorithm achieves exactly this [26].
2.1.2.1 The Sum-product Algorithm

The sum-product algorithm, also known as the forward-backward algorithm, uses the trellis in Fig. 2.2

to perform marginalization. This algorithm follows three steps [26]:
1. Determine the forward pass messages from left to right on the trellis.

2. Determine the backward pass messages from right to left on the trellis.

2dg € {-1,1} for BPSK.
3The magnitude of L(d;) gives an indication of the confidence of that estimate.
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3. Multiply, scale and accumulate (marginalize) probabilities at each stage of the trellis.

To determine the forward pass messages on the trellis, let a counter ¢ run from left to right (from 1 to
N) on the trellis and compute for each state in the trellis

Oig= Y, @ir(Sji1,8i)0s 1
Jj€Parent(i)

where j represents the parent states of the current state at stage i of the trellis and @;(S;j,—1,Si;) is
the probability associated with the transition from §S;; | to S;,. Note that o;o = 1. Similarly, to
determine the backward pass messages on the trellis, let a counter ¢ run from right to left (from N — 1
to 1) on the trellis and compute for each state in the trellis

B = Z 0j—i1(SjsSis+1)Bist

Jj€Parent(i)
where again j represents the parent states of the current state at stage i of the trellis and @, (S;;,Si/+1)
is the probability associated with the transition from S;; to S;,41. Note that 3;, = 1. Finally, the
exact marginalized symbol probability is determined by summing over all states at each time instant
¢ corresponding to a transition of either d¢ = 1 or dg = —1 such that

P(d; =1|r) = Z O 10jis(Sji—1,Si4)Bix (2.10)
J€Pareni(i),d: =1

P(d; =—1Jr) = Z O t—10j it (Sjr—1,Sis)Bis- (2.11)
J€Farent(i),de=—1

The MAP algorithm can also produce soft bits. The soft bits, also called LLRs, can be determined

by
_ P(d, =1]r)
L(s) =1 _— 2.12
(S[) 0og <P(d[:—l|r) ’ ( )
where the sign of L(d;) indicates whether d, = —1 or d; = 1, and |L($;)| is a measure of the confidence

of that estimate.

2.2 EQUALIZATION

A mobile communication system transmission channel is characterized by multipath and fading. Mul-
tipath is the phenomenon resulting from time spreading of the transmitted signal as it is transmitted
through the channel. Fading, on the other hand, results from time variations in the structure of the
transmission medium, causing the nature of the multipath channels to vary with time [2]. During

transmission, the transmitted symbols pass through the channel, which acts like a filter. The channel
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has a continuous impulse response, which is estimated at the receiver, to aid in the estimation of the

transmitted information.

Each coefficient, or tap, in the impulse response of a multipath fading channel is modeled as a con-
tinuous function of time, where each coefficient in the impulse response corresponds to symbol period
intervals ¢7;. As such, a tapped delay line is used to model the behavior of this channel, as shown in

Fig. 2.3. Fig. 2.3 indicates that the ¢th transmitted symbol s, is delayed by 7y seconds L — 1 times,

St

Ts

Ts

Ts

Ny

Figure 2.3: Tapped delay line for a multipath fading channel.

where L is the CIR length and 7 is the symbol period. Each delayed copy of s, is multiplied by hgt),

[=1,2,...,L—1, corresponding to the /th delay branch at time 7. Therefore, the ¢th received symbol

can be described by [1,2]

L—1
=Y hsi+n, (2.13)
=0

where 7, is the rth noise sample from the distribution .4 (14 = 0,62 = 1). Each h;t) is a sample
taken from one of L time-varying functions, where ¢ corresponds with the ¢th transmitted symbol and
l=1,2,...,L—1 is the CIR tap number. Each CIR tap is modeled as an independent uncorrelated

Rayleigh fading sequence, describing the fading behavior of that tap (see Appendix A).

If it is assumed that the CIR is time-invariant for the duration of a data block, (2.13) can be rewritten

as
L-1

re=Y s +ny, (2.14)
1=0
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where s; denotes the fth complex symbol in the transmitted sequence of N symbols chosen from an
alphabet & containing M complex symbols, r; is the tth received symbol, 7, is the rth noise sample
from the distribution .4 (4 = 0,062 = 1), and }; is the Ith coefficient of the estimated CIR. Equaliza-
tion is performed under the assumption that each CIR coefficient 4; is time-invariant for the duration
of a data block. The CIR h = {hg, hy,...,h;_;} therefore completely describes the multipath channel
for a given received data block, assuming that the data block is sufficiently short so as to render the
CIR time-invariant. The equalizer takes as input the received symbol sequence r as well as the CIR

h.

To estimate the transmitted sequence of length N optimally in a wireless communication system trans-

mitting modulated symbols though a multipath channel, the cumulative cost function in (2.4)

A = ¥V A
o (2.15)
= YV ln—Yr husi—l?
must be minimized [1,2]. Here s = {s1,s2,---,sy} is the most likely transmitted sequence that will

maximize (2.4). Although the minimization of (2.15) will maximize (2.4), the resulting sequence
estimates will only be optimal in the sequence sense. Depending on the application and whether the
equalizer is followed by a decoder, either optimal sequence estimation or exact posterior probabilistic

symbol estimation can be performed using the MLSE or MAP algorithms discussed above.

2.3 DECODING

In a mobile communication system the transmitted signal is subjected to energy losses due to mul-
tipath and fading as well as interference due to thermal noise, resulting in unreliable estimates of
source information in the receiver. In order to correct errors in the receiver, ECC is used to introduce
controlled redundancy to the source information. The decoder exploits the structure introduced to the
encoded symbol sequence by the encoder, to reconstruct the source information from the estimated

coded symbols, correcting errors while doing so.

ECC, also referred to as error control coding, plays an important role in digital communication sys-
tems. As the name suggests, ECC is used to allow for the correction of errors in the received symbol
sequence. EEC is performed by adding controlled redundancy to the information being transmitted.
Since the redundant information is mathematically related to the original information, errors can be
corrected [2]. Although the redundancy adds an overhead to the transmitted data, the performance

increase overshadows this drawback. During the last few decades, ECC has been the subject of much
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> ¢t
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c?

Figure 2.4: Rate 1/3 convolutional encoder.

research and significant contributions and advancements have been made.

One of the coding schemes considered in this thesis is convolutional encoding, as it is most often
used in turbo equalization. A convolutional code is generated by passing the information sequence to
be transmitted through a linear finite state shift register, consisting of K stages.* The binary input is
shifted into the shift register k bits at a time, producing n output bits. The code rate is therefore R, =
k/n. The encoder can be expressed in terms of n generator polynomials, describing the connections
between the states of the encoder shift register. Fig. 2.4 shows the rate R, = k/n = 1/3, constraint

length K = 3, convolutional encoder considered in this thesis.

The generator polynomials that describe the connections between the elements in the shift register are
given in sequence form as g; = [100], go = [110] and g3 = [011], which can also be written in octal
form as G = [4,6,3] or in polynomial form as G = [1,1+ X, X + X?]. For every input source bit s, the

encoder produces k = 3 output bits ct(l), ct(z) and ct(3), where

n  _

Ct = $

P = s@suy (2.16)
3

Cz() = St-1)DSi-2),

where @ is the exclusive OR operation. It is assumed that the encoder starts in the all-zero state for
every data block that is encoded. Also, the encoder is forced into a zero-state after the data block is

encoded by appending K — 1 zero bits to the data block. This is done to enable decoding using an

4K is also known as the constraint length.
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MLSE or a MAP decoder [3,4,23].

Each convolution encoder has a corresponding state diagram, which is used to map state transitions to
encoder outputs, which in turn are used to determine the most likely state transitions during decoding.
The state diagram of the encoder in Fig. 2.4 is shown in Fig. 2.5. Each state contains two bits
representing the two leftmost elements in the encoder shift register. As bits are shifted through the
encoder k = 1 bit at a time, transitions occur, with each state transition producing n = 3 output bits.
The dashed lines are associated with transitions resulting from a zero at the input of the encoder, and

solid lines are association with a one at the input of the encoder.

110 001

Figure 2.5: Rate 1/3 convolutional encoder state diagram.

The decoding of convolutional codes is closely related to equalization discussed in Section 2.2, in
that the min-sum (Viterbi MLSE) and sum-product (MAP/BCJR) algorithms can also be used for
decoding. The MAP algorithm is an attractive choice for use in iterative equalization/decoding al-
gorithms. It is attractive for two reasons: firstly because it includes prior probabilistic information in

the estimation, and secondly, because it provides soft posterior estimates regarding individual coded
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or uncoded symbols, which in turn can be used as prior information in subsequent iterations.

To decode a convolutional code using the MLSE or MAP algorithms discussed above, the cumulative

cost function in (2.4)

A= VA"
(2.17)
= XV Y =P
is minimized [1, 23], where r, = {rt(l), - ,r,(")} are the received coded symbols corresponding to
codeword ¢, = {ct(l), e 7ct(k)} at time instant ¢, selected based on the encoder output generated by the

relevant state transition.’> Here k is the number of output bits generated by the encoder. The MLSE or
MAP algorithms can be applied to find either the most probable transmitted sequence of codewords,
or the most probable transmitted uncoded and/or coded symbols. The output of the latter can be used

in a turbo equalizer as feedback to aid the equalizer in making more informed decisions.

2.4 NON-ITERATIVE JOINT EQUALIZATION AND DECODING
(NI-JED)

In conventional single-carrier wireless communication systems, where the coded information is trans-
mitted through a multipath channel, equalization and decoding, as explained in Section 2.2 and Sec-
tion 2.3, are performed separately. However, joint equalization and decoding can also be performed
on a single trellis when it is assumed that that the coded symbols are not interleaved before transmis-
sion, or that certain assumptions are made regarding the structure of the interleavers used to interleave

the coded symbols.

Interleavers allow for the temporal separation of adjacent coded symbols during transmission, so
that when burst errors occur in response to a loss of signal power during fading, the resulting errors
in an error burst will be distributed throughout the data block after deinterleaving. This leads to
performance gains in the receiver, as the equalizer and the decoder are able to infer information and
correct single errors more accurately, as opposed to correcting consecutive, or burst errors. Therefore
interleavers are employed in a wireless communication system where the transmitted signal is subject

to multipath and fading [2].

In [14] an optimal joint equalizer and decoder is presented, where the equalizer and the decoder

SDuring decoding, the output bits ¢; = {c,(l)7 .. 7c,(")} are made bipolar because the elements of ¢; are compared to

received symbols, and not bits.
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are jointly modeled on one trellis, a super-trellis according to [14], and a block interleaver is used
to interleave the coded symbols before transmission. The computational complexity of this joint
equalizer and decoder, however, is not only exponentially related to the channel memory length and
the encoder constraint length, but also to the interleaver depth. The interleaver depth determines the
degree of separation between the coded symbols, which has a direct effect on system performance.
In order to improve system performance, the interleaver depth has to be increased, which results in
an exponential increase in computational complexity. Ideally a random interleaver should be used
for maximum performance gains, but a random interleaver has a devastating effect on the causality
relationship between transmitted and deinterleaved received symbols. This joint equalizer/decoder
is therefore only feasible when limited depth block interleavers are used. Joint equalization and
decoding using a super-trellis is discussed next, first for systems where no interleaving is performed,

and then for systems where depth-limited interleavers are used.

2.4.1 No Interleaving

Noting the striking similarities between MAP equalization and MAP decoding in Section 2.1, a pos-
sible joint equalization and decoding algorithm can be envisioned. In order to equalize and decode
a received symbol sequence jointly, the cumulative costs for equalization in (2.15) and decoding in
(2.17) must be combined in order to equalize while decoding. Either the MLSE or MAP algorithms
can be used for this purpose, since the super-trellis encapsulates all the available information and
therefore no exchange of information between equalizer and decoder is necessary. No prior informa-

tion is therefore required when calculating state transitions on a super-trellis.

Consider a system transmitting noninterleaved coded information through a multipath channel of
length L. A rate R, = k/n constraint length K convolutional encoder is used to produce a sequence ¢
of coded bits of length N, from an uncoded bit sequence s of length N,. The number of super-trellis
states required to perform joint equalization and decoding is the product of the number of states of the
individual trellises required to perform equalization and decoding separately. Therefore the number
of super-trellis states is ME!MK—1 = ML=D+K=1) where M = 2 due to BPSK modulation as well

as GF(2) encoding.

When the MAP equalizer was considered, the probability of a transition from uncoded symbol s;
transmitted and time ¢ — 1 to s; transmitted at time ¢ was calculated (see (2.6)), and when the MAP

decoder was considered, the probability of a transition from codeword ¢; transmitted at time 7 — 1 to
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¢; transmitted at time 7 was calculated (although d; and d; were used instead for both the equalization
of symbols and decoding of codewords). When modeling the equalizer and decoder jointly, however,
transitions between super states are calculated on a super-trellis, where each state represents the un-
coded symbols that constitute a codeword, together with interfering symbols of previous codewords

due to multipath.

Suppose a communication system encodes a source bit sequence s of length N, with a rate R, =

k/n = 1/3, constraint length K = 3, convolutional encoder with arbitrary generator polynomials
H (2 @3 ) (2 @3 N (2 (34 -

g1 ={s1" .87 817} g2 = {e).65,85} and g5 = {515} ¢\ }. in order to produce a coded

bit sequence ¢ of length N, = N,,/R., which is BPSK modulated and transmitted through a multipath

channel with a CIR h of length L. The encoder produces the coded bit sequence

1 2 3 1 2 3 1 2 3 1 2 3
I I | O O IR B

of length N, from the length N, uncoded bit sequence

S = {51752---,SNM—1,SNM}-

2.4.1.1 Channellength2 <L <5

When the coded sequence is transmitted through a channel with lengths L =2, L =3 and L =4,

the respective resulting received sequences, without noise, can be expressed in terms of the coded

symbols
i o= Phy+ C(i)lhl
1 = P+ 2.18)
r,(3) = c,(g)ho + C,(z)hl
rt(l) = Ct(l)/’l() +Ct(i)1h1 +Ct(i)1h2
r = P+ (2.19)
1 = P+
and
rt(l) = Ct(l)ho + Ct(i)lhl + Cz(i)lhz + Ct(l)lh3
7P = ot Pihs (2.20)
r,(3) = C,(3)h0 + Ct(z)hl + Cl(l)h3 + C,(i)] h3
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which can respectively be expressed in terms of the uncoded symbols

3) (1 (2) (3)

A = @Vs @ePs 1 @es o)ho+ (s @ePs 2 ePs 3)
r,(2) _ (ggl)st@ggz)s,,l @gf)s,fz)hoJr(gi”st@gﬂz)sH @853)&72)}11 7 221)
Y= (g(Bl)St @ggz)stfl @g?)s,,g)ho + (ggl)st @ggz)s,q @gg)stfz)hl
for L=2,
r‘m - (ggl)s,@ggz)s,,1 @853)5#2)}104-(8%1)&71 @8%2)&4 @8?)&73)}11
+@8 i1 @8 s 208553
= (@) s o) s 8 s D+ (8 s 08 s @ s o)y (2.22)
+<ggl)sf—1 @ggz)st—Z @8?)&—3)}12 ’ '
P = (Vs eePs@eVs o )ho+ (8Vs @ g5 @l s o)y
+(g§l)sf 698g2)st—1 @g?)st—z)hz
for L =3, and
rf(l) - (gil)st 69z5’§2)5H @g?)sz—z)ho + (gé”s,fl @gf)stfz @853)&73)}11
(e 1@ s 2@l s Dm+(¢Vs 1@ Ps s @eYs 3)hs
B = (g s @ s @ s )ho+ (81 s D gt s @81 sy (2.23)
+(g§1)s,,1 @ggz)s,,z @98?)&—3)}12 + (gﬁ”sH @ggz)stfz @gf)sts)ha ’ '
1 = (s og s @8 s oo+ (85 s @ gy s @88 si o)y

+(8§1)5z @822)&—1 @8?)&—2)}12 + (ggl)sz_l @852)51—2 ®8g3)sr—3)h3

for L = 4. It is clear from (2.21) to (2.23) that each r; = {r,(l),rt(z), r,(3)} contains uncoded symbols
{s¢,8:—1,5—2,8—3}. The transition probability between superstate S ji—1 and S;; can therefore be
calculated, where S;, represents {s;,s;,—1,5—>} and S;,_; represents {s,_i,5—2,5—3}. The number
of super-trellis states will therefore be M = 23, as three symbols need to be represented by each

superstate. In order to express the number of states for 2 < L < 5 this author defines
0=1, if 2<L<A4. (2.24)

The number of super-trellis states can therefore be expressed as M = 22+(K-1) = 2(D+(2) = 23,
2.4.1.2 Channel length 5 <L <8

Transmitting the coded sequence

) 2 (3) (1) (2 (3 1 2 3 1) () 3
c:{cg),cg),cg),cg),cg),cg),...,cj(\,u)fl,cgvl‘)fl,cj(vu)fl,c,(\,j,cl(vu),c,(vu)}
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through a channel length L =5, L = 6 and L = 7 respectively, the received symbol sequences without

noise can be expressed as

rz(l) — C,(I)ho+cz(3)1hl +Ct(2)1h2+c 1
rz(z) = 2 )h0+Cz( )hl +C( ) h2+c
rz(3) = c,( )ho+Cz( )hl +Ct( )h3 +c,_1

A — cDhgte® e )

hy+c¢, " ha+c,”

rt(z) = Ct( )ho—t—c( )hl—f—c( )hz-l-cf )1h3 +c

(3)

and

rt(l) = c,( )ho+c()h1+c()h2+cl( )1h3+c
rt(2) = Ct( )h()—i-C( )h1+C()h2+C()h3+c

n = Vot ePhy+ s+ P+

(2) 3)

As before, expressing r; = {r, .1, 1"’ } above in terms of the uncoded symbols, one gets

M _ (2) (3) (1)

2
T = (gl S Dg ' si-1Dg Szfz)h0+(g3 Si—1Dg

+(g"

+(gs 2@l

(2) 3) (1)

3)

53D g5 Si—4)h4

i - (ggl)sf@gg)sH @g?)spz)hw(gg”st@g

—i—(ggl) (2) 3) (1)

+(g§1)Sz @g?)stq @853)&72)}14

(1) 2 3) (1)

(1) (2) (3) (1)

2
+(g1 s Dg si—-1Dg Sz—z)h2+(g3 Si—1Dg

+(g§1)s,_1 ©® géz)s,_z S gg3)s,_3)h4

for L=35,

(1) (2) (3) (1)

2
o= (g s Dg si-1Dg) Si2)ho+ (g3 si-1Dg

(1) 2) (3) 1)

+(8y 'si-1D 8y 's12® 8y 's1-3)ha+ (g

(1) (2) (3) (1)

+(g3 st72@83 St-3 @83 Sz74)h4+(g2 St72@g2

B = (@ oe s 0 s )ho+ (s g

(1)

1 2 3 2 3
+(g§ )Szfl @g§ )St—z @g§ )s,,3)h2 +(g 'si-1D & Si2D g Si-3

(1) (2) (3) (1)

2
+(g1 S Dg| si—-1Dg Sth)h4+(g3 S 2Dg

h3+c

o= ¢ h0+ct( )hl +c,( )h3+ct(_)1h3 +c? -

t—1

2
S 108 St 2Dgy s1-3)ha+ (g 'si-1Dg

(2)

s @g§3)st72)hl

2
Si-1Dgy Si2Dgsy Si-3)ha+ (g, 'si-1Bg

o= (83 s DEgy si—1Dgy si—2)ho+ (85 st@gzstfl@gg))sth)hl

3
st—z@gg )St—3)h1
2
151-1Dg

o),

(2.25)

(2.26)

2.27)

(2.28)

(2.29)

(2.30)

2.31)

(2.32)
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rt(3> = (ggl)st @ggz)st_l @g§3)st—z)ho =+ (gél)st @ggz)st_l @gg)st—z)hl

+(g§1)Sz EBgEZ)SH @g?)spz)hz + (ggl)stq D ggz)st,Z @ gg3)st,3)h3 ) (2.33)

(1) (2) 3) (1) (2) (3)

3
(g5 5108 S12Dgy Si-3)ha+ (g, s g si—1Dg 8i-2)hs

for L=06,
Ty = (ggl)st@g?)stfl@8§3)5t72)h0+(83 Si—1D g3 Szfz@gg3)st73)h1

+(8§1)5t—1 @ggz)sz—z @gg)sz—ﬁhz + (gﬁ”st_l @gsz)sz—z @g§3)sz—3)h3

+(gé1)st—2 @ggz)sts @g§3)Sz74)h4 + (gg)stfz @ggz)sts @g§3)st74)h5

+(g§l)st72 @ 852)&73 @ 853)3174)1’!6

(1) (2)

(2.34)

r = (@ s e s 08 s o+ (s 0 gV s @ gV

+(gg1)Szfl @ ggZ)Stfz ©® g?)s,,g;)hz + (ggl)stq D ggz)st,2 &) g§3)s,«,3)h3

+(g§1)Sz @g(lz)SH @gﬁB)Sth)}M + (ggl)szfz @gg)&a Eng3)Szf4)h5

+(8§1)5t—2 2] 8&2)&—3 S5 823)

(2.35)

Si—4)he
rt(3> = (ggl)st @ggz)st_l @gg3)Sr—z)ho =+ (gél)st EBgéz)sH @g§3)st—z)h1

+(g§1)Sz @gEZ)SFl @853)&72)}12 + (ggl)SH %) ggz)szfz @ gg3)szf3)h3

+(8§1)St—1 & ggz)st—2 ® g§3)s,_3)h4 + (gﬁl)st @ g§2)st_1 @ gES)Sz—z)hs

+(ggl)st—2 S ggz)sz—3 S ggg)

(2.36)

Sz—4)h6

for L ="7. Tt is clear from (2.30) to (2.36) that for 5 < L < 8 r, = {rt(l),rt(z),r,(3)} contains
{st,8t—1,8-2,8-3,5—4}, necessitating super-trellis state S;; ; and S;, to represent respectively
{sr—1,8—2,8—3,8—a} and {s;,5_1,8-2,5_3} in order to calculate the transition probability. With

the new information, this author redefines Q in (2.24) as

1 if 2<L<5

0= .
2 if 5<L<8

The number of super-trellis states required for 5 < L < 8 is therefore M = 22T(K-1) = 2(2)+(2) —

24,
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2.4.1.3 Channel length L

Given any channel memory length L, encoder constraint length K, code rate R, = k/n = 1/3, the num-
ber of bits needed to be represented by a superstate can be determined by Q + (K — 1), where

(

1 if n—1<L<2(n—1)
2 if 2(n—1)<L<3(n—1)

3 if 3(n—1)<L<4(n—1)

g—1 if (g—1)n-1)<L<(g-2)(n—1)
q if gqn—1)<L<(q—1)(n—1)

K+1)

which in turn can be used to determine the number of super-trellis states by M = 20+( . Keeping

track of the ISI undergone by the coded symbols due to multipath, and replacing those symbols with

their corresponding uncoded symbols, a model for the received symbols can be derived.

The probability of a transition from superstate S;, | to superstate S;, is given by

O i (Sji—1,8i1) = P(rt(l)art(Z)art(3)|Sj,tflaSi,t)P(st)a (2.37)

which can be rewritten in terms of the uncoded symbols represented by each state

wjﬁi,t(sj,tflasi,t) = P(Vz(l), rt(Z)a ”1(3) |St,8t—1, - 7St—10g2(M))P(Sl‘)7 (2.38)
where
k
m (2 06) 1 —Yio1Ai
P(r, /7 m |stast71a'-'7st—10g2(M)) = N ( 2162 . (2.39)
A;; can be determined by minimizing the receiver equations such that
A — 1y (1) (2) (3) )|’
1= rt Z l(gu St—m D 8u " S(t—m)—1 D &gu " S(t—m)
2
Aoy = | = X (@ s @ 7 s(y-1 @ 8V sy 2)’ , (2.40)
2
Az; = ”t ZZL()lhl( Sv)st o@gl(/v)s(t 0)— 1@g£v)s(t 0)— 2)‘
where
1 if 1=0,n2n,...
u=49 3 if I=1n+12n+1,...,
2 if 1=2n+23n+1,...
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andv=((u+1) mod3)+1andw = ((u+2) mod3)+1. Also m, n and o starts at 0 and increases
by 1 each time uncoded symbols from the previous time instant are used to create the coded symbol

interfering with the current received symbol such that

;

0 if [=0

1 if 1=1,2,3
m = s

2 if 1=4,5,6

3 if 1=17,8,9

0 if [=0,1

1 if 1=23,4
n= s

2 if 1=5,6,7

3 if 1=8,9

)

0 if 1=0,1,2

1 if 1=3,4,5
0= .

2 if 1=6,7,8

3 if 1=9

Finally, since there are always only two equiprobable codewords that can follow each codeword,

P(s;) = 0.5. Therefore,

L (—XhAu
O i (Sji—1,8i) = 2\/2—7w< 2162 = (2.41)

which completely describes the transition from state S;; 1 to S;,.

The model derived for the NI-JED without interleaving can be used to jointly equalize and decode
BPSK modulated coded information transmitted through a multipath channel with CIR length L,
where the convolutional encoder has constraint length K and the code rate is R. = k/n =1/3 . This
model can be extended for higher order modulation alphabets, larger encoder constraint lengths and

different code rates.®
2.4.1.4 Computational Complexity

The computational complexity is determined by counting the number of computations performed for

each received data block, and expressed in terms of the uncoded block length N, the CIR length L and

6Joint equalization and decoding using a higher order modulation alphabet will require convolutional encoding to be

performed in GF(M), where M is the modulation alphabet size.
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the encoder constraint length K and the modulation alphabet size M. The computational complexity

of the NI-JED without interleaving, for the MLSE and MAP algorithms, is determined by
CCyse = O(8KLN,M2K~1) (2.42)

and

CCyap = O2NM2H K= (8KL +6)). (2.43)

Fig. 2.6 shows the normalized computational complexity’ of this joint equalizer and decoder, em-

1 018

—o— M=2K=2
—5— M=2,K=4 ]
—&— M=2,K=6
— 65— M=4K=2
— 55— M=4K=4 g
I —4— M=4,K=6

M=16,K=2
M=16,K=4

=
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N
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Figure 2.6: Non-iterative MLSE joint equalizer/decoder normalized computational complexity

(without interleaver).

ploying the MLSE algorithm, for a CIR length of L =2 to L = 10, constraint lengths K =2, K =4
and K = 16, and modulation alphabet sizes of M =2, M =4, M = 16 and M = 64. Fig. 2.7 shows the
complexity of employing the MAP algorithm for the same parameters, where the respective complex-
ity curves are only slightly higher than their corresponding MLSE complexity curves in Fig. 2.6. It
is clear that the computational complexity grows exponentially with an increase in channel memory,
encoder constraint length and modulation alphabet size, and it should be clear that computational
complexity for long channel memories and large encoder constraint lengths is too high for feasible

implementation.

"The computational complexity is normalized by the number of coded transmitted symbols N,.
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Figure 2.7: Non-iterative MAP joint equalizer/decoder normalized computational complexity

(without interleaver).

2.4.2 Block Interleaving

In [14] it was demonstrated that equalization and decoding can be performed jointly by transforming
the convolution decoder trellis into a super-trellis, and then using this super-trellis to perform equali-
zation while decoding. This is a novel idea in the sense that all the available information is processed
as a whole, and there is no exchange of information between independent subunits. This approach
achieves optimal performance, because all calculations on the super-trellis are performed with com-
plete information. The only limitation is that the interleaver has to be a block interleaver and that this
interleaver has a certain depth limit due to the exponential relationship between the interleaver depth

and the computational complexity.

Contrary to this approach, turbo equalization makes use of two independent subunits, namely a MAP
equalizer and a MAP decoder, with each unit being supplied with information regarding the decisions
made by the other unit [5-7]. This results in assumptions and estimations being made by the respect-
ive subunits based on incomplete information, which in turn results in suboptimal calculations during
subsequent iterations, ultimately leading to suboptimal performance. Only by iteratively exchanging

extrinsic information between the equalizer and decoder, where this information is used as prior in-
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formation on the calculations in the next iteration, can the performance be increased. However, the
turbo equalizer is not limited by the structure of the interleaver, since interleaving and deinterleaving

are performed during each turbo iteration.

It was shown in [14] that the NI-JED performs optimally and therefore outperforms the turbo equali-
zer, but its computational complexity grows unimaginably as the interleaver depth and the CIR length
increase. Despite the excellent performance of the NI-JED, it is not a viable solution for practical
systems. Although the computational complexity of a CTE is not as high, it is still exponentially
related to the encoder constraint length, as well as the channel memory length, but it is not influenced

by the structure of the interleaver.

In this section this author attempts to derive a general model for the NI-JED proposed in [14], which
can be presented as a function of encoder constraint length, interleaver depth and channel memory
length. The authors of [14] were very vague as to how the algorithm functions. After explaining
the effect of the interleaver on the coded information bits, and the subsequent effect after passing
the information through a multipath channel, they simply show that the received symbols contain
the uncoded information bits, and state that the MAP algorithm is “invoked.” Nothing is said about
the fact that the received symbols have to be deinterleaved, nor is it explained how the probabilities
between state transitions are determined. The author of this thesis therefore presents the NI-JED for

various interleaver depths and then derives a general model.

Suppose a communication system encodes a source bit sequence s of length N, with arate R, = k/n =
1/3, constraint length K = 3, convolutional encoder with generator polynomials g; =4 (100,), g2 =6
(110,) and g3 = 3 (011,) in order to produce a coded bit sequence ¢ of length N, = N, /R., which is
interleaved using a block interleaver, BPSK modulated and transmitted through a multipath channel
with a CIR h = {hg,h;} of length L = 2. The encoder produces coded bits ¢; = {ct(l)ct(z)c,(3)} from

the uncoded bit s;.
2.4.2.1 Interleaver Depth: D=n=3

When using an x N, interleaver, as shown in Fig. 2.8, the coded sequence

o2 3 (1) 2 3 1 2 3 ) 2 3
c= {cs ),cg ),cg ),cg ),cg ),cé ), ...... ,c](\,u)_l,c,(vu)_l,cl(vu)_l,cl(vu),cl(vu),cl(\,u)},
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&) () @ 1 @ 1) @
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C1 Cy C3 Ca CNu-2 | CNu-1| Cnu
(©)} (©) (©) @ (©) (©) (©)
Ci | Co | C3 | C4 CNu-2 | CNu-1| Cnu

Figure 2.8: n x N, interleaver.

is transformed to

c= {cgl),cg), e ,c[(i)l,cl(vl)c(lz),cgz), e 761(\%)—1761(\2)7653)’023)7'“’CI(\?,,)—I’CI(%,)}

before transmission, grouping all the first, second and third encoder output bits together after in-
terleaving. During transmission the interleaved coded symbols travel through a multipath channel

h = {ho,;} of length L = 2 and are received, as shown in the graphical model in Fig. 2.9.%

The noiseless received symbols can therefore be expressed in terms of the interleaved coded sym-

bols

(1) (1)

= c,1 ho+c¢,
r,(z) _ Ct(z)ho + C,(i)lhl , (2.44)
r,(3) = c,(3)ho + c,(i)l hy
fort =1,2,...,N,, which in turn can be expressed in terms of the uncoded bits
rt(l) = sho+s—1h
K = (s ®s)ho+ (s @52 - (2.45)
r,(3) = (S—1 Dsi—2)ho + (512 D s—3)hy

From (2.45) it is clear that {s,,s;_1,8—2,5_3} is contained in r = {rt(l),rt(z),rt(3)}. Therefore, the
received symbol sequence r must be deinterleaved before joint equalization and decoding can com-

mence.” Deinterleaving r will result in the sequence

1 1 1 1 2 2 2 2 3 3 3 3
r— {rg ),ré )>""r1(vu)—1vr1(v,,)’r§ ),rg ),...,rl(\,u)fl,rj(vu),rg ),rg ),...,rl(vu)fl,r](vu),}

being transformed to

1 2 3 1 2 3 1 2 3 2 3
po (A2 A0 0D e e @)y

8Note that the channel coefficients are not shown in Fig. 2.9.
9This step in not mentioned, nor implied in [14], but has been inferred by the author of this thesis.
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Figure 2.9: Graphical model for a system with a rate R. = 1/3 convolutional encoder, a 3 X N,

block interleaver and L = 2.
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from which it is clear that all r = {r,(l), rt(z), rt(3)} are adjacent and can be used to estimate s; using a

trellis-based algorithm, assuming {s;_1,5;_2,5—3} is known from previous states.

The NI-JED uses the sum-product algorithm,'® as explained in Section 2.1.2.1, and the number of
super-trellis states are determined by the interleaver depth (D), the channel memory length (L — 1)
as well as the number of encoder memory elements (K — 1). Since BPSK modulation is used, the
number of states in the super-trellis is M = 2D(L-1)+(K-1) [14]. Therefore M = 8. The number of
states can also be determined by the range of source bits contained in (2.45) minus one, since the
trellis has to model state transitions {s;—1,8;—2,5:—3} to {s;,s,—1,5;—2}, which when combined yields

{¢y8.1,5—2,5—3}. Therefore the number of states can also be determined by M = 241 =38,

The task of the NI-JED is to produced the maximum a posteriori probability of each uncoded source

symbol at time ¢ from the deinterleaved received symbol sequence, or

Ne
P(sr)= Y P(s|r). (2.46)

sttt

The probability of a transition from state S;, | to state S;,, where i, j = 1,2,...,M is given by
n (2 3
0jsia(Sj1,8:) = Pt r¥ 181,810 Plso), (247)

where the symbols associated with states Sj,—1 ({s;—1,5—2,5-3}) and S;; ({s;,8—1,5-2}) can be

combined so that

@4 (Sj—1,80) = PO i s st 5122, 5-3)P(sy), (248)
where
M 0 0 L (L=t
, o _ 2.49
(rt N PN O ’Sl‘,st 1,8t—2,5¢t 3) \/EG < 262 ( )

A;; can be determined by minimizing the receiver equations in (2.45) such that

2
Mg =i —xhd s )|
) L—1 2
Doy =1 =X Py (si-1 @S(I—l)—l)‘ ) (2.50)
(3) L1 2
Asy =1 =X 20 hi(sg—1)— @s(t72)71)‘

where the calculation of each A;;,i=1,2,...,nis determined by the structure of the encoder. Finally,

since there are only two equiprobable bits that can be transmitted, P(s;) = 0.5. Therefore,

1 =Y Ay
wj—)i,t(Sj,t—l,Si,t)Zz\/ﬁcy( 2162 =), (2.51)

which completely describes the transition from state S; ;1 to S;;.

10The min-sum algorithm can also be used.
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2.4.2.2 Interleaver Depth: D =2n=26

In the above explanation the depth of the block interleaver was D = n. It is subsequently assumed
that an interleaver with depth D = 2n is used. Applying the 2n x N, /2 interleaver in Fig. 2.10 to the

coded symbols

1 2 3 1 2 3 1 2 3 1 2 3
I I B IO S O I

transforms it to

B B IR O R I
cgl),cg]),. .. ,c,(\}c),cgz),cf), .. .,c,(\i),c?),cf), ... ,cl(\i)}.
(2.52)
The received symbols can be expressed in terms of the coded symbols
n = dVhy+ e
r = Phg+chm 2.53)
”z(3) = 01(3)ho + C,(i)zhl
where t =1,2,...,N,, which in turn can be expressed in terms of the uncoded bits
rt(l) = sho+si_2h
PP = (s ®sDho+ (52 @s3)h - (2.54)
P = (s ®sa)ho+ (3@ sia)h

Comparing (2.53) and (2.54) with (2.44) and (2.45) respectively reveals that the system memory has

doubled with a twofold increase in interleaver depth (from D = n to D = 2n).

&l & Che-a | Ot
c(f) c(32) c(52) C(lsl)u-3 C(ri)u-l
c(f) c(? 0(53) 77777777 C(ﬁl)u-s C(lfl)u-l
c(zl) c(i) C(é) C(nll)u-z C(nll)u
0(22) cf) cg) C(il)u-z C(ri)u
C(23) cf’) 0(63) C(il)u-z C(ri)u

Figure 2.10: 2n x N, /2 interleaver.
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As before, the received symbol sequence r must be deinterleaved. Deinterleaving r will result in the

sequence
1 (1 1 2) (2 2 3) (3 3
ro= (WA YY)
1 (1 H (2 (2 2) (3) (3 3
AV DAL 008 ey
being transformed to
n (2 (3 (1) (2 . 1 2 3 ) (2 (3
r= {ri ),rg ),ri ),ré ),ré ),rg ), ...... ,rl(\,u)fl,rl(\,u)fl,r](vu)fl,rl(\,u),rl(\,“),rl(vu)},

which ensures that all r = {r,(l),r,(z),rtm } are adjacent and can be used to estimate s;, assuming that

{St—1,8—2,8—3,5:—4} is known from previous states.

As explained earlier, the number of super-trellis states can be determined by the range of source
bits in (2.54) minus one. Counting the range of source bits, minus one, gives the number of states
M =251 = 16. Alternatively the number of trellis states can be determined by M = 2P(L-1)+(K-1)
which gives M = 22(0+2 = 16, Therefore, for an interleaver with depth D = 2n, the calculation of

state transition probabilities will require four bits per state.

As before, the probability of a transition from state S;, 1 to state S;;, where i, j = 1,2,...,M is given
by
H (2) (3
Oji4(Sje1Sie) = P (814 1,810)P(sy), (2.55)

which can be written as

wj—)i,t(Sj,t—I;Si,t) :P(rt(1)7r1§2)7rt(3)‘stast—17St—27st—3asl‘—4)P(st)7 (2.56)
where
1 =Y A
P(r[(1)7rl§2)7rz‘(S)‘shsl‘—]751—27sl—37st—4) - 27[6 ( 5612 l/t> . (257)

A;; can be determined by minimizing the receiver equations in (2.54) such that

2
Ay = Vz(l) -Yi hl(st—ZI))‘
) L—1 2
Aoy =11 =X 20 (s @S(z—l)—ﬂ)‘ : (2.58)
(1) L-1 :
Asp = =X 20 hi(sg—1)—u @3(172)721)’

By comparing (2.58) and (2.50), it is already clear that the interleaver depth has an effect on the
computational complexity of the NI-JED. Apart from the increase in the number of super-trellis states
as a function of interleaver depth, this is the only part of the algorithm that is different from when the

interleaver depth is D = n. Therefore, the transition probabilities are calculated as before.
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2.4.2.3 Interleaver Depth: D =3n=9

In order to derive a general model for the NI-JED, the system parameters with different interleaver

depths are analyzed. Here it is assumed that the 3n x N, /3 interleaver in Fig. 2.11 is used. Interleav-

ing the coded symbols

1 2 3 2 3 1 2 3 2 3
I IR B IO S L I

with a 3n x N, /3 interleaver, will result in

1 1 1 1 2 2 2 2 3 3 3 3
R Y R B IO I R B
1 1 1 1 2 2 2 2 3 3 3 3
I BTN R IR B
I I C R N N I R

Again the received symbols can be expressed in terms of the coded symbols

i = (Vhg+ e
i = ¢Pho+cyn
i = Cz(3)ho+c,(i)3h1

where r = 1,2,...,N,, which can be expressed in terms of the uncoded bits

r = Sth() —|—St73hl
nY = (51 ®si-2)ho + (-2 D si—s)hy

(2.59)

(2.60)

from which it is clear that the system memory is once again affected by the increase in interleaver

depth.
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c(ll) c(i) c(71) C(l\ﬁ-S C(NlL-z
@ @@ Chivs | CNu-2
AR Ches | Ch2
;| 65| Chiea | CNkL
;| G5 | Cg | Chr4 | CNL
C2| ¢5 | g Chu4 | CNUL
5| 65| & Ca| Ch
@ Pl @ Ca| Chus
cs'| ¢5 | 5 Cha| O

Figure 2.11: 3n x N, /3 interleaver.

Deinterleaving r

(1 (1 (1) (2 (2 (2 2 03 03 3 (3)

R B T R RPN | PSS IOY Y RPN s TSP N o I I LTI v SO
1 1 1 1 2 2 2 2 3 3 3 3
K | IS BN IR ORI
rél),rél),rél),...,rl(\,lu),rgz),réz),réz),...,rl(\,zu),r?),r(‘%),rg),...,rl(\?u) }
results in
o2 3 (1) 2 3 1 2 3 ) (2 (3
r= {rg ),rg ),rg ),ré ),rg ),rg ), ...... v’”I(v,,)fp’”l(vu)fla’"J(vu)flv’”z(\/u)vrl(vu%r/(\/u)}v

which ensures that all r = {r,(l),rt(z),r,(3)} are adjacent and can be used to estimate s;, assuming that

{St—1,81—2,5—3,5—4,5 5} is known from previous states. Therefore the number of super-trellis states
for an interleaver depth of D = 3n and channel memory length L — 1 is M = 2P (L=1)+(K=1) which gives

M =23+2 =13,
The probability of a transition from state S; ;1 to state S;;, where i, j = 1,2,...,M is given by
) (2 (3
©jia(S1a-1.510) = P(ri ) rV184-1.80)P(s1). 2.61)
which can be written as

wj%i,t(Sj,tthi,t) = P(’}(]),r,f(2)7Vt(3)|5t75t717St7275173,St74,Sz—5)P(Sz)- (2.62)
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where
) (2 3 1 — YA
P(rt( )7rt( )Jt( )\Sz,Sz—l,Sz—z,Sz—3,Sz—47Sz—5) = Joro ( 21012 l") . (2.63)
A;; can be determined by minimizing the receiver equations in (2.54) such that
2
1 _
A= r )—):lL:ol hl<st731))‘
0y ? (2.64)
Aoy = |1 =X 0 hi(si—31 D s(—1)-31) : :
2
1 _
Az = Y =Y hulsg—1)-x @8(172)731)‘

2.4.2.4 Interleaver Depth: D =dn

After deriving the NI-JED for various interleaver depths it is now possible to present a general model
for this algorithm for any nk x N,/d interleaver. Even though the channel memory length L — 1
remained fixed at L — 1 = 1, and the number of encoder output bits remained fixed at n = 3 throughout

the analysis, it is easy to generalize the model for any L and n, as will be shown.

When an nk x N, /d interleaver is used to interleave the coded symbol sequence

1 2 3 1 2 3 1 2 3 1 2 3
N I IR B IO S O

encoded with an encoder that produces 7 output bits, the result will be
m (M (1) @ (2 (2 2) (n) (n)  (n) (n)

_ (1) . . . .

c={ ¢ g C142d7 N —(d—1) €1 Clgd 14247 CNy—(d—1) €1 Clgar Cl42d7 9 CN—(d—1)
() (1) (1) (1) 2 2 (2 (2) () (n)  (n) (n)
5 ’62+d7‘1+2d7'"7‘Nu7(d72)’°2 1€ drCaradrCN—(d—2) 2 €2 762+d762+2d""’CN“—(d—2)7"'
1 (1 (1) (1 (2 (2 2 (2) (n) (n) (n) (n)
Cq  CararCatad - CN,1Cd sCararCaradrCN, - €a +CaiarCaradr- - CN, 1

Transmitting the interleaved code symbol sequence through a multipath channel with a CIR length
of L, where the encoder produces n output bits at a rate of R, = 1/n, the received symbols can be

expressed in terms of the coded symbols

2 2 2 2 2
n = aPho+ et Ct(—)(L—l)dhL*1 (2.65)
rl(n) = Cl(n)h() + Ct(’i)dhl + Ct(i)Zdhz +...+ Ct(r_l)(L_])dthl
which can be rewritten as
1 L-1) (1
rz( ) = Yo ) Ct(f)ldhl
(2 _ yL-1D ()
= Yo ¢ (2.66)
L-1) (3
"t(n) = Yo ) Cgf)zdhl
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which can be expressed in terms of the uncoded bits

A= Y 0 ((g1 s zd)@(g(IZ)S(t—m—zd)69(g?)s(t—z)—zd)69-~@(ggK)S(z_(K_l))—ld))hz
WD = D (V) @ (62 3 () P
i 1~ (83 'st-1a) (83 'S(1—1)-1a) © (83 'S(1—2)—1a) B --- B (&2 s(z—(K—l))—ld)) I 267
A= v (s ld)@(81(12)5(1—1)7111)@(81(13)5(1—2)7111)@”~@(8£1K)s(z—(1<71))7ld))hl
where K is the encoder constraint length and generator polynomials g; = {gil), ggz) yeens gEK)}, g =
{gél) , ggz)’ . ggK)} and g, = { gg,l), g,(f) feees gE,K) }. Deinterleaving r will result in the sequence
1 1 2) () (2 2 n
r={ ’5 )7r5-2d’r§-22d"'"rZ(Vu)—(dfl)Jg )7r§-2d>r5422d7"'7r1(v,,) (d—1)""" 5 ri—gd7r§-&22d’ ) 1(\]“)—(11—1)7"'
) o1 (1 ! 2) () (2 2 n
”é) ”£+)d7’§+>2¢17“'7”1(\/“>_(d_2)7r§ )7r§-2d’r£+)2d7 > 1(\13 (d-2)""" é) ’éﬁdv’gﬁzw " z(vu)_(d_z)v“
1 1 1 1 2 2 2 2 n n n n
LI O DN

being transformed to

n 1 n 1 n 1 2 3
r={n ,...,rg ),ré ),...,ré ), ...... ’rl(vu)flv"'7”1(\/“)717’"1(\/“)7ri(\/u)’FI(\/L,)}v

from which it is clear that all r = {r,(l), ey rt(")} are adjacent and can be used to estimate s, using
a trellis-based algorithm, assuming {s;_1,s,—2,8-3,... ,s,_(D(L_1)+(K_1))} is known from previous

states. The number of super-trellis states for an interleaver depth of D = dn, channel memory length

L— 1, and encoder constraint length K, is M = 2PL-1)+(K-1),

The probability of a transition from state S; ;1 to state S;;, where i, j = 1,2,...,M is given by
1
Ojia(Sja-1,8i) = P 1" 1Sj4-1.810)P(s1), (2.68)

which can be written as

a)j_n'J(Sj?,_] s S,-J) = P(rt(l), veuy r,(n) |S[,St_] P Y SR ,S,,(d(L,I)Jr(K,l)))P(St), (2.69)
where
n 1 _Z?: Ai,
P(rt(l)7.,.,}"t( )‘shst_]’st_z’"'7st7(d(L71)+(K71))>: mc ( 2612 t) (270)

and P(s;) = 0.5 as before.

A;; can be determined by minimizing the receiver equations in (2.67) such that

) 2
A= | =5 (6 sm10) @ (8156110 @ @ (81 s k1) 1))
2
Ay = r? . Y (( 2)51 zd)@(ggz)s(z—l)—ld)@---@(8§K)S(z—(1<—1))—zd))hz @)
_ 2
Apy= | =yl ((ggzl)stfld) ® (gSIZ)S(tfl)fld) ©...0 (gSlK)S(tf(Kfl))fld))hl
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This algorithm can therefore be used to jointly, non-iteratively equalize and decode BPSK modulated
information, encoded with a rate R, = 1/n, constraint length K convolutional encoder, transmitted
through a multipath channel with a CIR length of L, using an interleaver with depth D = dn. This

concludes the derivation of a general model for the NI-JED.
2.4.2.5 Computational Complexity

The computational complexity of the NI-JED, with block interleaving, is determined by counting
the number of computations performed for each data block received, and expressed in terms of the
uncoded block length N,, the CIR length L and the encoder constraint length K, the modulation
alphabet size M and the interleaver depth D. The computational complexity of the NI-JED without

interleaving, using the MAP algorithm, is determined by
CCpap = O2NMPE-D+HE=D (K] 1 6)). (2.72)

Fig. 2.12 shows the normalized computational complexity for a CIR length of L =2 to L = 10, encoder
constraint lengths K =2, K =4, K = 6, a modulation alphabet size of M = 2 and interleaver depths
of D=3,D=06,D=9and D= 12. Itis clear that the computational complexity grows exponentially
with an increase in channel memory, encoder constraint length and interleaver depth. Fig. 2.13 shows
the normalized computational complexity for the same parameters but with a fixed interleaver depth
of D = 6 and varying modulation alphabet sizes of M =2, M =4, M = 16 and M = 64, resulting in

an increase in complexity with an increase in modulation alphabet size.
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Normalized Number of Computations

CIR length [L]

Figure 2.12: NI-JED normalized computational complexity (with a block interleaver) for M=2.
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Figure 2.13: NI-JED normalized computational complexity (with a block interleaver) for D=6.
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2.5 SIMULATION RESULTS

Parameter Setting
Modulation BPSK
Interleaver None & Block
Interleaver depth (D) 1, k, 2k, 3k

Uncoded block length (V,) | 600
Coded block length (N,) 1800

Channel Static
CIR length (L) 2,3, 4
Channel Estimation No

Channel State Information | Perfect CSI

PDP Uniform

The performance of the NI-JED is evaluated with and without interleaving, and it is compared to that
of a CTE, which will be discussed at length in the next chapter, where the number of CTE iterations is
Z =10. The CIR h = {hg,hy,...,h 1} of length L is normalized such that h’h = 1, the uncoded and
coded block lengths are N, = 600 and N,, = 1800 respectively, the various channel lengths are L = 2,
L =3 and L =4, and interleaver depths of D =1, D =k, D = 2k and D = 3k were used, where k = 3
is the number of encoder output bits. For details regarding the simulation setup used throughout this

thesis please refer to Appendix A.

Fig. 2.14 shows the BER performance of the NI-JED compared to that of the CTE, for various inter-
leaver depths and a channel length of L = 2. From Fig. 2.14 it can be seen that the performance of
both algorithms improves with an increase in the interleaver depth, except for an increase from D = 1
to D = 3. It is clear that the NI-JED outperforms the CTE, even thought the CTE uses multiple iter-
ations, while the NI-JED performs close to the coded additive white Gaussian noise (AWGN) bound
when the interleaver depth is D = 9. In Fig. 2.15 and Fig. 2.16 the performance of the NI-JED is
again compared to that of the CTE for various interleaver depths, for L = 3 and L = 4 respectively.
As before, the NI-JED outperforms the CTE. From Fig. 2.14 through to Fig. 2.16 it is clear that
the NI-JED is superior in terms of performance, and it is in fact optimal. Even though the NI-JED
outperforms the CTE, its vast computational complexity inhibits it from finding practical application.

The CTE is therefore used as an alternative solution in practical systems.
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Figure 2.14: NI-JED and CTE performance for interleaver depths D =1, D =k, D = 2k and D = 3k,
and CIR length L =2.
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Figure 2.15: NI-JED and CTE performance for interleaver depths D =1, D =k, D = 2k and D = 3k,
and CIR length L = 3.
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Figure 2.16: NI-JED and CTE performance for interleaver depths D =1, D =k, D = 2k and D = 3k,
and CIR length L = 4.

2.6 CONCLUDING REMARKS

In this chapter optimal equalization and decoding using the MLSE (min-sum) and MAP (sum-
product) algorithms were discussed. It was shown how the MLSE algorithm can be used to determine
the most likely sequence of estimates, while the MAP algorithm can be used to determine optimal
posterior probabilities regarding the transmitted symbols or codewords. Non-iterative joint equaliza-
tion and decoding was also discussed, first assuming no interleaving and then assuming that special
block interleavers were used for interleaving. As a result a general model was derived for systems
transmitting convolutionally encoded BPSK modulated information through a multipath channel of
length L, where the information is interleaved with an interleaver of depth D = dk, and where the
uncoded information is encoded with a rate R, = 1/k encoder with constraint length K. The compu-
tational complexity was analyzed by counting the number of computations performed, given certain
system parameters. The complexity of the NI-JED without interleaving grows exponentially with
an increase in either channel memory length or encoder constraint length, while the complexity of
the NI-JED with block interleaving is exponentially related to the channel memory length, encoder

constraint length and the interleaver depth.
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From these analyses it is clear that non-iterative joint equalization and decoding is extremely expens-
ive in terms of the number of computations required, even for moderate channel memory lengths,
encoder constraint lengths and interleaver depths. In order to achieve acceptable performance in a
multipath fading environment, block interleavers with depths of multiple orders of the encoder output
length are required to separate adjacent coded symbols sufficiently. Under these conditions the NI-
JED becomes infeasible. Ideally a random interleaver will allow for maximum performance gains, but
the NI-JED cannot be applied when interleaving is performed with a random interleaver. In Chapter 4
and Chapter 5 this author develops two novel turbo equalizers using superstructures, where the com-

putational complexity is not influenced by the interleaver structure.

In the next chapter turbo equalization is discussed, where the MAP equalizer and MAP decoder
iteratively exchange information, while allowing for any interleaver to be used without additional
complexity. Turbo equalization is used as an alternative to optimal non-iterative joint equalization and
decoding, which is not feasible because of computational complexity constraints discussed before, to
the extent that approximate inference via the iterative exchange of information is the last resort. Turbo
equalization is not optimal, as demonstrated in this chapter, but it is the best alternative amongst all
iterative joint equalization and decoding solutions, as its constituent parts - the MAP equalizer and
the MAP decoder - produce optimal posterior estimates about the respective coded and uncoded

transmitted symbols.
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CHAPTER 3

TURBO EQUALIZATION

In the previous chapter optimal equalization and decoding using the MLSE and MAP algorithms were
discussed, after which non-iterative joint equalization and decoding with and without depth-limited
block interleaving using the NI-JED was discussed. It was shown that, although the NI-JED performs
optimally, the computational complexity is exponentially related to the channel memory length, en-

coder constraint length and interleaver depth, making it infeasible for use in practical systems.

In this chapter conventional turbo equalization is discussed. Instead of performing optimal non-
iterative joint equalization and decoding on a super-trellis, a turbo equalizer uses an optimal MAP
equalizer and MAP decoder pair to exchange information iteratively in order to improve BER per-
formance. When the channel memory is long, the computational complexity of the CTE becomes
prohibitive owing to its exponential relationship to the CIR length [5, 6]. Low complexity SISO
equalizers are therefore often used as a replacement for the optimal MAP equalizer in a CTE, yield-
ing LCTEs [8—11]. A number of these reduced complexity SISO equalizers are also discussed. Where

applicable, permissions was obtained to use figures from the literature.

It is important to note that these LCTEs belong to a different paradigm than the DBN-TE and the
HNN-TE developed in this thesis. The low complexity SISO equalizers discussed in this chapter are
used to replace the optimal MAP equalizer in the equalizer/decoder pair in a CTE, whereas the DBN-
TE and the HNN-TE replace both the equalizer and the decoder. The DBN-TE and the HNN-TE use
superstructures to model the turbo equalization problem, and do not require the exchange of extrinsic

information between subunits, since all the available information is processed in its entirety.
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3.1 TURBO EQUALIZER

Turbo equalization has its origin in the furbo principle, first proposed in [27], where it was applied
to the iterative decoding of concatenated convolutional codes. A Turbo Decoder uses two MAP
decoders to decode convolutional coded concatenated codes iteratively. Like the MAP equalizer, the
MAP decoder produces posterior probabilistic information on the source symbols. The output of each
decoder is therefore used to produce prior probabilistic information about the input symbols of the
other decoder, thus allowing this scheme to exploit the inherent structure of the code to correct errors

with each iteration [2], achieving near Shannon limit performance in AWGN channels [27].]

Since the communication channel can be viewed as a non-binary convolutional encoder, the channel
can be viewed as an inner-code while a convolutional encoder is used as an outer-code in much the
same way as in serially concatenated Turbo Codes [5, 6], so that the Turbo Principle can be applied
to channel equalization. As such, one of the MAP decoders in the Turbo Decoder is substituted with
a MAP equalizer to mitigate the effect of the channel on the transmitted symbols (to “decode” the
ISI-corrupted received symbols) [5, 6]. The output of the MAP equalizer is used to produce prior
probabilistic information on the encoded symbols, which is exploited by the MAP decoder. In turn,
the output of the MAP decoder is used to produce prior probabilistic information on the unequalized
received symbols, which is again exploited by the MAP equalizer. By iterating this system a number
of times, the performance of the system can be improved significantly, but at the cost of additional

computational complexity. [5-7, 12].

Turbo equalization becomes exceedingly complex in terms of the number of computations, because
of the high computational complexity of the MAP equalizer and MAP decoder most often used in a
turbo equalizer. The complexity of the MAP equalizer is linear in the data block length N, but grows
exponentially with an increase in channel memory. Its complexity is therefore O(NML~1), where L is
the CIR length, and M is the modulation alphabet size. Similarly, the complexity of the MAP decoder

is linear in the data block length and exponential in the encoder constraint length K [2].

An interleaver is used as standard in a turbo equalizer, not only to mitigate the effect of burst errors by
randomizing the occurrence of bit errors in a transmitted data block, but also to aid in the dispersion
of the positive feedback effect, which is due to the fact that the MAP algorithm used for equalization

and decoding produces outputs that are locally highly correlated [7].
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L6

A,

L(@) |

Y

——  MAP Equalizer MAP Decoder

Figure 3.1: Turbo equalizer.

Fig. 3.1 shows the structure of the turbo equalizer. The MAP equalizer takes as input the ISI-corrupted
received symbols r and the extrinsic information L2 (8) and produces a sequence of posterior transmit-
ted symbol LLR estimates L (8) (note that L2 (8) is zero during the first iteration). The LLR estimates
are produced by marginalizing over each bit in a codeword, for each codeword in the sequence. The

LLR estimate i = 1,2,...,k (k is the number of encoder output bits) at time instant ¢ is calculated

as
. P(s () — 1)
LE(5D) =10g| =L — 2 3.1
(8 ) Og(P(S;(’) =0) 3.1
where
(i O i
P(s =1) =Y P(s") =1IS;:,11), (3.2)
j=1
(0 i
P(s” =0) =Y P(s¥) =0lS;,,1), (3.3)
j=1

where S;; denotes the jth state in the trellis at time instant z, r; is the received codeword at time instant
1, and M is the number of states in the trellis. After all LE (§,(?)) are calculated, LE () is constructed

as follows:
LE@) = {LE (W), L5 9D), L5 (sW), . LF9), L W), LR D)), (G4

where N is the number of codewords in the sequence. Extrinsic information LE(8) is determined
by
L; (§) =LF(8) — L) (3), (3.5)
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which is deinterleaved to produce L (§'), which is used as input to the MAP decoder to produce a
sequence of posterior coded symbol LLR estimates LP(§8'). LP(§') is used together with LE(§') to

determine the extrinsic information
L2(®)=LP@E) - LE(S), (3.6)

L2 (%) is interleaved to produce L2 (8). LP(8) is used together with the received symbols r in the MAP
equalizer, with L2 (8) serving to provide prior information on the received symbols. The equalizer
again produces posterior information L (8) of the interleaved coded symbols. This process continues
until the outputs of the decoder settle, or until a predefined stop-criterion is met [5]. After termination,

the output L(i) of the decoder gives an estimate of the source symbols.

The power of turbo equalization lies in the exchange of extrinsic information LE(§) and LP(8)
between the equalizer and the decoder. By feeding back the extrinsic information, without creat-
ing self-feedback loops, the correlation between prior information and output information is minim-
ized, allowing the system to converge to a near-optimal state in the solution space. If information is
exchanged directly between the equalizer and the decoder by ignoring interleaving and/or extrinsic
information, self-feedback loops will be formed. This will cause minimal performance gains, since
the equalizer and the decoder will inform each other about information already attained in previous

iterations [5-7].

3.2 REDUCED COMPLEXITY SISO EQUALIZERS

Because of the high computational complexity of the MAP equalizer, especially with long channel
memory, various suboptimal low complexity alternatives have been considered as a replacement for
the optimal MAP equalizer in the turbo equalizer structure [8]. These equalizers typically have lin-
ear to quadratic complexity with respect to the channel memory length, but still achieve acceptable
performance. These equalizers are also modified to incorporate prior information so as to improve

equalizer performance with each turbo iteration.

3.2.1 MMSE-based SISO Equalizer

The MMSE equalizer is a well-known low complexity alternative to reduce the effect of ISI on the
transmitted information. The MMSE equalizer determines a set of linear filter coefficients which are

then used to filter the ISI-corrupted received symbols in order to produce estimates of the transmitted
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symbol sequence. This equalizer therefore belongs to the class of linear equalizers. MMSE based
equalizers have per symbol complexity that is quadratic in the filter length (V) as well as in the CIR
length (L) and is expressed as O(N2 +L2) [8]. Below follows a discussion of the MMSE linear
equalizer (MMSE-LE) and the MMSE decision feedback equalizer (MMSE-DFE).

3.2.1.1 MMSE-LE

Assuming a system that transmits BPSK symbols through a finite impulse response (FIR) channel
h={h_p ,h_m+1,...,hm, } of length M = My + M, + 1, the received symbol at time 7 is
M,
Iy = Z hisi—i + ny, (3.7)
I=—M,

where n; is the tth AWGN sample which is assumed to be independent and identically distributed
(i.i.d). The MMSE-LE equalizer aims to calculated a linear filter of length N =Ny + N> + 1, w, =
{W_Ny1sW_N,+1145--+,WN, 1 }» in order to minimize the mean squared error (MSE) [8] E{|s, — 5|*}

such that the estimated symbol §; is given by

S =w/ (r,—p])+p}, G
where 1, = {rii N, FiiN 1,5 71-N, } |- According to [8,9], E{|s; — §|?} is minimized when
w, = Cov(r,r,) 'Cov(r;,s;) . (3.9)
p; = E{S[} _W{—IE{rt}

Substituting (3.9) in (3.8) gives

§ = Cov(r,,r;) 'Cov(r;,s;)r; +E{s;} — Cov(x;,x,)"'Cov(r;,s,)E{r;}

(3.10)
= E{s;}+Cov(r;,x,) 'Cov(x,,s,)(r;, — E{r,}).
The structure of this MMSE-LE is shown in Fig. 3.2.
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Figure 3.2: SISO MMSE-LE [8] (Figure 3).

3.2.1.1.1 Without prior information: Since no prior information is available, the transmit-

ted information symbols are equiprobable, therefore E{s;,} = 0 and hence E{r,} = 0. Also
E{r;} = HE{s,}, where
hom,  homis har 0 0
0  hwm homn hao 0
H— 0 (.11)
homy homs1 hv2 0O
0 0 homy  hemy4 ha
isan N x (N 4+ M — 1) convolution matrix. §; is determined by
§; = Cov(r;,1;) " Cov(r;, 5,)1;. (3.12)

Therefore, without the availability of prior information, that is when L(s,) = 0, the linear filter para-

meters in (3.8) are determined by

w, = Cov(r,,r;) 'Cov(r;,s;) ' 3.13)
pp = 0
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Considering the i.i.d. properties of the additive noise samples n,, E{n,} = 0 and Cov(n,,n,) = ¢°1,

and due to uniform prior information, E{s} = 0,

Cov(r;,r;) = E{r,rf'} —E{r}E{rf}
= E{(Hs;+n;)(Hs,+n,)"} —HE{s,}JH"E{s/'}
= E{(Hs,)(Hs,)" + (H;s,)nf + (H;s;) n, +nnf} -0
= E{(Hs,)(Hs,)"} +E{(H;s;)n{'} + E{(H;s,)"n;} + E{n;,n{"} G.14)
= HCov(s;,s;)H? +0+ 0+ (Cov(n,,n,) + E{n,}E{nf})
= HCov(s;,s;)H? +0+0+ (Cov(n;,n,) +0)
= HCov(s,,s;,) H + 671,

and

Cov(r;,s;) = HCov(s;,s;). (3.15)
Therefore w; can be rewritten as [8]
w; = (621+HCov(s,,s,)H") " HCov(s,,s,), (3.16)

By further noting that Cov(s;,s;) = 6(t —t') due to the fact that s, and s, are independent and that all

transmitted symbols are equally likely,
w, = (6’ 1+ HH")"'Hu, (3.17)
where u is the length N +M — 1 vector

u:{0N1+M1 1 0N2+M2}T'

3.2.1.1.2 With prior information: When prior information is available the statistics of s, are
time variant, which will affect the parameters w,, E{r;} and E{s,} with respect to . The MMSE
estimate for the transmitted symbol at time ¢ is obtained by (3.10), which is repeated here for con-
venience:

§; = E{s;} +Cov(r;,x;) " 'Cov(r;,s,) (r; — E{r;}). (3.18)

The time-variant statistics can be calculated as follows:

E{St} == P(St:1)1+P(St:—1)(—])
— eels) o (D)
I+exp(L(s;)) ' T+exp(L(s;))
= tanh (%L(s,)) ,
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and
1 —tanh? (1L(s ifr=r
COV(S[,S[/) — (2 ( l‘))
0 otherwise,
such that
1—E{siip,4n, }> 0 0
0 1—E{s IR I :
COV(S;,S;) _ ' { 1+M;+N; 1} ‘ (319)
. c. c. 0
| 0 0 1_E{SI7M27N2}2 i
The covariance matrix associated with Cov(s;,s;) is defined as
[ 1 tanh? (AL(srm4m)) 0 0 ]
D, — 0 1—tanh? (5 L(stm, 45, -1)) (3.20)
0
i 0 0 1—tanh? (SL(s—pt-n)) |

Given the variables E{r;} = HE{s,}, D; = Cov(s;,s;) and Cov(s;,s;) = (6*I-+HCov(s,s,)H),
and by noting that, since §; should not depend on L(s;), L(s;) is set to O while computing §;. The

estimate for s, is therefore given by [8]
§t == th-l I; —E{I‘,} —I—E{S,}Hu)

(
= wH (r,—HE{s,} +E{s,}Hu)
# (r, —Hp; + p;Hu)
(

, (3.21)
= w
= w (r, —Hp; +tanh (3 L(s,)) Hu)
h s _ 1 1 1 r
where p} = {tanh (5L(s;+p,4+n,)) s tanh (3L(Sr1ar,48,-1)) » - - -, tanh (3L(s—a,—n,) ) } . and where w;
is determined by
w, = (c21+HDHY + (E{s;})2(Hu)(Hu)") ' Hu a2

— (c*1+HDH +tanh® (1L(s,)) (Hu)(Hu)¥) "' Hu |

For and MMSE equalizer incorporating priors, the above calculation has to be performed for every
symbol s; to be estimated, which leads to high computational complexity. Computational complexity
reduction is achieved by assuming that w, is time-invariant for the duration of the data block being
processed, but leads to performance degradation [8]. Disregarding this complexity reduction, it will be
seen in Section 3.5 that the MMSE-LE based turbo equalizer achieves full convergence and performs
optimally when the data block length is extremely long and the turbo equalizer is iterated a large

number of times.
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3.2.1.2 MMSE-DFE

An MMSE-DEFE uses the MMSE structure in Fig. 3.3 with the addition of a feedback loop, feed-
ing back §; to be used for interference cancellation in the estimation of §;y;. The feedback fil-
ter w? = {Wlf,szg,n ... 7W]l</b,t}’ where N, < N, + M,, which implies that ISI caused by N, + M,

previous symbols can be removed. Hard decisions are made on §; in the feedback loop such that

P = sign(s?’).

SISO Equalizer

MMSE Estimator

e[\, LinearFilter | TN NS L5580 T\ LMMSE(s )
W w #/ N,
r
Pt pe
/T . LinearFilter
4 (Wtb) Delay
P ~d
St sign

L(st)

Figure 3.3: SISO MMSE-DFE Equalizer [8] (Figure 4).

The estimated output §; can be expressed as [8]

l‘t — HS[ +nt,
S o= wi (n—p))+(w)" (& —pt) + 1,

(3.23)

where p/ is subtracted from r, before filtering, and §' = {sf’_],sf_z,...,stNf} and m" =
{mffl,mffz,...,mﬁ’_,\,h}, where m!' = E{s"}. It is clear from (3.23) that §; is a function of r; as

well as Ny previous estimates fﬁ’ w; and Wtb can be expressed as [8]

w, = (c2I+HCov(s;,s,)H?) " HCov(s;,s,) + (HCov(s,5")) "' Cov(sh,s)

3.24)
wo = (Cov(ﬁ{‘,s)HH)_lHCov(s,,s,)+Cov(§{‘,s~ﬁ’)*1C0v(§{‘,s,)

Since it is assumed that §7 is a perfect estimate of s;, the statistics of §" are identical to that of s;.

Therefore E{5"} = E{s,} and Cov(5" §") = Cov(s,,s,). Therefore the filter parameters w, and w” can
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be expressed as [8]

w, = (6ZI+H(Cov(s,s;) — Cov(s;,5!)Cov(5:,8) ' Cov(3;,s;)) HH)il HCov(s;,s;) (3.25)
Wf — —COV(§[,§t)_1C0V(§[,S[)HHW[ ‘ .
Therefore §; is given by
5 = wl(r,—pl)—wlH(Cov(3,,8") " 'Cov(5;,s,)) (8 — p/') + p¢ (3.26)

= w/(r,—Hp})+p}

s __ s s &h h s s T
where pP; = {pt+M1+N17' csPrs S5 7st7N/-7pthffl?“ : 7pth27N2}

3.2.1.2.1 No prior information: Assuming that transmitted symbols s, are equiprobable,

yields
3 H s
5§ = w'(r,—Hp)),
’ (x: — Hpi) : (3.27)
w, = (c’I+HH?)"'Hu
where p; = {le(M1+N1+1)7SNﬁ',p e 7§zhf]\]fap§71vf71701><(M2+N27Nf)}r'
3.2.1.2.2 With prior information: Assuming general priors L(s;)
g H s s
§ = w'(r,—Hp’+ p’Hu),
t ( t P; T+ P; ) (3.28)
w, = (c’2I+HDH")"'Hu
where again p; = {01><(M1+N1+1)7§f1717'-'7§?—Nf7pf—Nf71701><(M2+N2—Nf)}T' As will be seen in Sec-

tion 3.5, the MMSE-DFE based turbo equalizer does not achieve full convergence and performs

suboptimally, even with a large number of turbo iterations.

3.2.1.3 Mapping

After calculating the estimate §;, mapping needs to be performed in order to produce extrinsic inform-
ation LMMSE (5.} from §;. The SISO equalizer output, for both the MMSE-LE and the MMSE-DFE is

given by [8]

~ (+1) -
LM s = Zs’ﬁ% =1 (}zlf;)HWn : (3.29)
where
Wt = wH(HE{s|s, = 1} —HE{s/|s, = —1}) = wls,
W = —wil(Hu),
of = w/(c’I+HDH” —Hu(Hu)”)w, = w/(Hu) — ]u,(H) 2.
Department of Electrical, Electronic and Computer Engineering 58

University of Pretoria

© University of Pretoria



UNIVERSITY OF PRETORIA
YUNIBESITHI YA PRETORIA

&
&

“ UNIVERSITEIT VAN PRETORIA

A 4

Chapter 3 Turbo Equalization

3.2.2 Decision Feedback Equalizer

MMSE based equalizers have been shown to be able to exploit prior information on the transmitted
symbols, therefore making them an attractive choice for use as a replacement for the MAP equalizer
in a turbo equalizer setup. Although the computational complexity of the MMSE equalizers are quad-
ratic in the number of filter coefficients (a function of channel memory), whereas the complexity of the
MAP equalizer grows exponentially with an increase in channel memory, the complexity of MMSE
equalizers making use of prior information becomes prohibitive when the channel memory is long,
since the coefficients of the MMSE equalizer have to be determined anew for each estimated symbol.
The soft feedback equalizers proposed in [10] and [11] allow for a reduction in complexity while
being able to incorporate prior information by combining it with the equalizer outputs to determine
more reliable estimates on the residual ISI. The per symbol complexity of these decision feedback

equalizers is only linearly related to the CIR length, as well as the filter length [10, 11].

Suppose a wireless communication system, after interleaving, transmits BPSK symbols s =
{s1,82,...,8n} through a frequency-selective fading channel such that the received symbol at time

tis
L—1
re=) hsi+n, (3.30)
=0

where the CIR is h = {hg,h;,...,h 1} and n, is an AWGN sample from the distribution .4 (i =

0,02). It is assumed that prior information on the transmitted symbols is available at the receiver in

the form of LLRs
P(S[ — 1)
AP =1 —_— 3.31
l o8 (P(St:—1)> 43D
which, together with the received symbols r = {r{,r,...,ry (1)} are used to determine the LLR,

given the a posterior probabilities, such that

_ P(s; =1|r)

3.2.2.1 Soft Feedback Equalizer

Fig. 3.4 shows the structure of the soft feedback equalizer proposed in [10], where the received
symbols are filtered with a linear filter f of which the output contains residual ISI due to imperfect ISI
removal. The output of the equalizer, together with the prior information, is then combined in order

to mitigate the residual ISI by subtracting the result of the feedback loop from the output of f.
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Soft Feedback Equalizer
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7\‘]31

Figure 3.4: Soft feedback equalizer [10] (Figure 1).

More specifically, in the right branch of the feedback loop the output of the equalizer is additively
combined with the prior information, after which the result is passed through a soft decision function
(tanh(u/2)) of which the result is linearly filtered by a filter g2 = {g1,82,---,8um,+(—1)} of length
M, + (L — 1), whose output is an estimate of the causal part of the residual ISI. In the left feedback
branch the prior information is passed through a soft decision function and filtered by a linear filter
g1 ={g-m 8 m+1,-..,8-1} of length M, whose output is an estimate of the anticausal part of the
residual IS at the output of f. The results of g; and g, are combined to cancel residual ISI in the output
of f = {f_m,,f-m+1,---,fm—1,fm, }- This combination of equalizer output with prior information
ensures better performance than conventional decision feedback equalizers, where only the equalizer

output, but not the prior information, is used to cancel ISI.

3.2.2.1.1 Extrinsic Information: In order to compute the extrinsic information, the output of f
after ISI cancellation is given by [10]
2 = 808t + Vi, (3.33)

where go = Y., h;f—; and v, = z; — gos;, which is the channel noise and residual ISI that has to be

removed from z; . Assuming that the elements of the sequence v, are i.i.d. Gaussian random variables
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with variance 62, the LLR of s; is

a’f — 2gozl

5 (3.34)
GV

which is the extrinsic LLR, which can be passed directly to the decoder in a turbo equalizer

setup.
3.2.2.1.2 Filter coefficients: The respective filters’ coefficients can be calculated by minimizing
the MSE E{|z; — s;|>}. If z, is rewritten such that

o= —gis —gd, (3.35)

while assuming that the statistics of s;, §;, d; are identical, such that E{S;s, } = E{$;dy } = E{s;dy} =0
for t #1t' and E{s:s;} = E{|5,]*} and E{d,s;} = E{|d;|*}, the filter coefficients can be derived by
following the derivation for the MMSE-DFE as before, which gives

f= (HH' — oy HyH,” — opHH,” + 6°1) ' hg (3.36)
g =Hf (3.37)
g, = HIf (3.38)

where H is and M x (M + L — 1) channel convolution matrix

Cho i ... by O O .. 0
0 ho h ... hiy O ... 0
H=| : = "~ " . el : (3.39)
0 ... 0 hy h ... by O
0 ... 0 0 h k... hy |

where M = My + M, + 1, o = E{E,s,}, o = E{dts,}, H, = {hM],...,hfl}, H, =

{hla cee 7hM2+(L—1)}‘

To complete the derivation of the soft feedback equalizer, expressions need to be determined for
oy = E{§;s;} and ap = E{d,s,}. Following [10], ot; and o, can be determined by conditioning on
s, = 1, that is E{§;|s; = 1} and E{d;|s; = —1}. Assuming that " can be modeled as an information
symbol transmitted through an AWGN channel such that ),,f = Yps: +w;, where w; is a sample from
the distribution .4 (1t = 0, 6% = 27,) z. Then, conditioning on s, = 1, A/ can be modeled as a sample

from the distribution A" (i = 7, o’ = 27,). Therefore

o = ¢1(%p), (3.40)
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where

¢1(y) = E{tanh(u/2)}, (3.41)

where u is a sample take from a Gaussian distribution with y mean and 2y variance. 7, can be

estimated from the prior information such that

1 N—1
To=1/1+< Y A/P—1 (3.42)
Nt:O

2
To determine o, one can use a Gaussian approximation for A;, in L, = A/ + A;, by letting }, = 2;% be
a parameter that is twice the low signal-to-noise ratio (SNR) of the AWGN channel that produces 7.

Using the Gaussian approximation to A/,
Ly = (Yp + Ye)si + VoW + Yevr- (3.43)

Conditioning on s; = 1 produces L, that is a sample from a distribution A (1t =¥, + %e, o’ = 2(yy, +
Y.)) and 2(7, + 7.), and therefore
00 = ¢1(Y +%)- (3.44)

Noting that, since go = f"hg and 62 = go(1 — go),

2fTh,
S 3.45
which requires f to determine 7,, in order to determine o, which is used to determine f. Therefore,

given an initial estimate of 7,
T T T 21\ 1
f=(HH" —oyHH;" — ¢1(7, +%)HHy' +0°T) hy (3.46)

can be determined in an iterative fashion until a certain stop-criterion is met, which quickly converges

to a fixed point [10].
3.2.2.2 Soft-decision Feedback Equalizer [11]

The soft-decision feedback equalizer (SDFE) is shown in Fig. 3.5. The received se-
quence T, = {Fi_ Ny, Ty—Nyt1,---5Trin }1 of length Ny + N, + 1 is filtered by a linear filter f, =
{fvts fg—105- s fom, J}T, after which residual ISI is canceled by feedback based on previous de-
cisions. The result is transformed to LLRs (4;) on which soft decisions are made to produce sfl,

before filtering the result with a linear filter b, = {by, ;,bn,—14,---,b1,}", where N3 = Np + M — 1,

which is used to cancel the residual ISI.
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Figure 3.5: Soft-decision Feedback Equalizer [11] (Figure 2).

For the first iteration HE{s;} = 0, E{s,} = 0 and E{s?} = 0 and the SDFE reduces to a conventional
DFE [2]. During subsequent iterations HE{s, } becomes more reliable and is used to cancel residual

ISI from r,.

The MMSE estimate of the transmitted symbol s; is given by
§o=fr,+bs!+d,, (3.47)

d _ d d d . . . d . .
where s;; = {s{_y,,5{_n, 11+, 5. }- [t is assumed that the statistics of s; and s, are identical, there-

fore Cov(s;,s¢) = 0, Cov(s;,s%) = 0 and Cov(s¢,s49) =0forallr # 1.

t,

To determine the filter coefficients f;, b; and d;, the partial derivatives of E{|s, — §;|>} are taken with

respect to f;, b, and d; [11]:
IE{|s; —5*}

3. =2E{s; —fir,—b;s’ —d;} (3.48)
OE{|s; — §1?
{|atff1t|} = ZE{(S[ —f,l‘, - b,Std - dt)l{{} (349)
IE{|s: —5/|?
Wb = 2E{(s, — fr; —b;s? —d,)s} (3.50)
where ) _
hi—1 hp— ... ho 0 0O ... 0
0 hL—l hL_z . ho 0 ... 0
H=| @ 1 (3:51)
0 0 hy hpo ... h O
| 0 0 0 hey ho ... ho |
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Setting (3.48) to zero
dt - 2E{S1 —ftl’t —btsf}
— E{Sl} _E{ftr[} _E{btsf}

(3.52)
- E{S,}—ftE{l‘,}—b,E{S?}
- E{S[} —ftHE{S[} _th{S;i}
Substituting d; in (3.49) and (3.50) and setting both to zero gives
f,HCov(s;,s?) 4+ b,Cov(s?,s?) =0 (3.53)
and
(6’ 14+ HCov(s;,s;,) H) I = g,. (3.54)
Therefore, solving (3.53) and (3.54) for f; and by, the filter coefficients are given by
1 = (c2I+H(Cov(s;,s;) — Cov(s;,s?)Cov(s?,sd) "' Cov(s,,s))H?)) ' g,
b = —Cov(s{,s?)~! (HCov(s,,s )) f | (3.55)

d = E{s;} —tHE{s,} —bE{s?}
§ = f(r,—HE{s;})+b,(s! —E{s?})+E{s:}

where g, = H(E{s;,s; } — E{s;}E{s} }).
3.2.2.2.1 Expected value computation: A number of expected values have to be determined in

order to calculate Cov(s;,s; ), Cov(s;,s!) and Cov(s?,s?). Following a similar approach as for the SFE

in Section 3.2.2.1, the required expected values are determined as follows [11]:

E{s } E{S |5 = I}P( )+E{s ‘s, —l}P(St =—1), (3.56)
E{s;s{*} = E{s{|sy =1}P(s; =1) = E{s{[s; = —1}P(s, = —1) : (3.57)
= E{Sz |sp=—1}
and
d.ds\ _ d — sdzs,:— St = —
Elsfs"} = E{Plo = DPls= D= E{Pl =~ ==
= E{(s{)’|s: =1}
where
= tanh (L2’> , (3.59)

and L, = A, + A as before. E{s?}, E{s,s¢*} and E{s¢5%*} are time-varying and needs to be computed
according to the prior probability for each s;. The same iterative method proposed in [10], as discussed

in Section 3.2.2.1, is used to determine E {s;s%*} and E{s%5¢*}.
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Since the filter coefficients and covariance matrices have to be determined for each §; to be estimated,
the computational complexity is excessive. The complexity can be greatly reduced if it is assumed
that these variables are time-invariant and that f, b, Cov(s;,s?) and Cov(s?,s?) are constant for each

received data block.

3.3 COMPUTATIONAL COMPLEXITY ANALYSIS

The computational complexity of the CTE as well as the various other turbo equalizers, employing the
low complexity equalizers discussed in this chapter, are determined for a given received data block,
and normalized with respect to coded data block length so as to present the computational complex-
ity per coded bit. The computational complexity is determined for each algorithm by counting the
number of computations performed during the iterative equalization and decoding of one data block.
It is assumed that a rate R, = 1/2, constraint length K = 5 convolutional encoder is used to encode
the information, and that Z = 10 iterations are used in each case. L is the CIR length and N, and N,

are the respective uncoded and coded data block lengths.

For the MMSE based equalizers, as well as the DFE equalizers, the maximum and minimum computa-
tional complexities are given. The maximum complexities were determined by counting the number
of computations performed during equalization, and approximating each maximum complexity by
eliminating insignificant terms. The minimum complexities were obtained from the relevant cited
literature, and were determined by simplifying the respective matrix and vector operations so as to

minimize the number of computations required.

The computational complexity of the MAP equalizer is

cC,. ., =4N21L. (3.60)

MAP

The minimum and maximum complexities of the MMSE-LE and MMSE-DFE equalizers are given
by

CChe iz = Ne(BN(4+2N+N?)+4NQ(2+Q)) s
~ N(3N?>+4NQ?)
j ~ 2 2
CCAT;/;ZSE%E ~ Ne (N +0 )a (3.62)
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and
ccmax N.(5N+2N?+ N> +6NQ+2NQ?) 3.63)
~ N.(3N?+2NQ?)

ccmin ~ N,(N?+ 0?), (3.64)

MMSE—-DFE

where Q =N+ L—1and N=N; +N,+ 1, where N; = L and N, = L/2. For the SFE the minimum

and maximum computational complexities are given by

CCmtl}C

SFE

7M—|—2(K1 +K2) —|—2M(K1 —I-Kz)—l-
. AQ2M2(K + Ky + K2) + M (6 +4M +M?)) - (3.65)
~ 2M?+R(2M*(K+K1+K2)+M?3)

CC™" ~ N.(N+M), (3.66)

SFE

where M = M| +M>+1, Ky =M and K> = M> + L — 1, where M and M, are the respective lengths
of the causal and anticausal parts of the linear filter f, and R is the number of iterations required to
deterimine f, chosen as R =5 for this analysis. Finally the minimum and maximum computational

complexity of the SDFE are given by

CCMx = 4N +4N?+5N3 +2N;+R(4N + 14N3 +4N? +2N3) (3.67)
~  5N342N3+R(14N?) | |
CClt ~ No(N +M). .68

where N =N +N,+1,N3 =N, +L— 1.

Fig. 3.6 shows the maximum and minimum computational complexities of the various low complexity
equalizers together with that of the MAP equalizer, from which it can be seen that the low complexity
equalizers, without complexity reduction, are in fact more computationally complex that the MAP
equalizer for low to moderate CIR lengths. However, after optimizing matrix and vector calculations
the respective complexities of the MMSE and SFE/SDFE equalizers are more favorable and only

increases exponentially or linearly with an increase in CIR length.
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Figure 3.6: Maximum and minimum computational complexities of various low complexity equal-

izers compared to that of the MAP equalizer.

3.4 EXIT CHARTS

The extrinsic information transfer (EXIT) chart is a tool developed to analyze the effectiveness of
information transfer between the equalizer and the decoder in a turbo equalizer. It was first proposed
in [28] for parallel concatenated turbo codes, but can also be used for turbo equalization. It is useful
in analyzing the convergence properties and the performance of turbo equalizers and aids in designing

good codes for use in turbo equalizers.

In order to show the information transfer between the input and the output of the equalizer, an EXIT
chart graphically depicts the mutual information between the extrinsic information at the input of the
equalizer and the transmitted symbols s,

Hths) = ¥ [ plthloog,
p

se{—1,1}

p(LEl) i

3.69
(LE[s= 1)+ p(LE]s = —1) i (3.69)

and the mutual information between the extrinsic information at the output of the equalizer and the

transmitted symbols s,

1= ¥ [t Pl ar, G
se{—1,1} p(Lout‘s: 1)+p(L(m,]s: —1)
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where p(LE |s) and p(LE,,|s) are the respective probability density functions of LE and LE,, given that
s was transmitted, which are given by
1 (LE £1)?
LE|s=+1)= — ——z - 3.71
e = 671)
and
1 (LE, +1)?
LE,ls==+1)= —em— ). 3.72
Lkl = 1) = o exp (-, 67)
According to [2,29] (3.69) and (3.70) can be simplified to
I(LE s) = 1—E{log, (1 —exp(—LE
( in ) 1{ NgZ ( P( m))} (373)
~ 1— Yo log, (1 —exp(—sLE))
and
L) = 1= E{logs (1 —-exp(~LE,)} .

~ 1 vN E

~ 1—gX,_log, (1 — exp(—sLom))
respectively, where N is the total number of output symbols generated. The same principles can be
applied to determine the mutual information between the extrinsic information at the input/output of

the decoder and the decoded transmitted symbols, I(LP s) and (LD

outsS)- To determine the mutual

information, the expected values in (3.69) and (3.70) must be determined, calculating the approx-
imations in (3.73) and (3.74) by means of Monte Carlo simulation over a large number of samples

(typically N > 10°) for a given Ej,/Np, and plotting the results.

Fig. 3.7 [28] shows the EXIT chart for a MAP decoder at various Ej,/Np, where the encoder is a
rate 1/2 recursive systematic convolutional code with octal generator polynomials (G,,G) = (23,37)
and constraint length K = 5, of which the output is punctured to obtain a rate of 2/3. The prior
information is available. From Fig. 3.7 the evolution of the mutual information 7(LE ,s) and I(LE,,s)

mn’

is clear for a given Ej,/Nj.
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Figure 3.7: EXIT chart for a rate 2/3 recursive convolutional code [28].

3.5 SIMULATION RESULTS

The various SISO equalizers discussed in this chapter are used as a replacement for the optimal MAP
equalizer in a turbo equalizer, and the resulting turbo equalizer is simulated for a number of scenarios.
The corresponding EXIT charts are shown to evaluate the effectiveness of each low complexity SISO
equalizer. In each case the performance of the reduced complexity turbo equalizer is compared to that

of a CTE.

3.5.1 MMSE-LE and MMSE-DFE

In [12] the MMSE-LE and MMSE-DFE based turbo equalizers are simulated through a channel
h = {0.227,0.46,0.688,0.46,0.227} of length L = 5, using a rate 1/2 recursive systematic convo-
lutional encoder with octal generator polynomial G = {7,5}, where the first generator is the feedback
part. N, = 2! uncoded bits are encoded to N, = 2! coded bits and interleaved using an S-random
interleaver with § = 0.51/0.5N,.. Fig. 3.8 shows the performance of the MMSE-LE and MMSE-DFE
based turbo equalizers compared to that of the CTE employing a MAP equalizer. It is clear that, al-
though the convergence of the MMSE-LE-TE is worse than that of the CTE, the MMSE-LE-TE still
achieves coded AWGN performance after 14 iterations, as if the CIR were h = 1. The MMSE-DFE

however does not perform well, even after a great number of iterations. Fig. 3.9 shows the corres-
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ponding exit chart for Ej, /Ny = 4 dB, from which it is clear that the mutual information at the input
and the output of the MMSE-LE equalizer converges to 1, while the MMSE-DFE fails to transfer

much information.

—o— CTE: 0 iterations
—o6— CTE: 1 iteration
—o6— CTE: 2 iterations

BER

-6

10

—&— MMSE-LE-TE: 0 iterations
—&— MMSE-LE-TE: 1 iteration
—&— MMSE-LE-TE: 2 iterations
—&— MMSE-LE-TE: 14 iterations
—<&— MMSE-DFE-TE: 0 iterations
—&— MMSE-DFE-TE: 1 iteration
—o— MMSE-DFE-TE: 2 iterations
—o— MMSE-DFE-TE: 14 iterations
—-—-Coded AWGN

—6— CTE: 14 iterations E

+

Figure 3.8: MMSE-LE and MMSE-DFE turbo equalizer BER performance [12].
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Figure 3.9: MMSE-LE and MMSE-DFE turbo equalizer EXIT chart for Ej, /Ny = 4 dB [12].
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3.5.2 SFE

The SFE based turbo equalizer (SFE-TE) in [10] is simulated for a number of dispersive channels.
A rate 1/2 recursive convolutional encoder with generator (1 +D?)/(1+ D + D?) was used before
interleaving. The first channel is of length L = 5 and has an CIR h = {0.227,0.46,0.688,0.46,0.227}
for which M; =9 and M, = 5 were used. N, = 2" bits were encoded before interleaving, using a
random interleaver, and transmission. The SFE-TE was iterated 14 times and compared to a CTE
using a MAP equalizer. Fig. 3.10 shows the performance of the SFE-TE compared to that of the
CTE, from which it can be seen that both the CTE and SFE-TE achieve matched filter performance,
although the SFE-TE does so only for Ej, /Ny < 5 dB. The corresponding EXIT chart is shown in Fig.
3.11.

10 5 ; ;
| —e— CTE: 14 iterations
—&— SFE-TE: 14 iterations
g —-— Coded AWGN
10"
107
o
L
m
107
10
H
10_5 i i i i i
3 35 4 45 5 5.5 6
Eb/N0 [dB]

Figure 3.10: SFE-TE BER performance for h = {0.227,0.46,0.688,0.46,0.227} [10].

The second channel has a CIR of h = {0.23,0.42,0.52,0.52,0.42,0.23} of length L = 5, which causes
maximum degradation for the ML sequence detector, through which N, = 2! encoded bits are trans-
mitted after interleaving. M; = 15 and M, = 10 was used. The performance of the SFE-TE and the

CTE is shown in Fig. 3.12 for various numbers of iterations. Here it is clear that the CTE greatly
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outperforms the SFE-TE for this channel. The high performance gap between the CTE and SFE-TE is

due to the fact that energy is almost uniformly spread throughout the channel, ie. there is no dominant

CIR coefficient in h.
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Figure 3.11: SFE-TE EXIT chart at E, /Ny = 5.1 dB for h = {0.227,0.46,0.688,0.46,0.227} [30].

—o— CTE: 7 iterations
—&— CTE: 12 iterations
—o— SFE-TE: 6 iterations [
—e— SFE-TE: 8 iterations
—— SFE-TE: 16 iterations

BER

Figure 3.12: SFE-TE BER performance for h = {0.23,0.42,0.52,0.52,0.42,0.23} [30].
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3.5.3 SDFE

The soft-decision feedback turbo equalizer (SDFE-TE) proposed in [11] is simulated and compared to
the SFE-TE and MMSE-TE, where the CIR is once again as in Fig. 3.12 and a rate 1/2 convolutional
encoder with octal generator polynomial G = {7,5} is used to encode the information to N, = 10560
encoded symbols, after which the encoded symbols are interleaved with a random interleaver. The
filter parameters were chosen as follows: Ny =9, N, =5, N3 = N, + M — 1. Fig. 3.13 shows the
BER performance of the SDFE-TE compared to that of the SFE-TE and the MMSE-TE for three and
ten iterations respectively. Even though the performance of these turbo equalizers is comparable, it is
clear from the EXIT chart in Fig. 3.14 that the SDFE-TE does not exhibit such favorable convergence
properties as the MMSE-LE-TE. However, the SDFE-TE has much lower computational complexity
than the MMSE-LE-TE.

BER

—o— MMSE-LE-TE: 3 iterations
—=— MMSE-LE-TE: 10 iterations
1074k —o— SFE-TE: 3 iterations

—&— SFE-TE: 10 iterations

—o— SDFE-TE: 3 iterations

10° ‘ ‘ "
3 4 5 6 7 8 9 10
E

Figure 3.13: SDFE-TE, SFE-TE and MMSE-LE-TE BER performance [11].
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Figure 3.14: SDFE-TE EXIT chart at E;, /Ny = 5 [11].

3.6 CONCLUDING REMARKS

In this chapter conventional turbo equalization was discussed and it was explained how the turbo
equalizer iteratively exchanges information between the MAP equalizer and the MAP decoder in or-
der to improve the BER performance with each iteration. It was discussed how the computational
complexity of the CTE becomes excessive with moderate to long channel memory, and that the CTE
is not useful in systems that transmit coded information through highly dispersive multipath chan-

nels.

A number of reduced complexity SISO equalizers were discussed, which can be used as an alternative
to the optimal MAP equalizer in a turbo equalizer. Two MMSE SISO equalizers were discussed -
the MMSE-LE and the MMSE-DFE - and their performance in a turbo equalizer was demonstrated
via computer simulations from [12]. The MMSE equalizers have complexity that is quadratic in
the channel memory length, but low-complexity alternatives do exist. Two other feedback based
equalizers were discussed - the SFE and the SDFE - and it was shown that these equalizers have
lower complexity than their MMSE counterparts, while maintaining acceptable performance. Their
complexity is linear in the channel memory length, which makes them suitable for use in systems with
extremely long memory. Simulation results from [10] and [11] demonstrated that these algorithms
achieve performance that is comparable to that of the more complex MMSE-LE when used as SISO

equalizers in a turbo equalizer.

Department of Electrical, Electronic and Computer Engineering 74
University of Pretoria

© University of Pretoria



UNIVERSITY OF PRETORIA
YUNIBESITHI YA PRETORIA

&
&

“ UNIVERSITEIT VAN PRETORIA

A 4

Chapter 3 Turbo Equalization

In the following two chapters the author presents two unique approaches to perform iterative joint
equalization and decoding by using two superstructures, namely a Bayesian belief network and a re-
current neural network. This paradigm is different from the paradigm discussed in this chapter, where
information is iteratively exchanged between the equalizer and the decoder. When superstructures
are used to perform iterative joint equalization and decoding, there are no restrictions on the structure
of the interleaver and suboptimal equalizers are not resorted to in order to relieve the computational
strain due to large channel memory. This approach combines the two joint equalization and decoding
philosophies: The first was discussed in Chapter 2, where non-iterative joint equalization and decod-
ing was performed on a super-trellis, while some restrictions were imposed on the structure of the
interleaver. The second philosophy stems from the fact that, in order to have freedom when selecting
and interleaver, the equalizer and the decoder must be separate SISO algorithms, which iteratively
supply information to each other in order to improve the overall BER performance. Traditionally the
use of superstructures for joint equalization and decoding had limitations with respect to the com-
putational complexity, as discussed in Chapter 2, as well as the performance loss incurred by using
depth-limited interleavers. As will be shown in Chapter 4 and Chapter 5, these limitations are erad-
icated by employing two low complexity superstructures, enabling iterative joint equalization and
decoding in systems transmitting randomly interleaved coded information through highly dispersive

multipath channels.
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CHAPTER 4

DYNAMIC BAYESIAN NETWORK TURBO EQUALI-
ZER

During the past two decades much attention has been paid to approximate inference on factor graphs
using the sum-product algorithm. Factor graphs provide a means by which complex functions can be
factorized into the product of more simplistic functions, in order to infer posterior probabilistic in-
formation regarding hidden, or unknown variables [31,32] for a particular application. Factor graphs
include a myriad of graphical models used in the field of artificial intelligence and signal processing
such as Bayesian networks, Markov random fields and Tanner graphs, and many well know algorithms
such as the forward-backward algorithm, the turbo decoding algorithm and the Kalman filter, are all
instances of factor graphs [31]. Factor graphs have also been extensively applied to the design of

iterative receivers in wireless communication systems [17, 18,33-46].

It was demonstrated in [17, 18] that turbo decoding can be performed by iteratively decoding the
received codewords on a graph with cycles. Also, in [36-38] it was shown how low density par-
ity check (LDPC) codes transmitted through multipath and partial response channels can be iterat-
ively decoded, and therefore turbo equalized, on a factor graph. In all cases BP via the sum-product
algorithm is used to calculate the approximate marginal posterior probabilities of the uncoded in-
formation symbols. Factor graphs adapted for use in wireless communication receiver algorithms,
especially Turbo algorithms, usually have cycles due to a randomization effect designed to separate
transmitted information temporally, ie. interleaving, to improve overall system performance. In order
to reduce detection complexity, cycles have to be eliminated, and in order to remove cycles in a graph
the junction tree algorithm is often used to combine nodes into supernodes, where each supernode

represents a collection of original nodes [26,31]. This combination of nodes results in an exponential
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growth in the state space, and therefore the computational complexity. Apart from the very high com-
putational complexity of this approach, it has been shown in [32,35,47-49] that fast, exact inference

is not guaranteed on graphs with cycles.

In a wireless communication system transmitting coded information through a multipath communic-
ation channel, an interleaver is ofter used to mitigate the effect of burst errors by randomizing the
occurrence of errors in a transmitted data block, as stated before. When a random or pseudo random
interleaver is used, the Markov assumption, which states that the current state is only dependent on
a finite history of previous states [16], is violated since the interleaver randomizes the encoded data
according to some predetermined random permutation. The Markov assumption therefore fails and

the turbo equalizer can no longer be modeled as a DAG to form a cycle-free decision tree.

In this chapter a low complexity near-optimal dynamic Bayesian network turbo equalizer (DBN-TE)
is developed. The DBN-TE is modeled as a DAG, while relaxing the Markov assumption, by allowing
weak dependencies on past and future states. Thus the DBN-TE model ensures that there is always
one dominant connection between a given hidden state and its corresponding observations, while there
may be several weak connections to past and future hidden states. The computational complexity
of the DBN-TE is approximately quadratic in the coded data block length, exponential in decoder
constraint length. Additional complexity is due to the channel memory, but is only approximately
linear since it does not increase the size of the state space, but merely increases the summation terms
in the sensor model. Its computational complexity is superior to that of the CTE, while being inferior
to that of MMSE and DFE based LCTEs for moderate to large coded data block lengths. Results show
that the performance of the DBN-TE closely matches that of a CTE in Rayleigh fading multipath
channels, achieving full convergence after only a small number of iterations. Its performance in short

static multipath channels is also comparable to that of the CTE and other LCTE:s.

4.1 DYNAMIC BAYESIAN NETWORKS

A Bayesian network is a DAG consisting of nodes, where each node can be in a number of states [16].
Each of the possible states in turn has a corresponding probability indicating the likelihood of the node
being in that state. Nodes are indicated by X; and each node can assume M states {x,x2,...,Xy}.
Conditional dependence between nodes is indicated by a directed link, or edge, between nodes.
Fig. 4.1 shows a simple Bayesian network, where nodes X; and X, are respectively connected to

nodes X3 and X4, which are in turn connected to node X5. The connections between nodes in Fig. 4.1
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means that X; has an effect on X3, X, has an effect on X4, and X3 and X4 have and effect on X5. There-
fore X; and X, have an indirect effect on X5 via X3 and X4. Each node, except nodes X; and X, has a

conditional distribution P(X;|Parents(X;)) that quantifies the effect of the parents on the node.

Figure 4.1: Bayesian network with five variable nodes.

4.1.1 Representing Joint Distributions

Given the conditional probability distributions for each variable, a Bayesian network is able to rep-
resent the full joint distribution for all the variables. A Bayesian network can either be viewed as a
representation of the joint probability distribution of a given domain, or as an encoding of a collection
of conditional independence statements [16,50]. The joint distribution of all the variables in Fig. 4.1
can be determined as follows:
5
P(X) =x1,X0 = x2,X3 = x3,X4 = x4, X5 = X5) = HP(xi|parents(X,~)), 4.1)
which can be written in short as
5
P(x1,x2,X3,X4,X5) = HP(xi|parents(Xi)), (4.2)
=
Assuming that each node can assume M = 4 states, namely xj, x, x3 and x4, the probability of any
combination of state assignments can be calculated, assuming that the conditional probabilities are
available. For instance, the probability that X; = xp, X; = x4, X3 = x2, X4 = x1 and X5 = x3 is calculated

as
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P(xp,x4,x2,x1,x3) = P(X5=x3|X3=x2)P(X3=x2]X1 =x2)...
P(X] :x2>P(X4 = X1 |X2 :)C4)P(X2 :)C4). (43)

Note that X; and X, do not have conditional probabilities, since they are not affected by any other

nodes.
4.1.2 Bayesian Network Construction

It is important to be able to construct the Bayesian network so as to represent the domain by means
of the joint distribution. The product rule can be used to accomplish this, by rewriting the joint
distribution in (4.1) for n variables [16],
n
P(xi,...,xy) = HP(xl-]parents(Xi)), 4.4)
i=1

in terms of the conditional probabilities such that
P(x1y..xn) = P(xp)Xn—1, ., x1)P(Xp—1,---,X1), (4.5)

which, when each conjunctive probability is reduced to a conditional probability and smaller con-

junction, factorizes to

P(x1,...,x0) = Plxp|xn—1,--,x1)P(xp—1|xn—2,...,x1) ... P(x2]x1)P(x1) 6)
= " P(xilxizi, ..o, x1)

From (4.6) it is clear that the Bayesian network is a correct representation of the domain if each node
is conditionally independent from its predecessor. It is therefore important to select parents for each

node so that this condition holds true.
4.1.3 Probabilistic Reasoning over Time

When dealing with systems that evolve over time it is necessary to be able to infer the joint distribution
of any number of random variables, given all available information up to the current time instant.
Keeping track of the joint distributions of the variables in past nodes, the belief state of the current
node can be inferred from the observation at the current time instant. Let X, be a set of unobservable
state variables at time ¢, and let E; be a set of observable evidence variables, where the observation

at time ¢ is E, = e, for some set of values e¢;. In a Bayesian network that performs inference over
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time, the transition model and the sensor model are key descriptors of the behavior of the system to
be modeled. The transition model describes the probability of transitions between states at a given
time, while the sensor model explains the process involved in producing the observed or evidence

variables.

4.1.3.1 Transition Model

In order to construct a Bayesian network for temporal models, a description of the evolutionary nature
of the system must be specified. This is done in the form of a transition model which describes
the transitions between the different states of neighboring nodes. The transition model is given by
P(X;|X;_1), which gives information regarding the probability of X, being in a given state, given that
X,_1 is in a certain state. In other words, the transition model specifies the probability distribution
over the latest state variables, given the previous state variables. Here it is important to note that
the current state is only dependent on a fixed number of previous states. This is called the Markov
assumption [16]. In a first order Markov process, the current state only depends on the previous state
(P(X;|X;-1)), whereas the current state depends on two previous states in a second order Markov

process (P(X;|X;—1,X;—2)). In his thesis the focus is on the former.

4.1.3.2 Sensor Model

The sensor model, or observation model, is responsible for testing the relevance of the observed
evidence variables with respect to each individual state in X¢, and producing a value for each state in
X which is proportional to the probability of the state for which it is evaluated. The sensor model
should faithfully model the process by which observed variables E; are produced in order to best infer
the probability of occurrence of each state in X¢. The sensor model is given by P(E,|X,), producing a

probability for each state in Xy, given the evidence E;.

4.1.3.3 Inference over Time

Fig. 4.2 shows a Bayesian network structure with four nodes X;, X;_; , X;_» and X,_3, and four
corresponding evidence variables E;, E,_; , E,_, and E,_3. The nodes are connected by arrows, in-
dicating the flow of time, and each node is connected to an evidence variable, with the arrow pointing
towards the evidence variable since that state of the world causes the evidence variable to assume a

certain value. In order to determine the probabilities of the state variables in X, given all historic
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information, one may write

P(X,E,) = P(Xo) [ [ P(XilXi-1) P(E;[X;), 4.7)
i=1

where the first, second and third terms on the right-hand side are the initial state model, the transition
model, and the sensor model respectively. Note that, in order for the system to start inferring future
probability distributions, there must be an initial state model which is known a priori. Therefore,
knowing the initial state model, the transition model and the sensor model, the joint probability dis-

tributions over all the states in X, can be determined, given all past information, for any time instant

Figure 4.2: Bayesian network structure showing variable nodes and observed/evidence variables.

t.

4.1.3.4 The Forward-backward Algorithm

The forward-backward algorithm computes the distribution over past and future states given evidence
up to the present. It determines the exact MAP distribution P(Xy|e;,,) for I < k <t, where e, is a
sequence of observed variables from time 1 to #. This is done by calculating two evidence “messages”

- the forward message from 1 up to k and the backward message from ¢ to k+ 1.

4.1.3.4.1 Forward message: The forward message computes the posterior distribution over future
states, given all evidence up the current state. To compute the forward message, the current state is
projected forward from time ¢ to time ¢ + 1 and is then updated using the new evidence e, . To obtain

the prediction of the next state it is necessary to condition on the current state X;, hence:

P(X; 1]e141) = aP(e 1 ’XZ—H)ZP(XH-I X )P(x|e1:) (4.8)
Xt

where « is a normalization constant, P(e,;;|X;+1) is obtained from the sensor model, P(X;;|x/)

is the transition model and P(x;|e;,) is the current state distribution. The forward message can be
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computed recursively using (4.8).

4.1.3.4.2 Backward message: The backward message is computed in a similar fashion. It com-
putes the posterior distribution over past states, given all future evidence up to the current state.
Whereas the forward message is computed forwards from 1 to &, the backwards message is computed
backwards from k + 1 to t. Thus, the backwards message determines

Plerr1:Xe) = & ) Plergt [Xes 1) P(Xi1 [ X ) P 52 [Xpt 1) 4.9)

Xk+1

where P(e;|X;;1) is obtained from the sensor model, P(x;;1|X) is the transition model and
P(e+2:|Xr+1) is the current state distribution. The backward message can be computed recursively

using (4.9).

4.1.3.4.3 Forward-backward Message: Finally, by combining the forward and backward mes-
sage, the posterior distribution over all states at any time instant 1 < k <t can be determined

as

P(Xyler) = oP(Xilerx)Pers 1| Xk). (4.10)

Using the posterior distribution for each X, the hidden variable can be estimated by marginalizing

over all states {x1,x2,...,x)}, where M is the number of possible states.
4.2 MODELING A TURBO EQUALIZER AS A QUASI-DAG

Suppose a wireless communication system generates a sequence of source bits s of length N, and s
is encoded by a convolutional encoder of rate R, = 1/n, producing a coded bit sequence ¢ of length
N. = N,/R.. Now suppose that the coded bit sequence is interleaved using a random interleaver,
which produces a bit sequence ¢ of length N,, which is transmitted. The resulting symbol sequence

to be transmitted is given by

¢=JGTs, 4.11)
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where T denotes the transpose operation and G is an N,, x N matrix

[ gk --- &k O 0 O 0 O |
81K 0 0O 0 O
g1 .-+ &nl 0 0 0 O
0 0 0 gn 0 0 0 O
G=| : ¢ ST oo (4.12)
0O 0 0 O gk 0 0 O
0 0 O 0 81k .-+ 8nk
0O 0 0 O &nl
. 0 0 0 0 0 0 gu ... 8&u |
representing the convolutional encoder, where
g1 -+ 8ul
g= oo (4.13)
81K .-+ &nk

is the generator matrix of a rate R, = k/n (k = 1) convolutional encoder with constraint length K,
and J is the N, x N, interleaver matrix. Now suppose the symbol sequence ¢€ is transmitted over a
single-carrier frequency-selective Rayleigh fading channel with a time-invariant impulse response h

of length L, the received symbol sequence is given by

r = Hé+n, (4.14)
where H is the N, x N, channel matrix with the CIR h = {hy, A, ..., hL,l}T on the diagonal such
that ~ .

hg o ... O 0 0 0
hy ... O 0 0 0
hp—1 0 0 0 0
H=| 0o »n_, 0 0 0 (4.15)
hy 0 O
0 0 0 A1 ... hy O
i 0 0 0 0 h—1 ... h |

and n is a complex Gaussian noise vector with 2N, samples (N, for real and N, for imaginary) from

the distribution .4 (0, 52).
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Fig. 4.3 (a) shows a graphical model of the transmission model in (4.14), without noise, where it is
assumed that J = I where I is an N, X N, identity matrix (ie. no interleaving is performed) where
R. =1/3 and L = 2. It shows that every uncoded bit s; produces R.~' =3 coded bits ¢y, cr+q and
cp+2, where k' = ((k—1)/R.) + 1 (k runs from 1 to N, and &’ runs from 1 to N,). Each received

symbol can be expressed as
L1
re =Y co_ih, (4.16)
1=0

where h = {hg, h;} is the CIR. Note that iy and h; are not shown in Fig. 4.3 (a). This joint
equalization and decoding problem can be modeled as a DAG, and the forward-backward algorithm
can be used to optimally estimate ¢, and hence s, with relative ease, since a one-to-one relationship
exists between the observed variables r and the hidden variables c. A relationship also exists between
consecutive codewords (groups of n bits). Fig. 4.3 (a) also depicts the causality relationship between

the hidden variables and the observed variables.

Now consider Fig. 4.3 (b). It shows a graphical model of the transmission model in (4.14), again
without noise, but now J is a random N, x N, interleaver matrix and again R, = 1/3 and L = 2. Each
received symbol can be expressed as

L-1

Iy = ék’flhla (417)
=0

where ¢y is the k'th interleaved symbol. It is clear from Fig. 4.3 (b) that there is no obvious relation-
ship between the observed variables r and the hidden variables ¢ and that the causality relationship
in Fig. 4.3 (a) is destroyed by the randomization effect of the interleaver. Moreover, the relationship
between consecutive codewords (groups of n bits) is also destroyed. This problem can therefore no

longer be modeled as a DAG and exact inference is in fact impossible [32].

Deinterleaving the received sequence r will ensure that the one-to-one relationship between each
element in r and c is restored, but only with respect to the first coefficient sy of the CIR h. If Ag is
dominant and if h is sufficiently short, approximate inference is possible due to the negligible effect
of iy to hy_1 on r, but this is not normally the case. In a wireless communication system transmitting
information through a realistic frequency-selective Rayleigh fading channel, /g cannot be guaranteed
to be dominant and the contribution of A; to Az _; is not negligible, and therefore this approach will
fail. This has been simulated and verified by the author. Another viable alternative is to model the
system as a loopy graph in order to perform approximate inference as in [49], but as stated before,
exact inference is impossible [32,47-49] and full convergence is not guaranteed [51]. In loopy graphs

convergence is normally achieved after many iterations.
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(a) (b)

Figure 4.3: Graphical models of (4.14) without (a) and with (b) a random interleaver.
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4.2.1 Prefiltering and Deinterleaving

For the DBN-TE to perform approximate inference a strong connection must exist between the ob-
served variable and the hidden variable at time instant ¢, and weak connections must exist between
the observed variable at time instant # and hidden variables at other time instants. The randomization
effect of the interleaver must also be mitigated in order for the turbo equalizer to be modeled as a
quasi-DAG so that a one-to-one relationship (dominant connection) can exist between the observed

variable and the corresponding hidden variable at time instant 7.

For this exposition assume that the coded symbols ¢ are transmitted through a channel Q = HJ, where
H is the channel matrix and J is the interleaver matrix as previously defined. Therefore (5.9) can be
written as

r=Qc+n. (4.18)

4.2.1.1 Cholesky Minimum Phase Filtering

To ensure that the connection between the observed variable at time instant # and its corresponding
hidden variable is dominant, and that the connections between the same observed variable and past
and future neighboring hidden variables are weak, the energy must be concentrated in the first tap
(hp) of h. This can be achieved by applying a Cholesky decomposition to the autocorrelation of
the estimated channel matrix (H”H), and then using the resulting composition to filter the received

symbols r [52,53].

The Cholesky decomposition is a decomposition of a matrix into the product of a lower triangular
matrix and its conjugate transpose [54]. The matrix has to be Hermitian as well as positive-definite.
An Hermitian matrix is a square matrix A containing complex values, that is equal to its own conjugate
transpose. Also, an N x N Hermitian matrix A is said to be positive definite if b Ab is real and

positive for all non-zero complex vectors b [54].
Given an Hermitian, positive definite matrix A, it can be factorized as
A=CCH, (4.19)

where C is the lower triangular matrix produced by the decomposition. The Cholesky decomposition

is therefore the matrix analogue of taking the square root of a number.
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Applying the Cholesky decomposition to the autocorrelation of the channel matrix as in [52, 53]
yields
Hcpo = Chol (HYH) (4.20)

where Hcy,; 1s a lower triangular matrix resulting from the decomposition, which represents the new
channel matrix with the energy concentrated in the first tap. To allow for Hcy,; to be used as the new

channel matrix, the received symbol sequence has to be transformed, or filtered, such that

-1

v = (Hey,)  Hr. 4.21)

The transmission model in (4.18) is therefore adapted to include these modifications. Hence

rsi;; = HJe+n, 4.22)
which is mathematically equivalent to

r =H¢poJe+n. 4.23)

Therefore the effect of filtering the received symbol sequence r as in (4.21) is the same as transmitting
the coded interleaved information through a channel Hc¢y,; as in (4.23), where the first tap of the CIR

h is dominant.

Fig. 4.5 and Fig. 4.4 show the CIR h = {0.2294,0.4588,0.6882,0.4588,0.2294}, with and without
Cholesky decomposition filtering. Fig. 4.6 and Fig. 4.7 show the frequency response of the average
CIR, and Fig. 4.8 and Fig. 4.9 show the pole-zero plots of the average CIR. In Fig. 4.5 and Fig. 4.4 it
can be seen that the CIR resulting from the factorized channel matrix is tapered such that the energy
is concentrated in the leading CIR taps. However, the energy in the first tap is not the highest. From
Fig. 4.7 and Fig. 4.6 it is clear that Cholesky decomposition filters the frequency response so as
to remove the spectral nulls, which is responsible for noise enhancement and error propagation in
MMSE and DFE equalizers, and finally, Fig. 4.9 and Fig. 4.8 indicate that Cholesky decomposition
filtering moves the zeros from the unit circle towards the centre of the circle. However, the nulls are
not close to the origin and there is still a zero on the unit circle, which will result in instability and

ultimately unacceptable BER performance.
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Figure 4.4: Average CIR for a system with L = 6 without Cholesky decomposition filtering.
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Figure 4.5: Average CIR for a system with L = 6 with Cholesky decomposition filtering.
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Magnitude (dB)
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Figure 4.6: Frequency response of the average CIR for a system with L = 6 without Cholesky de-

composition filtering.

Magnitude (dB)
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Figure 4.7: Frequency response of the average CIR for a system with L = 6 with Cholesky decom-

position filtering.
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Figure 4.8: Pole-zero plot of the average CIR for a system with L = 6 without Cholesky decomposi-

tion filtering.
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Figure 4.9: Pole-zero plot of the average CIR for a system with L = 6 with Cholesky decomposition

filtering.

During simulation it became clear that the application of the Cholesky decomposition filtering to
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render the channel in its minimum phase form has some drawbacks. Firstly it adds computational
complexity that is cubic as well as quadratic in the coded data block length. The complexity of (4.20)
is a maximum of O(2N?) and a minimum of O(2N>37°), as the complexity of matrix multiplication
and inversion can be reduced from O(N?) to O(N?37%) by applying the Coppersmith-Winograd al-
gorithm in [55]. However, (4.20) can be determined using a subset of H, determined by the CIR length
L." Therefore, when using a 2L x 2L subset of H the complexity of (4.20) reduces to a minimum of
O((2L)*%7®) and a maximum of O((2L)?). Also the computational complexity of (4.21) is a minimum
of O(2N*%76 + N?) and maximum of O(2N> + N?) for a fading channel, and trivial for a static chan-
nel.? The total computational complexity of minimum phase filtering via Cholesky decomposition is

therefore a minimum of O(2N>376 + N2 + (2L)*37%) and a maximum of O(2N? +N? + (2L)%).

Second, when simulations are performed in static multipath channels, the Cholesky decomposition
sometimes fails to concentrate the energy sufficiently in the leading taps of the CIR, as is evident
in Fig. 4.5, thus inhibiting the DBN-TE from achieving acceptable performance because of error
propagation. However, when simulations are performed in fading multipath channels, the Cholesky
decomposition sufficiently filters the channel to achieve full convergence and near-optimal perform-
ance. In order to make the DBN-TE competitive in static channels, an MMSE based minimum phase
filter has to be implemented, which has complexity that is cubic in its filter length, where the filter
length is usually a multiple of the unfiltered CIR. This prefilter has a computational complexity of
O(4L3 +-4L% +N_L), where the first and second terms are associated with the prefilter calculation, and
the second term is associated with filtering the received symbol sequence with the resulting minimum

phase filter.

It is however worth mentioning that computational complexity due to Cholesky decomposition fil-
tering can also be reduced if frequency hopping is applied. During frequency hopping the channel
changes owing to frequency-selective fading, and Cholesky decomposition and filtering are applied
to smaller matrices. Fig. 4.10 shows the minimum and maximum numbers of calculations required
for Cholesky decomposition and filtering for a system transmitting blocks of coded information of
length from N, = 600 to N, = 6000 in intervals of 600, for a number of frequency hops from F =1 to
F =16. From Fig. 4.10 it can be seen that frequency hopping has a favorable effect on the complexity

of Cholesky decomposition and filtering, where the blue and red lines correspond to the respective

YA 2L x 2L matrix is sufficient to determine Hey,,;.
2When the channel is static (ngh 0,)_1 HY in (4.21) reduces to a positive time shift that is equal to the CIR length L.

The complexity of (4.21) for a fading channel is used for the computational complexity calculations.
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minimum and maximum complexities. This changes the minimum and maximum complexities to
O(2F (N, /F)*37% + F(N,/F)? + (2L)*37%) (red) and O(2F (N,./F)* + F(N,/F)?+ (2L)3) (blue) re-

spectively.
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Figure 4.10: Effect of frequency hopping on the complexity of Cholesky decomposition and filtering.

4.2.1.2 MMSE-DF Minimum Phase Filtering

The MMSE-DF minimum phase filter is discussed according to [56,57], and the MMSE-DF prefilter
of the GSM simulator discussed in [57] is used in the simulation of the DBN-TE in static channels.
Consider the receiver structure in Fig. 4.11 from [56], containing a matched filter, a feed-forward
filter, a decision device and a feedback filter. The matched filter and an FIR filter constitute the

prefilter. The output of the matched filter can be expressed in the z-domain as
Y(z) =C*(2)C(z)D(z) +C*N(z), (4.24)

where D(z) the is the transmitted symbols, C(z) is the estimated CIR and N(z) is the noise. Since the

z-transform of the autocorrelation of ¢ is nonnegative, there are no zeros in the power spectrum.
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Prefilter

Mathced filter FIR filter Decision device

It

C 4 s Yo, f 2y, —+ St N S

v

Feedback FIR filter

Figure 4.11: MMSE-DF prefilter [56] (Figure 7.2).

Therefore

C'(2)C() = G ()G ~), (4.25)

XN

and G(z) is causal and in minimum phase form, hence G(z)(1/z*) is anticausal and in maximum
phase form. G(z) may be found by assigning roots of C*(z)C(z) greater than 1 to the feed-forward

filter as well as the remainder of the feedback filter.

4.2.1.2.1 Feedforward filter: The feed-forward filter should be chosen to cancel the precursor
CIR with respect to time instant . Therefore, the feed-forward filter ideally needs to have a z-domain
representation

F(z) =1 /G(z)(zl*). (4.26)

After the feedforward filter, the z-domain representation is

2(2) = F(z)G(z)G*(Zl*)D(z)—i—F(z)C*(z)N(z) @.27)
- G(z)D<z)+g((f))N(z) (428)
) 4.29)

C'(2)
' G

an infinite impulse response (IIR) filter in the time domain, and therefore has to be approximated by

in order for the prefiltered CIR G(z) to be causal and in minimum phase form. However. is

an FIR filter. Since the FIR filter will have to be infinitely long, it is approximated by truncation,

assuming that the IIR filter has an finite decaying impulse response [57].

C*(2)

The noise after the prefilter is given by o)

N(z) and is non-white. In order to simplify the operation
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of the detector, the noise has to be whitened by a noise whitening filter.

4.2.1.2.2 Prefilter design: The prefilter is designed by using a single filter, consisting of the
matched filter, the feed-forward filter and the noise whitening filter, a decision device (detector) and a
feedback mechanism, as shown in Fig. 4.11. In order to maximize the energy in the leading feedback

tap, the filter-detector combination is designed so that decisions made on s; have zero delay.

The anticausal prefilter f is selected and is used to filter the received symbols such that
z=1"r, (4.30)
where z has an impulse response b. Therefore, z; can be expressed as

L
2= bisi—i+n 4.31)
=0

where s;_; is the (¢ — [)th transmitted symbol and 7, is a white Gaussian noise sample.

4.2.1.2.3 Choosing fand b: Past symbols are fed back using b in order to eliminate the ISI on the
received symbols as in (4.31), assuming that the leading tap in b is bg = 1, and that §; is an estimate of
s; from a given modulation alphabet. Since the correct past symbols are fed back, the decision device

can make hard decisions on s;.

Therefore, the best choice for f and b will minimize the MMSE between s; and §;. That is
min{E{|s,—s~t]2}} :min{E{\8,|2}} (4.32)

& can therefore be expressed as

g=wy—s (4.33)
where w and y are respectively given by
w={fo,fi,-- - fp, b1, =L} (4.34)
and
y:{rtartJrl)'"artJersnfl’"'asn*L}T' (435)
The MMSE can therefore be written as
min{E{|w"y —s,|*}} (4.36)
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and the solution to w is given by the Wiener-Hopf equation
E{yy"}w" = E{s]y} (4.37)

which jointly yields f and b, assuming as before that by = 1. The impulse response of the feedback
filter b is the minimum phase equivalent impulse response (of ¢) that is to be used together with the
filtered signal z in the equalizer. The SNR will be maximized since by is fixed to 1 while E{||&]|*} is

minimized. In other words
[b]|>

SNR o« ————.
E{|ll*}

(4.38)

4.2.1.2.4 Implementation: Referring to the Wiener-Hopf equation in (4.37), E{yy"} is written

as
H
E{yy"} = E{Q} (4.39)
where Q is given by
Q Qp
Q= , (4.40)
Q1 Qpn
and Q1, Qy, Q1 and Qy, are respectively given below:
k k K
ety rir cee I p
k k %
r[+1rt I’t+1rt+1 r[+1rt+P
Q= , 4.41)
£ 3 k K
L Tt4+-pt; rt+prt+1 rt+prt+P ]
riS{_ 4 ISy ... TiSi_p_
* * *
r,+1st_1 r,+1st_2 e r,+1st_P_1
Qp = , (4.42)
| 7Te+PSi_y TekPS{_y oo TpPS{_p_y |
Si—1Ff Si—1Fj .- Si—1Tip
k K k&
St_zl”t st_er_] S[_zrt+P
Q= , (4.43)
i Sl st,Lr;‘+1 s,,Lrt*JrP ]
and ) ;
* k k&
St_]st_l S[_]rt_z st_]st—P—l
* * *
Stfzst_l Stfzrt_z . Stfzsl_P_l
) = : (4.44)
* e k
L S[_LSZ_I sr_Lrl_z “oe St_LSI_P_l |
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where P is the number of feed-forward filter coefficients. Also, E{s;y} in (4.37) is given by

* * * * * ok * ok * ok T
E{s;y} = E{S/rt,S Fit1y s S TPy Sy S 138 S/ 181 Si 1} (4.45)

The feed-forward and feedback filters are determined by
w =Q 'h (4.46)
where h contains the estimated CIR ¢ padded P — L with zeros
f={wo,wi,...,wp_1} 4.47)

and

b= {*va WPl 7WP+L} (448)

as given by (4.34). Finally, the received symbol sequence is filtered using the feedback filter as in
(4.30) such that z = f”r. The minimum phase CIR b and the filtered received symbol sequence z are

now used in the equalizer to determine the most likely transmitted symbols.

0.7

1 2 3 4 5
Tap number

Figure 4.12: Average CIR for a system with L = 6 with MMSE-DF filtering.
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Figure 4.13: Frequency response of the average CIR for a system with MMSE-DF filtering.
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Figure 4.14: Pole-zero plot of the average CIR for a system with MMSE-DF filtering.

This concludes the derivation and discussion of the MMSE-DF prefilter used to filter the non-
minimum phase CIR and the received symbols, before the DBN-TE is applied to jointly equalize

and decode the received symbol sequence. Fig. 4.12 through to Fig. 4.14 show the prefiltered CIR,
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its pole-zero plot and its frequency response for the same scenario as for Cholesky decomposition
filtering, from which it is clear that the energy is concentrated in the leading CIR tap, that the zeros

are well inside the unit circle, and that the spectral nulls have been removed.

4.2.1.3 Interleaver Mitigation

In order to model the turbo equalization problem as a DAG, or a quasi-DAG due to weak connec-
tions to past and future states, the randomization effect of the random interleaver must be mitigated.
Fig. 4.15 and Fig. 4.16 show |Q| for systems with CIR lengths of L = 1 and L = 3 respectively, for
a hypothetical system with parameters N, = 50, N, = 150, R, = 1/3. It should be clear that any
sequence c that is transmitted through a channel Q, as described in (4.18), will be subject to random-

ization.

In order to reverse the randomization effect of the interleaver while ensuring a dominant connection
between the observed variables and their corresponding hidden variables, one leans on the fact that
the product of the transpose of any random interleaver matrix with the interleaver matrix itself, will
produce an identity matrix. That is

JI=1, (4.49)

thus removing the randomness of the interleaver. To reverse the effect of the interleaver in the trans-
mission model in (4.18) is not straightforward, since the coded information is interleaved (J) and then
transformed by the channel (H), since Q = HJ. In order to reverse the effect of the interleaver on
the received symbol sequence, the autocorrelation of the combined interleaver/channel matrix Q is
determined, and used to filter the received symbol sequence. To mitigate the effect of the interleaver,

the following transformation is applied to r:
Qr = Q"Qc+ Qn, (4.50)
which is equivalent to transmitting the coded symbol sequence ¢ through a channel U, where
U=0Q"Q, 4.51)
so that

Qr =Uc+Qn. (4.52)

Fig. 4.17 and Fig. 4.18 show |U]| for systems with CIR lengths of L = 1 and L = 3 respectively.

It is clear that this transformation mitigates the randomness exhibited in Q, since the new “chan-
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nel” U is diagonally dominant. The one-to-one relationship between the observed variables and the
corresponding hidden variables is therefore restored. The computational complexity of interleaver
mitagation is quadratic in the coded data block length (O(N?)) because of the filtering of the received
symbol sequence (Qfr in (4.52)), and cubic in the coded data block length (O(Nf)) because of the
autocorrelation of the interleaver/channel matrix (Q”Q in (4.51)). The computational complexity
of interleaver mitigation is therefore a maximum of O(N? + N?) and a minimum of O(N>376 + N?2).

Unfortunately no complexity reduction is possible by making use of frequency hopping.

Therefore, by applying a Cholesky decomposition to the correlation of the channel matrix and filtering
r accordingly, before performing the transformation in (4.52) to mitigate the effect of the interleaver,
all the conditions are met to model the turbo equalizer as a quasi-DAG with dominant connections
between the observed variables and their corresponding hidden variables.> Cholesky decomposition
and filtering ensures that a dominant connection exists between the observed variable and the hidden
variable at time instant ¢, and that weak connections exist between the observed variable at time
instant ¢ and the hidden variable at other time instants, while the transformation in (4.52) mitigates
the randomization effect of the interleaver so that a one-to-one relationship may exist between each
observed variable and its corresponding hidden variable. The minimum computational complexity
of the prefiltering phase (minimum phase filtering and interleaver mitigation) is therefore O(N>376 +
N? +N.L+4L?), and the maximum complexity is O(5N2 +2N?). These maximum and minimum

complexities will be used in the calculation of the overall complexity of the DBN-TE.

3 As stated before, a minimum phase prefilter can also be used to produce a minimum phase equivalent CIR.
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Figure 4.15: |Q| for a system with L = 1 CIR coefficients.
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Figure 4.16: |Q| for a system with L = 3 CIR coefficients.
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Figure 4.17: |U| for a system with L = 1 CIR coefficients.
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Figure 4.18: |U| for a system with L = 3 CIR coefficients.
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4.3 THE DBN-TE ALGORITHM

After making preparations for the turbo equalization problem to be modeled as a quasi-DAG, as
explained in the previous section, the DBN-TE algorithm can be executed. This author assumes
a system with an uncoded block length of N,, using the rate R, = 1/3, constraint length K = 3,
convolutional encoder in Fig. 4.19 to produce N, bits, where N, = N,/R.. The coded bits are
interleaved with a random interleaver and passed through a multipath channel with a CIR of length

L.

> c®

@

S—»

@

Figure 4.19: Rate R, = 1/3 convolutional encoder.

4.3.1 Graph Construction

The graph is constructed to model the possible outputs of a convolutional encoder in much the same
way as a trellis is constructed in a conventional MAP decoder. For the DBN-TE graph the number of
states per time instant ¢ is equal to the number of possible state transitions, given by M = 2K, where
K is the encoder constraint length. This is different from the number of states in a MAP decoder,
which is equal to the number of possible states, given by M = 2K=1_ In Section 4.4 it will be shown
how the number of states can be reduced to M = 2X~!. The number of time instants in the DBN-TE
graph is equal to the number of uncoded bits N,, which is also equal to the number of codewords.
Fig. 4.20 (a) and (b) show the graphical model of a DBN-TE for the first and subsequent iterations
respectively, where the dashed lines in Fig. 9 (b) depict weak connections to past and future states
due to ISI. Each X; on the graph contains a set of M state transitions x,(m), where r = 1,2,...,N,, and

m=1,2,...M.
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(b)

Graphical models for the (a) first iteration and (b) subsequent iterations.

Figure 4.20
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During the first iteration no coded bit estimates € are available, so the graphical model is a pure DAG
because the current state is only dependent on the previous state. Hence only U; ; is used in the cost
function of the sensor model, where U, is a coefficient on the diagonal of the new channel matrix
U in (4.52). After the first iteration, estimates of the coded bits € are produced and can therefore be
used in subsequent iterations. During subsequent iterations then, U; , and U, , are also considered in

the cost function of the sensor model, where u =1,2,....t =l andv=t+1,t+2,...,N,.

4.3.2 State Transition Output Table

The output associated with each state transition is also tabulated using the encoder state diagram in
Fig. 4.21. The output produced by each state transition x,(m), m=1,2,....8, is determined by loading
the bit-values of the current state into the leftmost K — 1 = 2 fields of the convolutional encoder in
Fig. 4.19, and then placing a 0 and a 1 respectively on the input of the encoder, each producing a new

codeword c(Vc@¢(3) at the output. This process is followed exhaustively and tabulated. Table 4.1

shows the state transition outputs of the encoder in Fig. 4.19 that results from moving from one state

to the next.
XV
» 00
v
TN
Xt(2) 5 \\Xt
\ Xt(e)
11 s § 01
A Xt(‘/‘/)
. . (3)
o Xt /
@
x® X
10
Figure 4.21: Convolutional encoder state diagram.
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Table 4.1: State transition output table

ORI S
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4.3.3 Transition Probability Table

The DBN-TE depends on a transition model to describe the permissible state transitions. This is
constructed by examining the encoder state transition diagram in Fig. 4.21 and noting the possible
state transitions. The solid lines and dashed lines indicate state transitions caused by ones and zeros
at the input of the encoder. It is clear from Fig. 4.21 that only two state transitions emanate from any
given state transition (one caused by a 1 at the input and one caused by a 0 at the input). Table 4.2
shows the transition probabilities of the encoder in Fig. 4.19, of which the state transition diagram is

shown in Fig. 4.21.

4.3.4 Sensor Model

The conditional probabilities obtained from the sensor model for the respective forward- and back-

ward messages, P(e,1|X;+1) and P(e,|x;1) are determined by calculating a metric between the

observed variable e, and the hidden variable xt(m) ,wherem=1,2,...,M. The observed variable e, con-

-1, where#’ = ((t—1)/R;) + 1 (¢ runs from 1 to N, and ¢/

runs from 1 to N,), and the hidden variable xt(m) consists of the output (cm, ¢ and c(3)) associated

. _1 .
sists of R.~ " received symbols ry/yy to r, | R.

with state transition x"™ in Table 4.1.

During the first iteration, only the dominant connection Uy, between the observed variable e, and

the hidden variable x, is used in the cost calculation, since no coded bit estimates ¢ are available at
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Table 4.2: Transition probability table

xt(-lﬁ-)l xt(i)l xt(-3i-)1 xt(j-)l xz(i)1 xz(i)l xt(j—)l xt(f-)l
Lo o o] o] o] o0
Ao lo | Ll Lo o] 0] o0
oo oo | L] L] o] o0
1 ololofo o] o] ]!
1o lo oo | L] L] o] o0
7 0 o0 lo o] o] o] L]
Lo o o] o]| o] o0
Blo Lol Ll Lol o] o] o0

that point. Recall that U is the new channel matrix brought about by performing the transformation in
(4.50), resulting in the new transmission model in (4.52) having the desired properties to model the
system as a quasi-DAG. During the first iteration the system can therefore be modeled as a pure DAG,

as if no ISI occurred. Given a hidden variable or state transition output x/', ,, its associated bits (as

t+1°
tabulated in Table 4.1) are used together with observed variables / received symbols 711 to 1 g -1,
where t' = ((t—1)/R.)+ 1 and R. ! is the number of encoder output bits, to calculate the cost of the
nth state transition at time instant ¢
R1-1
Al = X() ’rt’+j - Ut’+j,t’+jcf;+1[3(i)|27 (4.53)
=

where t = 1,2,...,N, runs over time for the uncoded bit estimates and f3(.) is a function that produces

an optimization scaling factor for each iteration i. P(e,1|X;1) in (4.8) is determined by
P(e,1]xy,) = cexp(—AY/207) (4.54)
where o is a normalization constant and ¢ is the noise standard deviation.

During subsequent iterations, LLR estimates of the uncoded bits are available, since the first set of
LLRs are produced after the first iteration. Therefore the system can be modeled as a quasi-DAG due
to the fact that a dominant connection exists between the observed variable e; and the hidden variable
x; and weak connections between the observed variable e; and other hidden variables. Thus the rest
of the coefficients Uy 1 to Uy y, (and not only Uy ;) are also used in the cost calculation. Analogous

to the first iteration, the output bits associated with a given state transition x;, | are used together with
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the observed variables ry 1 to r,, p -1 as well as the LLR estimates € of the uncoded bits to calculate
the cost of the nth state transition at time instant ¢. Therefore, the cost of the nth state transition for

subsequent iterations at time instant ¢ is given by

R.~'+1 . Ne 5
A=) rosj—Upijursjel™ = )y Urr+ GBI (4.55)
j=0 V:lvv#ﬂs‘Ut/+j,v‘>o

The last term in (4.55) contains the ISI terms that must be subtracted from the received symbols in

order to minimize A} so that P(e;;1[x, ), determined as in (4.54), can be maximized.

4.3.5 Computing LLR Estimates

After the forward and backward messages have been combined as in (4.10), the LLRs for each un-
coded bit is determined from the graph. R.~! LLR vectors of length N, are determined - each one
corresponding to one output bit of the encoder - after which they are multiplexed to form one vector
of length N, containing the LLR estimates € of the coded bits ¢. With reference to the state transitions

in Table 4.1, the LLRs for the convolutional encoder in Fig. 4.19 are determined as follows:

ZM, (1) — P(Xk’elz)

¢ = tanh log 1]‘,1_1"“)_] ' (4.56)
1o P(Xrler)
M o POXilery)

¢@ = tanh log 1]‘,1_1"(2)_] ' (4.57)
=1 oo P(Xlers)
M s P(Xelery)

¢3) = tanh | log j;l’C(S)*l : . (4.58)
j:l,c(s):oP(Xk|el:t)

The final LLR vector is constructed by multiplexing the respective LLR vectors such that

R e RN R RN S e I SN S e (4.59)

which is used in (4.55) in the next DBN-TE iteration.
4.3.6 Dynamic LLR Updates

It was shown in Section 4.3.5 that the LLR estimates are only calculated after the forward and back-
ward messages have been combined. The forward and backward messages are normally combined
once each message has been determined across the entire received data block, from which LLR es-

timates are calculated to be used in the next iteration.
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What if LLR estimates can be calculated while the forward and backward messages are being formed?
Since the DBN-TE iteratively improves upon estimates in previous iterations, will it not be beneficial
to provide new LLR estimates as soon as they become available? Fig. 4.22 shows the progression
of the forward and backward messages in three stages. In Fig. 4.22 (a) the forward message (left to
right) and backward message (right to left) are being constructed, but have not reached the center of
the graph. In Fig. 4.22 (b) the forward and backward messages have reached the center of the graph
and are now overlapping by one time instant. In Fig. 4.22 (c) the forward and backward messages are

almost completely determined and are overlapping by a large number of time instants.

(@)

(b)

(©)

Figure 4.22: Three stages of the forward, backward, and forward-backward message.

From Fig. 4.22 it is clear that the forward-backward message, and hence the LLR estimates, can be
determined as soon as the forward and backward messages overlap, but only for the time instants
for which they overlap. Since the DBN-TE relies on past and future state estimates, it is crucial that
accurate information be provided as soon as it becomes available. By calculating the LLR estimates at
the earliest, the DBN-TE can use these new LLR estimates in the current iteration, and not only in the
next iteration. This modification does not affect the computational complexity of the DBN-TE at all,
but provides a means to improve its performance. Instead of calculating the LLR estimates at the end

of an iteration, each LLR is calculated as soon as the required information becomes available.
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4.3.7 Iterative System

The DBN-TE produces estimates regarding the uncoded source information at its output, and im-
proves the quality of these estimates with each iteration. During the first iteration the DBN-TE only
relies on the dominant connection between the observation and the hidden variables at a given time
instant, but starts using estimates from past and future time instants as they become available, as

explained in Section 4.3.6. To summarize the DBN-TE algorithm:

1. Setup the M x N, graph, where M = 25X~ is the number of states per time instant, and N, is the
uncoded data block length. This step also involves the calculation of the transition probability

table and the state transition table, based on the structure of the convolutional encoder.

2. Using the sensor model, calculate the forward and backward messages. Calculate the forward-
backward message, and hence the corresponding LLRs, as soon as the forward and the back-

ward messages overlap.

3. Repeat the previous step until the iteration number equals the predefined number of iterations

Z.
4. When Z iterations are completed, determine the coded bit estimates from the LLRs.

Fig. 4.23 and Fig. 4.24 show the output of the DBN-TE for a coded data block length of N, = 600, a
CIR length of L =2, Z = 5 iterations, at a E;,/Ny of 4 dB, with and without dynamic LLR updates.
Fig. 4.23 shows how the LLR estimates are recalculated after each iteration. The first LLR estimates
are only available after the first iteration and can therefore only be used during the second iteration.
In Fig. 4.24 it is clear that LLR estimates are available already during the first iteration, since LLR
estimates are calculated from the forward-backward message as soon as the forward message and the
backward message overlap. This allows for LLR estimates to be used in the second half of the first

iteration.
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Figure 4.23: DBN-TE LLR convergence without dynamic LLR updates.
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Figure 4.24: DBN-TE LLR convergence with dynamic LLR updates.
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44 COMPLEXITY REDUCTION

The derivation of the DBN-TE was performed using a DBN framework by assuming that each state
transition and its resulting encoder output is treated as a unique state. Whilst this approach is more
descriptive of the problem domain, another approach may be followed in order to reduce the number
of required states per time instant by half, therefore effectively reducing the computational complexity
by half. Instead of the state X; being represented by the state transitions, one rather uses the encoder

states in the encoder state diagram in Fig. 4.21 to represent each state X,.

From Fig. 4.21 it is clear that each encoder state has two parent states (which may cause a given
state) and two child states (which may be caused by a given state). Therefore, given any encoder state
in Fig. 4.21, the output produced by a transition from each child state to that state can be uniquely

determined from the state transition output table in Table 4.1.

The number of states per time instant is therefore reduced from M = 2K to M = 2X~!, where each
state X, represents two encoder outputs. For the forward message the encoder output associated with
the current state depends on the two previous states in X;_;. Similarly, for the backward message
the encoder output associated with the current state depends on the two next states in X, ;. For
clarity, Table 4.3 and Table 4.4 show the state transition output tables from the perspective of the
forward message as well as the backward message. Even though Table 4.3 and Table 4.4 contain the
same information, the state transitions are reshuffled in order to highlight current state X; and the
corresponding previous states X,_; and next states X, 1, together with their corresponding outputs.
The only difference between the DBN-TE with M = 2K states and the DBN-TE with M = 2K~ states
is that the latter uses one state to represent two state transitions, whereas the former uses one state to
represent a single state transition. The computational complexity of the reduced complexity DBN-TE
is therefore halved. The performance of the DBN-TE with this complexity reduction remains the
same as before. LLRs are also computed by noting the relevant positions of ones and zeros in the

state transition table and marginalizing by summing over all states at a given time instant ¢.
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Table 4.3: State transition output table for the forward message

X1 | X | ¢
00 | 00 | 000
01 001
00 | 10| 110
01 111
10 | 01 | O11
11 100
10 | 11 | 101
11 010

Table 4.4: State transition output table for the backward message

Xi | Xit1 ¢
00 | 00 | 000
10 | 110
10| 01 |O11
11 101
01 | 00 | 001
10 | 111
11| 01 100
11 | 010

4.5 COMPUTATIONAL COMPLEXITY ANALYSIS

4.5.1 DBN-TE vs CTE

The computational complexity of the DBN-TE and the CTE are presented in this section. The com-
plexity equations were derived by counting the number of computations needed to perform turbo
equalization. The computational complexity of the DBN-TE without a prefilter (PF), together with

the minimum and maximum complexities with Cholesky decomposition filtering (CPF) and MMSE-
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DF filtering (MPF), was determined as
CCpuy_rp = O(Z(N:MaQk)), (4.60)

cc

oo rcor ~ O(Z(NeMaQk) +2F (Ne/F)' + F(Ne/F)* + (2L)° +N; +N7), (4.61)
where i = 2.376 when optimized matrix inversion and multiplication are used, and i =3 when normal

operations are used. Furthermore

CcC,

DBN—-TE .MPF

~ O(Z(N:MyQk) + N.+ N2 +4L° +4L* + N.L), (4.62)

where Z is the number of turbo iterations, My is the number of decoder states determined by 25!
where K is the encoder constraint length, Q is the number of interfering symbols which can be ap-
proximated by Q ~ 2L — 1, R, is the code rate, k is the number of encoder output bits, and F' is the
number of frequency hops. The approximation for Q was obtained empirically by calculating the av-
erage number of interfering symbols in the new channel U in (4.51) for a given original channel length
L, after the transformation in (4.50) had been applied. The complexity of the CTE was determined
as

CC,

CTE

~ O(Z(NM,L+ N.Myk)), (4.63)

where M, is the number of equalizer states determined by 2! for BPSK modulation.

Fig. 4.25 and Fig. 4.26 shows the computational complexity graphs of the DBN-TE and the CTE,
normalized by the number of coded transmitted symbols, for CIR lengths from L =1 to L = 25,
where Z =5, R. = 1/3, K =3 and N, = 400 (N, = 1200), and where the number of frequencies used
for frequency hopping are F' = 1 and F = 8 respectively. Fig. 4.25 and Fig. 4.26 shows the same
information as Fig. 4.25 and Fig. 4.26, but for N, = 1600 (N, = 4800).

From Fig. 4.25 it can be seen that the computational complexity of the DBN-TE is much lower than
that of the CTE when no prefiltering is performed, without which the DBN-TE will fail. However,
when prefiltering via the MMSE-DF is performed the minimum complexity is the same as that of
the CTE for L ~ 6, and the corresponding maximum complexity meets that of the CTE at L ~ 13.
Also, when prefiltering via the Cholesky decomposition is performed, the minimum and maximum
complexities are equivalent to the complexity of the CTE at L ~ 8 and L =~ 15 respectively. In all
cases the DBN-TE complexity with prefiltering remains approximately constant as the CIR length
increases. Fig. 4.26 shows that when frequency hopping is employed, the maximum complexities of

the DBN-TE with Cholesky and MMSE prefiltering are approximately equal to their corresponding
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minimum complexities, highlighting the complexity reduction with an increase in the number of

frequencies used for frequency hopping.

From Fig. 4.27 and Fig. 4.28 it can be seen that the same trends identified in Fig. 4.25 and Fig. 4.26
continue. In Fig. 4.27 the minimum and maximum complexities of the DBN-TE when using Cholesky
prefiltering reaches a breakeven point with respect to the CTE at L ~ 10 and L ~ 17 respectively,
while the minimum and maximum complexities when using MMSE-DF prefiltering reaches a break-
even point with the CTE at L ~ 12 and L ~ 18. It is also clear from Fig. 4.28 that the maximum
complexities of the DBN-TE using Cholesky and MMSE-DF prefiltering are approximately equal to

their corresponding minimum complexities when the number of frequencies is increased.

From Fig. 4.25 through to Fig. 4.28 it was seen that the DBN-TE has complexity that is approximately
quadratic (at best) with respect to the coded data clock length (and cubic at the worst), and it is
approximately independent of the CIR length. It is also evident that the minimum computational
complexities, when using Cholesky and MMSE-DF prefiltering, are very favorable compared to those
of the CTE for moderate coded data block length. Apart from the fact that frequency hopping provides
a means whereby BER improvement can be achieved in multipath fading channels, it is also clear that
the use of frequency hopping reduces complexity. To conclude the computational complexity analysis
of the DBN-TE, Fig. 4.29 shows its various complexities for extremely long CIRs with &, = 800
(N, = 2400) and F = 1, from which it is clear that it maintains its constant complexity with growth
in channel memory. This makes the DBN-TE a very attractive choice for use in systems transmitting

convolutionally coded information through higly dispersive multipath channels.
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Figure 4.25: DBN-TE and CTE normalized computational complexity for different CIR lengths for
N,=400and F = 1.
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Figure 4.26: DBN-TE and CTE normalized computational complexity for different CIR lengths for
N, =400 and F = 8.
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Figure 4.27: DBN-TE and CTE normalized computational complexity for different CIR lengths for
N,=1600and F = 1.

12

10
—o—CTE
—o&— DBN-TE (no PF)

|| —©— DBN-TE (min,CPF)
g 1071 —=— DBN-TE (max,CPF)
b —<— DBN-TE (min,MPF)
é —s— DBN-TE (min,MPF)
8 10° | 1
o
o R e O U = = e = ey = = o
5 L A BB e & T
£
S 100t 1
(5]
N
N *
S 4
Z10*} ]

(J Il Il Il Il

5 10 15 20 25

CIR length [L]

Figure 4.28: DBN-TE and CTE normalized computational complexity for different CIR lengths for
N, =1600and F = 8.
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Figure 4.29: DBN-TE and CTE normalized computational complexity for very long CIR lengths for
N,=800and F = 1.

4.5.2 DBN-TE vs LCTEs

Fig. 4.30 shows the minimum computational complexities of the DBN-TE with prefiltering (Cholesky
and MMSE-DF), the MMSE-LE/DFE-TE and the SFE/SDFE-TE, using the same parameters as be-
fore, for uncoded data block lengths of N, = 200, N, = 400 and N, = 800 and F = 1, assuming
the computational complexities of the MMSE-LE/DFE (in (3.62) and (3.64)) and the SFE/SDFE (in
(3.66) and (3.68)). Assuming a MAP decoder computational complexity of O(N M k), the resulting

LCTE computational complexities are expressed as

cc — O(Z(No(N? +L%) + N-Mk)) (4.64)

MMSE—LE/DFE—TE

and

cc = O(Z(Ne(N + L) + N.Mgk)), (4.65)

SFE/SDFE-TE

which are shown together with those of the DBN-TE in Fig. 4.30 for uncoded data block lengths of
N, =200, N, =400 and N, = 800 anf F = 1. From Fig. 4.30 it is once again clear that the compu-
tational complexity of the DBN-TE remains approximately constant as the CIR length increases, and

that the complexity increases as the data block length increases.
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In general the computational complexity of the DBN-TE is inferior to that of the MMSE-LE-TE and
MMSE-DFE-TE. The DBN-TE complexity employing a prefilter via the MMSE-DF filter reaches
a breakeven point with the MMSE-LE/DFE-TE at L ~ 20 for N, = 200, at L = 30 for N, = 400,
and at L ~ 50 for N, = 800. The high computational complexity of the DBN-TE is due to interleaver
mitigation, which requires matrix operations that have quadratic to cubic complexity in the coded data
block length N.. Even so, the computational complexity of the DBN-TE is favorable when compared

to that of the CTE for moderate data block lengths.

—&— SFE/SDFE-TE
,,,,,,,,,,,,,,,,,,,,,,, —&— MMSE-LE/DFE-TE i
— o DBN-TE: NC=200 (min,CPF)

—&— DBN-TE: N =200 (min,MPF)
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Wy ~ & DBN-TE: N =800 (min,CPF)
—<— DBN-TE: N =800 (min,MPF)

0 | | | | Il Il Il Il Il
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CIR length [L]

Normalized Number of Computations

Figure 4.30: DBN-TE, MMSE-LE/DFE and SFE/SDFE normalized computational complexity for
different CIR lengths for N, = 200, N, = 400 and N, = 800.
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4.6 SIMULATION RESULTS

The DBN-TE is evaluated in static and fading multipath channels. Various simulations are firstly

performed in order to compare the performance of the DBN-TE to that of the CTE in [5, 6]. Second,

simulations are performed in order to compare the DBN-TE performance to the performance of,

among others, the various LCTEs discussed in Chapter 3. The simulation environment is described

in detail in Appendix A. For the first set of simulations, the following standard simulation parameter

settings were used:

Parameter Setting
Modulation BPSK
Interleaver Random
Uncoded block length (N,) 400

Coded block length (N,) 1200
Channel Fading/Static
CIR length (L) Varying
Channel Estimation No

Channel State Information Perfect CSI
Number of pilots -

Frequency hopping Yes

Number of freq. hops 8

Number of CTE iterations (Zc7g) 5

Number of DBN-TE iterations (Zpgn_7E) | 5

Mobile speed (v) 0 km/h

PDP Uniform (K" h = 1)

Minimum phase filtering

Cholesky (fading) / MMSE-DF (static)

In order to evaluate the effect of each parameter on the performance of the DBN-TE, the following

simulations were performed by fixing all the parameters and varying one parameter at a time.
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4.6.1 DBN-TE vs CTE

4.6.1.1 Optimization

In order to evaluate the performance of the DBN-TE using dynamic LLR updates, the system was
simulated for fading (at 0 km/h mobile speed) and static channels with and without dynamic LLR
updates. Fig. 4.31 and Fig. 4.32 show the performance of the DBN-TE with and without fading
(slow fading), for a channel length of L = 3. In Fig. 4.31 it can be seen that the BER performance
is best when dynamic updates are performed. From Fig. 4.32 it is clear that dynamic LLR updates
provide a significant performance gain for this fading channel. Fig. 4.33 and Fig. 4.34 show the
performance of the DBN-TE with and without fading, for a channel length of L = 5. Fig. 4.33 shows
that the BER performance does not increase with an increase in E;/Np unless dynamic LLR updates
are applied. It is clear that dynamic LLR updates provides and increase in performance. In Fig. 4.34
it is clear once again that dynamic LLR updates alone provide improved BER performance. From
the results presented here it can be concluded that optimization via dynamic LLR updates allows for
an improvement in BER performance. The DBN-TE will therefore henceforward be simulated using

dynamic LLR updates for optimization.

lo T T T T
‘| —e— No optimization
:| —¢— Dyn. updates
1078 ....| = = — Coded AWGN
107
5 10
m
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10_6 i i i i i i i
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Figure 4.31: DBN-TE performance with and without dynamic LLR updates in a static channel with
L=3.
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Figure 4.32: DBN-TE performance with and without dynamic LLR updates in a fading channel with
L=3.
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Figure 4.33: DBN-TE performance with and without dynamic LLR updates in a static channel with
L=5.
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Figure 4.34: DBN-TE performance with and without dynamic LLR updates in a fading channel with
L=5.
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Figure 4.35: DBN-TE and CTE performance for various PDPs in a static channel with L = 4.
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4.6.1.2 Power Delay Profiles

The DBN-TE is evaluated against the CTE using uniform, linear and exponential PDPs, for both
fading and static channels for CIR lengths of L =4 and L = 8. Fig. 4.35 shows the performance of
the DBN-TE and the CTE in a static channel for L = 4 for the various PDPs, while Fig. 4.36 shows
the results achieved in a fading channel of the same length. Also, Fig. 4.37 shows the performance of
the DBN-TE and the CTE in a static channel for L = 8, while Fig. 4.38 shows the results achieved in

a fading channel of length L = 8.

From Fig. 4.35 it is clear that the DBN-TE outperforms the CTE for all PDPs when the channel is
fairly short and static. Fig. 4.36 shows that the performance of the DBN-TE is comparable to that of
the CTE in short fading channels for all three PDPs. From Fig. 4.37 it can be seen that the DBN-
TE performs worse than the CTE for all but one of the PDPs in static channels of length L = 8§,
while the DBN-TE outperforms the CTE in fading channels of the same length for all PDPs. The
underperformance of the DBN-TE in longer static channels is due to the fact that there is too much
energy in the latter CIR taps and that the soft feedback mechanism of the DBN-TE fails under these
conditions. The DBN-TE is therefore not suitable in static channels that are too long, where the first

tap (ho) of the CIR is not sufficiently dominant.

From these simulations it is clear that the DBN-TE is suitable for use in short static or fading channels,
using all three PDPs considered. The DBN-TE is also suitable for use in longer fading channels, but
fails in longer static channels because of energy in the latter CIR taps of these channels that cause

error propagation via the feedback mechanism inherent in the DBN-TE.

Department of Electrical, Electronic and Computer Engineering 123
University of Pretoria

© University of Pretoria



&
UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA

Qe YUNIBESITHI YA PRETORIA

Chapter 4 Dynamic Bayesian Network Turbo Equalizer

BER

—<&— CTE: Uniform PDP
—+&— CTE: Linear PDP

/.
==

—6— CTE: Exponential PDP X
-4|| —©— DBN-TE: Uniform PDP N
—&— DBN-TE: Linear PDP ‘ B
—<&— DBN-TE: Exponential PDP N
— — — Coded AWGN A

0 1 2 3 4 5 6 7 8
E./N, [dB]

Figure 4.36: DBN-TE and CTE performance for various PDPs in a fading channel with L = 4.
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Figure 4.37: DBN-TE and CTE performance for various PDPs in a static channel with L = 8.
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Figure 4.38: DBN-TE and CTE performance for various PDPs in a fading channel with L = 8.

4.6.1.3 Mobile Speeds

The DBN-TE and the CTE are evaluated for different mobile speeds in a fading channel with lengths
of L =4 and L = 8 respectively. Fig. 4.39 shows the performance of the DBN-TE and the CTE for
mobile speeds from 20 km/h to 110 km/h in intervals of 20 km/h for L = 4, and Fig. 4.40 shows the

results in a channel with length L = 8.

From Fig. 4.39 it is clear that the CTE outperforms the DBN-TE for L = 4, and that the DBN-TE
performs the same as the CTE at a mobile speed of 50 km/h. However, at a mobile speed of 80 km/h
and 100 km/h the DBN-TE outperforms the CTE by some margin. At higher mobile speeds the
CSI is not reliable, since the CIR cannot be assumed to be time invariant owing to fast fading. It
seems, however, that the DBN-TE is more resilient against imperfect channel information. Fig. 4.40
shows the performance of the DBN-TE and the CTE for a longer fading channel of length L = 8,
where the DBN-TE consistently outperforms the CTE. As seen before, the DBN-TE outperforms the
CTE in longer fading channels, while the improvement in performance of the DBN-TE over the CTE

increases with an increase in mobile speed.
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Figure 4.39: DBN-TE and CTE performance for various mobile speeds in a fading channel with
L=4.
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Figure 4.40: DBN-TE and CTE performance for various mobile speeds in a fading channel with
L=38.
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From these simulations it is concluded that the DBN-TE is useful in systems operating in a mobile
fading environment, and the performance of the DBN-TE compared to that of the CTE increases with

an increase in mobile speed.

4.6.1.4 Frequency Hops

In order to determine the effect of the number of frequency hops on the performance of the DBN-TE
and the CTE, they are evaluated in fading channels of length L =4 and L =8 using F =2, F =4 and
F =8 frequency hops. Fig. 4.41 shows the DBN-TE and CTE performance for the various frequency
hops in a fading channel of length L = 4, and Fig. 4.42 shows the performance for L = 8.

In Fig. 4.41 it can be seen that the performance of both the DBN-TE and the CTE improves with an
increase in the number of frequency hops, while the CTE outperforms the DBN-TE, as expected for
a short channel like this. Fig. 4.42 show the DBN-TE and CTE performance in a length L = 8 fading
channel, from which it is clear that the performance of both the CTE and the DBN-TE also improves
with an increase in the number of frequency hops. Here, however, the DBN-TE outperforms the CTE

when F' = 8 frequency hops are used.

From these results it is clear that the performance of the DBN-TE is comparable to that of the CTE
in systems where the frequency is hopped a sufficient number of times during each transmitted data
block. This will ensure that the CIR changes with each frequency hopped segment, allowing the DBN-
TE to yield better inference than when a single CIR is present if the frequency is not hopped. The

DBN-TE is therefore able to exploit the frequency diversity introduced by frequency hopping.
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Figure 4.41: DBN-TE and CTE performance for various frequency hops in a fading channel with
L=4.
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Figure 4.42: DBN-TE and CTE performance for various frequency hops in a fading channel with
L=28.
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4.6.1.5 Block Lengths

The effect of the block length on the performance of the DBN-TE and the CTE is evaluated by
simulating the system for various coded data block lengths. Since a random interleaver is used, it is
expected that the performance will increase with an increase in data block length. Simulations are
performed in a static channel with a length of L = 3 and a fading channel with a length of L = 5 where

the coded data block lengths are N, = 300, N, = 1200 and N, = 4800 respectively.

Fig. 4.43 and Fig. 4.44 show the performance of the DBN-TE and the CTE for various coded block
lengths, for a static channel of length L = 3 and a fading channel of length L = 5 respectively. In
both cases it is clear that the performance improves with an increase in the coded data block length
owing to the random distribution of neighboring bits in the coded bit sequence. Fig. 4.43 shows that
the DBN-TE outperforms the CTE, especially at low Ej, /Ny levels, and achieves near matched-filter
performance for N, = 4800. From Fig. 4.44 it can also be seen that the DBN-TE outperforms the
CTE.
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Figure 4.43: DBN-TE and CTE performance for various coded data block lengths in a static channel
with L = 3.
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Figure 4.44: DBN-TE and CTE performance for various coded data block lengths in a fading channel
with L = 5.

From these simulations it is concluded that the DBN-TE is able to exploit the temporal separation of
the coded information bits in order to perform near-optimal inference. It seems that it is able to do so

more effectively than the CTE, thus achieving better performance for both scenarios.

4.6.1.6 Training Symbols

In a practical wireless communication system perfect CSI is not available, and hence the channel has
to be estimated using training or pilot symbols, which are usually placed in the center of the transmit-
ted data block, and are known at the transmitter and the receiver. In order to test the resilience of the
DBN-TE against channel estimation errors, it is evaluated alongside the CTE in a system where the
channel is estimated using a least squares (LS) channel estimator, as explained in Appendix A, using
various numbers of training symbols. The DBN-TE and the CTE are simulated in fading channels of
length L = 4 and L = 8 where the number of training symbols are P = 4L, P = 6L and P = 8L, and

the results are compared to the performance achieved when perfect CSI is available.

Fig. 4.45 and Fig. 4.46 show the performance of the DBN-TE and the CTE in fading channels of
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length L =4 and L = 6 respectively for various numbers of training symbols used for channel es-

timation. From Fig. 4.45 it can be seen that the DBN-TE performs worse than the CTE for smaller

numbers of training symbols for L = 4, and only performs slightly worse than the CTE for P = 8L

training symbols. Fig. 4.46 shows that the DBN-TE only performs worse than the CTE for P = 4L

training symbols when L = 8, after which the DBN-TE outperforms the CTE by 0.5 dB.

From these simulations it is concluded that the DBN-TE is able to achieve acceptable perform-

ance in the presence of channel estimation errors, while its performance is comparable to that of

the CTE.
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Figure 4.45: DBN-TE and CTE performance for various numbers of training symbols in a fading

channel with L = 4.
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Figure 4.46: DBN-TE and CTE performance for various numbers of training symbols in a fading

channel with L = 8.
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Figure 4.47: DBN-TE performance in long fading channels.
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4.6.1.7 Long Memory

Because of its low computational complexity the DBN-TE is able to jointly equalize and decode
information transmitted though highly dispersive multipath channels. The DBN-TE is therefore sim-
ulated for channels of length L =5, L = 10 and L = 20. Fig. 4.47 shows the performance of the
DBN-TE in these long channels. It is clear from Fig. 4.47 that the DBN-TE effectively jointly equal-
izes and decodes the information in highly dispersive fading channels, but that the performance does
not increase for CIR lengths beyond L = 10. This might be remedied by using larger coded data
blocks.

4.6.2 DBN-TE vs LCTEs

In this section the DBN-TE is evaluated against LCTEs, which use a low complexity equalizer as a re-
placement for the optimal, but complex, MAP equalizer. The LCTEs considered are formed by repla-
cing the MAP equalizer with the MMSE-LE, MMSE-DFE, SFE and the SDFE discussed in Chapter 3,
here named MMSE-LE-TE, MMSE-DFE-TE, SFE-TE and the SDFE-TE respectively. The perform-

ance of the DBN-TE is also compared to that of a few other LCTEs in the literature.

4.6.2.1 DBN-TE vs MMSE-LE/DFE-TE

The DBN-TE is evaluated against the MMSE-LE-TE and the MMSE-DFE-TE in [58], where BPSK
modulated information is transmitted through a static multipath channel of length L = 3 with a CIR
of h={0.408,0.815,0.408}. A rate R, = 1/2, constraint length K = 3 recursive systematic convolu-
tional encoder with generator G = [7,5] is used, and the encoded information is randomly interleaved
in blocks of length N, = 512 before transmission. The MMSE-LE-TE and the MMSE-DFE-TE are
iterated until full convergence is achieved, and the DBN-TE is iterated Z = 10 times, first using the
Cholesky decomposition (Chol) to concentrate the energy in the first CIR tap, and secondly using the
MMSE-DF prefilter (MMSE). Fig. 4.48 shows the performance of the turbo equalizers, with Cholesky
decomposition filtering and MMSE-DF prefiltering. It is clear that the DBN-TE performance is com-
parable to that of the MMSE-LE-TE when Cholesky decomposition filtering is used, and outperforms
the MMSE-LE-TE when MMSE-DF prefiltering is used.
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Figure 4.48: DBN-TE performance compared to that of MMSE-LE-TE and MMSE-DFE-TE in [58].

4.6.2.2 DBN-TE vs BDFE-TE and iBDFE-TE

The DBN-TE performance is also compared to that of the turbo equalizer using low complexity SISO
block decision feedback equalizer (BDFE) proposed in [52]. The uncoded information is encoded
using a rate R, = 1/2 convolutional encoder with generators G = [23,57] and with constraint length
K =5. Blocks of N, = 2048 coded information is randomly interleaved and transmitted through
a fading channel with a CIR according the typical urban channel profile in [59]. The channel is
constant for each data block and varies between data blocks. For each data block the channel energy
is normalized as in [52]. Fig. 4.49 shows the performance of the DBN-TE compared to that of the
BDFE-TE-TE and the MMSE-LE-TE for Z =1, Z = 2 and Z = 5 iterations. It is clear from Fig. 4.49
that the performance of the DBN-TE is comparable to that of the MMSE-LE-TE as well as the BDFE-
TE in [52].

Fig. 4.50 shows the performance of a turbo equalizer using an improved BDFE-TE proposed in [53]
(iBDFE-TE) for the identical simulation parameters as in Fig. 4.49. The only difference is that the
generators are G = [23,57] in the simulation setup in [53], and that QPSK modulation is used instead
of BPSK. Fig. 4.50 also shows the performances of the DBN-TE for BPSK modulation using the

same parameters as in [53]. It is clear from Fig. 4.50 that the performance of the DBN-TE is slightly
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better than that of the improved DBFE proposed in [53].
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Figure 4.49: DBN-TE performance compared to that of MMSE-LE-TE [58] and BDFE-TE [52].
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Figure 4.50: DBN-TE performance compared to that of MMSE-LE-TE and improved iBDFE-TE

[53].
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4.6.2.3 DBN-TE vs MMSE-LE-TE and PDA-TE

The performance of the DBN-TE is compared to that of the MMSE-LE-TE and another LCTE, the
probabilistic data association turbo equalizer (PDA-TE), where the MAP equalizer is replaced with
a low complexity PDA equalizer proposed in [60]. The system encodes information using a rate
R. = 1/2, constraint length K = 3, convolutional encoder with generator G = [7,5] to encode un-
coded blocks of length N, = 256, and is then interleaved with a random interleaver. The information
is transmitted through a channel h = {0.408,0.815,0.408} of length L = 3. To evaluate the perform-
ance of the DBN-TE, Cholesky decomposition filtering was used. Fig. 4.51 shows the performance of
the DBN-TE compared to that of the MMSE-LE-TE and the PDA-TE for Z=0, Z =1 and Z = 2 itera-
tions. The DBN-TE performance is also shown for Z = 3 iterations. It is clear that the performance of

the DBN-TE is comparable to that of the MMSE-LE-TE and the PDA-TE at Z = 2 iterations.
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Figure 4.51: DBN-TE performance compared to that of MMSE-LE-TE in [58] and PDA-TE [60].

4.6.2.4 DBN-TE vs SISO-DFE-TE and SISO Bi-DFE-TE

The performance of the DBN-TE is compared to that of the SISO DFE-TE and the SISO bi-directional
DFE-TE (Bi-DFE-TE) proposed in [61]. The information is encoded using a rate R, = 1/2 recursive

systematic convolutional encoder with constraint length K = 3, where the generators G = [7,5] are
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used. Coded data blocks of length N. = 2048 are randomly interleaved and transmitted through a
channel h = {0.2294,0.4588,0.6882,0.4588,0.2294} of length L = 5. As before, the MMSE-DF
prefilter is used for the DBN-TE. Fig. 4.53 shows the performance of the DBN-TE compared to that
of the SISO-DFE-TE and the BiD-DFE-TE, from which it is clear that the DBN-TE performs better
at low Ej, /N levels, but does not achieve the same asymptotic performance as the SISO-DFE-TE and

the BiD-DFE-TE. The performance of the DBN-TE is still acceptable.
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Figure 4.52: DBN-TE performance compared to that of Bi-DFE-TE and SISO-DFE-TE [61].

4.6.2.5 DBN-TE vs SISO-DFE-TE and SFE-TE

The DBN-TE’s performance is compared to that of the SISO-DFE-TE developed in [62] and the SFE-
TE in [10]. The information is encoded using a rate R, = 1/2 convolutional encoder with constraint
length K = 3, where once again the generators G = [7,5] are used. The coded data block length
is N, = 10560 and a random interleaver is used. The coded information is transmitted through a
channel h = {0.2294,0.4588,0.6882,0.4588,0.2294}. As before, the MMSE-DF prefilter is used for
the DBN-TE. Fig. 4.53 shows the performance of the DBN-TE compared to that of the SISO-DFE-
TE and SFE-TE. As in Fig. 4.53, the DBN-TE performs comparably against the SISO-DFE-TE and
the SFE-TE, with better performance at low Ej,/Np levels and worse performance at higher Ej /Ny

levels.
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Figure 4.53: DBN-TE performance compared to that of SISO-DFE-TE [62] and SFE [10].

4.7 CONCLUDING REMARKS

In this chapter a turbo equalizer modeled on a dynamic Bayesian network was presented. The res-
ulting turbo equalizer was named the DBN-TE, which uses BP via the forward-backward algorithm
together with a soft-feedback mechanism to jointly equalize and decode the received information in
order to estimate the uncoded information symbols. The DBN-TE works on the basis of approxim-
ate inference on a quasi-DAG, with dominant connections between the observed variables and their
corresponding hidden variables as well as weak connections to past and future state variables. A min-
imum phase filter in the form of a Cholesky decomposition filter or a MMSE-DF prefilter is applied in
order to concentrate the energy in the leading CIR tap, so as to ensure a dominant connection between
the observed variables and their corresponding hidden variables. In order to restore the one-to-one
relationship between the coded transmitted symbols and the leading CIR tap, the effect of the inter-
leaver is eliminated by a transform on the interleaved channel matrix and a corresponding filtering of

the received symbol sequence.

It was shown that the performance of the new DBN-TE closely matches that of the CTE in fading

channels, with and without perfect CSI knowledge, and in some cases the DBN-TE outperforms the
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CTE. It was also demonstrated that the DBN-TE performs favorably compared to other LCTEs in the
literature, in static and fading channels, although at higher computational cost. The computational
complexity of the DBN-TE is approximately quadratic in the coded data block length (worst case
is cubic), exponential in the encoder constraint length, and approximately independent of channel
memory length. Although the complexity of the DBN-TE is higher than that of the MMSE and DFE

based turbo equalizers, it is still superior to that of the CTE for systems with long memory.
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CHAPTER 5

HOPFIELD NEURAL NETWORK TURBO EQUALI-
ZER

An artificial neural network is a mathematical model that imitates the processing of information in the
brain. Since 1861 the functioning of the human brain has been studied [16], and in 1929 the measuring
of brain activity became possible with the invention of the electroencephalograph (EEG). The recent
development of magnetic resonance imaging (MRI) provides neuroscientists with images of brain
activity that corresponds with cognitive processes. These advancements were complemented by the
study of single neuron activity, which entails the collection and processing of data on the finest level in
the brain. A collection of these neurons, with each neuron being described by a mathematical model,
is used to model primitive processing of the brain in the form of a neural network. Neural networks
can be used to solve difficult scientific and engineering problems such as biometric identification,

statistical prediction and signal processing [16].

Because of their ability to perform classification and pattern recognition based on partial informa-
tion, as well as their low complexity processing capabilities, neural networks have also been used in
designing wireless communication receiver algorithms. Neural networks have been used for equali-
zation [63—66], multiuser detection in code division multiple access (CDMA) systems [67—71] and
decoding [72,73]. Of particular interest in this thesis is the HNN, a recurrent or feedback neural

network, which has also been used in the aforementioned applications [19,21,22,74-86].

In [19,20] the author of this thesis proposed an MLSE equalizer which is able to equalize M-QAM
modulated signals in systems with extremely long memory. The complexity of the equalizer proposed

in [19,20] is approximately quadratic in the data block length! and approximately independent of the

Ut is explained how the complexity of matrix multiplication can be reduced via more efficient algorithms.
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channel memory length. Its superior computational complexity is due to the high parallelism of its
underlying neural network structure. It uses the HNN structure, which enables fast parallel processing
of information between neurons, producing ML sequence estimates at the output. It was shown
in [19,20] that the performance of the HNN MLSE equalizer closely matches that of the Viterbi MLSE
equalizer in short channels, and near-optimally recombines the energy spread across the channel in

order to achieve near-matched filter performance when the channel is extremely long.

The HNN has also been shown by several authors to be able to decode balanced check codes [21,22].
These codes, together with methods for encoding and decoding, were first proposed in [87], but it
was later shown in [21,22] that single codeword decoding can also be performed using the HNN.
The ability of the HNN to detect binary patterns allows it to determine the ML codeword from a
predefined set of codewords. In this chapter it is shown that the HNN ML decoder can be extended to
allow for the ML estimation of a sequence of balanced check codes. It is therefore extendable to an

MLSE decoder.

In this chapter a novel turbo equalizer is developed by combining the HNN MLSE equalizer de-
veloped in [19, 20] and an HNN MLSE decoder (used to decode balanced codes), resulting in the
Hopfield Neural Network Turbo Equalizer (HNN-TE), which can be used as replacement for a CTE
in systems with extremely long memory, where the coded symbols are interleaved before transmis-
sion through the multipath channel. The HNN-TE is able to equalize and decode balanced codes
in systems with extremely long memory, since the computational complexity is nearly independent
of the channel memory length. Like the HNN MLSE equalizer in [19, 20], its superior complexity

characteristics are due to the high parallelism of its underlying neural network structure.

5.1 THE HOPFIELD NEURAL NETWORK

The HNN is a recurrent neural network and can be applied to optimization as well as pattern recog-
nition problems, of which the former is of interest in this thesis. In 1985 Hopfield and Tank showed
how neurobiological computations can be modeled with the use of an electronic circuit [88]. This cir-
cuit is shown in Fig. 5.1. By using basic electronic components, they constructed a recurrent neural

network and derived the characteristic equations for the network. The set of equations that describe
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Figure 5.1: Hopfield neural network circuit diagram.

the dynamics of the system is given by [88]

dui u;
Gt = —E+;Tij1,»+1i (5.1
Vi = g(u)

with T;;, the dots, describing the interconnections between the amplifiers, u-uy the input voltages
of the amplifiers, V;-Vy the output voltages of the amplifiers, C;-Cy the capacitor values, pi-py the
resistivity values, and /;-Iy the bias voltages of each amplifier. Each amplifier represents a neuron.
The transfer function of the positive outputs of the amplifiers represents the positive part of the activ-
ation function g(u) and the transfer function of the negative outputs® represents the negative part of
the activation function g(u). The activation function is shown in Fig. 5.2. It was shown in [88] that

the stable state of this circuit network can be found by minimizing the function

| N N N
£ = _EZ T;ViVi— Y Vili (5.2)
i=1j=1 i=1
ZNegative outputs are not shown here.
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Figure 5.2: Activation function.

provided that 7;; = T}; and T;; = 0, implying that 7" is symmetric around the diagonal and its diagonal
is zero [88]. There are therefore no self-connections. This function is called the energy function or
the Lyapunov function, which by definition is a monotonically decreasing function, ensuring that the
system will converge to a stable state [88]. When minimized, the network converges to a local min-
imum in the solution space to yield a "good" solution. The solution is not guaranteed to be optimal,
but by using optimization techniques, the quality of the solution can be improved. To minimize (5.2)

the system equations in (5.1) are solved iteratively until the outputs V;-Vy settle.

Hopfield also showed that this kind of network can be used to solve the traveling salesman problem
(TSP). This problem is of a class called NP-complete, the class of nondeterministic polynomial prob-
lems. Problems that fall in this class can be solved optimally by enumerating each possible solution
and choosing the best solution from all possible solutions [56]. Complete enumeration is a time-
consuming and computationally expensive exercise, with the number of possible solutions growing
exponentially with a linear increase in the number of unknowns. Complete enumeration is therefore
not a feasible approach to solving real-time NP-complete problems, of which MLSE equalization is

of concern in this thesis.

The HNN was first proposed in [88] and it was shown in [89] that the HNN can be used to solve com-
binatorial optimization problems as well as pattern recognition problems. In [88] Tank and Hopfield

derived an energy function and showed how the HNN can be used to minimize this energy function,
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thus producing near-ML sequence estimates at the output of the neurons. To enable the HNN to solve
an optimization problem, the cost function of that problem is mapped to the HNN energy function,
whereafter the HNN iteratively minimizes its energy function and performs near-MLSE. Also, to en-
able the HNN to solve a binary pattern recognition problem, the autocorrelation matrix of the set of
patterns is used as the weights between the HNN neurons, while the noisy pattern to be recognized
is used as the input to the HNN. Again, the HNN iteratively performs pattern recognition in order to

produce the near-ML pattern at the output of the HNN.
5.1.1 Energy Function

The Hopfield energy function can be written as [19, 20, 88]
17 T
L = _ES Xs—1I's, (5.3)

where I is a column vector with N elements, X is an N X N matrix. Assuming that s, I and X contain

complex values, these variables can be written as [19, 20, 88]

s = s+ Jsg
I = L+, (5.4)
X = Xi+jXg

where s and I are column vectors of length NV, and X is an N x N matrix, where subscripts i and g are
used to denote the respective in-phase and quadrature components. X is the cross-correlation matrix

of the complex received symbols such that
X7 =X] - jXI =X;+ jX,, (5.5)

implying that it is Hermitian. Therefore X! = X; is symmetric and XqT = —X, is skew symmetric
[19,20]. By using the symmetric properties of X; and X,, (5.3) can be expanded and rewritten
as

1
L =[5 Xisi+5, X5, + 257 X,si] — 5] T 571,

which in turn can be rewritten as [19, 20]

1 X; X7 , ,
L=—fssl | {s} — (1] {s} . (5.6)
2 Xq X,‘ Sq Sq
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Itis clear that (5.6) is in the form of (5.3), where the variables in (5.3) are substituted as follows:

st = [s] s} 1,

7 = (7 171, 57)
X; XI

X =
X, X

Equation (5.6) is used to derive the HNN MLSE equalizer, HNN decoder, and eventually the HNN-
TE.

5.1.2 Iterative System

The HNN minimizes the energy function (5.3) with the following iterative system:

u? = XsO 41
it — g (ﬁ(i)u@) , (5.8)
where u = {uj,up, -~ ,uy}’ is the internal state of the HNN, s = {sy,s2,--- ,sy} is the vector of es-

timated symbols, g(.) is the decision function associated with each neuron and i indicates the iteration

number. B(.) is a function used for optimization as in [19,20].

The estimated symbol vector s’ = [siT]sg] is updated with each iteration. I = [IIT|I§] contains the

best blind estimate of s via energy recombination, and is therefore used as input to the network, while

X, XI

X= " % | contains the cross-correlation information of the transmitted symbols. The system
X, X;
q i

produces the MLSE estimates in s after Z iterations.

5.2 HOPFIELD NEURAL NETWORK TURBO EQUALIZER

Turbo Equalizers are used in multipath communication systems that make use of encoders, usually
convolutional encoders, to encode the source symbol sequence s of length N, (using some generator
matrix G) at a rate R, to produce coded information symbols ¢ of length N. = N, /R,, after which
the coded symbols c are interleaved with a random interleaver before modulation and transmission.
The interleaved coded symbols ¢ are transmitted through a multipath channel with a CIR length of L,
causing inter-symbol interference among adjacent transmitted symbols at the receiver. At the receiver

the received inter-symbol ISI corrupted coded symbols are matched filtered and used as input to the
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turbo equalizer. The received symbol sequence is given by
r=H¢+n, 5.9

where n is a vector containing complex Gaussian noise samples and ¢ is the interleaved coded symbols
given by
¢=JGTs, (5.10)

where J is an N. x N, interleaver matrix, and H is the N, X N, channel matrix

[k O .. 0 0 0 0|
hy ... 0 0 0 0
by ¢ . 0 0 0 0
H=| 0o n, 0 0 0 (5.11)
hy 0 0O
0 0 0 hy ... hy O
0 0 0 0 hg ... ho|

In this section the derivation of the HNN-TE is discussed, by first deriving its constituent parts - the
HNN MLSE equalizer and the HNN MLSE decoder - and then showing how the HNN-TE is finally

realized by combining the two.
5.2.1 HNN MLSE Equalizer

The HNN MLSE equalizer was developed by the author in [19,20]. The HNN MLSE equalizer
was applied to single-carrier M-QAM modulated systems with extremely long memory, where the
CIR length was as long as L = 250, even though this was not the limit. The ability of the HNN
MLSE equalizer to equalize signals in systems with highly dispersive channels is due to the fact
that its complexity grows quadratically with an increase in transmitted data block size, and that it
is approximately independent of the channel memory length. The HNN MLSE equalizer developed

in [19,20] will subsequently be presented, without spending time on the derivation.

It was shown in [19, 20] that the correlation matrices X; and X, in (5.7), for a single carrier system
transmitting a data block of length N through a multipath channel of length L with the data block

initiated and terminated by L — 1 known tail symbols, with values 1 for BPSK modulation and % +
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J f for M-QAM modulation, can be determined by

0 o o, 0
al al
oo, 0 .«
X, =— h o (5.12)
a . _— :
' a 0 q
0 o, «,
and _ )
o % .. %, -~ O
v 0 m
: 0o .
X, =— y‘ YLj‘ (5.13)
n, . S :
' no0 7
| 0 e, ..o 7 0 |
where o« = {0, 00, -+, 0,1} and Y= {11, %, - ,yL,l} are respectively determined by
L—k—1 @
Z h J+k+ Z h Hk, (5.14)
and
L—k—1 L—k—1 )
Z R Z Wna (5.15)

where k = 1,2,3,...,L —1 and i and g denote the 1n—phase and quadrature components of the CIR

coefficients.

Upon inspection it is easy to see from (5.12) through to (5.15) that X; and X, can be determ-

ined using the respective in-phase and quadrature components of the N x N channel matrix,

with the in-phase and quadrature components of the CIR, {ho , 1>, ey h(Li)_l}T and
= {ho , h1 ), el hL,l}T, on the diagonals such that
I o 0 0 0]
toop) 0O 0 0 0
A 0O 0 0 0
HY =1 o 4!, 0 0 0 (5.16)
: “ooh) 0 0
o o o &Y, . A o
0 0 0 ) ny |
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and ) )
W0 0O 0 0 0
Poop 0o 0 0 0
W, 0 0 0 0
H@ — 0 hg@l 0 0 0 (5.17)
: 00
(9) (@)
o 0 0 n” h” 0
o 0 0 0 A h)

Using H) and H%) the correlation matrices in (5.12) and (5.13) can be determined by

X, = — (H(i)TH(i) + H(Q)TH(KI)) (5.18)
which is simply
X; = —Re{H'H}. (5.19)
Also
X, = — (H(q)TH(i) _ H(i)TH(q))T’ (5.20)
which is
X, = —Im{H"H}. (5.21)

X; and X, are then used to construct the combined correlation matrix in (5.7).

X; X;
X= . (5.22)
X, X;
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It was also shown in [19,20] that the input vectors I; and I, in (5.7) are determined by

A1 _p(a1+% +"‘+aL—1+%,—l)
A2_p(OCz"1"}/24_"'"1_O‘L—1+%—|)
lzfp(as +,y3+"'+aLfl+,nyl)

A’L—l - p(aL—l + ’YL—I)
Ay
I, = : : : (5.23)

A

N—L+1
AN7L+2 _p(an _’YL—I)
N2 P(OC3 7/3"'_ +(XL1 ’}/L—l)
NI p(az ht... .+ — ’}/L—l)
A'1\/ p(a1 +"‘+aL71_,}/L71)

and

wlip(al *%+"'+O‘L71*YL71)
wz_p(az_'yz"i_'”"’_abl _71,71)
0)3—p((X3—’}/3+...-|—06L71 _’}/L—I)

w,_, _p(aLfl - ’yL—l)
@,

I, = : : : , (5.24)

a)N —L+1

wN—L+2 - p(aL—l + Vi )

wN—Z_p(a3+y3+"'+aL—l+’}/L—l)
@y, _p(a2+')/2+"'+aL—l+’yL—l)

L wN_p(al+% +"'+aL—]+’}/L—1)

where p =1/ v/2 for M-QAM modulation, p = 1 in I; and p = 0 in I, for BPSK modulation, and
A = {A1,A2,---, Ay} is determined by

L
M:%ﬁ% +ZG%;7 (5.25)
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and Q@ = {w, @, -, oy} is determined by
L-1 L-1
_ (q) 1) (D) 7(a)
o, = Z%)rj(ikhj - ZOerhjq , (5.26)
Jj= Jj=

where k = 1,2,3,...,N with i and ¢ again denoting the in-phase and quadrature components of the

respective elements. The combined input vector in (5.7) is therefore constructed as

I;
I= [} . (5.27)
I
Note that A and Q can easily be determined by
A = HOTYO) 4 g@T@) (5.28)
and
Q = HOTr@ — g@T0) (5.29)

where r) and rl@ are the respective in-phase and quadrature components of the received symbols

r = {ri,r, 7’"N+L—1}T'

By deriving the cross-correlation matrix X and the input vector I in (5.7), the model in (5.6) is com-
plete, and the iterative system in (5.8) can be used to equalize M-QAM modulated symbols transmit-
ted through a channel with large CIR lengths. The HNN MLSE equalizer was evaluated in [19, 20]
for BPSK and 16-QAM with performance reaching the matched-filter bound in extremely long chan-

nels.

5.2.2 HNN MLSE Decoder

The HNN has been shown to be able to decode balanced codes [21,22]. A binary word of length
m can be called balanced if it contains exactly m/2 ones and m/2 zeros [87]. In addition, balanced
codes have the property that no codeword is contained in another word, simply meaning that the
positions of ones in one codeword will never be a subset of the positions of the ones in another

codeword [87].

The encoding process is described in [87] where the first & bits of the uncoded word is flipped in order
to ensure the resulting codeword is “balanced,” whereafter the position & is appended to the balanced
codeword before transmission. This encoding process is not followed here, as the set of m = 2"

balanced codewords are determined beforehand, after which encoding is performed by mapping a
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set of n bits to 2" balanced BPSK symbols, or by mapping a set of 2n bits to 2" balanced 4-QAM

symbols.

The HNN decoder developed here uses the set of predetermined codewords to determine the connec-
tion weights describing the level of connection between the neurons. It has previously been shown
how an HNN can be used to decode one balanced code at a time, but the HNN MLSE decoder this au-
thor derives here is able to simultaneously decode any number of concatenated codewords in order to
provide the ML transmitted sequence of codewords. After the HNN MLSE decoding, the ML BPSK
or 4-QAM codewords of length 2" are demapped to n bits (or 2n bits for 4-QAM), which completes

the decoding process.

5.2.2.1 Codeword Selection:

The author has found that Walsh-Hadamard codes, widely used in CDMA systems [2], are desirable
codes for this application, in view of their seeming balance and orthoganality characteristics. Walsh-
Hadamard codes are linear codes that map r bits to 2" codewords, where each set of codewords has a

Hamming distance of 2~! and a Hamming weight of 2"~

Walsh-Hadamard codes are not “balanced” as described above. The first codeword is always all-ones,
while subsets of some codewords are contained in others, violating both restrictions for balance.
Instead of using the complete set of Walsh-Hadamard codes to map n bits to 2" codewords, a subset
of codes in the Walsh-Hadamard matrix is selected, duplicated and modified so as to construct a new

set of 2" codewords of length 2". Consider the set of length 2" = 8 Walsh-Hadamard codes

| 11111111 ]
1 0101010
11001100
Hy — 1 0011001 . (5.30)
11110000
1 01 00101
11000011
1 0010110
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To construct a set of balanced codewords from Hyg, a subset of 2"~ codewords is selected, which are
used as the first 2”1 codewords in the new set of codewords. The second set of 2"~ codewords is

constructed as follows:
1. Reverse the order in which the first 2"~ codewords appear in the new set.
2. Flip the bits of the reversed set of 2"~ ! codewords.

Assuming the subset selected from Hg above is the set Hg 4.7 (implying that codewords in rows 4

through to 7 are selected), the resulting set of 2" balanced codewords is

| 1 0011001 ]
11110000
1 01 00101
Cs — 1 1000011 ' (531)
001111Q00O0
01011010
00001111
01100110

It is clear that Cg is balanced in the sense that the rows (codewords) as well as the columns are
balanced. It has been found that the HNN decoder performs better if the rows as well as the columns
are balanced. The Hamming weight of Cg is still 2"~! = 22, while the Hamming distance increases

to slightly larger than 2"~ ! =22,

By following the steps described above, any set of Walsh-Hadamard codes of length 2" can be used

to create a new set of 2" balanced codes of length m = 2".

5.2.2.2 Encoding

Encoding is performed by mapping a group of # bits to 2" BPSK symbols, or a group of 2x bits to 2"
4-QAM symbols. Before encoding, the set of codewords C,» derived from the set of Walsh-Hadamard

codes Hy» is made bipolar by converting the 0’s to —1.
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5.2.2.2.1 BPSK encoding When BPSK modulation is used, » bits are mapped to 2" BPSK sym-
bols. The n bits are used to determine an index & in the range 1 - 2", which is then used to select a
codeword from the set of codewords in Cy: such that the selected codeword ¢ = Ca (k). Table 5.1
shows the number of uncoded bits, codeword length, uncoded bit to coded symbol rate R and the

uncoded bit to coded bit rate R, (code rate) for different n.

Table 5.1: Input-output relationship for the BPSK encoder

n|2"| Ry | R
1] 2 | 1722]12

21 4 | 17212
31 8 | 3/8|3/8
4116 | 1/4 | 1/4

5.2.2.2.2 4-QAM encoding When 4-QAM modulation is used, 2n bits are mapped to 2" 4-QAM
symbols. The first and second groups of 7 bits (out of 2n bits) are used to determine two indices, k)
and k9 in the range 1 - 2", one for the in-phase part, and the other for the quaternary part of the
codeword. The first index k”) selects a codeword from C(;n) where an) is derived as before, and the
second index k(@) selects a codeword from Cgf{), which can be equal to Cg’n) or can be uniquely determ-
ined as explained earlier. The 4-QAM “codeword” is then calculated as ¢ = an) (k) + jCéZ) (k)),
which is much like the result of coded modulation where groups of coded bits (in this case uncoded
bits) are mapped to signal constellation points to improve spectral efficiency [2]. Table 5.2 shows
the number of uncoded bits, codeword length, the uncoded bit to coded symbol rate Ry and code
rate R, for different 2n. Even though the code rate remains the same as with BPSK modulation, the

throughput doubles as expected.

Table 5.2: Input-output relationship for the 4-QAM encoder

2n | 2" | Ry | R,
2 2 1 172
4 4 1 172
6 | 8 | 3/4 ]| 3/8
8 |16 | 1/2 | 1/4
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Chapter 5 Hopfield Neural Network Turbo Equalizer

5.2.2.3 Decoding

The HNN is known to be able to recognize input patterns from a set of stored patterns [88, 89]. In
the context of the HNN decoder, the patterns are the balanced codewords, and the HNN is able to
determine the ML codeword from a set of codewords. This has been demonstrated before [21], but
only for one codeword at a time. Therefore, if a received data block contains P codewords, the HNN
will have to be applied P times in order to determine P ML codewords. The HNN MLSE decoder
developed here is able to determine the most likely sequence of codewords using a single HNN. The
HNN MLSE decoder is therefore applied once to a received data block containing any number of

codewords.

After the HNN MLSE decoder has determined the sequence of most likely transmitted codewords, the
codewords are demapped by calculating the Euclidean distance between each ML codeword and each
codeword in Cy» for BPSK modulation, and each codeword in an) + jCéZ for 4-QAM modulation.
The indices(s) corresponding to the codeword(s) that have the lowest Euclidean distance/distances

is/are converted to bits, which completes the decoding phase.

The derivation of the HNN MLSE decoder entails the calculation of the cross-correlation matrices
X; and X, and the input vectors I; and I, in (5.7). The HNN MLSE decoder is first derived for the
decoding of a single codeword, after which it will be extended to enable the decoding of any number
of codewords simultaneously. Derivations are performed for 4-QAM only, since the BPSK HNN

MLSE decoder is a simplification of its 4-QAM counterpart.

5.2.2.3.1 Single codeword decoding: To enable the HNN to store a set of codewords, the average
correlation between all patterns must be stored in the weights between the neurons. According to
Hebb’s rule of auto-associative memory [90], the connection weight matrix, or correlation matrix,
is calculated by taking the cross-correlation of the patterns to be stored. Since one is working with
complex symbols, there are two weight matrices to be calculated. The cross-correlation matrices in

(5.6) are calculated as

X,‘ :RB{CTC}
(OT () ()T ~(a) (5:32)
— Czn CZ” +C2Z sz
and
X, =Im{C"C
' ({)T (i)} (OT ~(9) (5-33)
= sz Gy =Gy sz )
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Chapter 5 Hopfield Neural Network Turbo Equalizer

where C = Cgl,,) + jCé‘,{), and Cg? and Cg{) are the matrices containing the generated codewords as
before, respectively used for the in-phase and quadrature components of the codeword. Note the
similarities between the correlation matrices in (5.32) and (5.33) and those in (5.18) and (5.20). Also,
the two input vectors are simply the real and imaginary components of the noise-corrupted received
codeword, such that

I, = Re{c} + Re{n} (5.34)

and

I, = Im{c} +Im{n} (5.35)

where c is of length 2" and n is a vector containing complex samples from the distribution .4 (i, 62),
where 4 = 0 and o is the noise standard deviation. After the ML codeword has been detected, each
detected codeword (of length 2") can be mapped back to »n bits for BPSK modulation and 2# bits for
4-QAM modulation.

5.2.2.3.2 Multiple codeword decoding: It was shown how the HNN can be used to decode single
codewords, but the HNN decoder can be extended in order to detect ML transmitted sequences of
codewords. This step is crucial in the quest for merging the HNN decoder with the HNN MLSE
equalizer, since the HNN MLSE equalizer detects ML sequences of transmitted symbols. If the
transmitted information is encoded, these sequences contain multiple codewords, and hence the HNN

decoder must be extended to detect not only single codewords, but codeword sequences.

This extension is easily achieved by using the HNN parameters already derived in (5.32) through
(5.35). Consider a system transmitting a sequence of P balanced codewords of length 2", where 7 is
the length of the uncoded bit-words. The new correlation matrix is constructed by copying X in (5.7)

along the diagonal according to the number of transmitted codewords P, such that
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X; Xg
X, X;
X; X7 0
X, X
x(P) — T , (5.36)
0
X; Xg
X, X
X; XI' || . . o .
where X = is repeated on the diagonal P times and 0 implies that the rest of X(¥) is

X, X;
empty, containing only 0’s.

Also, the input vector I in (5.7), consisting of I; and I, is extended according to the number of

transmitted codewords P such that

1"
1= |, (5.37)
Iq
where
11”) = [Re{c},Re{cs},...,Re{c,}]” + Re{n} (5.38)
and
17 = [Im{c,},Im{c2},... . Im{c,}]" + Im{n}, (5.39)

where ¢, is the pth codeword of length 2", where p = 1,2,...,P, and n is of length 2"P and con-
tains complex samples from the distribution .4 (i, 62), where g = 0 and & is the noise standard

deviation.

The extended cross-correlation matrix and input vector in (5.36) and (5.37) can now be used to es-
timate the ML sequence of transmitted codewords, after which each detected codeword (of length 2")

can be mapped back to n bits for BPSK modulation and 2z bits for 4-QAM modulation.
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5.2.3 Merging the HNN MLSE Equalizer and the HNN MLSE Decoder

The HNN-TE is an amalgamation of the HNN MLSE equalizer and the HNN MLSE decoder, which
were discussed in the previous sections. In this section it is explained how the HNN MLSE equalizer
and the HNN MLSE decoder are combined in order to perform iterative joint equalization and de-
coding (Turbo Equalization) using a single HNN structure. The HNN-TE is able to jointly equalize
and decode BPSK and 4-QAM coded modulated signals in systems with highly dispersive multipath
channels, with extremely low computational complexity compared to traditional Turbo Equalizers,

which employ a MAP equalizer/decoder pair.
5.2.3.1 System Model

Since complete models for the HNN MLSE equalizer and decoder are now available, the combination
of the two is fairly straightforward. In order to distinguish between equalizer and decoder parameters,
a number of redefinitions are in order. For the HNN MLSE equalizer the correlation matrix and input
vector relating to (5.7), as derived in (5.22) and (5.27), are now Xg and Ig repectively and will
henceforth be called “equalizer correlation matrix” and “equalizer input vector”. Similarly the HNN
MLSE decoder correlation matrix and input vector relating to (5.7), as derived in (5.36) and (5.37), are
now Xp and Ip respectively and will henceforth be called “decoder correlation matrix” and “decoder

input vector”.

When a coded data block of length N, is transmitted through a multipath channel, Xz and Xp are de-
termined according to (5.22) and (5.36), where both matrices are of size N, X N,. Since the function
of the equalizer and the decoder has to be merged, it makes sense to combine Xz and Xp somehow
to enable the equalizer to perform decoding, or to enable the decoder to perform equalization. This
combination is performed by first normalizing Xp with respect to Xg, because of varying energy in

a multipath fading channel between received data blocks. Xp is therefore normalized with respect to

(norm) HXEH>
X — X 5.40
2 (HXDH > 640

XEg such that

Next the new correlation matrix is determined as
Xrp = Xp + X0, (5.41)

The rationale behind the addition of the equalizer correlation matrix and the normalized decoder

correlation matrix is that the connection weights in the decoder correlation matrix should bias those
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of the equalizer correlation matrix. Since X7 contains Xg offset by Xg‘orm), joint equalization and

decoding is made possible.

The new input vector also needs to be calculated. Ip contains the noise-corrupted coded symbols,
while Ig contains not only received coded symbol information, but also the ISI information. Note
that when there is no multipath or fading (L = 1 and Ao = 1), I reduces to Ip. The new input vector
used in the HNN-TE is therefore only

Irg =1g. (5.42)

With the new correlation matrix X7z and input vector Irg, the HNN-TE model is complete, and
the iterative system in (5.8) can be used to equalize and decode the received coded information

jointly.

5.2.3.2 Interleaver Mitigation

Upon reception the received symbol vector has to be deinterleaved to restore the one-to-one re-
lationship between each element in r and ¢ with respect to the first coefficient iy of the CIR
h = {ho,hy, ,hL_l}T. Deinterleaving r transforms the transmission model in (5.9).> Substitut-
ing (5.10) in (5.9) and applying the deinterleaver, which is simply the transpose of the interleaver
matrix J, gives

J'r=J'HJG s +J'n, (5.43)

which is equivalent to transmitting the coded symbol sequence ¢ = G”'s through a channel
Q=J"HJ. (5.44)

Therefore (5.43) can be written as

Jr=QG"s+J"n. (5.45)

Consequently the new channel matrix Q, rather than the conventional channel matrix H in (5.11),
is used in the calculation of the equalizer correlation matrix Xg derived in (5.22). Owing to the
above transformation, Q does not contain the CIR h on the diagonal as in H. Rather, each column
in Q (of length N.) contains a different random combination of all CIR coefficients (where the rest
of the N, — L elements in a column are equal to 0), dictated by the randomization effect exhibited
in Q because of the random interleaver. This randomization effect results from first multiplying the

channel H with the interleaving matrix J and then deinterleaving by multiplying the result with J7

3Unlike the DBN-TE in Chapter 3 the HNN-TE does not require the channel to be in minimum phase form.
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(see (5.44)). Deinterleaving places the first CIR coefficient (/o) on the diagonal of Q, restoring the
one-to-one relationship between each element in r and each corresponding coded transmitted symbol
in ¢. The computational complexity of generating Q in (5.44) is O(N?), where N, is the coded data

block length, and the complexity of deinterleaving r is negligible.

To illustrate this concept, consider the three-dimensional representations of |HJ| and |Q| in Fig. 5.3 to
Fig. 5.8, for a hypothetical system transmitting coded information through a multipath channel with
CIR lengths of L =1, L =5 and L = 20 respectively, with a block length N, = 80. Fig. 5.3 and Fig. 5.4
show |HJ| and |Q| for channels of length L = 1, where |HJ| in Fig. 5.3 is clearly interleaved. It is
also clear that the new channel Q in Fig. 5.4 is deinterleaved, since the first coefficient Ao of the CIR
has been restored to the diagonal of Q. Fig. 5.5 and Fig. 5.7 show the interleaved channels for L =5
and L = 20, where Fig. 5.6 and Fig. 5.8 show the new channels Q, again with the first CIR coefficient
hg restored to the diagonal. Even though Ay is restored to the diagonal of Q, it is clear that the rest
of the CIR coefficients &y, hy, ..., hy 1 are scattered throughout Q. As stated before, each column in
Q contains a different random combination of all CIR coefficients (with Ay on the diagonal for each
column), dictated by the randomization effect exhibited in Q, where the rest of the N, — L elements

in each column are equal to 0.

Figure 5.3: |H]J| for a system with L = 1 CIR coefficient.
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Figure 5.4:

Q| for a system with L = 1 CIR coefficient.

5.3 OPTIMIZATION

Optimization is necessary due to an inherent problem in neural networks.* When a solution space is
large, the network sometimes struggles to converge to a “good,” solution, leading to suboptimal per-
formance. Because the HNN usually gets stuck in suboptimal local minima, it is necessary to employ

optimization techniques [16,91] to aid the HNN in escaping less optimal basins of attraction.

5.3.1 Simulated Annealing

Simulated annealing has its origin in metallurgy, where annealing is the process used to temper steel
and glass by heating them to a high temperature and then gradually cooling them. This causes the
material to coalesce into a low-energy crystalline state [16]. In neural networks this process is imitated
to ensure that the neural network escapes less optimal local minima to converge to a near-optimal
solution in the solution space. Since the neural network starts to iterate at a high “temperature”, it is

able to escape the less optimal local minima in the solutions space. As the “temperature” decreases,

4The optimization techniques implemented to improve the performance HNN-TE are identical to those used for the

HHN MLSE equalizer in [19,20]. The discussion in [20] is summarized here.
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[HY

(h!]
Figure 5.5: |[HJ| for a system with L =5 CIR coefficients.

[Ql

Figure 5.6: |Q| for a system with L =5 CIR coefficients.
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Figure 5.7: [H]J| for a system with L =20 CIR coefficients.

Figure 5.8: |Q| for a system with L = 20 CIR coefficients.
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the network will gradually converge to the global, or near global minimum in the solution space to

minimize the energy. This state of minimum energy corresponds to the optimal solution.

The output of the function B(.) in (5.8) is used as a scaling factor in order to perform simulated
annealing. As the system iterates, i is incremented, and f3(.) produces a value according to an ex-
ponential function. The output of this function starts at a near zero value for the first iterations, and

converges to 1 for the last iteration Z. This function is given by

2(i=2)

B(i—1)=57", (5.46)

and shown in Fig. 5.9. This causes the output of (.) to start at a near-zero value and to converge
exponentially to 1 with each iteration. The effect of annealing on the decision function during the
iteration cycle is shown in Fig. 5.10, with the slope of the decision function increasing as fB(.) is

updated with each iteration.

09F -
08f 1

0.7f b

B
o
a1

0.3f b
021 b

0.1} b

2 4 6 8 10 12 14 16 18 20
Iteration number (i)

Figure 5.9: -updates for Z = 20 iterations.

5.3.2 Asynchronous Updates

In artificial neural networks, the neurons in the network can be updated using either parallel or asyn-
chronous updates. Consider the iterative solution of the HNN in (5.8). When parallel neuron updates
are used, all the elements in u are calculated before the elements in s are determined. This im-
plies that the output of the neurons will only be a function of the neuron outputs from the previous

iteration. When using asynchronous neuron updates, however, one element in s is determined for
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Figure 5.10: Simulated annealing on the bipolar decision function for Z = 20 iterations.

every corresponding element in u. Asynchronous updates allow the changes of the neuron out-
puts to propagate to the other neurons immediately [91], while, with parallel updates, the output of
all of the neurons will only be propagated to the other neurons after all of the neurons have been

updated.

In the context of Turbo Equalization using superstructures the idea of asynchronous neuron updates in
the HNN-TE is analogous to dynamic LLR updates used as an optimization technique for the DBN-
TE in Chapter 3 (see 4.3.6). Dynamic LLR updates allow for coded symbol estimates to be used
in the current iteration as soon as they become available. As soon as the forward and backward
messages overlap, the corresponding LLR coded symbol estimates can be determined and used in
the estimation of the remainder of the code symbol estimates. When dynamic LLR updates are not
applied in the DBN-TE, new coded symbol estimates are only available after the forward-backward
message has been determined completely, after which all the LLR updates are determined for use in
the next iterations. Similarly, when parallel neuron updates are applied, new coded symbol estimates
are only available at the end of each iteration, whereas coded symbol estimates can be used in the

current iteration when asynchronous neuron updates are applied.
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5.4 COMPUTATIONAL COMPLEXITY ANALYSIS

The computational complexity of the HNN-TE is compared to that of the CTE by calculating the
number of computations performed for each received data block, for a fixed set of system parameters.
The number of computations is normalized by the coded data block length so as to factor out the effect
of the length of the transmitted data block, which allows the computational complexity to be expressed
in terms of the number of computations required per received coded symbol. The complexity of the
HNN-TE is cubically related to the coded data block length, so a change in N, will still have an effect
on the normalized computational complexity. The HNN-TE complexity is also compared to that of

the LCTEs discussed in Chapter 3.
5.4.1 HNN-TE vs CTE

As discussed in Chapter 3, the complexity can be reduced when frequency hopping is employed,
but for the HNN-TE that reduction is not significant. The complexity of the HNN-TE is therefore

presented without frequency hopping. The computational complexity of the HNN-TE is

cc

HNN-TE

~ O(4(Ne+L—1)*Y% 4 Zynn_1(NM/2)?), (5.47)

where N, is the coded data block length, L is the CIR length, M is the modulation constellation alpha-
bet size (M = 2 for BPSK and M = 4 for 4-QAM), Zynn—_71E 1s the number of iterations and k is the
codeword length, which was chosen as k = 8 for a code rate of R, = 3/8. Since the cubic complexity
of matrix inversion and multiplication can be reduced to O(N?376) [55], as mentioned in the previous

chapter, (5.47) serves as a lower bound on the HNN-TE computational complexity.

The complexity of the CTE is

CC,

CTE

~ O(Zere(N-McL+N:K?)), (5.48)

where Z¢7g is the number of iterations and M, is the number of equalizer states, determined by ML

(M = 2 for BPSK modulation and M = 4 for 4-QAM modulation).

Fig. 5.11 shows the normalized computational complexity of the HNN-TE and the CTE for coded
data block lengths of N, = 80, N, = 160, N, = 320, N, = 640, N, = 1280 and N, = 2560, where
Zunn-t1E = 25 and Zcrg = 5, for BPSK (red) and 4-QAM (green) modulation when O(N276) mat-
rix multiplication complexity is considered. For the CTE the BPSK (blue) and 4-QAM (black) com-

plexities are also shown. Fig. 5.12 shows the same information as Fig. 5.11, but with O(N3) matrix
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multiplication complexity. It is clear that the computational complexity of the HNN-TE increases
with an increase in the coded data block length, but for realistic data block lengths the complexity of
the HNN-TE is superior to that of the CTE for channels with long memory. The HNN-TE is compu-
tationally less complex for BSPK modulation than for 4-QAM. On the other hand, the complexity of
the CTE grows exponentially with an increase in modulation order. From Fig. 5.11 it is clear that the
complexity of the HNN-TE is almost quadratically related to the coded data block length and approx-
imately independent of the channel memory length, which is more evident when L is increased. The
normalized computational complexity of the HNN-TE and the CTE for O(N>37®) and O(N?) matrix
multiplication complexity) for N, = 1280 using BPSK and 4-QAM for extremely long channels is
shown in Fig. 5.13, where there is no comparison between the complexity of the HNN-TE and that of

the CTE, for both BSPK and 4-QAM modulation.

Normalized number of computations

5 10 15 20 25
CIR length [L]

Figure 5.11: HNN-TE and CTE normalized computational complexity for short channels and varying

coded block length with O(N237%) matrix multiplication complexity.

5.4.2 HNN-TE vs LCTEs

The computational complexity of the HNN-TE is compared to that of the LCTEs discussed in
Chapter 3 for BPSK modulation, using the same parameters as before, assuming the computa-

tional complexities of the MMSE-LE/DFE (in (3.62) and (3.64)) and the SFE/SDFE (in (3.66) and
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Figure 5.12: HNN-TE and CTE normalized computational complexity for short channels and varying

coded block length O(N?) matrix multiplication complexity.
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Figure 5.13: HNN-TE and CTE normalized computational complexity for long channels and N, =

1280 with O(N?376) and O(N?) matrix multiplication complexity.
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(3.68)). Assuming a MAP decoder computational complexity of O(N.k?) (for the decoding of bal-

anced codes), the resulting LCTE computational complexities are expressed as

CCMMSE—LE/DFE—TE = O(Z(N. (N2 + Lz) + chZ)) (5.49)
and
CCypp s re = OZ(N(N+L) +Nek?)). (5.50)

These computational complexities of the LCTEs (red) are shown together with those of the HNN-TE
(for both O(N?) (purple) and O(N>37®) (green) matrix multiplication complexity) in Fig. 5.14 for
uncoded data block lengths of N, = 240 (circle), N, = 480 (square) and N, = 960 (diamond). From
Fig. 5.14 it can be seen that the HNN-TE complexity grows with an increase in the data block length,
and it is clear that the HNN-TE is more computationally complex than both the MMSE-LE/DFE-TE
and the SFE/SDFE-TE. However, when O(N?37°) matrix multiplication complexity is considered, the
complexity of the HNN-TE is comparable to that of the MMSE-LE/DFE-TE. Also, when compared

to the CTE, the complexity of the HNN-TE is far superior when in highly dispersive channels.

10°

7

10 444444444444444444444444444444444444444444444444444444444444

Pee P o oY T e P ot e i FmYaTma Tm mTom  m meFn Tn T ot e T
31 e Ll e o T o g o o oo o 2 B B R =

10°

10

Normalized number of computations

5 10 15 20 25 30 35 40 45 50
CIR lenght [L]

Figure 5.14: HNN-TE and LCTE normalized computational complexity for various uncoded data
block lengths and BPSK modulation.
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5.5 SIMULATION RESULTS

The HNN-TE is evaluated in a mobile fading environment for BPSK and 4-QAM modulation at
a code rate of R, = n/k = 3/8. The HNN-TE is simulated and compared for both BPSK and 4-
QAM modulation, after which the performance of the HNN-TE is first evaluated alongside that of the
CTE for BPSK modulation. The simulation environment is discussed at length in Appendix A. The

following simulation parameter settings were used:

Parameter Setting
Modulation BPSK/4-QAM
Interleaver Random

Uncoded block length (N,) 480

Coded block length (N,) 1280

Channel Fading/Static

CIR length (L) Varying

Channel Estimation No

Channel State Information Perfect CSI
Number of pilots -

Frequency hopping Yes

Number of freq. hops 4

Number of CTE iterations (Z¢7g) 5

Number of HNN-TE iterations (Zyny_7£) | Z(Ep/No) = 2(5E6/No)/5)
Mobile speed (v) 20 km/h

PDP Uniform (h"h = 1)

In order to evaluate the effect of each parameter on the performance of the HNN-TE, the following

simulations were performed by fixing all the parameters and varying one parameter at a time.

5.5.1 HNN-TE: BPSK vs 4-QAM

5.5.1.1 Simulated Annealing

The effectiveness of the application of simulated annealing in the HNN-TE is evaluated by simulating

the system with and without simulated annealing in static and fading channels using BPSK modula-
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tion. Fig. 5.15 shows the performance of the HNN-TE in static channels of length L =4 and L = 6,
with and without simulated annealing. Although the performance of the HNN-TE is not very good in
a static channel with equal tap weights, it is still much better when annealing is applied than without

the use of annealing.

Fig. 5.16 shows the performance of the HNN-TE in fading channels of length L =5, L = 10 and
L = 20. Fig. 5.16 indicates that annealing vastly improves the performance of the HNN-TE. It can
therefore be concluded that simulated annealing greatly improves the performance of the HNN-TE in
both static and fading channels. Simulated annealing will henceforth be used in all simulations of the

HNN-TE.

10
= &
EW
107} 1
x
W
o0
107
—©— HNN-TE: L=4 - Annealing
—=&— HNN-TE: L=4 - No annealing
—©6— HNN-TE: L=6 - Annealing
—+&— HNN-TE: L=6 — No annealing
—— - Coded AWGN ~
10_3 I 1

0 1 2 3 4 5 6 7 8 9 10
E,/N, [dB]
Figure 5.15: HNN-TE performance in short static channels with and without the use of simulated

annealing.

5.5.1.2 Long Memory

Fig. 5.17 shows the performance of the HNN-TE for channels of length L = 10, L = 20, L = 50,
L =100 at a fixed mobile speed of 20 km/h for BPSK and 4-QAM modulation, assuming perfect
CSLI. It is clear that the performance for BPSK modulation is better than the performance for 4-QAM,
which is due to the fact that Gray coding cannot be applied in the encoding process described in

Section 3.2.2. The performance loss is therefore warranted.

Department of Electrical, Electronic and Computer Engineering 170
University of Pretoria

© University of Pretoria



&
UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA

W’ YUNIBESITHI YA PRETORIA

Chapter 5 Hopfield Neural Network Turbo Equalizer

10'1(,‘ ‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘
10'2 ‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ SO
@
w
o0
—©6&— HNN-TE: L=5 - No annealing
_3|| —8— HNN-TE: L=5 - Annealing N
10°H —6— HNN-TE: L=10 - No annealing | '\ © 170 NG NN
—+8— HNN-TE: L=10 - Annealing 0
—O6— HNN-TE: L=20 - No annealing
—+&— HNN-TE: L=20 - Annealing D
— - — - Coded AWGN
10_4 1 1 1 1 1 I

o 1 2 3 4 5 6 7 8 9 10
E,/N, [dB]

Figure 5.16: HNN-TE performance in long fading channels with and without the use of simulated

annealing.
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Figure 5.17: HNN-TE BPSK and 4-QAM performance in long channels.
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Figure 5.18: HNN-TE BPSK and 4-QAM performance in a long channel at various mobile speeds.

5.5.1.3 Mobile Speed

Fig. 5.18 shows the performance of the HNN-TE for a channel of length L = 50 at mobile speeds
of 20 km/h, 80 km/h, 140 km/h, and 200 km/h for BPSK and 4-QAM modulation, assuming perfect
CSLI. It is clear that an increase in mobile speed leads to a performance degradation, although not as

much as expected. Again BPSK modulation performs better than 4-QAM modulation.

5.5.1.4 Training Symbols

Fig. 5.19 shows the performance of the HNN-TE for a channel of length L = 50 at a mobile speed
of 20 km/h for BPSK and 4-QAM modulation, assuming imperfect CSI. To estimate the channel,
training sequences of length 4L, 6L, 8L and 10L were used. As expected, a performance loss is
incurred with a decrease in the number of training symbols. Again BPSK modulation outperforms

4-QAM modulation.

Department of Electrical, Electronic and Computer Engineering 172
University of Pretoria

© University of Pretoria



&
UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA

Qe YUNIBESITHI YA PRETORIA

Chapter 5 Hopfield Neural Network Turbo Equalizer

5.5.1.5 TIterations

Fig. 5.20 shows the performance of the HNN-TE for a channel of length L = 25 at a mobile speed of
20 km/h for BPSK and 4-QAM modulation, assuming perfect CSI, for different numbers of iterations.
The number of iterations was chosen to be Z =15, Z =10, Z = 20 and Z = 50. The BER performance
increases with an increase in the number of iterations. Since the performance degradation due to a
decrease in the number of iterations is low at low signal levels, this author adopts an iteration schedule
that is dependent on the signal level. One uses the following function to determine the number of

iterations: Z(Ej/Ny) = 2(5E»/No)/3),

5.5.1.6 Code Rates

Fig. 5.21 shows the performance of the HNN-TE for a channel of length L = 50 at a mobile speed of
20 km/h for BPSK and 4-QAM modulation, assuming perfect CSI, for different code rates. The code
rates were R, = 1/2 (2/4), R =3/8, R. = 1/4 (4/16) and R, = 5/32. From Fig. 5.21 it is clear that
the performance of the HNN-TE increases with a decrease in the code rate, with 4-QAM modulation

performing worse than BPSK modulation.

107
107}
&
M 10_3 | —&— BPSK HNN-TE: 10L : ]
—&— BPSK HNN-TE: 8L SRR Y
—o— BPSK HNN-TE: 6L < 1

—s— BPSK HNN-TE: 4L

| | —&—4-QAM HNN-TE: 10L

10kl —s— 4 QAM HNN-TE: 8L

—6— 4-QAM HNN-TE: 6L 4

—s— 4-QAM HNN-TE: 4L N
——Decoded AWGN : X

0 1 2 3 4 5 6 7 8 9 10
Eb/N() [dB]

Figure 5.19: HNN-TE BPSK and 4-QAM performance in a long channel for various numbers of

training symbols.
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Figure 5.20: HNN-TE BPSK and 4-QAM performance in a long channel for various numbers of

iterations.
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Figure 5.21: HNN-TE BPSK and 4-QAM performance in a long channel for different code rates.
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5.5.2 HNN-TE vs CTE

5.5.2.1 Power Delay Profiles

The performance of the HNN-TE is compared to that of the CTE using the PDPs described in Ap-
pendix A for static and fading channels. The HNN-TE and the CTE are simulated for the uniform,
linear and exponential PDPs for fading and static channels of length L =4 and L = 8. The PDPs
determine the tap weights, and as such influence the performance of the algorithms. Fig. 5.22 and
Fig. 5.23 show the performance of the HNN-TE and the CTE in static channels of length L = 4 and
L = 8 respectively, while the performance of the HNN-TE and the CTE in fading channels of length
L =4 and L = 8 is shown in Fig. 5.24 and Fig. 5.25.

From Fig. 5.22 and Fig. 5.23 it is clear that the CTE outperforms the HNN-TE for all but the expo-
nential PDP in static channels. Fig. 5.22 shows that the CTE almost perfectly equalizes and decodes
the received signal for all PDPs while the HNN-TE achieves acceptable performance for the uniform
and linear PDP. The HNN-TE struggles to equalize and decode information when the uniform and
linear PDPs are used. However, the HNN-TE performs well when the exponential PDP is used, since
die bulk of the channel energy is concentrated in the leading CIR tap. From Fig. 5.24 and Fig. 5.25
it is clear that the HNN-TE consistently outperforms the CTE for all PDPs in fading channels. The
HNN-TE is therefore not applicable to static channels where the channel energy is spread across all

the taps. However, the HNN-TE is perfectly suited to fading channels regardless of the PDP.

5.5.2.2 Mobile Speed

The performance of the HNN-TE is evaluated and compared to that of the CTE at various mobile
speeds in a fading channel of length L = 6. Fig. 5.26 shows the performance of the HNN-TE and
the CTE for a channel of length L = 6 at mobile speeds of 3 km/h, 50 km/h, 80 km/h, 140 km/h,
and 200 km/h, assuming perfect CSI. It is clear that the HNN-TE outperformans the CTE at mobile
speeds greater than 20 km/h, with the advantage of performance increasing with an increase in mobile
speeds. It seems that the HNN-TE is less affected by increasing mobile speeds, which suggests that

the HNN-TE is able to handle channel estimation errors better that the CTE.

Department of Electrical, Electronic and Computer Engineering 175
University of Pretoria

© University of Pretoria



&
UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA

Qe YUNIBESITHI YA PRETORIA

Chapter 5 Hopfield Neural Network Turbo Equalizer

2

10 e e

@ 10 ...................................................
]
o ;
—©6— CTE: L=8 - Uni. PDP
—+&— CTE: L=8 - Lin. PDP
103L| —¢— CTE: L=8 - Exp. PDP

—6— HNN-TE: L=8 - Uni. PDP

—8— HNN-TE: L=8 - Lin. PDP

—<&— HNN-TE: L=8 - Exp. PDP
— - — - Coded AWGN

—4 I I I I

0 1 2 3 4 5 6 7 8
E/N, [dB]

10

Figure 5.22: HNN-TE and CTE performance in static channels of length L = 4 for three PDPs.
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Figure 5.23: HNN-TE and CTE performance in static channels of length L = 8 for three PDPs.
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Figure 5.24: HNN-TE and CTE performance in fading channels of length L = 4 for three PDPs.
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Figure 5.25: HNN-TE and CTE performance in faing channels of length L = 8 for three PDPs.

Department of Electrical, Electronic and Computer Engineering
University of Pretoria

177

© University of Pretoria



&
UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA
W YUNIBESITHI YA PRETORIA

Chapter 5 Hopfield Neural Network Turbo Equalizer

-2|| —©— CTE: 3km/h
—+&— CTE: 50 km/h
—&— CTE: 80 km/h o~
—— CTE: 140 km/h
—<+— CTE: 200 km/h )
|| —©— HNN-TE: 3km/h N

10 L e HNN_TE 50 km/h 444444444444444444444444 \ ............ ?
—<— HNN-TE: 80 km/h N

—— HNN-TE: 140 km/h N
—<— HNN-TE: 200 km/h

— — Coded AWGN o
0 1 2 3 4 5 6 7 8
E,/N, [dB]

10

BER

10

Figure 5.26: HNN-TE and CTE performance in a short channel at various mobile speeds.
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Figure 5.27: HNN-TE and CTE performance in a short channel for various numbers of training

symbols used for channel estimation.
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5.5.2.3 Training Symbols

To test the resilience of the HNN-TE against channel estimation errors, various numbers of training
symbols are used to estimate the CIR using an LS estimator. To estimate the channel training se-
quences of length P =4L, P = 6L, P = 8L and P = 10L are used. Fig. 5.27 shows the performance
of the HNN-TE and the CTE for a channel of length L = 6 at a mobile speed of 20 km/h for various
numbers of training symbols. From Fig. 5.27 it is clear that the performance of the HNN-TE and
CTE are comparable and that the HNN-TE is able to achieve acceptable performance with fairly low

numbers of training symbols.

5.6 CONCLUDING REMARKS

In this chapter an LCTE using the HNN as its underlying structure was presented, which is able
to jointly equalize and decode BPSK and 4-QAM coded-modulated signals in systems transmitting
interleaved information through a multipath fading channels. It was shown how sets of balanced codes
can be generated from Walsh-Hadamard codes and the encoding process was discussed in detail. The
HNN MLSE equalizer developed in [19,20] was discussed, after which the HNN decoder in [21,22]
was discussed. It was shown how the HNN decoder can be modified to decode sequences of balanced
codes in order to be merged with the HNN MLSE equalizer, resulting in an HNN MLSE decoder. It
was further shown how the HNN MLSE equalizer can be merged with the HNN MLSE decoder in

order to perform joint equalization and decoding using one HNN structure.

The resulting LCTE uses the HNN as framework and hence it was fittingly named the Hopfield Neural
Network Turbo Equalizer, or HNN-TE. The HNN-TE is able to turbo equalize code modulated BPSK
and 4-QAM signals in short as well as long multipath channels. It was shown that the HNN-TE out-
performs the CTE in most simulation scenarios. It was clear that the HNN-TE is not suited to static
channels. The HNN-TE’s computational complexity in long channels is vastly superior to that of
CTEs, but it is higher than that of the MMSE and DFE based LCTEs. The computational complexity
of the HNN-TE is cubically related to the coded data block length, while being approximately inde-
pendent of the CIR length. This enables it to turbo equalize signals in systems transmitting BPSK
and 4-QAM modulated information using moderate coded data block lengths through multipath fad-
ing channels with multiple hundreds of multipath elements. The performance of the HNN-TE for

BPSK modulation is better than for 4-QAM modulation, since Gray coding cannot be employed be-
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cause of the coded modulation explained in this chapter, while the complexity for 4-QAM is slightly

higher.
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CHAPTER 6

CONCLUSION

6.1 SUMMARY

In this thesis two novel iterative joint equalizers and decoders, or turbo equalizers, were developed as
low complexity alternatives to the well known, but computationally expensive, CTE, which employs
an optimal MAP equalizer. This was done by treating the turbo equalization problem as a single
optimization problem, and by designing two unique solutions using superstructures. The idea was
to process all the available information (from the channel as well as the coding scheme used) as a
whole, without exchanging extrinsic information between separate subunits. One concern was the
fact that the interleaver destroys the causality relationship between the transmitted symbols and the
received symbols, but in both cases a deinterleaving transformation was applied to restore the one-to-
one relationship between each received symbol and its corresponding transmitted symbol via the fist

CIR coefficient. ISI mitigation was then performed in an iterative fashion in both cases.

In Chapter 2 equalization, decoding and joint equalization and decoding were discussed. Since the
MLSE and MAP algorithms are used for both equalization and decoding, they were discussed for
the general case, after which it was explained how each of them may be applied to the problems
of equalization and decoding. Non-iterative joint equalization and decoding, dubbed the NI-JED,
was then rigorously analyzed for the case where no interleaving is employed as well as for the case
were block interleaving is employed. Analysis of the NI-JED was an important part of the quest
to design low complexity joint equalization and decoding algorithms using superstructures, since
the NI-JED perfectly models the joint equalization and decoding problem by using a super-trellis
while achieving optimal performance without iterating. Although the NI-JED performs optimally, its

complexity grows exponentially with an increase in channel memory length when no interleaver is
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used, and exponentially in both the channel memory length, as well as the interleaver depth, when a
block interleaver is used. The complexity of the NI-JED also increases exponentially with an increase
in the encoder constraint length, but the constraint length is normally limited in length. In order to
achieve the best performance in a wireless communication system transmitting information through
a multipath channel, a random interleaver should be used. However, the NI-JED cannot be used
when a random interleaver is employed, as there is no fixed interleaver structure from which the joint

equalizer and decoder can be designed.

Chapter 3 was dedicated to turbo equalization. It was discussed how a MAP equalizer and a MAP
decoder iteratively exchange information in the form of extrinsic information, which is then used by
the other algorithm as prior information regarding the symbols to be estimated. With each iteration
the output of each algorithm becomes more reliable, which leads to more reliable estimates after
the next iteration etc. The computational complexity of CTEs are however problematic if the chan-
nel memory is large owing to the exponential relationship between the equalizer complexity and the
channel memory. Attention was therefore paid to a number of low complexity equalizers - MMSE-
LE, MMSE-DFE, SFE and SDFE - which can be used as a replacement for the MAP equalizer in a
CTE. The derivations of these low complexity equalizers were presented based on the literature, and
computational complexity analyses of the resulting LCTEs were performed. The computational com-
plexities of the LCTEs were compared to that of the CTE, and simulation results from the literature

were presented.

The DBN-TE was developed in Chapter 4 by using a DBN to model the turbo equalization problem.
For the DBN-TE to function correctly there had to be a dominant connection between the observed
variables and their corresponding hidden variables, as well as weak connections to past and future
hidden variables. This was achieved by performing a Cholesky transformation on the autocorrelation
of the channel matrix and filtering the received symbols accordingly. It was however stated that
Cholesky decomposition filtering is not adequate for some static channels, and therefore an MMSE-
DF prefilter was also used to transform the channel to its minimum phase form. Another precondition
was that the randomization effect of the interleaver had to be mitigated, which was achieved by
filtering the received symbol sequence with the Hermitian transpose of the interleaved channel matrix.
The computational complexity of the DBN-TE is approximately quadratic (cubic worst case) in the
coded data block length, exponential in the encoder constraint length, as is standard in the CTE and
all LCTEs, but approximately independent of the channel memory length. Its complexity is worse

than that of the LCTEs considered in this thesis, but is far superior to that of the CTE for systems
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with long channel memory. Its performance is comparable to that of a CTE in all fading channels
and short static channels, and comparable to that of the LCTEs in the literature. Its performance is

however lacking in some static channels.

The HNN-TE was derived in Chapter 5 by combining the HNN MLSE equalizer and the HNN MLSE
decoder. The HNN MSLE equalizer was developed by this author in [19,20], and it has exceptionally
low computational complexity due to the high parallelism of its underlying neural network structure,
which makes it suitable for use in systems transmitting uncoded information through a highly dis-
persive multipath channel. The HNN MLSE decoder was proposed in [21, 22] for the decoding of
balanced codewords, but it is only able to decode single balanced codewords. However, in order to
merge the HNN MLSE decoder with the HNN MLSE equalizer, the decoder had to be able to de-
code sequences of balanced codewords, not single codewords only. This was achieved by scaling the
correlation matrix with respect to the coded transmitted data block size and copying the correlation
matrix of the single codeword HNN MLSE decoder along the diagonal, and instead of using single
received codewords as input, received codeword sequences were used as input to the sequence based
HNN MLSE decoder. The HNN MLSE equalizer and the HNN MLSE decoder were merged by
simply normalizing the correlation matrix of the former and adding it to that of the latter, thus biasing
the equalizer correlation matrix with that of the decoder, allowing for joint equalization and decoding
to be performed in an iterative fashion. The computational complexity of the HNN-TE is approxim-
ately independent of the channel memory length and almost quadratically related to the coded data
block length (cubic worst case), which allows it to jointly equalize and decode information transmit-
ted through severely dispersive multipath channels. The HNN-TE outperforms the equivalent CTE in
fading channels, but like the HNN MLSE equalizer in [19] and the DBN-TE developed in this thesis,

the HNN-TE does not perform well in some static channels.

6.2 FURTHER RESEARCH

Although the DBN-TE and HNN-TE developed in this thesis are unique in the sense that they iterat-
ively and jointly equalize and decode information using superstructures, they serve as a baseline for

further investigation as proposed in the following:
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6.2.1 DBN-TE

* It was developed for BPSK only. It should be possible to extend the DBN-TE to be able to

jointly equalize and decode information transmitted using higher order modulation schemes.

* Only convolution codes were investigated. The DBN-TE could be adapted for convolution

codes in higher order Galois fields as well as for LDPC codes.

* The DBN-TE does not perform well in some static channels. Better optimization techniques

and prefitering might improve its performance in static channels.

6.2.2 HNN-TE

* To date the only HNN decodable codes are balanced check codes, which do not provide good
coding gains. In order to make the HNN-TE attractive for practical use, better HNN decodable

codes must be found.

* Like the DBN-TE, the HNN-TE does not perform well in static channels. Better optimization

techniques might improve its performance in static channels.

6.3 CONCLUDING REMARKS

The DBN-TE and HNN-TE developed in this thesis have been thoroughly analyzed and simulated,
and their performance and computational complexity characteristics have been compared to that of
the CTE as well as other LCTEs. While offering very low computational complexity, the performance
of both turbo equalizers are comparable to that of the CTE. The proposed turbo equalizers are unique
in the sense that they make use of superstructures to solve the turbo equalization problem, doing so

without any limitation regarding the structure of the interleaver.
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APPENDIX A

SIMULATION ENVIRONMENT

The simulation enviroment used to produce the simulation results in this thesis is described here.
Since the author of this thesis used a similar simulation environment than the one in [20], the descip-

tion is similar to that in Chapter 3 of [20].
A.1 SYMBOL MAPPING AND DE-MAPPING

In order to transmit information in a communication system, a carrier frequency must be modulated
by a representation of the source data. To perform this task, a symbol constellation map is used to
transform the source information from bits to modulation symbols. These modulation symbols are
then used to modulate the carrier frequency in order to convey information. In this thesis three modu-
lation schemes are considered, namely BPSK and 4-QAM, each of which uses a unique constellation
map. The number of bits that can be transmitted during symbol period 7T using a constellation map

with M symbols, is loga (M) [2].

Figures A.1 and A.2 show the normalized' Gray coded? constellation maps using BPSK and 4-QAM
modulation, respectively, with their respective mappings shown in tables A.1 to A.2. The source bits
are mapped to modulation symbols according to the constellation map. For BPSK, one information bit
is transmitted during one symbol interval 7;. For 4-QAM, two information bits are transmitted during
one symbol interval, and for 16-QAM, four information bits are transmitted during one symbol inter-

val. Once the symbols have been estimated at the receiver, the constellation map is again used to map

I'The constellation maps are normalized such that the Euclidean distance from the origin to the farthest symbols is equal

to 1. During simulation, a scaling factor is used to normalize the noise so that the average signal energy is equal to 1.
2Gray coding is employed so that each tuple of bits from neighboring symbols only differs by one bit. This will increase

the probability of one bit error when a symbol error is made during detection [2].
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Simulation Environment

the symbols back to bits in order to produce estimates of the transmitted source information.
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Figure A.1: BPSK constellation map.
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Figure A.2: 4-QAM constellation map.
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Table A.1: BPSK symbol mapping.

Bits | Symbol (Rectangular) | Symbol (Polar)
1 1 Z0
0 -1 LT

Table A.2: 4-QAM symbol mapping.

Bits | Symbol (Rectangular) | Symbol (Polar)
1 .1 T
00 ﬁ + ]ﬁ 1
1 .1 3r
o1 —ntin L7
1 : 1 =3z
1 | -

A.2 INTERLEAVING

Interleavers are used to randomize the noise introduced to the transmitted information during trans-
mission and reception. In a mobile communication environment, where the channel is characterized
by multipath and fading, burst errors are common, which will cause a stream of adjacent symbols
to be damaged beyond recognition. Signal fading due to time-invariant multipath propagation often
causes the signal to fall below the noise level, resulting in a large number of consecutive errors [2].
This will inhibit the decoder from correcting errors, since the decoder relies on the structure in the

coded information as introduced by the encoder.

When the coded symbols are interleaved before transmission, burst errors will be transformed into
independent errors. An interleaver reorders the symbols before transmission so that the errors will
be decorrelated after deinterleaving in the receiver. Interleaving aids the decoder in that the structure
introduced by the encoder to the transmitted symbols can be exploited to the full, which will yield

performance gains.

A number of interleavers are widely used. These are convolutional, block, and S-random interleav-
ers [2]. The interleaver considered in this thesis is of the class of random interleavers, without the

restriction imposed on S-random interleavers [92].> Fig. A.3 shows a random interleaver of length

3For S-random interleavers, each pair in the group of S consecutive bits must be at least § indices apart after interleaving.
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N = 20. In this thesis block interleavers are also considered. Please refer to Section 2.4.2.

Figure A.3: Random interleaver of length N = 20.

A.3 THE CHANNEL

A mobile communication system transmission channel is characterized by multipath and fading. Mul-
tipath is the phenomenon resulting from time spreading of the transmitted signal as it is transmitted
through the channel. Fading, on the other hand, results from time variations in the structure of the
transmission medium, causing the nature of the multipath channels to vary over time [2]. During
transmission, the transmitted symbols pass through the channel, which acts like a filter. The chan-
nel has a continuous time-varying impulse response, which is estimated at the receiver to aid in the

estimation of the transmitted information.

A.3.1 Multipath

Each coefficient, or tap, in the impulse response of a multipath fading channel is modeled as a con-
tinuous function of time, where each coefficient in the impulse response corresponds to symbol period
intervals ¢7;.* As such, a tapped delay line is used to model the behavior of this channel, as shown in

Fig. A4.

4The section is a repetition of the description in Section 2.2. It is mentioned here again for completeness
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Ts

Figure A.4: Tapped delay line for a multipath fading channel.

Fig. A.4 indicates that the tth transmitted symbol s, is delayed by T seconds L — 1 times, where L is
the channel impulse response (CIR) length and 7; is the symbol period. Each delayed copy of s; is
multiplied by h;t), l=1,2,...,.L—1, corresponding to the /th delay branch at time ¢. Therefore, the
tth received symbol can be described by [1,2]

L—1
=Y s i +n, (A1)
[=0

where n, is the rth noise sample from the distribution .4 (1 = 0,62 = 1). Each h;t) is a sample
taken from one of L time-varying functions, where ¢ corresponds with the rth transmitted symbol and
[=1,2,...,L—1 is the CIR tap number. Each CIR tap is modeled as an independent uncorrelated

Rayleigh fading sequence, describing the fading behavior of that tap..

If it is assumed that the CIR is time-invariant for the duration of a data block, (A.1) can be rewritten
as
L1
Iy = hyse— +ny, (A.2)
=0

where s; denotes the tth complex symbol in the transmitted sequence of N symbols chosen from an
alphabet & containing M complex symbols, r; is the tth received symbol, 7, is the rth noise sample
from the distribution .4 (i = 0,062 = 1), and /4 is the Ith coefficient of the estimated CIR. Equaliza-
tion is performed under the assumption that each CIR coefficient /; is time-invariant for the duration

of a data block. The CIR h = {hg, hy,...,h;_1} therefore completely describes the multipath channel
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for a given received data block, assuming that the data block is sufficiently short so as to render the
CIR time-invariant. The equalizer takes as input the received symbol sequence r as well as the CIR

h.
A.3.2 Fading

It was stated that each coefficient, or tap, in the impulse response of a multipath fading channel is
modeled as a continuous function of time. Each tap, then, can be modeled as a flat fading channel. If
a signal with bandwidth B << B, is transmitted, the fading across the entire signal bandwidth is highly
correlated, which is referred to as flar fading. Here B, is the coherence bandwith of the system, defined
as the minimum frequency separation for which the CIR is independent [93]. On the other hand, if
the bandwidth B >> B, , then the channel amplitude values at frequencies separated by more than
the coherence bandwidth are roughly independent, which is referred to as frequency-selective [93].
In flat fading channels there is no inter-symbol interference (ISI) and in frequency-selective channels

there is ISI.

When channel fading is considered, a distinction needs to be made between Rayleigh fading and
Rician fading. When it is assumed that there is no line of sight (LOS) between the transmitter and the
receiver, Rayleigh fading is used, and Rician fading is used when there is LOS between the transmitter

and the receiver [2]. The former is considered in this thesis.

For a Rayleigh fading channel the fading amplitude at instance k is given by

R =\/X?+Y?, (A3)

where X; and Y} are samples taken from a Gaussian random process .4 (0,672) [2]. The probability
density function of a Rayleigh random variable is given by

X —x? S

—exp 2#0‘,2 , x>0. (A4)

0-2

r

plx) =

The model proposed in [94] is used for the generation of uncorrelated fading vectors. This model
is based on a sum-of-sinusoids approach, which is an extension off Clarke’s frequency nonselective

fading process model [95]. Clarke’s model is given by

g(t)= \/gexp (wgtcosay, + @) (A.S)
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where o, is the angle of the incoming wave, ¢, is the initial phase associated with the nth propagation,
and @, is the maximum angular Doppler frequency when &, = 0. The model in (A.5) is modified
such that N = 4M, @it = =@ + 5, Oniomr = —ns Gni3am = Qo+ 5, and o, = 272n — 7+ 0)/N,
where 6 is uniformly distributed in [—7; ) [94]. The complex low-pass Rayleigh fading process in

(A.5) is therefore described by

2 M M
g(t)= \/; <,§'1 2cos(watcosoy, + @) + jr; 2cos(wqtsinoy, + (p,,)) , (A.6)

of which the PDF of the magnitude will approximate a Rayleigh distribution [94]. To produce a new
set of uncorrelated fading vectors, one for the real symbol components and one for the imaginary
symbol components, the normalized low-pass fading process of a new statistical sum-of-sinusoids

simulation model is defined by [94]

Z(t) = ( +7J Z

2 M
Zi(t) = /= Z s(watcosat, + @)

2 M
Z,(t) = \/> Z s(watsin, + @,) | ,

where
o — 2rn—m+6
" 4M

and ¢,, @, and 0 are statistically independent and uniformly distributed in [—7; ) for all n.

A.3.3 White Gaussain Noise

In addition to ISI, the transmitted symbols are also corrupted by AWGN, mainly caused by electron
fluctuations in electronic components and amplifiers in the receiver [2]. This type of noise is charac-
terized as a zero-mean Gaussian noise process with variance 2. The Gaussian process PDF is given

by

1 o —pf?
p(x) = Wexp (— 207 ), (A7)

where  is the mean and o is the variance. The assumption of AWGN is important for designing
equalizers for digital communication systems. This will become clear in Section 2.2. The simulation

of Gaussian noise, and how it is applied to the received symbols, is discussed next.
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A.3.3.1 AWGN Simulation

In order to evaluate the performance of digital communication systems, it is useful to evaluate the
systems for a given signal-to-noise ratio (SNR), expressed as

2
SNR = (A8)

-,
Oy

where 67 is the average signal power and 6> is the average noise power. Since the SNR is meaningless
unless the noise equivalent bandwidth is specified [96], it is instructive to use a normalized measure
of the SNR, namely the energy per bit to noise spectral density ratio Ej, /Ny. Following the derivation
in [96], the value by which the Gaussian random number generator output is scaled, is expressed

as
652 -fsamp

2, (A.9)
2. fiir. 1075

where fiump is the frequency at which Gaussian noise samples are generated, f,;; is the frequency
of uncoded bits per transmitted symbol and Ej, /Ny is the signal strength (in dB) where the system
is evaluated. By scaling the output of the zero mean, unit variance Gaussian noise generator by ky,
Guassian noise samples with variance o> are produced, which are then added to the ISI-corrupted

symbols in the receiver.

A.3.4 Doppler Frequency

Doppler frequency shifts are encountered when there is a change in the relative velocity between the
transmitter and the receiver. If the relative velocity increases, the Doppler frequency is positive and
when the relative velocity decreases, the Doppler frequency is negative. As the Doppler frequency
increases, there is a corresponding increase in the fading rate. The Doppler frequency is determined

by [93]
vfe

C

Jp Op, (A.10)

where v is the relative velocity between the transmitter and the receiver, f,. is the carrier frequency.
Op is the incident angle of the received signal and c is the transmission speed in the medium,
which is commonly assumed to be equal to the speed of light, ¢ = 3 x 108m/s for wireless com-
munication through the atmosphere. A number of parameters are associated with the Doppler fre-

quency [93]:
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* The Doppler spread Bp is a measure of the expansion of the spectral band of the signal being

transmitted and is given by Bp ~ 1/T,, where T, is the coherence time.

* The coherence time 7, specifies the period during which the CIR remains time-invariant and is

approximated as 7, ~ 1/Bp.

* The coherence bandwidth B, is the minimum separation of frequencies for which the CIR is
independent and is given by B. =~ 1/T,,, Where T, is the channel delay spread, i.e. the

duration between the first and the last arrival of the same signal component.

A.3.5 Power Delay Profiles

The power delay profile (PDP) represents the average power associated with a given multipath delay
[93]. The PDP is a continuous function of time, but in the receiver the channel delay profile is
segmented according to the number of resolvable multipath elements. Two multipath components are
said to be resolvable if the difference between their respective delays is less than the inverse of the

signal bandwidth [93]. In other words, since the symbol period

T, = ——, (A.11)

where « is the roll-off factor® and B is the signal bandwidth, two multipath components are resolvable
if the difference between their respective delays is equal to or greater than the symbol period, assum-
ing that & = 0. When the multipath elements are not resolvable, these nonresolvable components are
combined into a single multipath component with delay approximately equal to the delays of those

elements, with amplitude and phase corresponding to the sum of the different components [93].

A number of PDPs are used in this thesis to evaluate the performance of the system for various channel

conditions. The PDP models are described in turn below:

5The roll-off factor is a parameter of the square-root Nyquist filter which determines the cut-off rate of the filter.

Department of Electrical, Electronic and Computer Engineering 202
University of Pretoria

© University of Pretoria



&
&
UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA
Qe YUNIBESITHI YA PRETORIA

Appendix A Simulation Environment

A.3.5.1 Exponential PDP

The exponential PDP coefficients are determined by

—lrmax)
L

e

hy = exp( (A.12)

where k=0,1,2,...,L—1, 7,4, is the channel delay spread duration, and 7, is the time constant of the
profile, determined by
—T
o= (A.13)
In (10 10 >

where Py, is the relative power drop between ¢ = 0 and t = 7,4, With a value of —30 dB [96]. The

normalized exponential PDP coefficients are shown in Fig. A.5 for L = 20.

A.3.5.2 Linear PDP

The linear PDP coefficients are determined by

h = —, (A.14)

where [ =0,1,2,...,L— 1. The normalized linear PDP is shown in Fig. A.6 for L = 20.

A.3.5.3 Uniform PDP

The uniform PDP coefficients are determined by

h=1, (A.15)

where [ =0,1,2,...,L— 1. Fig. A.7 shows a normalized uniform PDP for L = 20.
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Figure A.5: Exponential power delay profile for L = 20.
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Figure A.6: Linear power delay profile for L = 20.
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Figure A.7: Uniform power delay profile for L = 20.

A.3.54 Energy Normalization

Disregarding fading, it is assumed that the received energy is equal to the transmitted energy. In a
system transmitting information through a multipath channel, the transmitted energy is spread among
the various independent fading channels. Since it is assumed that the received energy is equal to
the transmitted energy, the nominal channel weights h = {hg,hy,--- ,h; 1}’ are normalized such
that

h’h=1. (A.16)

To achieve this, irrespective of the power delay profile of the channel, the nominal tap weights are
divided by the norm of the nominal channel weight vector. That is,

ho hr—1

o M B (A.17)
[af}” [y {fhl]

where the norm ||h|| is expressed as

Infj = /R4 4+ 1. (A.18)

The normalized nominal tap weights are then used to scale the respective Rayleigh fading vectors for

each corresponding CIR tap, which will ensure that no energy is added during transmission.
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A.3.6 Frequency Hopping

Frequency hopping is applied in a wireless communication system in order to aid the receiver to better
detect the received signal. Based on the coherence bandwidth (B,) of the communication system,
explained in Section A.3.4, the frequency at which a given data block is transmitted is changed, or
hopped, to ensure that the detrimental effects of fading is combated. Frequency hopping provides a
mean to artificially create temporal diversity in order to improve the performance. Figure A.8 through
Figure A.11 shows three uncorrelated fading vectors, corresponding to a system with a CIR length
of L = 3, for a duration of N = 1200 data symbols transmitted at a mobile speed of 50 km/h, where
F=1,F=2,F=4and F = 8 frequencies were respectively utilized for frequency hopping. With
each frequency hop, a unique uncorrelated fading vector is obtained, which minimizes the chance
of the entire transmitted data block being in a deep fade, where the signal might be unrecoverable.
Thus, by applying frequency hopping, signal fidelity is improved, which leads to performance gains.
One detrimental aspect of frequency hopping, however, is that channel estimation will have to be
performed for each frequency that was hopped to in the data block. This will add computational
complexity, and it will also require the addition of more training symbols in each frequency hopped

section of the data block for channel estimation.

0.7 ‘
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Figure A.8: Uncorrelated fading vectors for no frequency hopping.
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Figure A.9: Uncorrelated fading vectors for frequency hopping (F = 2).
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Figure A.10: Uncorrelated fading vectors for frequency hopping (F = 4).
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Figure A.11: Uncorrelated fading vectors for frequency hopping (F = 8).

A4 CHANNEL ESTIMATION

In a digital communication system, the channel estimator is used at the receiver to estimate the im-
pulse response of the overall channel between the transmitter and the receiver. As described earlier,
the received signal suffers from multipath, resulting in ISI at the receiver, necessitating equalization in
an attempt to mitigate the effect of ISI in the received symbols. To invert the effect of the channel on
the transmitted symbols effectively , some measure thereof is needed. The channel estimator provides

an estimate of the channel in the form of a discrete impulse response.

In short, the channel estimator works as follows: the receiver has knowledge of a number of the sym-
bols that are transmitted in every data block. This series of symbols is agreed upon by the transmitter
and the receiver and are commonly known as the pilot or training symbols. The channel estimator
examines these pilot symbols to determine how they interfered with each other during transmission.
Because it is assumed that the channel is static, or time-invariant for the duration of a data block, it
is also assumed that the ISI experienced by the pilot symbols will also have been experienced by the
other symbols in that data block. The channel estimator module produces a vector known as the CIR

that contains the coefficients of a finite impulse response filter. The CIR reprensents the channel by
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which the transmitted symbols were filtered during transmission. Channel estimation is performed

for each data block that arrives at the receiver.

In this thesis least squares (LS) approximation is used to perform channel estimation. Assuming a
static channel for the duration of one data block, channel estimation can easily be formulated in the

LS sense. The explanation is closely related to the derivation in [56, 57].

The channel estimator receives K ISI-corrupted pilot symbol observations r = {ri,r2,...,7x 41},
where K is the number of pilot symbols and the channel impulse response is denoted by i =

{ho,h1,...,hp—1}, where the observations are described by

r=Qh+n. (A.19)

The matrix Q is fully populated by K known pilot symbols, corresponding to the ISI-corrupted re-
ceived pilot symbols r, and n contains Gaussian noise samples from the distribution .4 (0, 62). The

matrix Q is given by

In In—1 cee In—1+1 In—L
Tht1 Iy . -1 In—L+1
Q= : : (A.20)
bir(K—1) tr(k—-2) + Ii-L+k  tLi(k-1)
Inyk  Inp(k-1) -+ In—L+k+1  In-L+K

To estimate the CIR ¢, the squared error between r and Qh is
g2 =tr[(r—Qh)” (r — Qh)] = nln. (A.21)

which is differentiated with respect to ¢ to obtain

Joer g
== 2Q" (r—Qh). (A.22)

Equating the gradient to zero produces the LS estimate

¢=(Q7Q)'Q"r. (A.23)

The pilot sequence must be chosen such that its autocorrelation approaches the Delta Dirac function.
This will ensure that the Grammian Matrix (Q”Q) is diagonally dominant and therefore invertible,

which will simplify calculation of € in (A.23).

Department of Electrical, Electronic and Computer Engineering 209
University of Pretoria

© University of Pretoria



&
UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA

Qe YUNIBESITHI YA PRETORIA

Appendix A Simulation Environment

A.5 CONCLUDING REMARKS

In this appendix the most important aspects of the simulation environment used in this thesis were
discussed, and it was also explained how the communication systems considered in this thesis will
be simulated. Although the discussion is not exhaustive, the concepts relevant to this thesis were

discussed at length.
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