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Abstract

Inspired by multiuser detection (MUD) and the * Turbo principl€e’, this thesis deals with
iterative interference cancellation (I1IC) in overloaded multiuser multiple-input

multiple-output (MIMO) orthogonal frequency division multiplexing (OFDM) systems.

Linear detection schemes, such as zero forcing (ZF) and minimum mean square error
(MMSE) cannot be used for the overloaded system because of the rank deficiency of
channel matrix, while the optimal approach, the maximum likelihood (ML) detection has
high computational complexity. In thisthesis, an iterative interference cancellation (11C)
multiuser detection scheme with matched filter and convolutional codes is considered.
The main idea of this combination is a low complexity receiver. Parallel interference
cancellation (PIC) is employed to improve the multiuser receiver performance for
overloaded systems. A log-likelihood ratio (LLR) converter is proposed to further
improve the reliability of the soft value converted from the output of the matched filter.
Simulation results show that the bit error rate (BER) performance of this method is
close to the optimal approach for a two user system. However, for the four user or more
user system, it has an error floor of the BER performance. For this case, a channel
selection scheme is proposed to distinguish whether the channel is good or bad by using
the mutual information based on the extrinsic information transfer (EXIT) chart. The
mutual information can be predicted in a look-up table which greatly reduces the
complexity. For those ‘bad’ channels identified by the channel selection, we introduce
two adaptive transmission methods to deal with such channels: one uses a lower code
rate, and the other is multiple transmissions. The use of an IIC receiver with the
interleave-division multiple access (IDMA) to further improve the BER performance
without any channel selection is also investigated. It has been shown that this approach

can remove the error floor.

Finally, the influence of channel accuracy on the 11C is investigated. Pilot-based Wiener
filter channel estimation is used to test and verify how much the 11C is influenced by the

channel accuracy.
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CHAPTER 1. INTRODUCTION

1.1 Motivation

Recently, due to the current trend of personal wireless communication, it is widely
acknowledged that the tremendous demand for higher spectra efficiency, higher data
rate, and higher channel capacity, constitutes a significant challenge in next generation
wireless communications. However, it is restricted by the limited bandwidth resource
that is available for wireless communications. Therefore, much research has been
performed to improve the efficiency of the spectrum use. Multiple-input and
multiple-output (MIMO) systems, which apply multiple antennas at both the transmitter
and the receiver, are one of the hottest research topics in this area [1] [2]. MIMO
techniqgues can in principle provide capacity in multiple antenna wireless
communication links proportional to the minimum number of transmit and receive
antennas, and hence can greatly improve performance compared to single antenna links.
The performance benefits can be characterized as multiplexing gain and/or diversity
gain [2], and a wide range of techniques, including space time coding and spatia

multiplexing are available to exploit these gains.

For multipath fading channel, most conventional modulation techniques are sensitive to
inter-symbol interference unless the channel symbol rate is small compared to the delay
spread of the channel. Multicarrier techniques provide the solution for wireless
communication and fulfil the demands of the wireless channel. Orthogonal Frequency
Division Multiplexing (OFDM), which has drawn alot of attention in the field of radio
communications, is significantly less sensitive to inter-symbol interference. This is
because OFDM splits a high rate data stream into a number of lower rate streams that
are transmitted simultaneously over a number of subcarriers, and hence the rate on each
OFDM subcarrier is reduced relative to the delay spread while the total symbol rate is
equal to that of a single-carrier system. Another reason for this is that a guard time is
introduced for each OFDM symbol, which is chosen to be larger than the expected
maximum delay. This technique has been considered to be a candidate to support
multimedia services in mobile radio communication, to provide higher capacity over
conventional access techniques.

In a frequency-selective fading channel, the bit errors of OFDM are normaly
concentrated in afew severely faded subcarriers. In the rest of the subcarriers, there are

normally no bit errors. Therefore the overall bit error rate (BER) performance of such
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systems is close to that of the poorest channels, which could be rather poor on a fading
channel. For this reason a forward error-control (FEC) code and interleaver is
employed, resulting in a scheme which is widely known as coded OFDM. The FEC
code should be powerful enough to correct the sampled errors lying in the severely
faded channel, so that higher channel capacity can be obtained. Hence in OFDM, that a
code minimum distance significantly greater than the channel order is required to
achieve full diversity. Convolutional codes and Turbo codes are used in this thesis and
thereisabrief introduction to both codes in chapter 2.

The combination of these three technologies, MIMO OFDM with FEC code system, is
the great solution for the wireless communication. In recent years, multiuser detection
(MUD), which can also increase the spectral efficiency, is therefore of great interest. In
wireless communications, as a set of advanced MIMO technologies, multiuser MIMO
exploits the availability of multiple independent transmit antennas in order to enhance

the communication capabilities of each individual user.

It is well known [52] that multi-user MIMO techniques are capable of significantly
increasing throughput compared to traditional MIMO wireless systems where ' TDMA
is used, especialy in asymmetric systems, where the number of antennas at the base
station (BS) exceeds the number on each terminal.  In most casesit is assumed that the
number of receive antennas at the BS is greater than or equal to the total number of
transmit antennas across all users, but in some cases it may be possible to increase
system capacity by alowing a larger number of users, resulting in a so-called

overloaded system.

However, the known linear MUDs, such as zero-forcing (ZF) and minimum mean
square error (MMSE), due to the rank deficient channel matrix, cannot work for the
overloaded system. The optimal and sub-optimal MUDs are of too high computational
complexity. The motivation of this thesis is to find suitable detection schemes for
overloaded multiuser MIMO OFDM systems, which should be of low complexity, easy
implementation, and with good performance.

1.2 Single-user Detection vs Multiuser Detection

Conventional single-user receivers achieve inferior performance in a multiuser system,

since they are designed to operate in thermal noise without co-channel interference
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(CCI) or multiple access interference (MAI). Multiuser receivers, however, can exploit
the structure of the multiuser signal, detect all users data simultaneously, and suppress
or cancel the multiuser interference effectively, so that they substantially outperform

single-user receiversin a multiuser environment.

Many types of MUD techniques have been developed to extract the interference
structure by using the channel impulse responses (CIR). The optimal approaches based
on maximum likelihood (ML) or maximum a posteriori probability (MAP) agorithm are
of too computational complex, athough their performance can approach the

performance in asingle-user system (single-user bound).

Thereby some sub-optimal MUD algorithms have been investigated, which have much
lower complexity. Among them, ZF detection and MM SE detection can suppress the
interference by means of linear processing, which therefore are referred to as linear
detection. Another class of sub-optimal MUD is successive interference cancellation
(SIC) and parallel interference cancellation (PIC), referred to as decision-feedback
MUD. The PIC detector is an iterative multiuser detector, which can perform as many
iterations as needed. This iterative structure can combine the MUD with the channel
decoding. A more detailed introduction to the MUD technique will be given in Chapter
2.

MUD requires knowledge of al users, including both the desired user and the
interferers, therefore cannot be used to combat unknown interference. When al the
users are desired and their information is known, we can perform MUD to achieve the
most desirable detection performance. However, when the interferers’ data which may
come from other cells or other wireless systems operating in the same waveband is
undesired or their information is unknown, advanced single-user receivers [3] can be
employed to achieve substantial performance gain over the conventional single-user
receiver, instead of multiuser receivers. This thesis will focus on MUD techniques,

rather than single-user detection.

1.3 Underloaded System vs Overloaded System

MIMO systems employ multiple antennas at both the transmitter and the receiver. They
can roughly be divided into two categories: under-loaded system and overloaded
system.
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For under-loaded system, the number of receive antennas is greater than or equal to the
total number of transmit antenna across all users. Many research works for MIMO
technologies are based on this kind of system. The above MUD schemes are also on the

basis of this system.

However, when the number of receive antennas is less than the total number of transmit
antennas, we call it an overloaded system. For overloaded systems, the interference is
more serious, the useful information from received signal is much less than that of
under-loaded system. Due to the rank deficient channel, most linear MUD schemes

cannot work. In this case, new MUD method should be devel oped.

1.4 Summary of Contributions

To begin with, this section will briefly introduce the novel contributions of this thesis.
Furthermore, more details will be given in individual chapters and then they will be

summarized in the last chapter.

1. A low complexity iterative interference cancellation (IIC) multiuser detection
scheme is proposed for overloaded multiuser MIMO OFDM system. Based on the
iterative principle, joint detection and decoding with simple matched filter and
convolutional code is used. For the overloaded system, the number of receive
antennas is fewer than that of the transmit antennas, the received signal contains too
much interference, so that the log-likelihood ratio (LLR) is unreliable and will
cause problems in decoding. In order to obtain reliable LLR, a LLR convertor is
proposed, where a scaling factor which is calculated from the available channel
information is applied. In addition to the calculation of the channel covariance, this
method requires alow complexity, and for atwo user system, the BER performance
isvery closeto that of the optimal approach (MAP detection).

2. For four or more users' case, the matched filter will result in an error floor of the
BER performance. A channel selection scheme is proposed to solve this problem.
This scheme is based on the EXIT chart. We choose a good or bad channel based
on the mutual information. The mutual information is also calculated directly from
the channel information. Without the influence of bad channels, the BER
performance of the proposed method is close to the MAP detection.

3. For the channel selection scheme, we propose two adaptive methods to process the

so-called bad channels. Oneis using lower code rate for bad channels. According to
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the overloading factor (OLF), the other method divides the transmitters into severa
groups for transmission at the non-convergent channels; this method can reduce the
interference significantly. Simulation results show that both schemes can remove
the error floor and achieve ailmost the optimal BER performance.

4. The attractive feature of Interleave-divison multiple access (IDMA) is that it
allows the use of a low complexity iterative multiuser detection technique.
Combined with IDMA, our proposed IIC can achieve amost the optimal
performance without any channel selection. Compared to the elementary signal
estimator (ESE) [107], which iswidely used for IDMA systems, our 11C has nearly
the same level of complexity, but achieves much better performance.

5. The scaling factor and channel selection both are based on the assumption that the
channel state information is perfectly known at the receiver. Therefore, the
influence of channel accuracy on the I1C performance is investigated. By using the
Wiener filter, both non-iterative and iterative channel estimation are derived.
Simulation results show that although the non-iterative channel estimation can
result in a high 11C performance, the performance is further improved when using
the iterative channel estimation. The IIC with iterative channel estimation can

achieve the performance of the I11C with perfect channel knowledge.

1.5 Outlineof ThisThess

After a brief introduction of the motivation and contributions, the rest of the thesisis

organised into the following chapters:
Chapter 2: Fundamental Techniques

This chapter introduces the fundamental techniques which are used in this thesis:
MIMO, OFDM, Multiuser Detection, Convolutional codes, and Turbo codes. This
introduction will mainly focus on the approaches employed to construct the iterative

receiver, which are the matched filter, the PIC detector, and the convolutiona codes.

Chapter 3: Low Complexity Iterative Detection for Overloaded Multiuser MIMO
OFDM Systems

In this chapter, we focus on the overloaded system. Combined with the matched filter,
and PIC, an iterative interference cancellation (IIC) MUD is built. A scaling factor is
introduced to provide reliable LLRs, which is based on the channel matrix and is used
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to make the output of the matched filter close to the Gaussian-like distribution, so that
the decoder can obtain the information from the LLRs effectively. 11C can work well for
2-by-1 system. For 4-by-2 and more overloaded systems, the I1C requires lower code
rate.

Chapter 4. Channel Selection for Iterative Interference Cancellation Multiuser

Detection

In this chapter, a channel selection scheme is introduced for more users and much more
overloaded systems, which is based on the EXIT chart. We find the relationship
between the mutual information and the mean value from channel, so that a look-up
table is obtained. We can select the channel directly using the CHANNEL
INFORMATIONSs. For the selected channel, the 4-by-2 system can work well.
Moreover for the rgected channel, we propose two adaptive methods: one is using low
code rate, and the other is multiple transmission. Both methods require low feedback,

and work well.

Chapter 5: lterative Interference Cancellation for Interleave-Division Multiple

Access Systems

In this chapter, IDMA is employed. Due to the advantage of IDMA, our low complexity
[1C can work very well for the overloaded system. It can obtain more gain compared to
the ESE. Combined with IDMA, the IIC can work for high OLF systems, and achieve
good performance.

Chapter 6: Channel Estimation for [1C MUD

This chapter presents the relationship between the 1IC MUD and channel estimation.
Pilot-based channel estimation by Wiener filter is introduced. The simulation show the
non-iterative channel estimation is good enough for the 1IC MUD. Meanwhile the
iterative channel estimation takes the channel estimator, detector and the decoder as an
iterative cycle, works in an iterative manner, makes full use of information between
those components, and obtains much better performance than non-iterative channel
estimation.

Min Chen, Ph.D. Thesis, Department of Electronics, University of York, 2013 7



CHAPTER 1. INTRODUCTION

Chapter 7. Conclusions and Future Work

This chapter concludes whole thesis in terms of the work presented in the thesis. It
summarizes the contributions of this thesis and provides some suggestions for future

research based on current work.

1.6 Conclusions

In this chapter, an introduction to the motivation of thiswork isfirst given. Based on the
interference environment, the two types of receivers are compared: multiuser receiver
and single-user receiver. Multiuser receivers usually yield better performance than the
single-user ones, but require information of all users. Hence when the receiver needs to
detect all users and channels are obtainable, MUD is encouraged. The contribution of

thisthesisis then presented, and finally shows the outline of thisthesis.
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In this chapter, some fundamental techniques used in this thesis are introduced: MIMO,
OFDM, MIMO OFDM, multiuser detection (MUD), convolutional code, Turbo code,

and the extrinsic information transfer (EXIT) chart.
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CHAPTER 2. FUNDAMENTAL TECHNIQUES

2.1 MIMO Systems

In recent years, in order to support reliable high-rate transmissions for wireless
communications, alarge amount of research has addressed multiple antenna systems, by
using multiple antennas both at the transmitter and the receiver. Multiple-input
multiple-output (MIMO) techniques are becoming the method of choice to achieve the
required spectral and power efficiency as well as the reliability of communication [1]
[2]. MIMO systems can in principle provide capacity in multiple antenna wireless
communication links proportional to the minimum number of transmit and receive
antennas, and hence can greatly improve performance compared to single-input
single-output (SISO) systems [3][4]. The performance benefits of the MIMO channel
can be characterized as multiplexing gain and/or diversity gain [5]. Hence, the most
important design objective for the MIMO transmission technique is to optimally exploit
these benefits in a communication system in order to mitigate the impairments of the

wireless channel.

MIMO P MIMO
Transmitter | : 4 \hnR1§ Receiver

Figure 2.1 Block diagram of aMIMO system

The original idea of MIMO goes back to 1970, proposed by Kaye and George [6]. In
1976, two maximum likelihood (ML) vector sequence estimation algorithms for multiple

channel transmission systems were then presented [ 7].

The general construction of a MIMO system is depicted in Fig. 2.1 with arrays of n;,
transmit and np receive antennas. It is clearly shown that there are n; X ng
potentialy independent diversity branches between pairs of transmitting and receiving

antennas, which can provide multiple individual fading paths for the same information

message.
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2.1.1 Space-time Coding

In 1998, in order to maximize the diversity gain of a MIMO system, space-time coding
was proposed [8], where multiple copies of a data stream are transmitted across a
number of antennas and various versions of the data are received, to combat the effects
of channel fading and improve the reliability of data transmission. Some of the received
copies of the data will be *better’ than others, due to the fact that the multiple copies are
transferred through different fading channels. This redundancy leads to a higher chance
to correctly decode the received signal, by using one or more of the received copies of
the data.

Considering a system with n, transmit and n; recelve antennas, the maximum
diversity gain n; X ny can be possibly realized through designing suitable transmit
signals over multiple independently fading paths in the absence of channel knowledge
at the transmitter.

According to the coding structures, there are two main types of space-time codes:
space-timetrellis codes (STTC) [8][9], and space-time block codes (STBC) [10].

STTC, which is quite similar to trellis-coded modulation, uses trellis structure to ensure
that redundant copies of data are distributed over time and space. Compared to STBC, it
provides better gain at the cost of complex Viterbi detection at the receiver.

The key idea of STBC is orthogona designs. For STBC, transmit symbols are arranged
in an orthogona way so that they can till be detected at the receiver without any
co-antenna interference, even after the MIMO channdl. In Fig. 2.2, a system that has

two transmit antennas and one (or two) receive antenna(s) is shown.

~
—55511 ) t 51
S7251 AN
s;rec |, N STBC A
Encoder sis, T : Decoder | S,
_ _’

Figure 2.2 Alamouti’ s two transmit diversity scheme with one or two receive antennas

2.1.2 Spatial Multiplexing

In spatial multiplexing, the transmit data is de-multiplexed into sub-streams and sent
from different antennas. Such as layered space-time (LST) codes, which use multiple
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antennas to exploit spatial multiplexing in order to obtain high spectral efficiencies and
enhance the system capacity [11][12][13]. To some extent, spatia multiplexing can be
considered as space time codes to exploit the multiplexing gains [5].

Modul ator J

» Interleaver >
Input Data op J
Stream _ » |nterleaver » Modulator
—» Encoder » Multi-
plexer : : J

A
A\ 4

Interleaver Modulator

Figure2.3 A basic structure of VBLAST transmitter

Encoding + T
R Sym_bol
mapping +
Interleaving
Data » Demultiplexing
source
Encoding + T
N Sym_bol
mapping +
Interleaving
@
Encoding + J
Data . Symbol | . . .
ource > mapping + » Demultiplexing | : 1
Interleaving ]
(b)

Figure 2.4 Horizontal encoding (a) and vertical encoding (b) for spatial multiplexing

The primary objective of spatial multiplexing is to linearly increase channel capacity
with min(ny, ng) without additional power or bandwidth expenses. The corresponding
gain is therefore attained by transmitting independent modulated signals from the

individual antennas.

LST codes are an effective solution for enormous bit rates, which can redize a
significant portion of the MIMO channel capacity with comparatively small

implementation complexity. Each sub-stream is transmitted simultaneously by an
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individual transmit antenna in the same frequency band. The receiver uses at least the
same number of receive antennas to separate and detect each sub-stream based on a
combination processing of interference suppression and interference cancellation. The
separated signal can be decoded by conventional decoding algorithms with lower
complexity compared with the conventional ML decoding approach. According to the
application of error control coding and the assignment of modulated symbols over
different antennas, various LST architectures are proposed. One of the most important
formsis called vertical Bell Laboratories LST (VBLAST) which isshown in Fig. 2.3.

Bell Laboratories LST (BLAST) transmitter is one of the most promising methods,
which includes vertical encoding (VE) and horizontal encoding (HE). For HE, as shown
in Fig. 2.4(a), the bit stream to be transmitted is first de-multiplexed into severa
separate data streams. Each stream undergoes independent encoding, symbol mapping

and interleaving, and then is transmitted from the corresponding antennas.

For VE, as shown in Fig. 2.4(b), the bit stream first undergoes encoding, symbol
mapping and interleaving, and then is de-multiplexed into severa separate streams
transmitted from the individual antennas. This architecture can achieve full diversity

gain since each information bit can be spread across al the transmit antennas.

2.2 OFDM

OFDM, which is short for Orthogonal Frequency Division Multiplexing, is a special
type of Frequency Division Multiplexing, designed to maximize the use of the spectrum,
while minimizing the amount of interference between adjacent frequencies. It can
effectively mitigate intersymbol interference (ISI) caused by the delay spread of
wireless channels, has gained increased interest in the last years for its advantages in
digital transmissions over frequency-selective fading channels. Therefore, it has been

widely used in many wireless systems and adopted by various standards [14].

OFDM scheme is a specia form of multicarrier (MC), which was first proposed for
dispersive fading channels [15]. It is pointed out that orthogona band limited carrier
waves generated by band pass filter set can overlap each other without causing

inter-symbol interference and inter-carrier interference between them.

The multicarrier system employing orthogonal quadrature amplitude modulation
(O-QAM) of the carriers was studied in 1967 [16]. In the classic paralel data
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transmission systems [15][16], the frequency domain bandwidth is divided into a
number of non-overlapping subchannels, each of which hosts a specific carrier widely
referred to as a subcarrier. The early OFDM schemes [15]-[18] required banks of
sinusoidal subcarrier generators and demodulators, which imposed a high

implementation complexity.

This drawback limited the application of OFDM to military systems until 1971, when
the discrete Fourier transform (DFT) was suggested that can be used for the OFDM
modulation and demodulation processes [19], which significantly reduces the
implementation complexity of OFDM. Since then, more practical OFDM research has
been carried out. The capacity of OFDM was investigated in [20] and [21].

In 1985, the feasibility of OFDM was first investigated in mobile communications [22].
By using pilots, OFDM can improve the system performance in Rayleigh fading
channel significantly. Also this technique can provide added protection against delay
spread with interpolated pilots.

Furthermore, OFDM was employed for digital broadcasting in 1987 [23]. [24] studied
the performance and complexity of MC modulation and concluded that the time for MC
has come. After that, more and more OFDM implementations were suggested. OFDM
has been used in digital audio broadcasting (DAB) and digital video broadcasting
(DVB), wireless local area network (WLAN) (802.11a/g/n and so on) and also in the
proposal of the long term evolution (LTE) and Worldwide Interoperability for

Microwave Access (WiMax) system.

OFDM uses multiple carriers to transmit data, can help to take advantage of frequency
diversity and cope with severe channel conditions, by dividing a frequency selective
fading channel into a set of frequency flat fading channels. Furthermore, channel
equalization is greatly simplified, with only a single equaliser tap applied on each
subchannel in an OFDM system. In order to make it robust to inter-carrier interference
(ICl) and ISl, the low symbol rate at the sub-channels makes the use of a guard interval
or cyclic prefix (CP) between symbols affordable [25].

OFDM has lots of advantages, including its robustness to 1Sl and its superiority to cope
with frequency selective fading channel. However it still has some disadvantages, such
as high peak to average power ratio (PAPR) and sensitivity to frequency errors between
transmitters and receivers. Researchers have presented many ways to deal with these
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problems. [26] introduced a block coding scheme for the reduction of the peak to mean
envelope power ratio of multi-carrier systems like OFDM. A selective scrambling
technique for reducing the peak to average power ratio was proposed in quadrature
phase-shift keying QPSK-OFDM systems [27], while incurring negligible redundancy.

[28] proposed a selected mapping method for the reduction of PAPR of multi-carrier
modulation systems, which is appropriate for a wide range of applications. [29]
described a technique to estimate frequency offset using a repeated data symbol, and
discussed the effects of frequency offset on the performance of OFDM. A new carrier
frequency detector for OFDM was introduced in [30] and its performance was
thoroughly analyzed in the presence of a multipath channel. Based on a data-aided
frequency estimation algorithm, [31] presented and analyzed a technique for fast
acquisition and accurate tracking of the carrier frequency in OFDM receivers.

2.2.1 Introduction of OFDM

All forms of frequency division multiplexing work by dividing up the information bits
to be transmitted into a number of different bit streams (at a lower bit rate), then using
these streams to modulate a number of sub-carriers (or sub-channels) which are a set of
closely spaced carriers that are orthogonal to each other. The resultant modulated
sub-carriers are then added together.

Unlike the original FDM technique, in which frequency channels are separated from
each other, the sub-carriers in an OFDM system can overlap adjacent carriers with no
interference between them because they are orthogonal. In fact if the sub-channels were
spaced equal to the symbol rate on each sub-carrier, then the modulated signals will be
orthogonal, and can be easily separated by a norma matched filter. In this way, OFDM
can have higher spectra efficiency. Fig. 2.5 below shows the basic idea.

OFDM can achieve the same data rate as a single carrier system, by using a
conventional modulation scheme on each sub-carrier at low speed rather than the high
speed required in a single carrier system, which means each sub-carrier in the OFDM
system only occupies a narrow bandwidth. Together with all those sub-carriers, a
frequency selective fading channel can be turned into a group of frequency flat fading
channels, which leads to much ssimpler channel equalization methods. Furthermore,
OFDM has the ability to cope with different fading across frequency, by making use of
these sub-carriers. More complex coding and modulation schemes can be used to deal
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with the fading in the seriously faded sub-channels, and coding across the frequencies

can aso be used to achieve the frequency diversity.

Subchannels

A4

A4

Input

— DEMUX MUX >

A 4

Input 1] 2 12 | 13
Subchannéds
1 5 9 13
2 6 10
3 7 11
4 8 12

Figure 2.5 Principle of OFDM [32]

In practice, however, modern OFDM systems are not implemented with separate
modulators, filters and demodulators, because the complexity and the cost of the
hardware implementation in that way would be too high. Actualy, using an inverse
discrete Fourier transform (IDFT) and DFT respectively, the modulation and
demodulation can be performed jointly. In fact, because the IDFT/DFT (or inverse fast
Fourier transfornvfast Fourier transform (IFFT/FFT)) transformation can be performed
easily and rapidly by digital means, OFDM has become so popular recently.
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Figure 2.6 OFDM system block diagrams

Fig. 2.6 shows a basic OFDM system structure. At the transmitter, the data is first
mapped to phase-shift keying (PSK) or quadrature amplitude modulation (QAM)
symbols, and then some reference signals (also called Pilots) are inserted for the
purpose of channel estimation. After that, the datais multiplexed and fed to the IFFT to
modulate onto the orthogonal carrier set, and a CP is added here in order to cancel some
ISI and ICI. Finally the data symbols are demultiplexed, and sent out through the

antenna

The receiver ismore or less an inverse process. The equalization is actually quite ssmple
for OFDM. As discussed before, the OFDM system could turn a frequency selective
fading channel into a set of frequency flat fading sub-channels, which means the
equalization just provides a set of single tap equalizer for the corresponding
subchannels, so that greatly reduces complexity and processing delay. The pilots are

removed after the demultiplexing.

OFDM requires very accurate frequency synchronization between the receiver and the
transmitter, in order to maintain the sub-carriers’ orthogonality. If frequency deviation
occurs, the sub-carriers will no longer be orthogona, causing ICI, i.e. cross-talk
between the sub-carriers. Frequency offsets are typicaly caused by mismatched
transmitter and recelver oscillators, or by Doppler shift due to movement. In order to

avoid OFDM symbols overlapping each other due to frequency selective fading, aCP is
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designed. Therefore, the insertion of the CP is a very important part of the OFDM
system. As shown in Fig. 2.7, adding the CP involves taking last few samples of an
OFDM symbol and adding them at the start of it.

«— OFDM Symbol —

CP

Figure 2.7 CPinsertion

As shown in Fig. 2.8, the sudden phase change between OFDM symbols due to the
delayed version of the received signal now falls into the CP period of the non-delayed
version, thus a guard time period is provided. By removing the CP part of the symbol,
the large harmonic effect caused by the sudden change can be now simply avoided,

which is not included in the FFT integration period.

CPof the nth block! 5, (D) ggrn ?m:]tegp

T | Ty
| T |

v

AT

; Received signal
CPdf the n-th block: Sa(t) from thefirst path

: : Received signal
CPof the n-th block: $n(t) from thelast path

Overall
Signal from the n-th block received signal

Figure 2.8 Function of CP

In wireless communication, 1Sl is also a serious problem. Because the multipath causes
multiple delays in the received signal, the previous OFDM symbol would have an effect
on the current symbol, which could be regarded as noise when integrating through the
whole OFDM symbol. Those OFDM symbols can mostly be terminated before the new
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integration period starts, by adding an appropriate length of CP which may be treated as

guard time.

Fig. 2.9 shows the bit error rate (BER) performances of OFDM system without both
CP and linear equalization, without CP and with equalization, with CP and without
equalization, and with both CP and equalization are compared. Assume the channel is
block fading, where the channel fading coefficients keep constant during a data frame.
Rayleigh fading channel model is used, with 4 taps multipath ([1 0.9 0.7 0.5]). A SISO
OFDM system is considered. The data length is 10000, OFDM subcarrier number 128,
and the length of CP is 10. As shown in the figure, the performance with CP is much
better than that without CP, which is because the CP can mitigate the ISl and ICI.
Equalization at the receiver can aso provide some gain.

10°
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Figure 2.9 BER performances of OFDM system with/out CP and with/out equalization (the
channel is perfect known at the receiver, with 4 taps multipath block fading channel (channel
coefficients[1 0.9 0.7 0.5]), data length 10000, 128 subcarriers, and CP length 10)

2.2.2 OFDM System Model

Let {Sn,k}:;; with E |Sn,k|2 = g2 be the complex symbols to be transmitted at the

n-th OFDM block, then the OFDM-modulated signal can be represented by [14]
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where T;, Af, and N are the symbol duration, the subchannel separation, and the
number of subchannels of OFDM signals, respectively. For the recelver to demodulate
the OFDM signal, the symbol duration should be long enough, which is also called the
orthogonality condition since it makes e/2™%A/t orthogonal to each other for different k.
With the orthogonal condition, the transmitted symbols s, , can be detected at the
receiver by

Tg

1 )
nie = | sn(e s,

N

T,Af =1, (22
if thereis no channdl distortion.

The sampled version of the baseband OFDM signa s(t) in Eq. (2.1) can be expressed

as

N-1

T, — . T,

2mkAfmiS
s(m—) = E s, e A My
N £ '

o

N-1

.2mkm
=an,ke’ N, (2.3)

k=

o

which is actualy the IDFT of the transmitted symbols {Sn,k};::; and can efficiently be

calculated by FFT. It can easily be seen that demodulation a the receiver can be
performed using the DFT instead of the integral in Eq. (2.2).

Fig. 2.8 shows the function of the CP. Without the CP, the length of the OFDM symbol
is Ty, as shown in Eqg. (2.1). With the CP, the transmitted signa is extended to
T =T, + T and can be expressed as

=

—1
Sp(®) = ) spel?m™AIt T <t < T
0

&
1]

It is obvious that  5,,(t) = s,(t +Ts) for =T, <t < 0, which iswhy it is called the
CP.
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The impulse response of awireless channel can be expressed by [33]
h(©) = ) yid(t -1, @24
i

where 7; and y; arethedelay and the complex amplitude of thei-th path, respectively.
Then, the received signal can be expressed as

12(©) = D ¥ialt =) +n(®)

where n(t) represents the additive white Gaussian noise (AWGN) at the receiver. As
demonstrated in Fig. 2.8, x,(t) consists of only the signal component from the n-th
OFDM block when 7, <t<7,, whee 1, =-Tyg+ty, Ty =T+ Ty, Ty =
max;{t;}, and t,, = min;{7;}; otherwise, the received signal consists of signals from
different OFDM blocks.

If 7, <0 and 7, = T, then

1 (% .
Xng = FJ- X (£)e T2 it dt
0

S

1 (% .
= —f z YiSn(t — 1)) + n(t) pe /2™ ktdt
Ty |4

= HkSTl,k + Ng, (25)

for 0<k<N-1 and al n, where H, denotes the frequency response of the
wireless channel at the k-th subchannel and is defined as

Hk — Z yie—janAf‘ci

i

and n; istheimpact of AWGN and is defined as
1 (5 .
Ny = —f n(t)e /2 ikt qt,
Ts Jy

It can be proved that n, are independent identically distributed complex circular
Gaussian random variables with zero mean and variance 2. With H,, transmitted
symbols can be estimated. For single carrier systems, the received signa is the
convolution of the transmitted sequences or symbols and the impulse response of the

wireless channel in addition to AWGN, whereas the impact of the channel is only a
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multiplicative distortion at each subchannel for OFDM systems, which makes signal
detection in OFDM systems very simple and is also one of the reasons why OFDM is

very popular nowadays.

2.3MIMO OFDM Systems

In mobile communications, using MIMO techniques in frequency selective fading
environments, leads to a very complex equalization problem. In order to reduce the
complexity, [34] combined the MIMO with OFDM, which can convert frequency
selective fading channels to flat fading ones. Since then, in order to improve system

performance, much research has been done on MIMO-OFDM.

[35] developed a MIMO-OFDM system using two independent space-time codes for
two sets of two transmit antennas. At the receiver, the independent space-time codes
were decoded using pre-whitening followed by ML decoding based on successive
interference cancellation. A full rate coding strategy was proposed for MIMO-OFDM
systems that exploited full spatial (transmit and receive) diversity, as well as frequency
and time diversity, through the combination of binary codes and linear precoding [36].
[37] pointed out that an optimum code for MIMO-OFDM would code across al
antennas and sub-carriers (as well as time) simultaneously. Since this can become very
complex, a method was proposed for grouping antennas and codes in such a way that
the inherent diversity is retained, so that the complexity is greatly reduced [37]. For the
MIMO-OFDM systems, in recent years, system capacity, space/time/frequency coding,
PAPR control, channel estimation, and receiver design have attracted substantial
research efforts. The overviews of MIMO OFDM communications can be found in
[38]-[40].

A multicarrier system can be efficiently implemented in discrete time using an IFFT to
act as a modulator and an FFT to act as a demodulator. The transmitted data are the
“frequency” domain coefficients and the samples at the output of the IFFT stage are
“time” domain samples of the transmitted waveform. Fig. 2.10 shows a typica
MIMO-OFDM implementation.

A MIMO channel with N, transmittersand N receivers can be expressed as

r = Hs + n, (2.6)

Min Chen, Ph.D. Thesis, Department of Electronics, University of York, 2013 22



CHAPTER 2. FUNDAMENTAL TECHNIQUES

where the vector r (N; X 1), thevector s (N x 1) and thevector n (N; X 1) arethe
received, transmitted and noise signals, respectively. Specifically, the vectorsr, s, and

n aregiven by
r= [rl,rz,---,rNR]T,
§ = [51;52"";SNT]T,
n=[ny,ng -y, 2.7)

where (-)T denotes transpose, s represents the OFDM signal, and n represents the

AWGN with zero mean and variance o2.

Data
Source o OFDM I
l modulator 1 L OFDM
demodulator 1
chama | | mimo | [orom 4
Encoder [ Encoder modulator 2 | OFDM | | MIMO Channel
: demodulator 2 Decoder [ Decoder
OFDM I :
modulator N L OFDM I
A
demodulator Nr

Data Sink

Figure2.10 Ny X N MIMO-OFDM system

The (Ni x Ny )-dimensional frequency domain channel matrix H, where each of the

coefficients [H]; ; represents the transfer function from the j-th transmitter to the i-th

receiver, is given by

|' hiq hiz = hing '|
H= h21 h22 hZNT (2 8)
hngr hwgz 0 hugng

2.4 Multiuser Detection

Multiuser system is a multiple access communication system, which is used for a
system that uses a communication channel to enable severa transmitters to send
information at the same time. Multiple access communication is used widely in different

communication systems, especially in mobile and satellite communications. The signal

Min Chen, Ph.D. Thesis, Department of Electronics, University of York, 2013 23



CHAPTER 2. FUNDAMENTAL TECHNIQUES

sources in a multiple access channel are referred to as users. The multiple access

communication scenario is depicted in Fig. 2.11.

The simplest approach for detection called the conventional detector, also known as the
single-user matched filter detector, does not take into account any other users in the
system or channel dynamics, and therefore is not robust to asynchronism, and fading
channels. Multiple access interference (MAI) significantly limits the performance and
capacity of transmission systems. Multiuser detection (MUD) reduces the interference.
The optimal multiuser detector, ML multiuser detector, is proposed to provide detection
performance close to that of single user detection but the complexity is exponentially
proportional to the number of users [41]. This optimal detector often serves as a

baseline of comparison for sub-optimal multiuser detectors.

Those sub-optimal detectors can be divided into two groups: linear detectors and
interference cancellation (IC) detectors. The linear detectors mainly include the
decorrelating detector and the Minimum Mean Square Error (MMSE) detector. The
decorrelating detector multiplies the output of the conventional matched filter with the
inverse of the correlation matrix, and therefore fully decouples the multiuser signal. It
eliminates the MAI but enhances the noise power, and it needs a matrix inversion [42].
The MMSE detector, regarded as an improved decorrelating detector, can solve the
problem of noise enhancement in low signal to noise ratio (SNR). It has better
performance than the decorrelating detector but it requires the estimation of amplitudes

and also amatrix inversion [41].

The IC detector, also called the Decision-Feedback (DF) detector, is one of the most
popular methods because of the simplicity and good performance, which includes two
classes. successive interference cancellation (SIC) and paralld interference
cancellation (PIC) [41]. They invoke an iterative processing technique that combines
detection and demodulation, which are based on the principle of removing the effects of
the interfering users during each detection stage. However, during the consecutive
detection stages, if the signals of the previous stages are detected erroneoudly, error

propagation may occur.

There are also some sub-optimal approaches based the simplified optimal scheme, such
as Semi-definite relaxation (SDR) [43], Sphere Decoding (SD) and branch and bound
(BB) detectors [44]. They can achieve near optimal performance, however, their worst
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case computational complexity is still too high. A comparison of these advanced MUD
techniquesisdiscussed in [44].

1
User ‘T \\\\ .
2 e
____________________ >
- 2 |
User L Receiver
3 et
o |

Figure2.11  Multiple access communication system with K users

2.4.1 Matched Filter Detector

The matched filter detector is simply obtained by correlating the received signal with a
known signal or template (i.e. the desired user’s time reversed spreading waveform),
and samples the output at the bit rate. The output of the matched filter can be expressed

as
f = HY(Hs + n). (2.9

This method of detection comes straight from the single user designs, which can aso be
used for MIMO systems. For code divison multiple access (CDMA), this emphasizes
the need for low cross-correlation between the spreading codes, otherwise the MAI term
will dominate the correlator output. For MIMO systems, a bank of matched filters can
be used to demodulate each independent user. In order to do this, we can either
synchronize each matched filter to the bit epochs of its corresponding transmitter or
oversample the received signal and use an asynchronous detector architecture.

MAI can cause high BER and poor system capacity: it increases with the number of
users active in the system and the strength of interfering user(s) and is very sensitive to

power variation among users.

For single-user system, the matched filter detector is the optima linear filter for

maximizing the SNR in the presence of additive stochastic noise, and will perform
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optimally in a synchronous system with no channel 1SI, and no neighbouring cell
interference. However, the matched filter will result in poor detection performance
when the number of usersincreases [41]. The desirable property of the matched filter is
its very low computational complexity.

2.4.2 ZF Detector

The conventional detector does not use any information about the other users in the
system and therefore cannot combat MAI. The decorrelating detector essentially applies
the inverse of the correlation matrix of user signal to the output of the conventional
detector. Zero-forcing (ZF) detection, which isanatural progression of the decorrelating
detector, is a simple and effective technique for retrieving multiple transmitted data
streams at the receiver. The recelved signa vector is shown in Eq. (2.10), the ZF
estimate of the transmitted symbol vector can be written as

F = GZF(HS + n)
=S+ GZFn, (210)
where Gz = (HPH) 1H". The ZF receiver eliminates the MAI, thereby significantly

reducing receiver complexity. Noise is enhanced, however, which in genera results in

significant performance degradation. The diversity order equals (N; — Ny + 1) [2].

2.4.3 MM SE Detector

In order to improve performance in the presence of noise, the MMSE detector is
introduced. The MMSE receiver balances MAI mitigation with noise enhancement and
isgiven by

Gyuse = (HPH + o21)"1HH, (2.11)

If the SNR islower, it approaches the matched filter given by

H

2

Gymse
O-TL

At high SNR, ¢ tendsto zero, so

Gymse = Gzp.

The MM SE receiver also achieves (N — N + 1)th-order diversity.
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2.4.4 ML Detector

The ML detector performs vector decoding and is optimal in the sense of minimizing
the error probability. Assuming equally likely, the ML receiver tries to find §,,;,

according to

Sy, = argmin{||r — H3||?}, (2.12)
SEQ

where Q is al the possible transmit vector symbols. The ML receiver realizes
Nith-order diversity for HE and full (N;zN;) diversity for VE.

The ML approach is more complicated than linear receivers (the above two schemes).
For BPSK with two transmit antennas, Q has 22 = 4 combinations, while for four
transmit antennas, (2 has 2* = 16 combinations. If a higher order constellation like
64QAM is used for four transmit antennas, then the receiver needs to find the minimum
from 64* = 1677216 combinations, this requires much higher level of computational
complexity which is impossible for real system design. In such scenarios, SD

techniques may help to reduce the computational complexity [45].

2.45 Parallel Interference Cancedllation

In addition to the optimal detection schemes, other nonlinear detectors have also been
proposed, which use the interferers’ data to detect that of the desired user. In order to
reconstruct the interference, temporary data estimates are employed by 1C detectors, and

then subtract it from the received signal.

According to the received power, the SIC detector [46-48] can first detects the strongest
user using conventional matched filtering, and then the signal of this strongest user is
recreated and subtracted from the received signal. The resulting signa contains one
fewer user if the interference is relatively accurately subtracted. Then the receiver will
repeat the same process of recreating and subtracting the strongest signal among the

remaining users, until the last user have been detected.

As shown in [49], however, interference cancellation of this class of detectors can be
performed most reliably when there is a significant power difference between each of
the users signals. When power levels of each user are nearly the same, however its
performance is poor. Meanwhile, the signals should be sorted by power correctly, and

need to be reordered whenever the power profile changes. In a high capacity system
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with widely variable power levels, this will be a particular risk. Finally, by this one by

one serial processing, arelatively long processing delay will be result in.

PIC detection [50-53] removes the interference produced by the remaining users from
each user simultaneously. For PIC detector, each user in the system recelves equd
treatment in the attempt to cancel its MAI. Compared with the SIC, the delay required
to complete the process is dramatically reduced, since the IC is performed in parallel for
al users. Moreover, in contrast to the SIC, the PIC performs the estimation for all users
signals separately at first, and then the signal decisions are used to reconstruct the MAI
for subtraction. It is obvious that the parallel cancellation process can be divided into at
least two stages, so PIC is also called multistage IC. The first stage of the multistage
cancellation can be provided by linear detectors (ZF or MM SE detector).

By replacing the linear detector outputs with the increasingly reliable temporary
decisions of the interfering users which is made by the PIC detector in the last iteration,
the PIC approach can be further iterated, and the iteration can be performed as many
times as needed. In general, as the number of iterations increases, the performance of

the detector should continuously improve.

For each iteration, PIC detection can avoid the long delay derived from the seria
processing in the SIC, and do not need to order the users by power. In order to achieve
the best performance, the iterative PIC can be performed for many iterations. Therefore,
PIC detection has been regarded as one of the most promising MUD techniques [54-56].

However, the risk of error propagation still exists. If the temporary decision is correct,
the PIC can fully remove the MAI. If the temporary decision is wrong, however, the
error will be doubled after the PIC. Hence the performance of the PIC based on hard
decisions in each iteration may become worse with increasing number of iterations,
especially in the early stages of the iterative processing. Accordingly in order to

guarantee the convergence of the PIC, some schemes have been developed [57-59].

A straightforward approach is to use a soft decision rather than a hard decision in each
iteration for cancellation. The amplitude of a symbol estimate may represent its
reliability, if an appropriate algorithm is used. The potential error may be corrected by
giving relatively small amplitudes to an unreliable symbol. This approach is called
soft-in soft-out PIC. [57-59] aso propose a similar soft decision-based approach, called
partial PIC. Another enhancement can be made to try to improve the performance in the
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first iteration, which is the weakest link. The matched filter and MM SE detector are

both considered to serve as thefirst stage.

Finally using channel decoding following the PIC detection for each iteration is also a
desirable approach. The temporary data estimates can be substantialy improved by a
powerful channel decoder, and more accurate interference reconstruction and

subtraction can be achieved.

2.4.6 Performance Comparison between MUD Schemes

The above detections are compared for MIMO OFDM system, as shown in Fig. 2.12.
Two transmit and two receive antennas are considered. A Rayleigh channel is assumed
with uncorrelated fading between all transmit and receive antennas, with a memory of
one symbol period, described by a 2-tap delay line model, where the second tap's
average power is assumed to be weaker than the first. The channel coefficients of CIRs
for the users are generated randomly and independently, and known by the receiver

perfectly.

In this simulation, the CIR is [1 0.7]. A block fading channel model is used. Each
transmit antenna employed 10000 frames with 1024 bits per frame, binary phase-shift
keying (BPSK) modulation, and OFDM modulation with 32 subcarriers and CP length 6.

The BERs plotted are averages over all users.

As shown in Fig. 2.12, ZF, ZF-based PIC, ZF-based SIC, MMSE, MM SE-based PIC,
and MM SE-based SIC al achieve the same diversity order, which isfirst order diversity
in this case. However the matched filter and matched filter-based approach result error
floors, due to the high MAI. Moreover, if the PIC is perfect (using the original signals
from other users as the reconstructed interference), after the detection the interference
will be removed perfectly, and the matched filter detector can achieve the optimal

performance, slightly better than the ML detector: both are second order diversity.

This is because perfect PIC can remove all the interference due to the other users, and
lead to optimal single user detection. In this case, the BER performance will be better
than the multiuser ML detector, which does not have the benefit of perfect knowledge

of theinterferers.
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Figure2.12  Comparison of linear and non-linear detections for MIMO (2-by-2) OFDM system

2.5 Convolutional Code

Coding alows bit errors introduced by transmission of a modulated signal through a
wireless channel to be either detected or corrected by a decoder in the receiver. Coding
can be considered as the embedding of signal constellation points in a
higher-dimensiona signaling space than is needed for communications. By going to a
higher-dimensional space, the distance between points can be increased, which provides

for better error correction and detection.

The main reason to apply error correction coding in a wireless system is to reduce the
probability of bit or block error. The amount of error reduction provided by a given
code is typically characterized by its coding gain in AWGN and its diversity gain in
fading.

The coding gain in AWGN is generally a function of the minimum Euclidean distance
of the code, which equals the minimum distance in signal space between codewords or
error events. Thus, codes designed for AWGN channels maximize their Euclidean

distance for good performance.
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Codes design for AWGN channels do not generally work well in fading owing to bursts
of errors that cannot be corrected for. However, good performance in fading can be
obtained by combining AWGN channel codes with interleaving and by designing the
code to optimize its inherent diversity. The interleaver spreads out bursts of errors over
time, so it provides a form of time diversity. This diversity is exploited by the inherent
diversity in the code. In fact, codes designed in this manner exhibit performance similar
to maximum ratio combining (MRC) diversity, with diversity order equa to the
minimum Hamming distance of the code. Hamming distance is the number of coded
symbols that differ between different codewords or error events. Thus, coding and
interleaving designed for fading channels maximize their Hamming distance for good

performance.

The convolutional code, which was first introduced by [60] in 1955, is one of the most
widely used forward error correction (FEC) codes. It adds dependence between
successive blocks instead of treating them separately, which means the current output
coded data depends on not only the current input data block but also some previous
input. The code stream cannot be separated into severa code words. The data could be
encoded continuously until it is terminated. However in practice, the longer the code
word is the more delay in the decoding process and the more complex the decoder

structure.

Input stream -
| K —»
HEEEEEE |
g V Blocks J
Encoder
R
Codestream | | | | | | | |
— n 2

Figure 2.13. Code structure of general convolutional code

In Fig. 2.13, the code structure is illustrated briefly. The dliding window moved block
by block along the input stream, can determine the output of the encoder. Each block

contains k symbols. The n output symbols are not only generated from the current block
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but also the previous v — 1 blocks. The v which is known as the constraint length of
this code, is actualy one plus the length of the longest shift register delay line in the
encoder. The convolutional code here could be described asa (n, k, v) code.

The shift register lines which contain v — 1 steps of registers, work like a buffer and
keep the previous input data effective. There are k shift register lines altogether, so each
data block contains k symbols of data. In one output codeword, the number of symbols
is the number of combinations of the modulo-M (for binary codes M=2) adders
generated from the shift register lines, which is n. Therefore, there are n output symbols

from the encoder for each input data block.

All the registers should set to be zero, before the encoder starts to encode, and then the
data is fed to the input block by block. Each time when a new data block arrives, the
current data block moves from one register to the next. All the registers should be reset

to zero again when a code word is terminated, by feeding the input with zeros.

2.5.1 Convolutional Encoding

A rate R = k/n convolutional encoder with memory order m, which is a discrete
linear time-invariant system, can be redlized as a k input, n output linear sequential
circuit with input memory m, that is, inputs remain in the encoder for an additional m
time units after entering. It performs a convolution of the input stream with the

encoder’ s impul se responses.

Every output of an encoder can be described by its own transfer function, which is
closely related to a generator polynomial. The transfer function is the ratio of the output
signal to input signal.

There are several kinds of encoder, systematic or non-systematic and recursive or
non-recursive, which are shown in Fig. 2.14 (the structural properties of a convolutional
encoder can be illustrated by using a code tree, trellis and state diagrams [60]).
Systematic encoders yield codes where the message appears directly. Recursive
encoders are related to infinite impulse response (IIR) (feedback) filters, whereas
non-recursive ones are implemented as finite impulse response (FIR) (feedforward)
filters.
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Figure 2.14  Structures of convolutional encoder

A convolutional code can be uniquely described by three parameters. the generator
polynomials, the code rate and the constraint length. The structure in the generator
matrix g of convolutional codes is such that the encoding operation is equivalent to a
convolution operation. For an input sequence m = [my,myq,--,m;], the output
sequence ¢ = [cy, ¢y, **, Crepm] Can bewritten as

¢ =mx gD, (2.13)

, - - D — D G -

where = denotes discrete-time convolution, gV’ =[gs°,9,"",-"", gy ], and ] means

the j-th path.
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For example, Fig. 2.14(a) depicts a convolutional encoder that has one input, two
outputs, and two shift registers. The constraint length, which indicates the number of
bits stored in each shift register including the current input bits, is three in this example.
According to the connection status between the two outputs and the shift registers, the
binary numbers corresponding to the upper and lower addersin Fig. 2.14(a) are [1 0 1]
and [11 1], respectively.

Thus the generator polynomia matrix is given by
g=[1+D?1+D+D?].

These binary numbers are equivalent to the octal numbers 5 and 7 respectively,
therefore the generator polynomial can be written as [5 7], and is frequently used for the
following simulationsin this thesis.

2.5.2 Convolutional Decoding

Decoding is the most difficult and computationally complex aspect of the
implementation of convolutional codes, because there are no distinct codewords, only
potentially infinite code sequences, which means that the decoder has to wait an

unlimited time before it is able to decide between two possible code sequences.

Consider amessage vector m = [my, my, -+, my_4] and the corresponding code vector
¢ =[cgp, €1, +, cn_1] Obtained at the output of the convolutional encoder. Let p(r|c)
denote the conditional probability of receiving r, given that the code vector ¢ was
sent, where r = [ry, 1y, -, 1,—1] may differ from the code vector ¢ due to channel
noise. The maximum likelihood decoder is the one that chooses ¢ for which the

log-likelihood function log(p(r|c)) is maximum, as described by

¢ = argmaxlog(p(r|c)).

In fact the ML decoder is a minimum distance decoder that minimizes the Hamming
distance between ¢ and r. It compares each possible transmitted ¢ and r, and
chooses the possible ¢ which is closest to r. For convolutional coding, the Hamming
distance is used for hard-decision decoding, and the Euclidean distance is adopted for

soft-decision decoding.

ML decoding or minimum distance decoding can be implemented via the Viterbi
algorithm, which was introduced by Viterbi in 1967 [61]. It decodes a convolutiona

Min Chen, Ph.D. Thesis, Department of Electronics, University of York, 2013 34



CHAPTER 2. FUNDAMENTAL TECHNIQUES

code by choosing a path in the trelliswhose ¢ differs from r in the fewest number of
entries. The Viterbi algorithm goes through the trellis, computes an appropriate metric
and makes the decision on the path based on the computed metric. This metric for
hard-decision is the Hamming distance between ¢ and r. For each state in the trellis,
the Viterbi algorithm compares the two paths entering the state. The path with the lower
metric (called the survivor path) is retained and the other is discarded.

Summary of the Viterbi algorithm:

1. Initidization: Set the all-zero state at level 0, computation step j+ 1 (let
j=012,-).

2. Compute the path metrics for al paths entering a state of the trellis by adding the
path metric of each survivor path from level ;.

3. ldentify the survivor path with lowest metric and storeit.
4. Repeat until complete.

For a convolutional code of constraint length K, no more than 2* survivor paths and

associated metrics will be stored, as the 2 are guaranteed to contain the ML choice.

Hard decision assumes that the demodulator has made hard decisions on the received
symbols, and then the decoder has only a received word to work on. In soft decision
decoding information on the reliability of the decisions is passed from demodulator to

the decoder [32]. It can improve the efficiency of decoding.

Convolutional codes are most easily implemented for the case k = 1, which leads to a
code rate of 1/n. If higher rate codes are required, both encoder and trellis diagram
become much more complex. Puncturing provides an alternative method to achieve
high rate convolutional codes. The principle is smply to delete some of the code
symbols, so that fewer code symbols are transmitted per data symbol. Symbols are
punctured according to a regular pattern, for example, the rate 1/2 code is punctured

every fourth code bit to provide arate 2/3 code.

2.6 Turbo Code

Shannon’s noisy channel coding theorem implies that arbitrarily low decoding error
probabilities can be achieved at any transmission rate less than the channel capacity by

using sufficiently long block lengths [62]. The major problem of traditional codes is that
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in order to achieve the Shannon’s bound (which is described by Shannon in 1948 [63]),
the code word length of a block code or the constraint length of a convolutional code
need to be increased. These approaches result in exponential complexity of ML
decoding, making them impractical. So a large amount of research was conducted into
the construction of specific codes with good error-correcting capabilities and the
development of efficient decoding algorithms for these codes. In 1993, Turbo codes
were introduced by Berrou, Glavieux, and Thitimgshima in their paper [64]. The
innovation of Turbo codes lies on the use of concatenated codes with interleavers and an

iterative maximum a posteriori probability (MAP) decoding procedure. Turbo codes

with iterative decoding can achieve BERs as low as 10 at SNRs within 1dB of the
Shannon limit, that is, the value of E,/N, for which the code rate equals channel
capacity. So Turbo codes became a main focus of coding research and development,

and soon there was alot of implementation in practice.

2.6.1 Turbo Encoding

The Turbo code encoder is actualy a concatenated encoder using two recursive
systematic convolutional (RSC) codes. The principle of concatenated coding is to feed
the output of one encoder (the outer encoder) to the input of another encoder. The final
encoder before the channel is known as the inner encoder. In parallel concatenation, the
same data is applied to two encodersin parallel with an interleaver m between them as
shown in Fig. 2.15.

The codes used for the two encoders are recursive systematic convolutional codes. They
can be very conveniently encoded using a structure consisting of a shift register, a set of

exclusive-OR (XOR) gates, and a multiplexer [65].

Typical examples of a convolutional encoder are shown in Fig. 2.14. The code of Fig.
2.14(a) is not systematic because the code sequence does not contain the data sequence.
It could be made systematic by driving one of the inputs to the multiplexer directly from
the data input. The structure of Fig. 2.14(c) is used for the Turbo encoder, so that one
copy of the data stream and the parity streams from two recursive encoders are
multiplexed into the code stream, which will result in a code rate of 1/3.
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Figure2.15 The basic Turbo encoding structure

As shown in Fig. 2.15, the systematic bits ¢(® and the two sets of parity-check bits
(c® and ¢®) generated by the two encoders constitute the output of the Turbo

encoder, so the final transmitted sequence (codeword) is given by the vector

_ .0 @ 2 (0. 1) (2 o @O .2
C—[Co Co Co »Cqp "€y "Cp 7y Cp 1 C1Ck1 |-

Different code rates are achieved by puncturing the parity bit sequences. Puncturing the
data bit sequence leads to a severe degradation in Turbo code performance. A simple
puncturing process is punctured the two sets of parity bits, which will change the final

seguence as

_ . @ .0 (2 o (1 (0 (2
¢= [Co Co »C1 €y CrpCh 2, Cr1Cx1|-

Generally, the encoder is initialized to the all-zero state and then starts to encode the
data. After encoding a certain number of data bits a number of tail bits are added so as
to make the encoder return to the all-zero state at the end of each block, thereafter the
cycleis repeated.

There are two termination approaches of Turbo codes. One is to terminate the first RSC
code in the encoder and leave the second one unterminated. A drawback of this
approach is that the bits at the end of the block due to the second RSC code are more
vulnerable to noise than the other bits. The other way is to terminate both constituent
codes in the encoder in a symmetric manner. Through the combined use of a good
interleaver and dual termination, the error floor can be reduced by an order of

magnitude compared to the simple termination approach.
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2.6.2 Interleaver

In the encoder schematic, the input data stream is applied directly to first encoder and
the reordered version of the same data stream is applied to second encoder. An
interleaver is an input-output mapping device that permutes the ordering of a sequence
in a completely deterministic manner. Interleavers are effective in dealing with bursts of
errors because, by shuffling the symbols at the receiver a burst of errors appearing in
close proximity may be broken up and spread around, thereby creating an effective
random channel [66] [67].

There are two main characteristics which determine the performance of an interleaver:
the s-parameter and randomness [67] [68]. We know that the larger the minimum
Hamming distance, the more powerful the code. For most codes, the minimum
Hamming distance isin fact equal to the minimum number of ‘1's in the code sequence.
If a sequence contains at least two ‘1's and brings the encoder back to the zero state, it
is called a terminating sequence. A non-terminating sequence, or one that terminates
only after a long period results in a large Hamming distance. In the
parallel-concatenated code the same data sequence is applied to the first encoder, and
then it is interleaved and applied to a second encoder. If the given sequence terminates
the first encoder quickly, it is likely that it will not terminate the second encoder after

interleaver [68]. Thisiswhy the design of the interleaver isimportant.

For a given interleaver with size N, the input to output mapping can be expressed by a
function m(i),i = 0,1,--- N. The output of this function is the position in the output
sequence of the bit in position i at the input. If the output distance between two output

of the function from the interleaver
(@) — (DI > ¢,
provided the distance between any two input symbols
li—jl <s,
then the interleaver has spreading factors (s,t). For a reasonable interleaver, the

inequality s <t should be maintained. And for better performance, s should be

maximized (equal to t) if the other conditions are the same.

Combined all the different pairs of distance (|i —j|, |w(i) — w(j)|) into a set D, the

number of elementsin D is called the dispersion of the interleaver. The dispersion of an
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interleaver is a measure of the randomizing that it realizes. A high dispersion leads to
low multiplicities in distance spectrum, and therefore to a better performance of the

error rete.

The data sequence is not likely to terminate both RSC encoders at the same time, if the
interleaver has large s-parameter and dispersion. Therefore it guarantees large Hamming

distances between code sequences, and thus good BER performance.

One of the simplest interleaversis the Block Interleaver [66]. In this kind of interleaver,
data is written row by row into a rectangular matrix, and read out column by column.
Block interleavers are simple to construct and exhibit very high s-parameters (high

spreading capability) and very low dispersions (low randomness).

The Random interleaver [68] uses a randomly generated mapping between input and
output positions. The advantage of random interleavers is that they are easy to generate.
The disadvantage is that the minimum spreading properties cannot be guaranteed.
Therefore it is not possible to guarantee the BER performance of the interleaver.
Random interleavers are conceptually the ‘opposite’ of a block interleaver because they
tend to have very low s-parameters (low spreading capability) and very high dispersions

(high randomness).

Semi-random interleavers were designed for Turbo codes in 1995 [69], which guarantee
high s-parameter and dispersion, namely the S-Random interleaver. Because of that,
compared to the block interleaver, the s-random interleaver has better ability to break
down the self-terminating sequences. It then became a good reference for the design of
Turbo interleavers. Improved S-Random interleavers have been proposed by severd
authors. Examples include Improved interleaver [70], Code Matched interleaver [71],
the interleaver proposed for the UMTS Turbo code implementation [72], and the

Quadratic Permutation Polynomial (QPP) interleavers[73].

In general, generating a length N s-random interleaver is a random process. The output
position (i) is chosen at random, for each successive input data symbol i. For the
previous symbol j, as discussed above, if the distance between data symbol i and j is
less then s, |m(i) — m(j)| must be not less than s. If not, then (i) is rejected and
chosen again. Repeat this process until all the N positions are chosen. The interleaver
might not been found in one search loop, so it needs a number of trials. In order to

produce a solution within reasonable time, choose s < /N /2 [74].
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2.6.3 Turbo Decoding

The basic structure of the Turbo decoder is shown in Fig. 2.16. The decoder operated on
noisy versions of the systematic bits and the two set of parity bits in two decoding
stages to produce an estimate of the original message bits. The basic Turbo decoder
employs two decoding stages and uses the BCJR algorithm to solve the MAP detection
problem. The BCJR agorithm, which was named after its inventors (Bahl, Cocke,
Jelinek and Raviv) [75], is a soft-input soft-output decoding algorithm with two
recursions, one forward and the other backward. The formulation of the BCJR
algorithm rests on the assumptions that the channel encoding is modeled as a Markov
process and the channel is memoryless. The Markovian assumption means that if a code
can be represented as a trellis, then the present state of the trellis depends only on the
past state and the input bit.

As shown in Fig. 2.16, the extrinsic information L’(x;) and L (x)) is the
fundamental quantity that is exchanged by the two decoding stages in the Turbo
decoding agorithm. The most convenient representation for this concept is as a
log-likelihood ratio (LLR), in which case extrinsic information is computed as the
difference between two LLRs.

Lo
> LW X _Ltr(o)
Ly > Decoderl i)t
A
\ 4 -
W
1 v (%)
JC T
17 (x) 7T
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N
(%)~ Ln
> > > M
Lo J| Decoder2 (%) LT

Figure2.16  Basic structure of an iterative Turbo decoder

The first decoding stage uses the BCJR algorithm to produce a soft estimate of the
systematic bit x, at timel, it can be expressed asthe LLR [62]
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p(x = +11r@,r®,12(x))
p(x = —1r©@,r®, 12(0) )

LD (x)) = log (2.14)

=L + L (xy), (2.15)

where (@ jsthe set of noisy systematic bits, (¥ isthe set of noisy parity-check bits
generated by encoderl, L. = 4E,/N, isthe channel reliability factor, L(al) (x;) isthea

priori value for the first decoder, and L2(x) isthe extrinsic information about the set of
the message bits x derived from the second decoding stage and fed back to the first stage.
(In order to initiate the Turbo decoding algorithm, set L2(x) = 0 on the first iteration
of the algorithm.)

The extrinsic information about the message bits derived from the first decoding stage is
[62]

L0 0) = L) = [Len® + 18 (), (2.16)

which, after interleaving, is passed to the input of second decoder as the a priori value

L¥(x,). By using the BCJR algorithm, with the noisy parity-check bits @, the

second decoding stage produces a more refined soft estimate
L (x) = L' + LD (xy). (2.17)
The extrinsic information of this stageis
1P () = 1P () — [Ler®@ + 1P (), (2.18)

after deinterleaving, which is passed back to the input of first decoder as the a priori
value L(al) (x;). Through the application of LEf) (x;) tothefirst stage, the feedback loop
around the pair of decoding stagesis thereby closed. After severa iterations, an estimate

of the message bits m is computed by hard-limiting the LLR L® (x) at the output of
the second stage

M = sgn (L(z) (x)). (2.19)

Feeding extrinsic information from one stage to the next in the Turbo decoder is to
maintain as much statistical independence between the bits as possible from one
iteration to the next. In this way, it can be shown that the estimate m approaches the

MAP solution as the number of iterations approaches infinity. Therefore it is called
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MAP decoding. The details and derivation of this agorithm can be found in [32] [77]
[78] [79].

The MAP agorithm involves a large number of multiplications and exponentiation, and
it also works with actual probabilities and likelihood ratios which have a large range,
therefore it is not usually implemented for reasons of computational complexity and
difficulties in computer storage. To simplify the implementation, it is better to convert
all likelihoods into logarithmic values rather than work with actual probabilities. Thisis
known as the Log-MAP algorithm which is proposed by Robertson [77], which can

provide computational simplicity and without loss of optimality.

Unfortunately, it makes the computation of sums of likelihoods much more complex. If

we use avery simple approximation through the Log-MAP algorithm as:
[ =1In(eh + e"2) ~ max(ly,1,), (2.20)

this approximation leads to the Max-Log-MAP agorithm. The Max-Log-MAP
algorithm can drastically reduce the complexity of the MAP algorithm, but produces
less accurate soft output. The details of these algorithms can aso be found in [32] [77]
and [78].

A compromise method can partly compensate for the loss [32]. We can introduce a

correction factor,
In(e't + e'2) = max(ly, ;) + In(1 + e~ 127hl)

= max(ly, ;) + fe (|l — L], (2.21)

which results in the sub-optima Log-MAP agorithm.

2.7 EXIT Chart

The Turbo decoding (or “Turbo principle’) is a genera principle in decoding and
detection. For an iterative Turbo decoder, the two decoders accept and deliver soft
values to each other, where the extrinsic part of the soft-output of one decoder is passed
on to the other to be used as a priori input. It is not easy to analyze and describe this
iterative process with an information transfer between the two decoders. Because
iterative decoding is the main point for the next chapter, it is necessary to learn its
convergence behavior. One very useful tool, the extrinsic information transfer (EXIT)

chart introduced by Stephan ten Brink [76], is considered in this part. It can be used to
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better understand the convergence behavior of iterative decoding schemes, and the
decoding trajectory can directly witness the exchange of extrinsic information, so that
the Turbo ‘cliff’ position and BER can be predicted after an arbitrary number of

iterations.

As shown in Fig. 2.17, the first decoder takes the intrinsic information X;, which
include the systematic bits S, and the parity bits P, from first encoder, and the a
priori input A;. Then it generates the soft output D,. The extrinsic information of the
first decoder E; = D, — A; — X, 1s passed through the bit interleaver to become the a
priori input A, of the second decoder. The extrinsic information for the second decoder
E, =D, — A, — X, ispassed through a deinterleaver to become the a priori knowledge
A, of thefirst decoder.

Py
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Figure 2.17 Iterative decoder for parallel concatenated codes

The detail of the calculation process for the EXIT chart can be found in [76]. The
received signal from the AWGN channel is:

r=x+n, (2.22)

where x isthe vector of transmission signal, and r is the vector of received signal. n

is Gaussian distributed noise vector with mean zero and variance o2 = N, /2.
Then the conditional probability density function (PDF) can be calculated as

e—((r—x)Z/ZU,%)

V2imo, '

where X denotes the transmitted bits with redlizations x € +1. The corresponding
LLR can be calculated as

p(r|X =x) = (2.23)
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o plx=+41)
~ PGl =D
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Then the mean value and variance of R is

2
, 2 _4
O'R— <0_—%>'O'n —0_—721.

Therefore the mean and variance can be connected as

oi

= —. 2.24
UR 2 ( )

For large interleavers the a priori values remain fairly uncorrelated from the respective
channel observations over many iterations. This is because the extrinsic information Ej
of the bit at time instance k is not influenced by the channel observations Z, or a
priori knowledge A, by looking at the decoder output D = Z + A+ E [76]. Moreover
a large interleaver makes further contributions which reduces correlations and gets a

better ‘ separation’ of both decoders.

Also asillustrated in [80] the PDF of the extrinsic output values (a priori values for the
next decoder respectively) approaches a Gaussian-like distribution with increasing
numbers of iterations. The reason for this may be a Gaussian channel model is used.
Meanwhile, in the L-value calculation of E, sums over many vaues are involved,

which typically leads to Gaussian-like distributions [76].

Therefore [76] suggest that in order to predict the behaviour of the iterative decoder, the
above two observations should be considered. So the apriori input A to the constituent
decoder is suggested to be modeled by applying an independent Gaussian random
variable n, with variance ¢? and mean zero in conjunction with the known

transmitted systematic bits x.
A= HaX + nA.

The mean value u, must fulfill
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i

Ha —

The mutual information I, is used to measure the information contents of the a priori
input,
% ~((x-03/2)° /203)

e
V2moy

IA=1_

—00

log,[1+ e *]dX, 0<I,<1. (2.25)

By appropriately choosing the parameter g,, a certain value of I, is obtained. The
mutual information of the extrinsic output I; can be viewed as a function of I, and
E,/N,, defined as Iy = T (I, Ep/Ny) and Iz =T(l,) for fixed E,/N,. For the

desired I, Iz can be computed by Monte Carlo simulation.

Using I, and Ig, we can draw the EXIT chart, which can show the behaviour of the
iterative decoding intuitively. The EXIT chart can also be used to analysis the iterative
process between detection and decoding. In the following chapters, it will be used to
help us to understand the joint detection and decoding better.

2.8 Interleave-Division Multiple Access (IDMA)

Interference limits the performance of MAI [92] and multiple transmit antenna systems
(cross antenna interference (CALl)) [96]. Iterative multiuser detection is used to enhance
the performance of CDMA systems. However, the complexity of CDMA multiuser
detection increases rapidly with the number of users. For well-known MM SE-based

approach in [96], the complexity per user increases quadratically.

A characteristic feature for a conventiona CDMA system is the use of signature
sequences for user separation. Between FEC coding and spreading, interleaver is
usually placed to combat fading effect. [92] briefly mentioned the possibility of
employing interleaver for user separation in CDMA systems. In a CDMA system,
different interleavers which are assigned to different users can improve the system
performance [124] [125]. [126] investigated multiuser detection in narrowband
applications with a small number of users. User-specific can be made in a
bandwidth-efficient trellis coded-modulation system by selecting a unique combination

of trellis code structure, interleaver and modulation constell ation.
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Inspired by these results, [107] presented a simple approach, called interleave-division
multiple access (IDMA), to deal with both MAI and CAI. In an IDMA scheme, users
can be distinguished by different chip-level interleaving methods instead of by different
signatures as in a conventional CDMA system. The structure of the IDMA scheme is
shownin Fig. 2.18.

hy

User 1 __ Encoder .| Interleaver 1

Received
signal

User k __| Encoder | fInterleaver k

»

User K . Encoder | Interleaver K

Figure 2.18.  Structure of the IDMA system

The data of user k (k =1,...,K) isfirst encoded by a conventional FEC encoder or a
spreader or both, followed by a chip interleaver k, and then is transmitted. Unlike
conventional CDMA, interleaver here is applied at the final stage of the transmitter. The
key principle of IDMA isthat the interleaver should be different for different users. The
use of independent interleavers can ensure that the signals from different users are
separable even when using the same spreading sequence for all the users. In this case,
spreading can be replaced by repetition coding or by other low-rate coding. Then,

interleaving remains the only means to distinguish users.

The IDMA will be used in chapter 5, which is combined with multiuser MIMO OFDM

system to improve the system performance.

2.9 Simulations

A SISO system with/without convolutional code (generator [5 7], 1/2 rate) through
AWGN, block fading and fast fading channel is considered, and Viterbi hard-decision
decoding is used, as shown in Fig. 2.19. For block fading channel (or called slow fading
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channel), the channel coefficients remain unchanged during one data frame (frame

length 1000, 1000 frames), the BER performances are poor whether it is coded or not.

U N R
@ —+— Block fading Uncoded
4 —— Block fading Coded - Rate 1/2
10 g | | —©— Fast fading Uncoded <
! —©— Fast fading Coded - Rate 1/2
w0 O\ —HB— AWGN Uncoded L]
| —B— AWGN Coded - Rate 1/2
" |
10° ‘ ul |
0 5 10 15 20

E,N, (dB)

Figure 2.19. SISO system of AWGN, block fading and fast fading channel with/out convolutional
code (1/2 rate)

BER

E N, (dB)

Figure 2.20. Comparison of BER performance for SISO system using convolutional code with

different generator polynomials (with the same code rate 1/2) in ablock fading channel
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However, for AWGN and fast fading channel (the channel coefficients change bit by
bit), the BER performance of the coded system is much better than that of uncoded
system. It can be seen that the fast fading channel gain can be obtained by the coded
system.

For code rate 1/2, different generator polynomials are compared for a SISO system with
convolutional code through a block fading channel, and the hard-decision decoding is
still used. As shown in Fig. 2.20, it can be seen that the difference between different
generator polynomials for convolutional code in block fading channel is not much.

Fig. 2.21 shows the difference of a 2-by-2 system using a convolutional code (with
generator [5 7]) with and without interleaving under fast fading channel. S-Random
interleaver is employed here. Using an interleaver can spread out bursts of errors over
time, so it can get some time diversity. Therefore an interleaver is often used in

encoding.

I I I
—©— AWGN Non-interleaving

—O©— AWGN interleaving

—+— Fast fading Non-interleaving

—+— Fast fading interleaving

| —8— Block fading Non-interleaving |

—B— Block fading interleaving

BER

25
E_N, (dB)

Figure 2.21. 2-by-2 system of fading channel using convolutional code (1/2 rate) with/out

interleaver, hard decision decoding is considered.

As shown in Fig.2.21, the BER performance does not change under the AWGN channel
whether an interleaver is used or not. For block fading channel, the BER performance of
using an interleaver is a litter better than that without interleaving. Moreover for fast
fading channdl, it’s obvious that the BER performance with interleaving is much better
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than that without interleaving. This is because the fast fading channel can easily cause

the burst errors. Using an interleaver in this case can obtain the channel gain.

Hard-decision decoding is simpler than soft-decision decoding, but it gives worse
performance, as shown in Fig. 2.22. A 2-by-2 system with convolutional code ([5 7])
under fast fading channel using ML hard decision and MAP soft decision is considered.
Using MAP soft decision as the input of the decoder, the BER performance is better
than that of using ML hard decision.

I I I
10 do T b .
i —©— Hard-decision decoding
102 i —H— Soft-decision decoding
o ]_O-3 77777777777777 e N .
w l
® |
104 ; N .
0% R N N — §
10'6 1 1 1
0 5 10 15 20
E_N, (dB)

Figure 2.22. BER performance of ML hard decision and MAP soft decision of 2-by-2 system with
fast fading channel using convolutional code (1/2 rate)

Fig. 2.23 shows the BER performance gain of using Turbo code (two convolutional
concatenated encoder with generator [5 7]) compared with using convolutional code.
The two sets of parity bits of Turbo code are punctured, so the total code rateisalso 1/2.
Through comparing three different channels (AWGN, block fading, and fast fading),
this SISO system using Turbo code shows larger performance gain for AWGN and fast
fading channel.

The above simulations of coding only show the performance of the data bits. For the
next chapter, the parity bits are also needed. Therefore, Fig. 2.24 and Fig. 2.25 show the
performance of both the data bits and the parity bits for convolutional code and Turbo

code, respectively. A SISO system is considered, and three different channels as well.
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Figure 2.23.

using convolutional code (1/2 rate) and Turbo code (1/2 rate)
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Figure 2.24. BER performance of data bits and parity bits of SISO system of AWGN, block fading

and fast fading channel using convolutiona code (1/2 rate)
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Figure 2.25. BER performance of data bits and parity bits of SISO system of AWGN, block fading

and fast fading channel using Turbo code (symmetric PCC rate 1/2 rate)

Both figures show that the performance of data bits is better than that of parity bits. This
is due to the extrinsic information transfer between the two decoders of Turbo decoder
in the decoding of data bits, while decoding the parity bits has no such information. The
decoder itself is not designed for the parity data. So it is understandable that the BER of
the parity datais higher.

The EXIT chart is shown in Fig. 2.26, Fig. 2.27, Fig. 2.28 and Fig. 2.29. To illustrate
the iterative nature of the decoder, both decoder characteristics are plotted into a single
diagram. The axes are swapped for the second decoder. Thisis the EXIT chart for one

of the decoders of rate 1/2 code.

A SISO system is considered. The interleaver size is 1024, the code polynomiads are [5
7]. The channel used in the simulation is the AWGN channel, where different E},/N,,
0.5dB, 0.8dB, 1.2dB and 3dB, are considered.

From these figures it can be seen that I is monotonically increasing with I,.
Increasing I, means that more and more bits become known at the decoder, and there

will be agrowing conditioning of the mutual information I.
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Extrinsic information transfer characteristics of soft in/soft out decoder for rate 1/2

Figure 2.26.

convolutional code and simulated trgjectory of iterative decoding at 0.5dB
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Figure 2.27.

convolutional code and simulated trgjectory of iterative decoding at 0.8dB
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convolutional code and simulated trajectory of iterative decoding at 3dB
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The exchange of extrinsic information can be visualized as a decoding trajectory on
these diagrams. When the E, /N, is fixed, let i be the iteration index. When i =0

the iteration starts with zero a priori knowledge I, o = 0. At ith iteration, the extrinsic

output of the first decoder is Iz, ; = T(I4,;)-

Then I ; is forward to the second decoder as a priori knowledge I,,; = I, ;. The
extrinsic output of the second decoder is I, ; = T(l,,;), and it is fed back to the first
decoder to become I, ;,; = Ig,;0f next iteration. The iteration stops if Ig, ;41 = Ig, i,

which corresponds to an intersection of both characteristicsin the EXIT chart.

At 0.5dB, the trgjectory gets stuck after two iterations. For 0.8dB, the trgjectory has just
managed to sneak through the bottleneck, and it needs several iterations to decoding.
For 1.2dB, it only needs five iterations, while only two iterations are needed for 3dB.
This means that the higher SNR is, the less number of iterations are needed, and the

better performanceis.

2.10 Conclusions

In this chapter, some fundamental techniques used in the following chapters, MIMO,
OFDM, MUD, FEC code, and IDMA are introduced. This introduction mainly focuses
on the approaches employed in this thesis. MIMO OFDM system is the basic system
model of this thesis. The introduction to MUD focuses on the most original schemes:
ZF and MMSE are the linear approach, which have low complexity but also low
performance; the optimal ML has the perfect performance but high complexity.
However, the matched filter can provide the optimal BER performance if the
interference is perfectly cancelled. Based on the PIC, the matched filter will be
employed in chapter 3.

IDMA inherits many advantages from CDMA. The key advantage is IDMA allows the
use of a low complexity iterative multiuser detection technique. Therefore it will be

considered as an effective complement of the proposed detection scheme in chapter 5.
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In this chapter an Iterative Interference Cancellation (I11C) multiuser receiver structure

will be introduced employing MRC detection asitsfirst stage.
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3.1 Introduction

As mentioned previously, MIMO systems have two categories. underloaded and
overloaded systems. Since the computational complexity of the optimal MUD increases
exponentially with the number of simultaneous users, it is unredlistic for the optimal
receiver to work for large numbers of users. Consequently, many suboptimal detection
schemes have been proposed for MUD, possessing low computational load, but also
having poorer detection performance compared to the optimal detector. Especially in the
overloaded system, linear MUD schemes fail to show good BER performance, due to

the rank-deficient channel covariance matrix.

In chapter 2, we have discussed linear MUD schemes such as ZF and MMSE. The
performances of both are better than that of the matched filter, but worse than ML. The
non-linear MUD schemes SIC and PIC, can remove the interference gradualy as the
iteration number increases. The BER performance shows that if the interference can be
eliminated perfectly, the matched filter can achieve the optimal performance, and can
obtain better diversity (compared to ZF and MM SE).

For CDMA systems, the performance can be severely degraded by interference,
including both ISl and the interference between users. In [81], Goldsmith proposed an
iterative weighted interference cancellation for CDMA system with RAKE reception,
where an initia hard estimate of the data bits obtained by a RAKE was used to
regenerate and subtract out the 1SI and co-channel interference after weighting, in order
to get a better estimate of the bits. Subsequently, it repeated the regeneration and
weighted subtraction process using these estimates and continued this process over

multiple stages.

Partial PIC and convolutiona coding was employed in [82], in which a soft cancellation
factor was considered to weight the interference estimates. The best choice of the soft
cancellation factor can be found to optimize the combined performance of interference

cancellation and coding.

An iterative adaptive soft parallel interference canceller was proposed for Turbo coded
MIMO multiplexing [83], which was applied to transform a MIMO channel into
single-input multiple-output (SIMO) channels for MRC. The replicas of the interference

from different transmit antennas are generated and subtracted from the received signals.
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At the first iteration, maximum likelihood detection (MLD) was used to generate the
log-likelihood ratio sequence. An adaptive soft cancellation weight was introduced to

avoid the increasing of the interference when MLD isincorrect.

An iterative interference cancellation scheme was proposed for STBC multirate
multiuser systems, which was based on MMSE and ML detection [84]. For
STBC-OFDM system, [85] shows an iterative interference cancellation scheme to
reduce both co-channel interference (CCl) and ICI jointly. A list-SIC agorithm was
presented to obtain a candidate list to obtain soft information used in the CCI
cancellation. [86] uses a smple iterative interference cancellation scheme for OFDM

signals with blanking nonlinearity in impulsive noise channels.

Severd iterative interference cancellation schemes proposed in [87]-[91], also studied
linear (MM SE, MRC) plus non-linear (SIC, PIC) detection schemes. It is noticed that
another class of detection schemes are also proposed frequently, the optimal multiuser
detector [92]-[95], which are based on the iterative ML detector combining with the
FEC code. However this class of iterative receiver still has too high a computational
complexity for feasible applications, even though they have much reduced complexity
by using Sphere Detection. It is obvious that in order to construct a suitable iterative
receiver with lower complexity, the combination of the matched filter and PIC is a

reasonabl e solution.

The rest of this chapter is organized as follows: In Section 3.2, Turbo multiuser
detection is introduced. Then we describe the system model in Section 3.3. Multiuser
receivers for the AWGN channel, flat fading channel, and frequency selective channel
are detailed in section 3.4, 3.5 and 3.6. In section 3.7, we propose a new iterative
interference cancellation receiver. In Section 3.8, we offer our simulation results, and
conclude in Section 3.9.

3.2 Turbo Multiuser Detection

The PIC approach is regarded as one of the most promising among various MUD
schemes, because of the adoption of the “iterative structure’. The remarkable
performance of the powerful “Turbo Codes’ shows that when the temporary results
generated in the current iteration are fed back to the input of the next iteration, it is

likely to bring some benefits. Since the introduction of Turbo codes, the iterative
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structure is then called the “Turbo Principle’, and is employed by the multiuser
detection scheme called “Turbo Multiuser Detection”. However, a Turbo multiuser
receiver does not necessarily involve a Turbo decoder: a convolutional decoder is aso
suitable.

PIC detection can improve the receiver’s performance continuously with increasing
number of iterations. But sometimes the PIC receiver gives aworse result in the current
iteration than in the previous one. This oscillatory behaviour, which is caused by the

error propagation, can result in failure of convergence.

In a PIC receiver, the MAI which is subtracted from the received signal in the next
iteration, is reconstructed by using the temporary decisions of the users data detected in
the current iteration. This is the reason why PIC detection performs well. However the
potential problem is also located here. If some of the decisions for the users data are
erroneous, a wrong decision of a bit will result in a wrong interference reconstruction,
and a wrong value of interference is subtracted from the multiuser signal, so that MAI
can potentially be strengthened, instead of cancelled. The error is therefore propagated
to the corresponding bits of other users signals. If thisisaserious error, it is possible to
lead the decision of the datainto the wrong direction in the next iteration.

There are two measures that can be taken to avoid this problem. One is employing soft
PIC detection rather than hard detection. This can be implemented using two

approaches:

1) The temporary estimates can be provided by a soft-in soft-out (SISO) detection or
decoding process whose outputs represent the data as well as their reliability. Then
the soft outputs, rather than the hard decisions, can be fed to the PIC detector
directly, after normalization if needed. Thus we can subtract the interference

generated from the reliable bits and restrict the influence of the unreliable ones.

2) Employ partial PIC. It uses a weight factor to scale the MAI estimates obtained
from past hard decisions before subtracting them from the received signal, thus

reducing the sensitivity to errorsin the estimated MAL.

In this thesis, the former approach is adopted. Another measure is tried to improve the
quality of the data estimated before they are used to reconstruct the interference. In this
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scheme, FEC decoders, such as convolutional or Turbo decoders, are involved for each

iteration.

Based on the above considerations, the convolutional decoder is selected to be involved
in the iterations. On the one hand, the convolutional decoder has nice error correction
ability with low complexity, and PIC detection can benefit from it. On the other hand, a
convolutional decoder can return the LLR that can be used to judge the reliability of the
data. This structure is aso called Turbo Multiuser Detection, although it does not

employ the Turbo decoder.

It is noticed that a Turbo decoder is also can be used. However, it utilizes the MAP
algorithm to obtain the LLR, which is much more complicated, not only the agorithm,
but also the Turbo code itself. There is no doubt that a Turbo decoder has remarkable
error correction ability, however if a convolutional decoder is sufficient, we can just use
the convolutional decoder.

Hence, an iterative matched filter-based PIC detector for convolutional-coded MIMO
OFDM is derived.

3.3 System Model

Anuplink MU MIMO system with M usersis considered. For simplicity, it is assumed
that the signals of the multiple users are time aligned at the receiver front end. M users
with a total of N transmit antennas simultaneously transmit data signals to the base
station with N, receive antennas. Much research has assumed or based on the
assumption that the number of recelve antennas is equal to or greater than the
transmitters (N = N7), this is the underloaded system. On the contrary, we focus on
the overloaded system, where receive antennas are fewer than the transmitters
(N < N7). We assume that users are uncorrelated and each user has only one antenna,
thatis M = Ny.

Fig. 3.1 illustrates the structure of the system model. The data of each user is encoded
by the convolutional encoder first, and then passed through the interleaver which is used
to avoid burst errors. In order to make the interleaver work well, the length L of the
data frame should be sufficient. Finally, after BPSK modulation, the datais transmitted.

The received signal for one symbol through the channel can be expressed as
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r =Hs+n, (3.2)

where the received signa r, channel matrix H, transmitted signal s, and AWGN n

with zero mean and variance ¢ are respectively expressed in discrete-time form as:

T
r= [r[l],r[Z],---,r[NR]] , (3.2
T
s = [S[l],S[Z],"',S[NT]] ) (33)
T
n= [n[l],n[Z], rn[NR]] ) (34)
[h11 hiz - h1NT]
Ho |t he o hawg j 35
hNRl hNRZ hNRNT
1
_________________________ U serl_T
DATA . ,
— > COE\:]OCIEéle?naJ » Interleaver —» BPSK
_______________________________________________________ 12
U U serZ_J
DATA ; t
—> Coré\rgc:!gdtgnal > Interleaver —» BPSK ' 1. Base
tNRE Station
: "
P User M. . ;T
DA—‘—>TA COE\:]OCIEéie?naJ > Interleaver —» BPSK

Figure 3.1 The structure of overloaded multiuser MIMO system

3.4 Multiuser Receiver for AWGN Channel

In order to obtain a suitable detection agorithm, we first consider the AWGN channel,

assuming thereisno fading at al. The received signal in Eq. (3.1) can berewritten as
r= HAWGNS + n, (36)

where the channel matrix H,y ¢y Can be expressed as a matrix of constant one

Hawen = 1NRNT- (3.7)
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A matched filter using MRC is employed in the iterative receiver. The structure of the
matched filter receiver is depicted in Fig. 3.2.

Decoder

yiRe ARC A by
| siso R N
Decoder i
MRC el %
Y2 ARe 25 I )
r J siso | T T
> MRC LLR Decoder - :
MRC MRC € ymmee- =
Yy ANT ANT b= bNT
. | SIso ,ﬂ; :

Figure 3.2 Matched filter multiuser receiver for overloaded MIMO system

The received signal isfirst maximum ratio combined by the matched filter,

YMmrc = HQIWGNr! (3.8)
= HjwenHawens + Hiwenn, (3.9)
= RAWGNS + W, (310)

where R,y ¢y 1S the channel covariance matrix with constant elements, and W is the
AWGN noise multiplied by the Hermitian of channel matrix.

Then the outputs of the filter are converted into LLR values, which are used for the
SISO decoder. For one symbol b, the LLR of the mth user corresponding to the n;th
transmitter is given by:

PIb = +1]> 3.11)

MRC _ -
An, - =log <P[b ——1)

The noise W is till Gaussian distribution, with zero mean and variance o2, its
probability density function is

P ! ( W ) (3.12)
= ex - ). .
v V2moy, P 207

Together with Eqg. (3.10) and (3.12), Eq. (3.11) can be written as
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/ 1 (yMRC _ 1) \
———exp
V2moy, - 208
1 (m +1)°\ |
exp| ——5——
V2imo, P 207

yMRC _ 1 MRC 4 1)?
= log exp( )> —log exp<—(ynt—2)) ,

AMRC

log

207 204

_ (AR +1)" (yhtRe —1)°
B 207 207

)

2
2 y,’{ZRC ) (3.13)
When the SNR islow, such as 0dB, the converted LLR values are small. When the SNR

is high, the converted LLR values are much larger. The LLR vaues are linearly
increasing with the SNR.

Feeding the soft value to the SISO decoder, the LLR of decoder output A, is obtained.
Before they are used to reconstruct the MAI, the LLRs should be converted to the soft
values of the data. In conventional methods, a hard decision is taken. Any LLR above O
will be converted to +1 and any LLR below O will be converted to -1 for BPSK.
Considering the uncertainty of the data, thisis clearly not the optimum approach. In this
case, awrong decision will lead to an erroneous value. As expressed in Section 3.2, this
will result in severe error propagation. The LLR of a bit given by the SISO decoder
involves its reliability information as well as its value. The hard decision definitely
discards this valuable information.

Instead of hard decisions, some soft approaches have been employed to estimate the
data, such asin [96]. Soft values between +1 and -1 are given. A relatively reliable data
leads to a value approaching +1 and -1, while an unreliable bit will lead to a value close
to 0.

Obvioudly, giving a value close to 0 to an unreliable bit is more helpful for its potentia
correction, and to reduce the error propagation caused by an error. We can derive the
threshold as follows. The LLR of the mth user corresponding to the n,th transmitter is
given by:

Min Chen, Ph.D. Thesis, Department of Electronics, University of York, 2013 62



CHAPTER 3. LOW COMPLEXITY ITERATIVE DETECTION FOR OVERLOADED
MULTIUSER MIMO OFDM SYSEMS

P[b,, = +1]>,

Plby, = 1] o

25, = 10g<

where
P[b,, = +1] + P[b,, = -1] = 1. (3.15)

Combining Eq. (3.14) and (3.15), we can obtain

AC
P[b,, = +1] = exp (i)

= 3.16
1+ exp(/l,clt) (3.16)

B 1 B exp(—415,)
1+ exp(l,clt) 1+ exp(—l,clt)'

P[b,, = —1] (3.17)

Assuming b € {+1,—1}, we can have

exp(b2§ )
1+ exp(b4§,)

P[b,, = b] =

t

B exp(b15,/2)
exp(- b2S,./2) + exp(bAS,/2)

cosh(bA§,/2) (1 + Btanh(ﬁlﬁt/Z))
2cosh(bA,/2)

1 ~ ~
= (1+ btanh(b25,/2)). (3.18)
Then the soft estimates of the symbol b,,, can be given as[96]:

boo= Y BPlby]
be{+1,-1}

_ z ~(1 + btanh(25,/2))

be{+1,-1}

25,
= tanh - ) (3.19)

()

N

This threshold is depicted in Fig. 3.3. We find Bnt € [-1,+1], and hence the

normalization is naturally achieved.
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Figure 3.3 Threshold used to convert LLR to soft estimate

3.4.1 Iterative PIC Receiver

The outline of the matched filter PIC multiuser receiver is shown in Fig. 3.4. First the
matched filter receiver introduced above is employed to combine the received signal.
After converting the detection output to a soft value, the LLRs are fed to the SISO
decoder. The SISO decoder can yield the LLR of both the information bits and the
parity bits. Then the LLR values are converted to the normalized soft estimates
employing the threshold given in Fig. 3.3, and finally are used to reconstruct the MAI
between users. The first stage of the detection is then complete, and in later iterations a

different structure is adopted.

The essence of the interference reconstruction is to repeat what happened in the channel
and at the front end of the receiver. The data estimates are regarded as the original data
transmitted from the users. If the data estimates are accurate enough, the MAI can also
be reproduced correctly. Of course, nothing can be done to reconstruct the noise
because it is completely random. After the MAI is subtracted from the matched filter
output, it is supposed that the refreshed signa of PIC output has been improved. Then

Min Chen, Ph.D. Thesis, Department of Electronics, University of York, 2013 64



CHAPTER 3. LOW COMPLEXITY ITERATIVE DETECTION FOR OVERLOADED
MULTIUSER MIMO OFDM SYSEMS

after feeding it into the LLR calculator, the output is inputted to the SISO decoder again.
The better the signa source provided to the decoder, the more accurate the decoded
data.

e \
_ PIC PIC AC E
‘hfl\f/ n ‘ M T sso 1‘ Soft 1 ‘ A
L/ - "| Decoder " Estimate e
N
PIC C =
Ay PIC 1 b
Yure | €7 A Taso | s |} P
U 1 LLR ”| Decoder [ | Estimate > Interference
> "~ reconstruction
_ PIC PIC AC E
+ g [ aso | son (7 Wl
L/ "| Decoder "| Estimate
N
—> Output

Figure 3.4 Structure diagram of the iterative PIC receiver

Then the improved decoder outputs will be converted to more accurate data estimates
that can be used to yield a more accurate interference construction. Hence it is
reasonable to believe that the receiver will improve continuously with increasing
number of iterations. The components included in the first stage of iterative reception
have been introduced: matched filtering, hard to soft value conversion and SISO
decoding. After the output of the SISO decoder, the LLR of the data are converted to
their soft estimates, and will be used to reconstruct and cancel the interference. The

output of PIC detection can be expressed as:

Ypic = ¥YmrCc — (RAWGN - diag(RAWGN))B) (3.20)
a, 0 - 0
diag(Rawen) = 0 agzz 0 , (3.21)
0 0 = ayng
b = [by, by, By,| (3.22)

where q;; isconstant value.

In Table 3.1, the computational complexity of the iterative receiver in AWGN channel
is estimated. This is a rough estimation, and the complexity in practice depends on

different communications scenarios.
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The computation complexity of the iterative PIC receiver is defined as the required
number of operations for the signal processing (the number of multipliers) in the
detector per data frame and per iteration. For each received antenna, matched filter
requires NrL multipliers for the algorithm, which leads to the total N;NizL multipliers
for the whole receiver. At the interference cancellation part, NZN, multipliers are
required for the calculation of correlation matrix, and NZL multipliers are required for
the PIC detection. The PIC detection needs repeat for every iteration.

Table 3.1: Complexities of Iterative PIC Receiver in AWGN channel

Matched Filter O(NyNgL)
Calculation of Correlation Matrix O(NZNg)
PIC Detection O(NZL) per iteration

L =length of dataframe, N; =number of transmit antennas,
Nr =number of receiver antennas

3.4.2 Performance of Iterative PIC Receiver in AWGN Channedls

In this section, the performance of joint the matched filter based PIC detection and
decoding approach is illustrated by some simulation examples. An uplink MIMO
system is under investigation. All users are assumed to employ 1024-bit, 1/2 code rate
with generator [5 7], and BPSK modulation.

Fig. 3.5, 3.6 and 3.7 show the bit error rate (BER) performances of the iterative PIC
receiver for two users, three users and four users, where the number of receiversis the

same as the total number of transmitters.

The results show that the iterative PIC receiver can work very well for the underloaded
system. As the number of users increases, the receiver needs more numbers of iterations
to converge. As the figures shown, two users only need two iterations, three users need
four iterations, and four users need six iterations. The perfect PIC curve is obtained by
using the original data as the estimated data for cancellation. We can see that after
severa iterations, the BER performance of iterative PIC receiver is very close to that of
perfect PIC for the underloaded system.
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Fig. 3.8 shows the BER performance of the overloaded system with two users and one
receiver. We can see that after eight iterations, there is still an error floor. It seems that
the iterative PIC receiver cannot work for the overloaded system. However, the black
curve shows that if the PIC can provide a perfect interference cancellation, this receiver
can achieve an ideal performance. Fig. 3.9 shows that if we set the two users with
different transmit power amplitudes, such as 1 and 0.5, the receiver also can converge
well.

For BPSK, the transmitted signal is ‘+1' and ‘-1' for the two user system. With the
equal power, after the AWGN channel, the received signal will be ‘-2, ‘0" and ‘+2’,
added with noise. The receiver cannot work well, the main reason for which is that

nearly half thevaluesare‘0’.

10 b —— 1 iteration L
—— 2 iterations 1

with perfect PIC

BER

E,N, (dB)

Figure 3.5 BER performance of iterative PIC receiver for the two user (one transmitter for each

user) two receiver systemin AWGN channel

Min Chen, Ph.D. Thesis, Department of Electronics, University of York, 2013 67



CHAPTER 3. LOW COMPLEXITY ITERATIVE DETECTION FOR OVERLOADED
MULTIUSER MIMO OFDM SYSEMS

100 | | | |
10 i i —— 1 iteration
Y —O— 2 iterations ]
—+— 4 iterations
T 1 DA >\ N - S with perfect PIC |
B 20 N N b
oM
1 1 S\ W N :
4
10_5”””””’7”””””’? ””””” 1\’”””””\’ ”””””
| I W !
l l i l
10'6 1 1 1 1
0 2 4 6 8 10
E N, (dB)
Figure 3.6 BER performance of iterative PIC receiver for the three user (one transmitter for each
user) three receiver systemin AWGN channel
+
o
[
oM
10 —+—1literation | N o ON\C
—O6— 2 iterations
10°L | —*—4iterations | N N
—— 6 iterations \ 4 !
with perfect PIC i i
10'6 1 1 1 1 3
0 2 4 6 8 10
E,N, (dB)
Figure 3.7 BER performance of iterative PIC receiver for the four user (one transmitter for each

user) four receiver system in AWGN channel
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3.5 Multiuser Receiver for Flat Fading Channels

In the previous section, the basic principle of the Turbo multiuser receiver with asimple
AWGN channel model has been introduced. The simulation results show that the
iterative PIC receiver cannot work for the overloaded system, due to the zeros caused by
the equal power. Now the receiver is modified for the flat fading channel to see if the

receiver can distinguish the signals from the fading channel.

In wireless communications, fading is the variation of the attenuation affecting a signal
over certain propagation media, which may vary with time, geographical position or
radio frequency, and is often modelled as a random process. For wireless systems,
fading may either be due to multipath propagation, referred to as multipath induced
fading, or due to shadowing from obstacles affecting the wave propagation, referred to
as shadow fading.

In this section, a frequency-flat fading channel with Rayleigh distribution is considered.
This model describes the wireless channel without the presence of the line of sight, and
assumes that signal components through multiple paths reach the receiver at the same
time, with no relative delay between paths. The well-know block fading channel model
isused [96]. Thisis awidely-used simplification of time-varying model, and it assumes
that the channel responses remain stationary for the duration of one block of channel
symbols, and then take up a new uncorrelated set of random values for the next block.

Correspondingly, L will aso denote the length of afading block.

In the Rayleigh fading model, the fading factor of the n,th receiver n,th transmitter (or

mth user) is acomplex Gaussian random value:
Ry, = Riin, + jhin, (3.23)
and the noise at the n,threceiveris
N, = nge + jn", (3.24)
where hfe, , hi™,,, e, ni", areindependent Gaussian variables,
Using Eq. (3.23), thereceived signal can be expressed as
r = Hgraqings + 1, (3.25)

where the block fading channel matrix Hpfqging iS
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Asshown in Fig. 3.2, after the matched filter, the received signal is
Yure = Rafadings + W, (3.27)
where Rgrqaing iSthe block fading channel covariance matrix.

As discussed above, after the decoding and interference cancellation, the PIC output is

Ypic = YMmrc — (RBfading - diag(RBfading)) b. (3.28)

3.5.1 Performance of Iterative PIC Receiver in Block Fading Channels

BER

—+— 1 iteration
107} --| —©— 2 iterations
—&— 4 iterations
—B— 6 iterations
10 ---1 —¢— g iterations ; !

with perfect PIC i i

E N, (dB)

Figure 3.10 BER performance of iterative PIC receiver for the two user (one transmitter for each

user) two receiver system in Rayleigh flat fading channel

In this section, the same system is considered, and the Rayleigh flat fading channel
coefficients are generated randomly. Fig. 3.10 shows the BER performance of a two
user two receiver system in a Rayleigh flat fading channel. After eight iterations, there
is still an error floor at high SNR. Fig. 3.11 shows the case of a two user one receiver
system in a Rayleigh flat fading channel. Although its BER performance also has an
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error floor, after eight iterations, the BER performance is much closer to the
performance with perfect PIC, compared to the system in AWGN channel. In this case,
if we ignore the error floor, it is obvious that the system can work better in the fading

channel.

—+— Ll iteration |

—O— 2 iterations i |

—— 4 jterations T T I - A
—H— 6 iterations i i i

5 —&O— 8 iterations | | |
with perfec PIC

BER
'_\
o

10° | 1

0 5 10 15 20 25 30 35 40
E N, (dB)

Figure3.11 BER performance of iterative PIC receiver for the two user (one transmitter for each

user) one receiver system in Rayleigh flat fading channel

3.6 Multiuser Recelver for Frequency Selective Channels

The flat fading channel model assumes that the components of one signal source
through different paths reach the receiver simultaneously. However, in more practical
channels, different paths will introduce distinct propagation delays. Thus the multipath
signals are not aligned when they are received by the receiver. The received signal is

actually a sum of shifted versions of the transmitted signal with different fading.

The multipath fading can be expressed using a delay line model, in which effect of the
channel can be written as an impulse response. The channel impulse response (CIR) for

the n,th receiver n,th user is given by

D-1
Prgne(®) = ) iy [d18(¢ = dT), (3.29)
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where h, ,, [d] is the complex fading factor of the n,th receiver n.th user's dth
delay tap, and T isthe symbol interval. In red life, the interval between each delay is
completely random value. However, for simplicity, we assume the delay interval is
integer multiple of symbol interval, which is the simplest case. h,, ,,[d] is generated
following the Rayleigh distribution, or Re(hy ., [d])~N(0,0[d]?/2)
Im(hy, ., [d])~N(0,0[d]?/2), where o[d]? is the variance of the dth delay tap
amplitude, and satisfying the normalization:

o]
|

1

o[d]? = 1. (3.30)

0

QU
I

The faded signal should be a convolution of the CIR and the transmitted signal.

As discussed in chapter 2, afrequency selective fading channel can be divided into a set
of frequency flat fading channels by using OFDM, which can help to take advantage of
frequency diversity and cope with severe channel conditions. Due to the robustness to
ICI and ISI and its superiority to cope with the frequency selective fading channel, we
employ OFDM for the frequency selective fading channel. The system is shown in Fig.
3.12 and Fig. 3.13.

User 1 1
DATA | : 5
' Convolutional N _J
_._, Encoder » Interleaver > BPSK —» OFDM :
User M Ny
DATA ! i _,I
' Convolutional » Interleaver —>» BPSK —» OFDM
! Encoder 1

Figure 3.12  The transmitter structure of overloaded multiuser MIMO OFDM system

The data of each user is first encoded by the convolutional encoder, and then passed
through the interleaver. After BPSK and OFDM modulation, the data is finaly

transmitted.
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For one data frame, the transmitted data are grouped into N OFDM symbols, and each
symbol has K subcarriers. For the kth subcarrier, the received signal can be expressed

as

r, = Hys, + ny, (3.31)
where k=1..K, s, =[s¥ sk ---,s,’\‘,T]T is a column vector containing the
transmitted symbols, and the AWGN vector with zero mean and variance o2 is given

by n;, = [n¥, n’z“,---,n,’f,R]T. The equivalent frequency domain channel submatrix H,

can be expressed as
[hn hy, thT]
H, = hfl hfz hZ:’VT. (3.32)
hNRl hNRZ hNRNT
-~
_ PIC PIC
L, + 1 SRIEE:
®) NV " > Decoder [~
A
g _Ayric 2PIC
r N + 2 | SIso
Y MRC L/ - LLR ™ Decoder [~
— 3
o)
o
c
)
o — Ay ARIC
R + 7 | Siso
L/ - *| Decoder [~

Figure 3.13  Thereceiver structure of overloaded multiuser MIMO OFDM system
Asthe Fig. 3.13 shown, after the matched filter, the received signal is
Yimre = RisfadingSk + Wk, (3.33)

where Ry srqaing 1S the equivaent frequency domain channel covariance matrix for

kth subcarrier.

As discussed above, after the decoding and interference cancelling, the PIC output is

Yk,pic = YkMRC — (Rk,Sfading - diag(Rk,Bfading)) by. (3.34)
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3.6.1 Performance of Iterative PIC Receiver in Frequency Selective Fading
Channels

Fig. 3.14 and 3.15 show the BER performance of iterative PIC receiver in frequency
selective fading when the numbers of receivers are two and one for the two user system.
The simulation elements are almost the same as above, each user employs 1024-bit, 1/2
code rate with generator [5 7], BPSK and 32 subcarriers for OFDM modulation. A
Rayleigh channdl is assumed with uncorrelated fading between al transmit and receive
antennas, with a memory of one symbol period, described by a 2-tap delay line model.
We assume the first tap is without any loss and fixed, and the second tap is random
variable whose average power is less than the first tap’s (here, the channel coefficients
of two taps is [1 0.7]). The channel coefficients of CIRs for the users are generated
randomly and independently. A block fading channel model is used.

10 | | | |
10'1, O S S i _____ |
10° . )
5 o20°% S~ |
m - ]
—" >
1041 —+—literation | NN~
—O— 2 iterations
—H&— 4 iterations &
10° || —&— 6iteratons | % N TN T 4
—%— 8 iterations ‘ | ]
with perfect PIC 1 1
10-6 T T : :
0 5 10 15 20 25
E N, (dB)

Figure 3.14 BER performance of iterative PIC receiver for the two user (one transmitter for each

user) two receiver system in frequency selective fading channel

From Fig. 3.14, we can see that after eight iterations, the BER performance of the
iterative PIC receiver is close to that with perfect PIC. However, it still has an error
floor. Fig. 3.15 shows that the BER performances are very poor when the system is

overloaded. However, like Fig. 3.11, after eight iterations, the BER performance is
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closer to that with perfect PIC, which means the iterative PIC receiver can obtain some

channel gain from the fading channel.

"y, 4
'y, <
o Dl R B o e N
z

10'3 ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
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- \Nith perfect PIC

0 5 10 15 20 25
E_N, (dB)

10

Figure 3.15 BER performance of iterative PIC receiver for the two user (one transmitter for each

user) one receiver OFDM system in frequency selective fading channel

3.7 lterativelnterference Cancellation (I1C) Receiver

In sections 3.4, 3.5, and 3.6, we discussed the performance of iterative PIC receiver in
AWGN, Rayleigh block fading, and frequency selective fading channel. From the
simulation results, we can see that the receiver has poor performance for the overloaded

system, and an error floor in the BER performance has appeared.

Why is there an error floor? For some deeply fading channels, the interference, whose
power is much stronger than that of the desired signal and cannot perfectly be cancelled,
will cause errors to remain in the detected signal no matter how high the SNR is. The

case where BER cannot be reduced with alarger SNR is known as an error floor.

The problem occurs before the decoding. For the decoder, we assume that the inputs

have a Gaussian-like distribution, but what if they do not?

Fig. 3.16 shows the PDF of the MRC outputs and LLR outputs for the two user one
receiver system in afrequency selective fading channel. When SNR is 0dB, the received
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signas are affected by the interference and noise, after the MRC, the PDFs of data ‘O’

and data ‘1’ are heavily overlapped. We can see that after the LLR calculation, the

situation is not improved, whether the joint detecting and decoding run through one

iteration or eight iterations.

2by1 MRC output 0dB

10

data O

data 1

““““““““““““““““ 4

0.03

Angegoid

-10

MRC output signal

2by1 LLR calculation output 0dB Siterations

2by1 LLR calculation output 0dB Literation

il i

003
0025} - - -
002 - - -

05F---t+—-———-t -t

5__:@@0:_

0.005f- - - -

= ————

Lt el Vil i

003
0025} - - -
002 - - -

L

Auirqegoid

0.0051- - - -

20

15

77

Min Chen, Ph.D. Thesis, Department of Electronics, University of York, 2013



CHAPTER 3. LOW COMPLEXITY ITERATIVEDE
MULTIUSER MIMO OFDM SYSEMS

TECTION FOR OVERLOADED

2by1 MRC output 30dB

0.05
0.045
0.04
0.035
0.03
2
£ 0.025
Q
e
% o002
0.015
0.01
0.005
0
-4
MRC output signal
2by1 LLR calculation 30dB literation 2hy1 LLR calculation 30dB Siterations
0.05 T T T 0.05
i i ——data0
] i A T datal | 0.045
e e e s Ay e e 0.04
L e | AT i - *i ********* 0.035
0.03 S 0.03

0.025

Probabllity
Probablllty

o
=3
=)

|
|
|
|
|
|
|
|
|
|
|
|
|
|
I

o

o

~

0015 A RHA - - - - 0015
| |
I I
001 - ‘i - —‘;————‘——;“f—f 001
| I /
YN
0005 H ‘H “L I H i ““ . 0005
\‘ i H‘MH‘UH\ “
\ “‘ I\ i \\ \ \
0 Y 0
o0 G0 40 A0 0 200 4000 a0 a0 15
LR

Figure 3.16  PDFs of the MRC output and LLR output for the two user one receiver systemin

frequency selective fading channel (2 taps delay model)

As the SNR increases, the interference gradually

at 30dB show that after eight iterations, the output of LLR calculation becomes even

worse.

becomes the main effect. The figures
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The inputs of the decoder are the outputs of the MRC multiplied by a factor, as shown
in Eqg. (3.13). From the figures, we can see that both the PDFs of the MRC output and
the decoder input are far from the Gaussian distribution whether the SNR is high or not.
The main problem isthe LLR calculation cannot effectively distinguish and process the
signas:. enlarge the reliable values and reduce the unreliable values. When the data is
overlapped too much, the decoder takes the wrong information, and makes an error in

judgment. Therefore, the detector suffers an obvious error floor inits BER performance.

3.7.1LLR Scaling Factor

For the SISO decoder, a valid LLR should be close to the Gaussian distribution.
According to [76], the mean and variance of avalid LLR must fulfil
Riir = G%LR/Z' (3.35)

where p;;r and o?,; arethe mean value and variance of the LLRs, which are the soft
decoder inputs. In order to satisfy Eq. (3.35), a new scaling factor B is applied to the
MRC output, we call it LLR converter,

MR = MyrcB, (3.36)
GiLR = 0-12\/1RCGZI (3.37)

where puyrc and o3 are the mean and variance of MRC output respectively.
Combining Eq. (3.35), (3.36), and (3.37), we can obtain

B = 2lpRe (3.38)

Olirc
For BPSK, the transmitted signal s, = +1. From Eq. (3.33), the mean value of MRC
output pygc is influenced by the channel covariance matrix Ry sfqaing, and the

variance 6% isthe sum of the variances from the channel and noise.

The channel covariance matrix for the kth subcarrier can be written as
Ryp RlNT
Ry sfaaing = HiHx = | I (3.39)

RN'pl RNTNT

From Eq. (3.33) and (3.39), since s, = +1, it isobviousthat the mean value

RMrck = [diag(Rk,Sfading)]T
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the variance

Nt NR
2 2
Orrc ki = Z Re{gl} + Z Re{hk} - o2, (3.42)
j=1 =1

of which the first term is due to interference and the latter isfrom noise, i = 1 ... N, and
o2 is the variance of AWGN, gf; and hjj are the element of G, and H,

respectively.

Assuming everything works well, as the number of iterations increases, the interference
will largely be cancelled. So after several iterations, the received signal is only affected

by the noise, and the variance in Eq. (3.42) now can be expressed as

Ng
2
Ohpcii = Z Re{hk}" - o2. (3.43)
=1

Fig. 3.17 shows the PDFs of LLR converter output, the channel used here is the same as
Fig. 3.16. At 30dB, after eight iterations, the LLR converter can totally separate the data
‘0" and data ‘1. Compared to EQ. (3.33), the new proposed scaling factor (Eq. (3.38),
(3.40), (3.42), and (3.43)) is clearly more appropriate from PDF point of view. Using this
scaling factor can result more reliable soft values for the SISO decoder: the reliable soft
values will be enlarged by multiplying a large scaling factor, while the unreliable soft
values will be reduced by multiplying a small one. This method has been published in
[105].

3.7.2 lterative Interference Cancelation MUD

Combining the above sections, we now build up an iterative interference cancellation
(I1C) receiver. The MRC detector is first employed, which shows the reconstruction of
the interference for each user, and its use for cancelling this estimated interference in
the next iteration. (We aso refer to the MRC as “RAKE” detection, by analogy in the
gpatial domain with the operation in the time domain of the Rake detector in a CDMA
system). A LLR converter is used after the MRC detector, which rescales the MRC
output in a proper way. The outputs of LLR converter are decoded by the SISO
decoders, and their outputs, the LLR values, are converted to the soft estimates.
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Next the data estimates are fed to the PIC detector. The PIC reconstructs the
interference with the correlation matrix and the data estimates, and then subtracts it
from the MRC receiver output. After the PIC, the improved signals are passed to the
LLR converter again, and more reliable LLRs are obtained. After the SISO decoders,
the new data estimates are generated, and used to replace the old ones, the interference
can be updated in the reconstruction. It is reasonable to expect that the wanted data will

improve continuously with increasing number of iterations.

The recelver structure is shown in Fig. 3.18, we assume the CIRs are known to the
receiver perfectly. In order to improve the 11C performance from the very beginning, we
find the user data stream giving the largest soft estimate to interference ratio (EIR):

NK 11y
EIR; = 2171 r”/ , (3.44)
max(lMAX’l-)

where lir;; isthe (i,)-th element of LLR converter output matrix, and the maximum

estimate interference

s; =t

Nt Nt

k _ k k( _ k

Ivax,i = r}{laxl Zgijsi = Zlgijlx (3.45)
i j=1

where g{-‘j isthe (i, j)th element of G,,and i = 1...N;. Using the EIR, we choose the

data stream only to reconstruct the interference, which is called the SIC-based approach.

o N\
i 2lc by
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Figure 3.18 The structure of 1IC-MUD scheme

The resulting estimate of MAI can then be subtracted from the MRC output
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Vicx = Yurcx — (Rx — diag(Ry) )by (3.46)

Note that this SIC-based approach is used only on the first iteration. For subsequent
iterations, the improved signals y,c, are passed to the LLR converter again. Then
feeding the rescaled LLR values to the decoders, new soft estimates can be obtained.
Now full PIC isused to reconstruct the interference, in which the interference estimate is
based on the decoded data streams from all users.

As the iteration number increases, the interference is cancelled substantially. After
severd iterations (for simulation, we smply choose half of the total number of iterations),
the scaling factor is updated due to the change of variance, so that the LLR values
become more and more reliable. With the better data estimates, the PIC can be
continuously improved.

Table 3.2: Complexities of 11C Receiver in frequency selective fading channel

MRC Receiver O(N;yNxNK) perframe

CIR Corréeation Matrix O(NZNgxK) per frame

LLR Converter for first half

3 2
iterations O(N7K) + O(NgNyK) + O(NyK) per frame

LLR ter for last half
converter for last hal O(NENK) + O(N;K) per frame

iterations
SIC Detection O(NTNK)per frame
2 - . .
PIC Detection O(NZNK)per frame per iteration, except first

iteration

K =number of OFDM subcarriers, N = number of OFDM symbols,
Nr =number of transmit antennas, N = number of receiver antennas

In Table 3.2, the computational complexities of the IIC-MUD receiver are estimated.
This is a rough estimation and the complexity in practice depends on different
communications scenarios. The computation complexity of the I11C receiver is defined as
the required number of operations for the signal processing (the number of multipliers) in

the detector per data frame and per iteration.

For Ni X N; system, the MRC receiver requires NNz NK multipliers for each frame.

For the LLR converter and interference reconstruction, in order to calculated the channel
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correlation matrix, N2N;K multipliers are needed for each frame. We assume the
channel is flat during a data frame, so the channel correlation matrix only needs to be

calculated once.

The scaing factor for LLR converter, needs to be calculated twice for each frame. First,
the effect of both the interference and noise is considered, so it requires NiK +
NEN:K + NpK multipliers. For the second, only the effect of noise is considered, which
leadsto N3N;K + N;K multipliers. The SIC detection has N;NK multipliers, need to
be calculated only once for each frame. Finaly, the PIC detection is used from the

second iterations to the end, which requires N2NK multipliers per iteration per frame.

3.7.3 Iterative MAP MUD

Whether the system is underloaded or overloaded, MAP is the optima solution. In this
section, we discuss the iterative MAP receiver for performance comparison. The receiver

structureis shown in Fig. 3.19.
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Figure3.19  Structure of iterative MAP receiver

As mentioned in chapter 2, the computational complexity of MAP detector grows
exponentialy as the number of users increases. So here, we will only show the two user
case, which has four combinations of all the possible transmit vector symbols, as shown
inFig. 3.20.

Q =[11100001]. (3.47)

The probability for each combination is
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—d?
Pq = eXp( ”>, (3.48)

202
where ¢? isthevariance of AWGN, d3 isthe Euclidean distance
dj = | — Hi 3|2, (3.49)

and §, is one combination of Q. We assume the CIRs are known to the receiver

perfectly.
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Figure 3.20  Four combinations of all the possible transmit vector symbols for the two user case

For hard decision, we only need to calculate four d3 values, and then take the
maximum one. For soft decision, the log-likelihood ratio (LLR) should be calculated. For
bit 1:

L, = log (Ij(bl—fllr)) (3.50)
P(b, = 0|r)
Using Bayes' theorem,
P(b, = 1)) = L1 zpl():;(bl =D (3.51)
where P(r) denotesthe PDF of received signal, and
P(r|by = 1) = P(r|10)P(b, = 0) + P(r|11)P(b, = 1). (3.52)

Combining Eg. (3.51) and (3.52), we can get

_P(b1=1)

P(bl = 1|7") = W

(P(r|10)P(b, = 0) + P(r|[11)P(b, = 1)).  (3.53)

Similarly,
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P(b; = 0)

P(by =0|r) = Py

(P(r|00)P(b, = 0) + P(r|01)P(b, = 1)).  (3.54)

Using Eg. (3.53) and (3.54), Eq. (3.50) becomes

g [PB1=D) P(ri10)P(b; = 0) + PCIDP(b, = D)
L1 = log (P(b1 = 0)) 08 (P(r|00)P(b2 =0) + P(r|0DP(b, = 1))' (3:55)

where the first term isthe a priori LLR L,; of bit 1 which come from the decoder, and

the second term isthe extrinsic LLR L., of bit 1. Considering Eqg. (3.48),

_dZ _d2
exp ( 20120) + exp ( 20121) exp(Lqz)

L.1 =log — 2 — 2 , (3.56)
exp ( 20-020) + exp ( 20-%1> eXp(Laz)
where L,, istheapriori LLR of bit 2,
P(b, =1)
Laz = 10g <m> (357)

Using the simplification:

log(ea + eb) = max(a,b) + log(l + exp(—|a— bI)), (3.58)

—d2. —(2 —d3 d§
—max( o0 L La2> —log (1 + exp (— |?(;1 + Loy +—> )) (3.59)

202’ 202 202
For bit 2, the LLR can be easily obtained by doing the same calculation, where it aso

needstheapriori LLR L,; of bit 1.

Eqg. (3.56) can be simplified as

—diy, —di —di di,
Lo1 = max F'F-FL“Z +log| 1+ exp|— F+La2 +F

For the first iteration, we assume ‘1’ and ‘O’ are of equa probability, so both L,; and
Ly, are 0.5. In the following iterations, they are updated to the LLRs of each bit from

the previous iteration.

This method can be extended to the four user case, which causes sixteen combinations at
the recelver, where four bits need to be considered at the same time. It is obvious that
this method becomes very complicated as the number of users increases. So for more

users case, the optimal MUD cannot be implemented easily.
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3.7.4 Performance Comparison between Iterative MAP MUD and IIC MUD

In order to compare the performance of the iterative interference cancellation multiuser
detection (1IC-MUD), the performance of iterative MAP MUD is aso given. Fig. 3.21
shows the BER performance of the overloaded OFDM system in frequency selective
fading channel, which has two users and one receiver. A Rayleigh channel is assumed
with uncorrelated fading between all transmit and receive antennas, with a memory of
one symbol period, described by a 2-tap delay line model, where the second tap's average
power is assumed to be weaker than the first. The channd coefficients of CIRs for the
users are generated randomly and independently, and known by the receiver perfectly,. A
block fading channel model is used. Each user employs 1024-bit, 1/2 code rate with
generator [5 7], BPSK and 32subcarrier for OFDM modulation, and CP length 6. The

BERs plotted are averages over al users.

10'1 L e e

107 e 5

10'3,,,,,,,,,, ,,,,,,, ,,,,,,,,,,,,,,,,,,,,,,,,, |

BER

10'4 ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

10°] | =g IMAP 1 iteration | | ] o ]
we @ IMAP 8 iterations | I DN
| | —*—lIC-MUD .
10— o R S IR *”%7;
10'7 1 1 1 1
0 5 10 15 20 25 30

E N, (dB)

Figure3.21 BER performance of IIC MUD for 2 x 1 OFDM system

Fig. 3.21 illustrates the BER performance of the I[IC-MUD for different numbers of
iterations. For comparison, the performances of the iterative MAP detector for one
iteration and eight iterations are also given. We can see that the BER performance of
[IC-MUD are converged after eight iterations, which is better than that of MAP with one
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iteration and very close to that of MAP with eight iterations. The results suggest that the
[1C detector can effectively detect the data by suppressing the MAL. It achieves a BER of
10°at a 25dB within eight iterations, only 1dB worse than that of MAP with eight
iterations.

3.8 Performanceof [IC MUD

Fig. 3.22 shows the BER performance of the 2-by-1 OFDM system with [IC-MUD using
a Turbo code and a convolutional code. Here, the Turbo code is punctured to 1/2 code
rate with the same generator [5 7] asthe convolutiona code.

BER

-« Turbo 1IC 8+1literations

-5 =ee@eee Turbo [IC 8+6iterations
10" - . . . R R 1 R =
-------- E3--+ Conwolutional IIC 8iterations ! ‘ 1
10'6 1 1 1 1 1
0 5 10 15 20 25 30
E N, (dB)

Figure3.22 BER performancesof IICMUD for 2 x 1 OFDM system using Turbo code ([5 7], 1/2

code rate) and convolutional code ([5 7], 1/2 code rate)

As shown in Fig. 3.22, the BER performance for 11C using Turbo code with eight outer
iterations detection and decoding, and one inner iteration between two concatenated
decoder is presented, which is worse than that for I1C using the convolutional code with
eight iterations. Moreover the BER performance for 11C using Turbo code with eight
outer iterations and six inner iterations is amost the same as that for 11C using the
convolutiona code. This result shows that the Turbo code cannot obtain extra gain for
the overloaded system. The behaviour of the convolutional code has been very good for
our IIC MUD.
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Fig. 3.23 shows the IIC MUD can work well in Rayleigh Block fading channel for two
users with one receiver or two receivers. The BER performances of [1IC MUD after eight
iterations are compared to that of [1C MUD with perfect PIC.

107 N S
l B
v : N\ |
W 107 TR LN e e
@ : : N :
104 I S \

7

—O— 2by1 fading IIC-MUD
10°° || —+— 2by1 fading IIC-MUD with perfect PIC \
—&O— 2by?2 fading IIC-MUD
2by2 fading [IC-MUD with perfect PIC

10_ 1 ! ! !
0 5 10 15 20 25 30

E_N, (dB)

Figure 3.23  BER performances of IC MUD for 2 X 1 and 2 X 2 OFDM system

For iterative methods, one most effective test methods isthe EXIT chart. Fig. 3.24 shows
two situations of the detection process of the two user case. The trgectories show the
changes between the detector and decoder. By using the SIC-based approach, the
detector can choose the powerful user’s data to reconstruct the interference and subtract
it from the receiver output. For one specific channel, at 10dB, between the two detector’s
curves, we can see that both curves intersect with the decoder’s curve. The more
powerful user, such as user one is chosen first, after the feedback of decoder one, the
detection proceeds to user two, and then goes back to decoder two, and so on. The whole

iterative processis like afigure of eight.

Comparing Fig. 3.24 (a) and (c), we can see that, by using the SIC-based approach at the
first iteration, if the two users are both in a deeply fading channel, then the detection will
fall into an infinite loop, and the performance cannot converge. However, as long as one

user isin agood environment, the performance can converge perfectly.
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Figure 3.24 EXIT chartsfor two specific cases. (a) bad channel and (c) good channel, while (b)

shows the whole iterative process which is like afigure of eight
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Figure 3.25 BER performance (a) and FER performance (b) for 4 x 2 OFDM system, compared

with the optimal approach (IMAP)

Fig. 3.25 shows the four users case, where the base station has two receive antennas.

From the figures, we can see that the IIC MUD can achieve amost the optimum
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performance for both the BER and frame error rate (FER) performance at low SNR.
However, for high SNR (above 10dB shown in the figures), both the BER and FER of

the I1C MUD will have an error floor.

The error floor which occurs may be due to some fading channels where the signals are
deeply faded so that we cannot tell the difference between the desired signa and
interference. From the FER performance, we can see that there is amost only one bad
channel among 1000 channels, which is quite rare. In practice, this FER corresponds to

an quite low outage probability, which is good enough for mobile users.

Fig. 3.26 shows that the error floor for the 4-by-2 system is caused by the detector not
the encoder. However, the BER performance using a Turbo code is worse than that of

using a convolutional code.

BER

—B— Turbo IIC 8+6iterations

5 —©— Turbo IIC 8+literations
—&— Conwolutional IIC 8iterations

0 5 10 15 20 25
E,N, (dB)

Figure 3.26 BER performancesof IICMUD for 4 x 2 OFDM system using Turbo code ([5 7], 1/2

code rate) and convolutional code ([5 7], 1/2 code rate)

Fig. 3.27 shows that a channel which cannot work for a convolutiona code ([5 7], /2
code rate) definitely cannot work for a Turbo code ([5 7], 1/2 code rate). At the left side
of the EXIT chart, the EXIT curve of the Turbo decoder is higher than that of the
convolutional decoder, so that a detector EXIT curve which intersects with that of the
convolutiona decoder will always intersect with that of the Turbo decoder. On the other
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hand a detector EXIT curve which intersects with that of the Turbo decoder may not
intersect with that of the convolutional decoder. So a channel that can work for a Turbo
code must work for a convolutional code as well. However, the channel which can work
for convolutiona code cannot necessarily work for the Turbo code. The EXIT curve of
the Turbo decoder may intersect with the detector’s, while for the convolutional decoder

the tunnel is open.

Turbo decoder
- Convolutional decoder
- |IC detector

Figure 3.27 EXIT chart of IIC MUD for 4 x 2 OFDM system using Turbo code ([5 7], /2 code
rate) and convolutional code ([5 7], 1/2 code rate)

However Fig. 3.28 shows the result if the four users have different transmit powers, the
error floor then disappears. The same parameters are used, except that the four users

have two different powers. Here, 0dB, 0dB, -3dB, and -3dB are used for each user
separately.

The use of alower code rate is aso a solution to solve the error floor. Here, we define
the overloading factor (OLF), which is equal to the number of transmit antennas divided
by the number of receive antennas. For 4-by-2 system, the OLF is 2. For 10-by-2 system,
the OLF is 5. Fig. 3.29 illustrates the BER performances of 11C MUD for fixed channel
multipath (2 taps) under different OLFs using 1/3 code rate. It can be seen that using 1/3

code rate, the I1C can work well for the four users system. As the OLF increases, the
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BER performance becomes worse, due to the increasing number of users and the
increasing interference.

BER

E,N, (dB)
Figure 3.28 BER performance for the four user two receiver system with different transmit power
(0, 0,-3 and -3dB)

BER

20

E,N, (dB)
Figure3.29 BER performance of 11C MUD for fixed channel multipath (2 taps) under different
OLFsusing 1/3 code rate
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Figure3.30 BER performance of 11C MUD for fixed code rate (1/3) and OLF (4.5) under different
channel taps
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Figure3.31 BER performance of 11C MUD for fixed OLF (5) under different channel tapsand code

rates

Fig 3.30 shows the BER performance of 11C MUD for fixed code rate (1/3) and OLF (4.5,

i.e. nine transmitters and two receivers) under different channel taps. As the number of
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taps increases, the BER performance becomes better. At low SNR, the BER for a
channel with more taps is worse than that for fewer taps, due to the high noise. At high
SNR, the IIC can easily remove the interference under more taps channel. The more
channel taps there are, the more information the 11C receiver can get. For the overloaded
system, as the OLF increases, a lower code rate is required. As shown in Fig. 3.31, the
10-by-2 system (OLF=5) cannot work for 1/3 code rate even with a 10 tap channd. In
this case, 1/4 code rate is applied, and the result shows that 11C can work with a 2 tap
channdl.

3.9 Conclusions

In this chapter, the iterative PIC MUD is discussed, which has afairly low computational
complexity, and works well for underloaded systems in AWGN channel. However, for
fading channel and overloaded system, this detector cannot work. From the distribution
of the input of the SISO decoder, we propose a new LLR conversion method. A new
scaling factor is calculated from the channd directly, which can make the LLRs more
reliable. Then combining the LLR converter with the iterative PIC receiver, a low
complexity iterative interference cancellation multiuser detection (11C-MUD) method is
proposed. This scheme requires a low complexity, and can achieve high BER

performance which is very close to that of the optimal approach (MAP detection).

The iterative MAP receiver for two users case is introduced, which is applied for the
performance comparison. The simulation results show the proposed technique can
effectively suppress the MAI, and can achieve near-optimum BER performance for the
2-by-1 system. For the 4-by-2 system, it still can work quite well at low SNR. Although
it has an error floor at high SNR, the FER performance which corresponds to an outage
probability is sufficiently high for mobile users.

If we use different powers for each user, the error floor for the four user system can be
reduced. For more users, or heavily overloaded system, a lower code rate is required.
The results show that our 11C is influenced by the number of channe taps, the value of
OLF, and the code rate.
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In this chapter, in order to avoid the drawback of the Iterative Interference Cancellation

(I1C) multiuser receiver, a channel selection scheme based on the EXIT chart will be

introduced.
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4.1 Introduction

In last chapter, we have introduced a new low-complexity iterative interference
cancellation multiuser detection (I1IC-MUD) scheme for the overloaded MIMO OFDM
systems. This technique can effectively suppress the MAI, and can achieve
near-optimum BER performance for the overloaded system with two users. With four
users, however, for certain channels this detector will not converge to low BER at high

SNR, resulting in asignificant outage probability.

Under ideal conditions, the desired signa is mainly affected by both the interference
and noise at low SNR, and only by interference at high SNR. The error floor which
occurs at high SNR shows that for some fading channels, the IIC MUD cannot separate
the interference and desired signal(s). After several iterations, for those deeply fading
channels, the PDF of the IIC output will be very similar to the Fig. 3.17 shown. The
simulation results show that the number of bad channels is quite rare. We can
completely filter out these unwanted channels, which leads to the channel selection

scheme.

Generally, channel selection is used for cognitive radio networks in the medium access
control (MAC) layer [97] [98]. Using the channel selection technique can aleviate data
frame losses, reduce the transmission errors, and overcome some multichannel

problems.

Wireless channels are time varying due to the multipath fading phenomenon.
Traditionaly, channel fading is viewed as a destructive factor that reduces
communication reliability. An effective way for the physical layer to combat fading isto
obtain multiple independent replicas of the transmitted signal at the receiver by means
of diversity. In a wireless network, independent paths between a base station and
individual users form a new type of diversity. Many studies show that the
communication system capacity can be maximized by picking the user with the best
channel to transmit, which is called multiuser selection diversity [99].Although these
are based on the “best channel” criterion, they are scheduling schemes of the system

resources across Users.
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In this chapter, we directly choose the channel which is good for convergence
performance by considering the EXIT chart. From the EXIT chart point of view, for
those specific channels, the EXIT chart of the detector and decoder intersect on the left
of the diagram, so that the ‘tunnel’ is closed at the very beginning. Even if the SNR is
very high, it still cannot converge.

The IIC MUD scheme is based on the LLR scaling factor, which is calculated directly
from the channel covariance matrix. In order to easily filter out those bad channels, we
find the connection between the mutual information and the channel information, and
then make the channel selection criterion straightforward.

Then based on the selection criterion, we enhance the detector by applying, at the first
iteration, a channel analyzer and selector which passes only those channels which are
likely to converge. Moreover the channel analyzer calculates the scaling factor used in
the LLR converter directly from channel.

This chapter is organized as follows: Section 4.2 introduces the system model. Section
4.3 shows the channel selection criterion. Simulation results are shown in section 4.4.

Finally the chapter concludes in section 4.5.

4.2 Channd Sdlection Criterion

In this chapter, a channel selection criterion is derived for an 11C multiuser receiver,
which is to select the suitable channel that can converge, based on an EXIT chart where
the tunnel of the detector and decoder is open. We consider the same system model with
more users, which has been discussed in previous chapter, as shown in Fig. 3.1.

In this section, we discuss the channel selection scheme for the [1C multiuser receiver.
We employ a channel analyzer and selector at the receiver, rejecting al those ‘ specific’
channels for which the detector cannot converge. Then for the remaining feasible
channels, the received data will be processed through a MRC detector. We assume the
CIRs are perfectly known to the receiver. Fig. 4.1 shows the I1C receiver with channel

analyzer and selector.

At the first stage, the CIRs are first analyzed by the channel analyzer, which determines
whether a channel is good or not, and then the channel selector selects the good ones.
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From the EXIT chart point of view, Fig. 4.2 shows the different performance of a bad
channel and a good channel. As shown in Fig. 4.2, in thefirst half of the iterations (such
asthefirst four of eight iterations), the desired signal is affected by both the interference
and noise, so Eq. (3.38) (3.40) and (3.42) are used for the scaling factor calculation. In
the last half of the iterations (such as last four of eight iterations), the desired signal is
affected mainly by the noise, so Eqg. (3.38) (3.40) and (3.43) are used.

~ \
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Figure4.1 The structure of 11C MUD with channel analyzer and selector

For a bad channel, the EXIT curves of the detector and decoder are stuck at the very
beginning. The trgjectory shows that the IC MUD is blocked at the first iteration, while
the good channel can make the tunnel open and also ensure the convergence of the I1C
MUD. We evauate the performance at 50dB to ensure that the performance is affected
only by the nature of channels. It is obvious that if the tunnel is closed at high SNR,
then it issurely closed at lower SNR.

It is reasonable to assume that if the mutual information on the left of the EXIT chart,
i.e. mutual information of input signal without a priori, is higher than some threshold,
then the tunnel of the exit chart will certainly be open at high SNR, so that the trgectory

could converge.

The input of the decoder is the output of the LLR convertor, which is the detector output
multiplied by a scaling factor, so the mutual information of the detector and decoder are
unchanged. After the LLR converter, for kth subcarrier, valid apriori input LLR values

are obtained:
A = Bk " Yimre

= B H{ry
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= BrRisradingSk + BxHi 0y, (4.1)

where s, = [sl,sz,...,sNT]T is the known transmitted systematic bits (for BPSK,
sk € {—1,+1}), HY is the Hermitian of channel matrix in frequency domain, the
channel covariance matrix is

Ryp =+ Ryng

Rk,Sfading = HII;IHk = : : ) (4.2)
Ryr1 o Rypwg

and the scaling factor can be expressed as

Bie = [B1 Bor o By >

B _ 21i MRc
i1sisNyt — — 2
0i,MRC

S s —, 3
Z:j=1Re{Ri1’} + 2,2 Re{hy}? - 0%

where h;; is the (I,i)-th element of matrix H,. So the vector of mean vaue and

variance of thevalid LLR A are

T
W, LLr = [HLHZ: ---’MNT] )

Hii<isNg = KimrcBi

2R,
~ N1 12 Np - ,  (44)
Y1 Re{RE} + X% Re(hi}? - o3
Gi,LLR = 2Wg LLR (4.5)
With Eq. (4.4) and (4.5), for all dataframe, Eq. (4.1) can be rewritten as:
A = MpLLr * Sk + Dy Lir, (4.6)

where n;;  has a Gaussian-like distribution, with mean zero and variance ¢%.

The mutual information between A and s isdefined as

JCTONN
f(s)-fD)
f(s)-fAls)

I(s; 1) =f f(s,A)log da

Min Chen, Ph.D. Thesis, Department of Electronics, University of York, 2013 101



CHAPTER 4. CHANNEL SELECTION FOR ITERATIVE INTERFERENCE

CANCELLATION MULTIUSER DETECTION

2
f f( : /'S) da, (4.7

f FQIS)P(s) log

with

(4.8)

-1).
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Figure 4.2

Assuming the probabilitiesof +1’ and * —1’are equal, Eq. (4.7) can be expressed as

102
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1 e f(Als)
I(s;A) == f(A]s) log dAa. (4.9)
zszﬂj—w T(FQIs =+ + fQls = 1)

The conditional probability density function of A is

1 exp <_ 1- .ULLRS)2>
\/EO-LLR 2O—ELR ,

where p;;r and of, aretheelementof .,z and o, respectively. With (4.5),

fA]s) = (4.10)

_ 1 _ (A — pLirS)?
f(4ls) = —m exp< BT ), (4.11)
_ 1 @+ HiLRS)?
f(=As) = AU R exp< 4uprr >
= f(A]|s)exp(—As), (4.12)
so Eq. (4.9) becomes
+oo 3 2f(Als = +1)
oy J., s =+0g G@ls=+D+/@ls=-1) " \\
S + f+oof(/1|s = —1)log 2f (s = —1) dA/
. (FQls =+ + f(Als = -1))
+0oo 2
B /f_oo f(A]s = +1)log (1 - exp(—A)) dl\
T2 +oo 2
k+ j_oo f(llS = —l)logmdl)
(A — up)?
+oeXp | — —F———
—1- f < \#R >10g2(1 + exp(—1)) dA. (4.13)
— LLR
Since ;. isthediagonal vaue of channel covariance matrix Ry sfqding, SO
Brir > 0,
and [76]
lim I(uR) =0,
ULLR—0
limool(uLLR) =1. (4.14)

HULLR™
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Now using Eg. (4.4), we can analyze the channel and obtain the mean value p;;x
directly from the channel, and then Eq. (4.13) is used to select convergent channels, by
calculating the mutual information at the LLR converter output, without interference
cancellation. For mutual information below a given threshold we identify the channel as
‘bad’, and reject it.

If the channel is good, then the received signal will be passed to MRC detection as its
first stage, as shown in Fig.4.1, which shows the reconstruction of the interference for
each user, and its use for cancelling this estimated interference in the next iteration.
Then the detecting and decoding process is the same as we discussed in chapter 3.After
severd iterations, the scaling factor is recalculated as

2Ry

= .
=1 Rethy}? - of

(4.15)

,Bi,lsisNT =

Table 4.1: Look-up table for mean value vs mutual information

Mean value Mutual information
15 0.3972
16 0.4162
17 0.4346
18 0.4523
19 0.4694
20 0.4859
21 0.5019
2.2 0.5173
23 0.5321
24 0.5465

Table 4.1 shows the look-up value for the mutual information, according to the mean
value from the channel. In this case, it is easy to obtain the mutual information, which
reduces the computational complexity significantly. In the simulation part, we choose
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mutual information equal to 0.48 as the threshold, which is around 2.0 for the mean
value. So according to the channel information, we can easily distinguish the channel

whether it is good or not, and select the good one.

4.3 Adaptive Transmissions

In the previous section, a selection criterion for the channels is introduced to filter out
those bad channels which cannot converge. The selection scheme is based on the mutual
information of the output of the detector, which can be directly calculated from the
channel matrix. If the mutual information is higher than a threshold, then we determine
that channel to be a good channel. Otherwise, the channel is determined to be bad, and
rejected, the user’s datawill need to be transmitted again.

From the simulation results, we can see that a small proportion of channels is deeply
faded and cannot converge, resulting in a non-zero outage probability, even at high SNR.
As shown in chapter 3, the FER performance corresponds to an very low outage
probability. However, the results in Fig.4.7 show that the rejected channel rate is larger
than the FER, which means that some good channels are rejected. Although the ratio is
very small, it isawaste.

In order to make full use of all the CIRs, in this section, we propose two schemes to
deal with those bad channels. We choose the specific threshold, which is selected
according to Fig. 4.7. If the mutual information is lower than the threshold, the channel
is bad, so that we will change the transmission scheme:

1) Change the code rate. A lower code rate can be used for the bad channels. The
EXIT chart shows that the tunnel between the detector and decoder is closed for the
bad channels. Using a lower code rate will make the whole EXIT curve of the
decoder move down, which will directly make the tunnel open.

2) Using multiple transmissions. For the bad channels, the users' data can be divided
into NoLr groups, and then transmitted No.r times, where OLF is the overloading
factor (equals to the number of transmit antennas divide by the number of receive
antenna). In this case, the channel matrix is full rank, so that the matched filter can
provide morereliable LLRs at the first iteration.
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Basicaly, the above two schemes both can be classified as adaptive transmission. A ot
of adaptive schemes have been proposed for wireless communications, such as adaptive
modelling, adaptive beamforming, adaptive channel estimation, adaptive detection,
adaptive synchronization, adaptive transmission, etc. [100] proposed several schemes
based on the rank or conditional number of the channel and received SINR. [101]
introduced a transmission parameter called the number of transmission substreams. The
adaptive scheme adjusts the number of transmission substreams according to channel
conditions, which can obtain both efficiency and reliability under channel fading.
[102]-[104] show various adaptive transmission schemes based on channel quality
estimations. The transmitter needs channel state information (CSI) for the upcoming
transmission frame. Most of the adaptive transmission schemes are based on a channel

prediction, and switch the transmission schemes according to the CSl.

Adaptive transmission, which can greatly improve the performance of a communication
link under fading environment, adjusts optimally transmit power level, precoding matrix,
modulation and coding schemes at the cost of requiring perfect CSI. In most
communication systems using adaptive transmission, the CSl is estimated at the
receiver and fed back to the transmitter. The transmitter cannot obtain the CS| on time.
If the channdl isfast fading, the CSI will be quickly outdated, and no longer accurate at

the transmitter.

However, for our system, we use the block fading channel model, which means the
channel coefficients keep constant for one data frame. The two schemes we proposed,
only need simple feedback (the channel is good or bad), which requires only one bit. If
the channel is good, the transmitter keeps transmitting, otherwise adjust the

transmission scheme. The transmitter in our system does not need the actual CSl.

4.4 System Model for Different Channels using Different Code Rates

In the previous section, we anayzed the channel performance by using Eq. (4.4), based
on the channel information. Then EqQ. (4.13) is used to select convergent channels, by
calculating the mutual information a the LLR converter output, without interference
cancellation. For mutual information below the given threshold we identify the channel
as ‘bad’. These ‘bad’ channels, however, can be distinguished using the EXIT chart,
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based on the mutua information. Fig.4.2 shows the difference between the EXIT chart of

a‘good’ channel and a‘bad’ channdl.

At the receiver, if one channel is identified to be a bad channel, then a message is fed

back to the transmitter and used to adjust the transmission scheme, as shown in Fig.4.3.

_____________________________ Useri 1 Feedback
pATA: | Convolutional ] BPSK & | | |
— | Encoder (rate » Interleaver —» OFDM
: 12 or 1/3) !
__________________________________________________________ | 1 -
H . >
i | Channel | .
Analyzer | i
____________________________ UM Ny h
.~ \‘ —
DATA{ | Convolutional o v |
——> Encoder (rate » Interleaver = " :
| 1/2 or 1/3) i

Figure 4.3 The structure of adaptive system for different channels using different code rates

Because bad channels are rare, the users data is first encoded by the rate 1/2
convolutional encoder, and then transmitted after BPSK and OFDM modulation. We
assume the CIRs are perfectly known by the receiver. At the receiver, only if the
channel analyzer identifies a channel to be bad, then the transmitter will get the
feedback and adjust the encoder to using rate 1/3 (code generator [7 3 5]). Otherwise,
the encoder will userate 1/2 ([5 7]) al the time.

Channel
Analyzer \
~ \
_ [~ siso
+=/[\</ .| Decoder R P
T 1 NP, rate2 [
or 1/3) \ﬂ
LLR : Interference
MRC Converter : reconstruction
.
_ | siso
+=\\U/1\¢/ | Decoder 7
(rate /2
or 1/3) ™
— Output

Figure4.4  The adaptive receiver structure for different channels using different code rates
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The adaptive receiver employs 11C for the detecting and decoding, as shown in Fig.4.4.
The receiver processing is the same as we discussed in previous section. Only when a
channel is identified as a bad channel, the channel analyzer will send a message to the
decoder, adjusting the code rate.

4.5 System Model for Multiple Transmissions

For the non-convergent channels, another transmission scheme is introduced in this

section. The system model is given by
r, = Hisi + H3sZ + - + H,ﬁ]"“’s,};’o” + ny, (4.16)
Norr = Nr/Ng. (4.17)

We divide the users into No.r groups, each containing Ny users. The users data is

transmitted in No_ ¢ time slots. The system model is shown in Fig.4.5.

/ Feedback
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: L T .
User Ngr » Controller Channel R

Analyzer

A 4
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1 1
User 1 > Controller
/ | 1 —
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M-Ng+1 Controller Analyzer
1 Np
/ >
|
User M » Controller

(b) last time dot

Figure 4.5 The structure of adaptive system for multiple transmissions
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At the receiver, Ny, r full rank sub-channels are obtained, so that the matched filter can
provide more reliable output at the first iteration. The adaptive receiver structure is
shown in Fig.4.6.

At the receiver, the channel analyzer will aso provide a message for each channd. If the
channel is good, the original I1C will be used. Or it will switch to a set of 11C, which will

detect and decode the signal successively.
The output of the matched filter is
YMRCk = HE Hy (4.18)

wheren = 1,2,--- No,r. Then using Eq. (4.3), reliable LLRs are obtained. After the
decoder, the soft outputs are used to calculate the soft estimate of the user data symbols.
Through the interference reconstruction, the interference can be subtracted from the
MRC output. The following process is the same as discussed above. After severa
iterations, EQ. (4.15) is used to update the scaling factor.

SISO
—> Decoder [
Channdl 1
Analyzer _ | MRC LLR : |nterfere|19e
1 Converter reconstruction
7Y Y SISO
— Decoder
Nr
Output
1
. Bad
: Selector SISO
T —> Decoder —»
Ne Nr-Ng+1
| ,| MRC LLR : Interference
Nor Converter . reconstruction
iGood SISO
— Decoder
Nt
Output
SISO
— Decoder —
1
LLR T Interference
MRC Converter - reconstruction
SISO
— Decoder
Nt
Output

Figure 4.6 The adaptive receiver structure for multiple transmissions
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4.6 Simulation Results

In this section, an uplink overloaded system with four users is considered. Each user
employs 10000 frames, 1024-bits per frame with rate 1/2 convolutional codes (with
generator [5, 7]), BPSK modulation, and 32 subcarriers for OFDM modulation. A
Rayleigh channdl is assumed with uncorrelated fading between al transmit and receive
antennas, and a block fading channel model is used. The BERS plotted are averages over

al users.

Fig. 3.26 illustrates the BER and FER performance of the IIC-MUD of the four user
case, where the base station has two receive antennas. This simulation uses the same
method for calculating scaling factor as Eq. (4.3) and (4.15), without channel selection.
After eight iterations, the BER and FER performance of 11C-MUD is close to that of
IMAP with eight iterations (better than that of IMAP with one iteration) when SNR is
below 10dB, while it has an eror floor when SNR is above 10dB. The FER

performance shows that the number of bad channelsisvery rare.

These ‘bad’ channels, however, can be distinguished using the EXIT chart, based on the
mutual information. Fig. 4.2 shows the difference between the EXIT chart of a ‘good’
channel and a‘bad’ channel. From the figure, we can see that at the first iteration, at the
left hand side, the mutual information of the detector is around 0.3~0.4, without any
feedback. For 0.4, the EXIT tunnel is open, whilefor 0.3 it is closed. For the first half of
total number of iterations, EQ. (4.3) is used to calculate the scaling factor, while for the
other half iterations EQ. (4.15) is used.

In order to make the tunnel open, according to Eq. (4.13), if we find the threshold, then
we can tell the difference between the bad and good channels from the mean valueu; ; ;.
Fig.4.7 shows the relationship among rejected channel rate (RCR), errored channel
rate (ECR), and mutua information for 10000 accepted channels. RCR means the
proportion of the total number of channels that are rejected, while ECR means the
proportion of accepted channels that lead to frame errors, and hence is equivalent to
FER.

As shown in Fig. 4.7, at 50dB, when the threshold of mutual information is 0.05, no
channel is rejected, and the ECR is around 5 x 10~*, which is aimost the same as the
FER in Fig. 3.26(b). When the threshold is larger than 0.35, some channels are rejected,
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and the ECR decreases to zero gradually. As the threshold increases, the ECR is

improved significantly.

We can see that when the threshold is around 0.48, the ECR is zero, and the RCR is
0.04, which means only 400 channels are rejected among 10400 channels, and this will
cause the error floor to disappear. So setting the threshold equal to 0.48 is reasonable.
Using 0.48 as the threshold of mutual information, the channel selector can filter out
almost al of the bad channels, and pass the good channels. Fig.4.8 shows the BER and
FER performance of the IIC-MUD, using these passing channels. These results have
been published in [106].

10 F f T f
A | SNR = 50dB
10 b+ s moTes rooooes
O .2 1 1 1
g0 A o fi ”””””
- @ffored channel rate
------------ +- rejected channel rate
10° - e - /
L | g | "m,,,,’%' : é
i 1 1 Y/
. ; ; R -
10'4 1 1 1
0.1 0.2 0.3

mutual information

Figure 4.7 Rejected channel rate (RCR) and errored channel rate (ECR)
As shown in Fig.4.8, both the BER and FER performance of IIC-MUD with selection
converges after eight iterations: this is better than for MAP with one iteration, and very
close to the performance of MAP with eight iterations. After eight iterations, the FER
performance is amost the same as that of MAP with eight iterations. The results suggest
that the new 11C detector can avoid the bad channels and detect the data effectively. It
achieves a BER of 10°°, and a FER of 10" within 20dB within eight iterations.

Fig. 4.9 illustrates the BER performance of the IC-MUD with channel selection of the

eight users case, where the base station has four receive antennas. The threshold of
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mutua information is also 0.48. For different channel taps, the IIC-MUD can work
well.

10° | | :
107 I S— —_— '
| ' 1literation
0% N — o
! ! | 2 ijterations ]
| | | 4
VT R S T S .
m ! ! ]
104 o AN ]
! ! ‘ iterations
1 1 | +
10 || —#— lIC-MUD with channel selection | - N\ - I™\__ - __ i
IMAP 1 iteration 3 6
—E— IMAP 8 iterations ‘
-6 |
10 L L L
0 5 10 15 20
EbN0 (dB)
@
10°
107 NN S
TV E BN -
LL b :
0% I\ . £ |
|| —#— IIC-MUD with channel selection :F
i IMAP 1literation ]
| —B— IMAP 8iterations
-4
10 L L
0 5 10 15 20
EbN0 (dB)
(b)

Figure 4.8 BER (a) and FER (b) performance for the four user two receiver system using
I1C-MUD with channel selection
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BER

E_N, (dB)

Figure 4.9 BER performance for the eight user four receiver system using 11C-MUD with channel

selection under different channel taps (2, 3, 4 taps)

The variation of throughput (in bits per symbol) with SNR is shown in Fig.4.10. The
maximum throughput is 0.5, due to the maximum rate of the code. The figure shows that
the throughput for both schemes (one is using different code rates for different channels,
and the other is multiple transmission) approaches this value as the SNR increases, but
does not reach it because of the bad channels which still occur at high SNR. At around
8dB, the throughput for both schemes reach 0.45, 90% of the maximum throughput,
which means the bad channels do not greatly influence the throughput. However the

lower code rate approach consistently achieves a higher throughput.

Fig.4.11 shows the BER and FER performance for the two proposed schemes for bad
channels, compared to the I1C with and without channel selection. One uses the rate 1/3
convolutional code (with 768-bit per frame and generator [7, 3, 5]) for the bad channels,
while 1152-bit per frame and rate 1/2 ([5, 7]) convolutional code is used for good
channels.

The other uses multiple transmissions when the channel is bad. For the four user case,
we divide the four users into two groups, then transmit the data in two time dlots,
receive and process the data sequentially. For good channels, origina 11C-MUD is still
used. (Both are use code rate 1/2.)
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Figure4.10  Throughput vs SNR for two adaptive schemes

After 8 iterations, we can see that both schemes successfully remove the error floor
compared to the 11C without channel selection, and make full use of the channels,
compared to the 11C with channel selection. The lower code rate approach aso gives a

lower error rate (shown in Fig. 4.11), as well as higher throughput (shown in Fig. 4.10).
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Figure4.11 BER (a) and FER (b) performance for the four user two receiver system using lower

code rate ([7,3,5], ratel/3) and adaptive transmission for bad channels compared to the |1C with

and without channel selection
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4.7 Conclusions

In this chapter, in order to solve the problem of the error floor, we introduce a channel
selection scheme for the 11C MUD, which is based on the EXIT chart point of view. We
first study the EXIT chart of 11C MUD, and then distinguish the performance of a‘good’
channel and a ‘bad’ channel. For the good channel, the tunnel between the detector and
decoder is open, so that the trajectory can converge. However, the bad channel will

cause the tunnel to close, and the trgjectory will be blocked at the very beginning.

From the EXIT chart, we know that if the mutual information of the detector is higher
than a certain level, then the tunnel will definitely be open. Based on this situation, we
design a channel selection scheme to distinguish the channels by choosing a threshold
of the mutua information. We find the relationship between the channel information
and the mutual information, so that we can determine the channel either good or bad

directly from the channel information.

This technique can effectively suppress the MAI, and can achieve near-optimum BER
performance for the overloaded system. This technique removes the error floor perfectly.
The BER performance is amost the same as that of MAP, with only 4% rejections.

For the rejected channels, two adaptive transmission schemes are proposed. One is
adaptive encoding for the encoder at the transmitter, and a low feedback from the
receiver is used for the rate switching. Another is adaptive multiple transmissions, and
the feedback from the receiver is aso used for the transmission control.

Both of them work well for the deeply fading channels, and remove the error floor
perfectly. The exchange rate of the two schemes between the good and bad channel is

only 4%, which is the same as the ECR.
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In this chapter, the interleave-division multiple access (IDMA) [107] is used for the

overloaded multiuser MIMO OFDM system. Moreover the Iterative Interference

Cancellation (I1C) multiuser receiver is used for detection. The simulation results show

the I11C MUD can work well in this scenario.

Min Chen, Ph.D. Thesis, Department of Electronics, University of York, 2013



CHAPTER 5. ITERATIVE INTERFERENCE CANCELLATION FOR IDMA SYSTEMS

5.1 Introduction

In chapter 3, we have discussed a new low-complexity iterative interference
cancellation multiuser detection (IIC-MUD) technique for the overloaded MIMO
OFDM system, which can suppress the MAI effectively and can achieve near-optimum
BER performance for the two user system. However, for the four user case, the BER
performance cannot converge at high SNR when using this technique.

In chapter 4, we analyzed the error floor of the BER performance for the 4-by-2 system.
There are some deeply fading channels, where the detector cannot distinguish ‘0’ and ‘1’
in the desired signal in the presence of interference. However, the simulation results
show that the probability of these channels is very low. From the EXIT chart, we can
see that these fading channels are bad channels, which make the tunnel between the
detector and decoder close. Therefore, we designed a channel analyzer and selector to
filter out those bad channels by setting a threshold based on the channel information.
Although the simulation results show the BER performance is close to the optimum
(MAP) performance, those bad channels are filtered out which is kind of wasted.

In light of this, chapter 4 proposed two adaptive schemes for those bad channels, oneis
using a lower code rate for these bad channels, and another is using multiple
transmissions. Both methods can make good use of the bad channels, and achieve
near-optimum BER performance. The methods proposed in chapter 4 can remove the
error floor completely. Those methods, however, need to calculate the mutual
information of the detector output for each channel, and the transmitter needs the
feedback from the receiver. For the mutual information, we can directly find the value
through the look-up table. For the feedback, however, thisis alittle troublesome.

Interleave-division multiple access (IDMA) was first proposed in 2002. It inherits many
advantages from CDMA such as diversity against fading and mitigation of the
worst-case other-cell user interference problem [107]. Combined with low-rate channel
coding, user-specific interleavers are employed in IDMA for user separation. The
attractive feature of IDMA is that it allows the use of a low-complexity iterative MUD

technique.

However, the complexity of IDMA’s receiver still increases linearly with the number of
channel paths, which can be overcome by combining with OFDM, called OFDM-IDMA
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[108]. Moreover, the extension of OFDM-IDMA into the MIMO transmission has aso
been proposed in [109] [110], which combines most of the advantages of the multiple
access schemes and avoids their individual disadvantages. With OFDM-IDMA, 1Sl is
resolved by an OFDM layer and MAI is suppressed by an IDMA layer, both at low cost.
The key advantage of OFDM-IDMA s that the complexity of MUD can be reduced
significantly for each user independently of the channel length, and is significantly
lower than that of other alternatives [108].

Many previous works on OFDM-IDMA are discussed in [107-113]. The major research

areas are frequency synchronization, channel equalization, SNR evolution and so on.

[111] combines IDMA and single carrier frequency division multiple access (SC-FDMA)
and analyzes its senditivity to carrier frequency offsets (CFOSs).

[112] proposed a new scheme based on OFDM-IDMA system where the CFO correction
is no longer necessary. A new channel estimator is proposed in [110] for the uplink
MIMO-OFDM-IDMA system, which employs soft decision-directed channel estimation
(SDCE) and tap selection (TS) to improve the accuracy of the channd estimation. By
tracking the average symbol SNR at each iteration and providing a faster solution than
brute-force ssimulations, the SNR evolution can predict the BER performance of the
IDMA based systems.

[113] introduced a revised SNR updating formula for OFDM-IDMA systems, which
provides atighter lower bound of the expected SNR in the evolution procedure.

The above works are all based on the elementary signal estimator (ESE) receiver, for
multipath channels, where the main idea of low complexity of ESE is applying a simple

rake-type operation, which however cannot make use of CIRs effectively.

In this chapter, we extend IDMA to the MIMO OFDM system, and then use our II1C
multiuser receiver. The simulation results show that the IIC MUD can work well for the
IDMA system, whose BER performance is near optimum, without error floor, and much
better than the ESE which iswidely used for the IDMA system.

This chapter is organized as follows: Section 5.2 introduces the IDMA system model.
Section 5.3 shows the details of the ESE. Simulation results are shown in section 5.4.

Finally the chapter concludes in section 5.5.
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5.2 ThelDMA System Model

An uplink MIMO OFDM IDMA system is considered. The key principle of IDMA is
that the interleavers should be different for different users. The structure of the system
mode is illustrated in Fig.5.1. The users data are first encoded by using a low-rate
channel code that is a concatenation of the convolutional and repetition codes. Then
each coded bit sequence is interleaved by a user-specific interleaver. The interleavers
are generated independently and randomly. Together with the user-specific interleaver,
the repetition code performs a kind of spreading, somewhat similar to the spreading in a
CDMA system.

Finally, the interleaved coded data is transmitted after the BPSK and OFDM modul ation.
To balance the +1 and -1, the repetition sequence should be {+1,—1,+1,—-1, - - }.

Each subcarrier can be occupied by severa users, so users are solely distinguished by
their interleavers. The received signal after OFDM demodulation can be expressed as

I, = Hksk + ng, (51)
where H, is an Nz X N; equivaent frequency domain channel matrix, s; =

[sl,sz,..,sNT]T is the transmitted bits and n,, is the AWGN vector which has zero
mean and variance ¢, and k = 1...K isthe subcarrier number. We assume multipath
block fading channels are used: in this case the channel coefficients stay constant during

one data frame.

Convol. Repeat : 1
DATA ep , f
—'—>: Encoder > code —> Interleaver 1 —» BPSK — OFDM !

________________________________________________________________________________

Convoal. Repeat _J:N
DATA €p \Nr
—'—> Encoder > code —> Interleaver M —» BPSK —» OFDM :

Figure5.1  The structure of a MIMO-OFDM IDMA system
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5.3 TheElementary Signal Estimator (ESE)

In this section, an ESE is introduced, which is used for performance comparison. The
ESE, which is proposed for IDMA, is an iterative sub-optimal detection scheme [114].
The structureis shown in Fig.5.2.

As shown in Fig.5.1, the input data sequence of m-th user is encoded based on a
low-rate code, generating a coded sequence. The coded bits are permutated by a specific
interleaver, so that users are solely distinguished by their interleavers, hence the name
IDMA.

]

Deinterleaver 1 Decoder 1 —»

A 4

v

Interleaver 1 |«

A 4
\ 4

Deinterleaver M Decoder Ny ——»

I nterleaver M 4—'

A

Figure 5.2 The structure of ESE receiver

The most critical point of IDMA is that the interleavers should be different for different
users. These interleavers disperse the coded sequences so that the neighbouring code
bits are approximately uncorrel ated.

The receiver consists of an ESE and M (or Ny) SISO decoders. The multiple access and
coding constraints are considered separately in the ESE and SISO decoders. The output
of the ESE is extrinsic LLRs about transmitted signa s, (j) defined below:

Agse (Snt(j)) = 108(

f(sn, (D) = +1)> 5.2)

f(snt(j) = _1)
wheren, = 1--- Ny isthe number of the transmit antennas, and j = 1---] isthe frame
length.

Using random interleavers, the ESE operation can be carried out in a bit-by-bit manner,
with only one sampler(j) used at a time. For the n,-th receive antenna, Eq. (5.1) is

rewritten as
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(D = ) B0, (0D + 1)

= hnrntsnt(j) + Snt(j)r (5.3)
where
en )= D s+, (5:4)

is the interference and noise in 7, (j) with respect to n,-th user, and h,, ,, is the

element of equivalent frequency domain channel matrix H.

From the central limit theorem, &, (j) can be approximated as a Gaussian variable, and

1, (j) can be characterized by a conditional Gaussian PDF,

1

2mVar (snt(j)) |

(rnr(j) — (hnyn, + B (entm)))Z\
2var (&,, () /

where E(+) and Var(-) arethe mean and variance functions respectively.

f(rnr(i)lsnt(j) = il) =

exp| — , (5.5)

Using Eg. (5.5), Eg. (5.2) can be rewritten as

2

/ (an(f) —~ (hn e E snt(]) \
exp k_ 2Var (en (]) )

2

Agsg (Snt(l))
(rnr (]) - (_hnrnt Ent

( ) )
o k_ 2Var (&, (/) )

2Var (sn (j)) 2Var (gnt(].))

= 2hn Nt (r"r(]) (Ent(j))> (5.6)
Var (ent(]')) ' |

where
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E (gnt(i)) =E (rnr(j)) - hnrntE (Snt (])): (5.7)
Var (ent(j)) = Var (rnr(j)) - |hnrnt|2Var (snt(j)). (5.8)
For the iterative detecting and decoding process, at the first iteration, we first set the

extrinsic LLRs of the decoder A, (Snt(j)) = 0. According to Eq. (3.19), we can obtain

E (51, (/) = tanh M , (5.9)

and then, we can calculate
Var (5,,00) = 1 - (E (s0,)) (5.10)
E(r, () = Z BnncE (50, ), (5.11)

Var rn (]) Z |hnrnt| Var (snt(])) + 2. (5.12)

The frequency selective fading channel coefficients are complex values, so the above
terms -al take the real part only, due to the BPSK modulation. Using Eq. (5.9)-(5.12),
Eqg. (5.7) and (5.8) can be calculated, and finally obtained Eq. (5.6). For the multiple
receive antennas, a RAKE-type operation is applied:

Aes (50, ()) = Z N5z (50, D) (5.13)

ny=1

In Table 5.1 and Table 5.2, the computational complexities of the ESE and 11C receiver
are estimated. This is a rough estimation and the complexity in practice depends on
different communications scenarios. The computation complexity of the receivers is
defined as the required number of operations for the signa processing (the number of

multipliers) in the detector per coded symbol and per iteration.

Considering a N; X N; system, for the IIC receiver, only PIC needs repeat the
calculation for each iteration. The other operations only need calculate once. However,
the ESE requires updating those equations (Eg. (5.6) ~ Eq. (5.12)) for each iteration.
According to Table 5.1, the computational complexity of ESE is lower than that of [1C

for one iteration, while for the whole iterative processing, the ESE is more complicated

Min Chen, Ph.D. Thesis, Department of Electronics, University of York, 2013 123



CHAPTER 5. ITERATIVE INTERFERENCE CANCELLATION FOR IDMA SYSTEMS

than 1IC. However, for 10-by-2 system, after eight iterations, the computational
complexity of ESE islower than that of 11C.

Table 5.1: Complexity comparison between [1C and ESE for 4-by-2 system using BPSK:
Ny = 4, Ny = 2, iteration no.=8

MUD Number of multiplications
Matched filter O(NpNR)
Correlation )
matrix O(NTNR)
LLR converter 3 2
O(N3) + O(NgNp)
for first half ' , )R !
terapi +O(N
Mo iterations T
LLR converter
for last half O(N&N7) + O(Np)
iterations
PIC O(N3) per iteration
Total 272
Eg. (5.9) O(N7) periteration
Eq. (5.10) O(N7) periteration
Eq. (5.11) O(NgxN;) per iteration
Eq. (5.12) O(NgNr) + O(NgNr)
per iteration
ESE Eq. (5.7) O(NgxN;) per iteration
Eq. (5.8) O(NgNr) + O(NgNr)
per iteration
Eq. (5.6) O(NRNT? + OI(NRNT)
per iteration
Total 72*8=576
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Table 5.2: Complexity comparison between 11C and ESE for 10-by-2 system using
BPSK: N =10, Ni = 2, iteration no.=8

MUD Number of multiplications
IHC 2120
ESE 180*8=1440

5.4 Simulation Results

In the simulations, a 4 X 1 and a 4 x 2 OFDM IDMA systems are considered. Both
users are assumed to employ 1024-bits per frame and 10000 frames with a rate 1/2
convolutiona code (with generator [5, 7]) serialy concatenated with alow rate repetition
code, BPSK and 32 subcarriers for OFDM modulation, and CP length 10. A Rayleigh
channel is assumed with uncorrelated fading between all transmit and receive antennas.
A block fading channel is used, which means the channel coefficients stay constant for
one frame period. 10 iterations are required for the ESE, MAP, and IIC-MUD which is

proposed in chapter 3.

BER

EN, [dB]

Figure 5.3 BER performance of the 4 X 1 OFDM-IDMA system with rate-1/4 repetition

code (1/8 total rate), ESE, 11C, and MAP approaches are compared
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For a comparison, the BER performance and FER performance of the 4 x 2 OFDM
system using I1C are shown in Fig.3.26. Because of some deeply fading channels, the
[IC-MUD cannot converge at high SNR, athough in practice the FER performance
corresponds to an outage probability of |ess than 1%, good enough for mobile users.

Fig.5.3 shows the BER performance of 4 x 1 OFDM-IDMA system with rate-1/4
repetition code (1/8 total rate). We consider the multipath with 1 tap (channel coefficient
[1]), 2 taps ([1 0.8]), 4 taps ([1 0.8 0.6 0.3]), and 8 taps ([1 0.8 0.6 0.3 0.7 0.5 0.2 0.4]).
From the figure, we can see that when channel multipath is more than 1 tap, the
performance of IIC-MUD is much better than ESE MUD. After 10 iterations, the
[IC-MUD can achieve amost the optimal (MAP) performance. Fig.5.4 shows the BER
performance of 4 x 2 OFDM-IDMA system with rate-1/2 repetition code (/4 tota
rate). Compared to Fig.3.26, the [IC-MUD now can work very well. The performance of
the proposed I1C-MUD is till much better than that of ESE MUD. Especially for 2 taps
channel, the BER performance of ESE MUD seems to have an error floor, which is the

same as shown in Fig.3.26. These results have been published in [115].

BER

E,N, [dB]

Figure 5.4 BER performance of the 4 X 2 OFDM-IDMA system with rate-1/2 repetition
code (1/4 total rate), ESE, 11C, and MAP approaches are compared
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From Fig. 5.3 and Fig. 5.4, we can see that employed the IDMA in transmitter, the
[IC-MUD can make full use of CIRs and obtain channel gain, and achieve aimost the
optima (MAP) performance. Fig. 5.5 illustrates the EXIT chart of the 4 x 2
OFDM-IDMA system with rate-1/2 repetition code (1/4 total rate) over 10000 channels,
where the decoder with IDMA and without IDMA are compared. The EXIT curve of the
decoder without IDMA intersects with the 1IC detector EXIT curve at the right top
corner, while the tunnel between the EXIT curve of decoder with IDMA and the detector
EXIT curve is open al the time. This explains why IIC can work well for the 4 x 2
OFDM-IDMA system.

1 \
0.9 :
0.8 s
0.7h---------- -
0.6f : . :
w05 T . :
e e
04F--------—- - + .
03f - L ] ]
0.2 | === detector o o i
decoder with IDMA
0.11---{ —e— decoder without IDMA ~---------- R 7
0 | | | |
0 0.2 0.4 0.6 0.8 1
'

Figure5.5 EXIT chart of the 4 X 2 OFDM-IDMA system with rate-1/2 repetition code (1/4
total rate); With IDMA and without IDMA are compared

Fig 5.6 and 5.7 present the comparison of BER performance between ESE and I1C under
eight taps multipath channel for different users, or different OLF. As shown in Fig. 5.6,
the 11C can work for a nine user system by using arate 1/4 repetition code where OLF is
9, while the ESE cannot work for the eight user system. Fig. 5.7 shows the 11C can work
for the nine user system by using rate 1/2 repetition code where OLF is 4.5, while the
ESE cannot work even for the six user case.
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Figure5.6  BER performance of OFDM-IDMA system with rate-1/4 repetition code (1/8 total
rate) for different users; With ESE (a) and with I1C (b) are compared
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Figure5.7  BER performance of OFDM-IDMA system with rate-1/2 repetition code (1/4 total
rate) for different users; With ESE (a) and with I1C (b) are compared

In both cases, 11C cannot work for the ten user system, which is the same as shown in
chapter 3 where alower code rate is required for the ten user system. Here, alower

code rate of the repetition code is also required. Fig. 5.8 shows that using alower
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code rate of the repetition code can achieve better performance for the ten user

system.

T

10by1 1/6 repetition
10by2 1/4 repetition

BER

E_N, (dB)

Figure 5.8  BER performance of OFDM-IDMA system for ten user case: 10-by-1 with rate-1/6
repetition code (1/12 total rate) and 10-by-2 with rate-1/4 repetition code (1/8 total rate)

5.5 Conclusons

The low complexity iterative interference cancellation (11C) multiuser detection method,
which is introduced in chapter 3, now is used for overloaded multiuser MIMO OFDM
IDMA systemsin this chapter.

The IDMA system isfirst discussed. Then for comparison, the ESE which is widely used
for IDMA system isintroduced. This technique is of alow complexity for a high number
of user. However, the ssimulation results show that our 11C scheme performs much better
than ESE. For a multipath channel, the more channel taps, the better the BER

performance (compared to ESE).

The BER performance shows that the 11C can effectively suppress the MAI, make full
use of channel information to obtain the channel gain, and can achieve almost optimal
(MAP) BER performance for the overloaded system.
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In our previous work, it is assumed that perfect channel knowledge is known at the

receiver. In practice, however, it is necessary to obtain the channel impulse response by

means of channel estimation. In this chapter, Wiener filter based channel estimation is

introduced, and our Iterative Interference Cancellation (11C) multiuser receiver is tested

under the estimated channdl.
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CANCELLATION MULTIUSER DETECTION

6.1 Introduction

In wireless communications, the availability of channel knowledge at the receiver isthe
key to achieve reliable coherent reception and the accuracy of channel estimation affects

the system performance critically.

In previous chapters, we assumed the channel knowledge is perfectly known at the
receiver. Our low-complexity iterative interference cancellation multiuser detection
(I1C-MUD) scheme is based on the perfect channel knowledge (PCK), and achieves
near-optimum BER performance for the two user system. For more users, the channel
analyzer and selector are applied, which are also based on PCK.

What if the channel is not perfectly known at the receiver? How accurate must channel
knowledge be not to affect the performance of our detection? These two issues will be

answered in this chapter.
Considering the system model in chapter 3, the received signal can be expressed as
r = Hs +n, (6.1

whereH is the channel matrix, s is the transmitted data, and n is White Gaussian

noise with zero mean and variance o2, respectively.
Assume the channel matrix is not perfectly known at the receiver,
H=H+H.rror (6.2)

where H,,,,, iS the random Gaussian variables with zero mean and variance o7,
which also can be considered as the mean square error (MSE).

We assume some fixed values of the MSE, and then generate H,,.,, randomly to
obtain several different non-perfect channel matrices H. Using the IIC-MUD based on
the two user system, Fig. 6.1 shows the BER performance of 2-by-1 OFDM system
influenced by the accuracy of the channel knowledge.

From Fig. 6.1, we can see that the accuracy of the channel knowledge did affect the
performance of 1IC, where the BER error floor appears when the channel is badly
estimated. As the MSE decreases, the BER is improved significantly. When the MSE is
0.0005, the performance of 11C is almost the same as with PCK.
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Figure 6.1 BER performance of 11C with imperfect channel knowledge

As shown in Fig. 6.1, as long as the MSE less than 0.0005, IIC can work very well.
Considering our system, MIMO OFDM system, a pilot-based channel estimation
scheme which can achieve lower MSE is employed. In this chapter, a Wiener filter
based linear minimum mean square error (LMM SE) estimation approach [116] [117] is
employed, which is ssmple and easy to implement for the OFDM system.

This chapter is organized as follows: Section 6.2 introduces the channel estimation by
Wiener filtering. Section 6.3 shows the iterative channel estimation. Simulation results

are shown in section 6.4. Finally the chapter concludes in section 6.5.

6.2 Wiener Filter

The basic principle of pilot-assisted channel estimation is to estimate the channel values
at any time or frequency at the receiver, by inserting pilot symbols known by the
receiver into transmitted data at different time or frequency. There are two types of pilot
insertion: one is using one whole OFDM symbol to transmit the pilot, and the other is
inserting Np pilots to an OFDM symbol, where N, should be larger than the number
of delay taps, as shown in Fig. 6.2.
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Pilot Symbol Data Symbol

Figure 6.2 Pilot insertion structures: (a) using one whole OFDM symbol for transmitting pilots,

and (b) using interpolation during one OFDM symbol

The Wiener filter (the LMMSE estimation approach) is capable of approaching a low
accuracy bound [118]. The use of the Wiener filter for the channel estimation was used
in [116-119]. Both pilot insertion structures shown in Fig. 6.2 are widely used, while, in
this section, we will consider the structure in Fig. 6.2(a). An infinite length Wiener filter
is optimal in the sense of minimum MSE. In practice, however, afinite length has to be
used.

The problem of this estimator is to find the channel estimates as a linear combination of
the pilot estimates and provide noise suppression as well. The corresponding structure
of the channel estimator is shown in Fig. 6.3. For transmitting pilots, the received signa
of Eq. (6.1) can be rewritten as

I'p = Sphp + np, (63)

where rp isthe Np X 1 recelved vector, sp isa Np X Np diagona matrix containing
pilots only, hp is a channel attenuation vector, and np is the Gaussian noise. The

noise np isassumed to be uncorrelated with the channel hp.

The channel estimate vector can be obtained by the least square approach:
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|2 Dvel (6.4)

Note that h, is rough estimate including the effect of noise, and the variance of that

noise is aso the variance of estimation errors.

s, s, Pus, sy,
wq Wnp
ELMMSE
(€Y
Ele ELSZ ELS3 ELSNP
w1 «— Wy ws Wy,
ELMMSE
(b)
Pilot Symbol Data Symbol

Figure 6.3 Two structures of Channel estimation by Wiener filtering: (a) using one whole

OFDM symbol for transmitting pilots, and (b) using interpolation during one OFDM symbol

In the OFDM system, channel estimates are obtained across time or frequency by using
channel time or frequency correlations respectively.
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For a time fading signal, assuming Jakes isotropic scattering model [119], the time

correlation matrix R, isgiven by [117]

RL,(m,n) = Jo(2nfyTs(m — n)), (6.5)
where m and n are pilot or data positions over al transmitted OFDM symbols, J, is
the O-th order Bessel function of the first kind, f; isthe maximum Doppler frequency,
and T, isthe OFDM symbol period including the guard time.

The frequency correlations are obtained differently depending on the power delay
profile of the multipath channel:

a) For auniformly distributed power delay profile [116],

( 1, ifm=n
f _! 1= g2t M—1
Rpp(m,n) = I —IXS C ifmen (6.6)
L Jj2mL N,
b) For an exponentially decay power delay profile [117],
f 1
Ry, (mn) = (6.7)

1+ 27TjTrmsfs(m - n),

where L is the order of the multipath channel, N is the FFT size or the number of
subcarriers, t,,s 1S the root-mean-square delay spread of the multipath channel, and
fs isthe subcarrier spacing which is taken from the inverse of the useful OFDM symbol

time excluding the guard time.

A MMSE estimator is designed to minimize the MSE between actua channel values
and channel estimates, which is satisfied by [122]
W = RDpﬁl_JI%, (68)

where W isthe N, X Np Wiener filter interpolation matrix, N, isthe number of data
symbols, Rpp iS a Np X Np matrix containing cross correlations between data
symbols and pilot symbols, and Rpp isa Np X Np matrix containing autocorrelations

between pilot symbols including noise smoothing [122],
o~ -1
Rpp = Rpp + O'T% (SPSE) ) (69)

where Rpp iS @ Np X Np matrix containing autocorrelations between pilot symbols.

Theelementsin Rpp and Rpp are al obtained from the channel correlation Ry,.
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For Rpp, m(1 <m < Np) is the order number in the data symbol sequence or
subcarrier sequence, and n(1 <n < Np) is the order number in the pilot symbol
sequence or subcarrier sequence. For Rpp, m,n(1 < m,n < Np) denote the order

number in the pilot symbol sequence or subcarrier sequence.
Using Wiener filtering, more accurate channel estimates are obtained [117]
ilLMMSE = WilLs- (6.10)

Substituting Eg. (6.8) (6.9) into (6.10), the LMM SE estimate of the channel is expressed

as

“ —1\—1,
h;ymse = Rpp (RPP + o2(spsp) 1) hs. (6.11)

The complexity of the LMMSE estimator is that a matrix inversion is needed every time
the datain sp changes. [116] reduce the complexity of this estimator by replacing the

term (spsH) ™" in Eq. (6.11) with its expectation E{(spsg)‘l}. So that the simplified

estimator can be obtained [116]
ﬁ -1
hyumse = Rpp (RPP + mo h;g, (6.12)
where
B = E{Is|*}E{1/|s|?}, (6.13)

is a constant depending on the signal constellation, e.g., § = 17/9 for 16-QAM and
B =1 for BPSK;
E{|s|?}

o2 '

SNRP S

(6.14)

is the pilot symbol power to noise power ratio, and I is a Np X Np identity matrix.
This simplified estimator does not need to calculate the matrix inversion frequently.
Moreover, if the channel model or certain property (such as power delay profile, delay
spread, and so on) of the fading channel isgiven, Rpp and Rpp are known beforehand
or are set to fixed nomina vaues, the inversion term in Eg. (6.12) needs to be

calculated only when SNRp changes.
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6.3 Iterative Channel Estimation by Wiener Filter

The Wiener filter has been used for iterative channel estimation of fast flat fading
channels and dramatic performance gains over non-iterative schemes are achieved
[121][122]. In this section, the benefits of the outer coding and the iterative channel
estimation are considered. The system model is shownin Fig. 6.4.

At the transmit end, the user’ s data is first encoded by a convolutional encoder, then the
output of the encoder is interleaved to break up the correlated fading channel for
avoiding burst errors. After BPSK modulation, pilot symbols are then inserted into the
interleaved coded symbols. Then OFDM modulation is applied, it passes through the
fading channel (noise is added here), and the modulated signal is received at the

recelver.

After OFDM demodulation, the channel estimates are first obtained from the Wiener
filter based on the pilots known at the receiver, using EqQ. (6.4) and (6.12). Such channel
estimates are often not accurate as the number of pilots is small. The estimation can be
refined by treating soft decision of the coded symbol as a pilot symbol at the next
iteration. Since the soft value § which contains not only the data value but also the

corresponding probability, is used, Eq. (6.4) iswritten as
hi, = rs*, (6.15)

where i is the iteration number, and §* is the conjugate of the soft values. And Eq.
(6.12) iswritten as

i, B\t

hiymse = Run (th + ﬁo hig, (6.16)
where Ry, is a Np,p X Np,p matrix containing autocorrelations between pilot and
data symbols, Np,, isthetota length of data and pilot symbols, and SNR is the signal
(including data and pilots) to noise ratio. We use the whole Ry,;,, here, because we take

the whole data plus pilots as known pilots.

For each iteration, the estimator uses the improved soft data bits as known pilots to
obtain more accurate estimates. The estimator and the decoder work in an iterative
manner and the overall performance is expected to improve as the number of iterations

increases.

The M SE of the above LMM SE channel estimation is calculated by
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MSEgimutatea = E {|h - ilLMMSElZ},

(6.17)

whereh isthe actual channel matrix, and hy e isthe estimated channel matrix.

Convolutional L inter N Pilot OFDM
— nterleaver : . T
Encoder v Insertion Modulation Channel
Data
) 4
Noiseé '< 9
\ 4
OFDM
Demodulation
yli] ylk]
\ 4 \ 4
Output Convolutional PR . Pilot Channd
Decoder Deinter|eaver Extraction Estimation
] A
] il
tanh Xi] - XKL pijot
Function > Interleaver | Insertion
Figure 6.4 System structure of iterative channel estimation and signal detection

In order to compare the accuracy of the estimation, the M SE reference is given

Np

1 2: .
MSEreference = N b(i, i),
D 4
=1

where the reference matrix

-1

d 1) RY..

D=]— RDP (Rpp + SNR

by [123]

(6.18)

(6.19)

For the iterative case, the LMM SE estimator is changed after the first iteration :

1

hoymse = Rin (th + S;;RI) hier,
and the M SE reference matrix aso becomes
B\ on
@ =1-Ry, (th + m1) R,

(6.20)

(6.21)
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6.4 Iterative Channel Estimation for MIMO Systems

For the MIMO system, the system model is different from the SISO system. For the
transmitter, the main difference between the MIMO and the SISO system is the pilot
insertion. We insert the pilots for the different users separately, which means for the Nt
user case we use Ny OFDM symbol to insert pilots (first symbol for first user, second

symbol for second user, and so on), as shownin Fig. 6.5.

Pilots P Daa >
User 1data
stream Pilots 1 Zeros [ Zeros OFDM symbol | «-+e- OFDM symbol
Pilots Pe— Data >
User 2data
stream Zeros Pilots2 |+ Zeros OFDM symbol | «ee+: OFDM symbol
Pilots P Data >
User Nt
data stream Zeros Pilots2 |+ Pilots Ny OFDM symbol | e+ OFDM symhol

Figure 6.5 Pilots insertion for MIMO system

The receiver structure is shown in Fig. 6.6. As shown in Fig. 6.5, we can see that the
interference is zero for the desired users' pilots. Therefore, Eq. (6.4) and (6.12) can be
directly used for the first iteration. For the following iterations, however, we need to
consider the interference cancellation for the channel estimation, because the whole data

frame is taken as known pilots.

Eq. (6.15) can be rewritten as

his = [hls his -, Ris], (6:22)
[ 0  hy hiv, ] \‘

Rl = r—lﬁgl o EZ}vT|~* 5, (6.23)
Pugs e ;|

where fznrnris the (ny, ny)-th channel estimate from the previous iteration.
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There is another way to obtain hYs by using the pseudo-inverse method. In this case,
we do not need the interference cancellation during the channel estimation.

hfs = riSH BSH ™, (6.24)
wherek = 1,2,---, K isthe subcarrier number.

And then Eq. (6.16) is used to obtain more accurate estimates h,,;,sz. The channel
estimator, the detector and the decoder work like iterative cycle. For each iteration, the
updated channel estimates will improve the results of the detector, which are used for
the decoder, and then generate more reliable outputs. As the iteration number increases,

the decoder will perform better and better.

Chann€
—
estimation
A Ar v \
R SISO
T Decoder Na
1
Detector LR | siso .
: (M RC + . Decoder N
converter
TNR PIC)
> SISO
Decoder Nd

—> Qutput

Figure 6.6 Receiver structure of channel estimation for MIMO system

The computational complexity comparison between interference cancellation and the
pseudo-inverse method for iterative channel estimation is estimated below. This is a
rough estimation and the complexity in practice depends on different communications
scenarios. The computation complexity of the receiversis defined as the required number
of operations for the signal processing (the number of multipliers) in the detector per

data frame and per iteration.

For the iterative channel estimation, both the pilots and soft data in previous iteration are
considered as the known pilots in the next iteration. Hence the interference cancellation
method has the complexity of O(N;NzNK) + O(N;NK), where N is the length of
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OFDM symbol, K is the subcarrier number. The pseudo-inverse method need a matrix
inversion, so it has the complexity of (NZNRzK) + O(NxNyKN) + O(NZNRzKN). Both
methods need to be repeated for each iteration. Table 6.1 shows the specific case of the
complexity comparison between these two methods

Table 6.1: Complexities comparison between interference cancellation and
pseudo-inverse method for channel estimation

Interference cancellation 26112 per iteration

Pseudo-inverse method 88064 per iteration

no.of transmitter N = 4, no. of receiver Ny = 2,
no. of OFDM symbols N = 68 (64 data symbolsand 4 pilot symbols),
no. of subcarriers K = 32

6.5 Simulation Results

In this section, a SISO OFDM system is first considered. The transmitter employs
128-bit/frame and 10000 frames with a rate 1/2 convolutiona code (with generator [5,
7]), BPSK modulation, and OFDM modulation with 16 subcarriers. A Rayleigh channel
Is assumed with uncorrelated fading between all transmit and receive antennas. A block
fading two tap channel is used, which means the channel coefficients stay constant for

one frame period, with uniformly distributed power delay profile.

The MSE performance of SISO OFDM system is presented in Fig. 6.7, where channel
estimation by Wiener filter based on pilots is considered. The MSE reference with only
pilot length (one OFDM symboal, i.e.16 bits here) is also presented. As shown in Fig. 6.7,
we can see that the MSE can achieve less than 10 at 30dB, even just based on pilots

(with only one iteration), which is good enough for our I1C detector.

Fig. 6.8 shows the MSE performance of overloaded 2-by-1 OFDM system. Here, the
pilots are transmitted through one OFDM symbol period, and only one iteration channel
estimation is considered. At 30dB, the MSE is 0.0007, which is small enough to make
sure the BER converge. The BER performance of this case is presented in Fig. 6.9,
compared to the I1C with PCK, [1C works well under the estimated channel, after eight

iterations.
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—— |IC with PCK ]
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BER
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Figure 6.9 BER performance of 2-by-1 OFDM system with only one iteration channel
estimation

- iterative ce 16 |
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iterative ce 256
256+16 reference
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non-iterative ce 16
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Figure6.10 MSE performance of iterative channel estimation (ce) for 2-by-1 OFDM system by
Wiener filter, using different length of pilots (16, 32, 64, 128, 256), compared with different MSE
references (data length 256 + pilot length)
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Fig. 6.10 shows the M SE performance of iterative channel estimation for 2-by-1 system.
The interference cancellation method is considered during the iterative channel
estimation. Different estimation results with different length of pilots (16, 32, 64, 128
and 256) for the first iteration are presented, the FFT length is the same as that of pilots.
From the figure, we can see that the MSE performance is greatly improved by using the
iterative channel estimation with 16-bit pilots, compared to the non-iterative channel
estimation. Although the simulation result cannot match the theoretical curve, the figure
shows the longer the pilot length, the closer the practical curve and the theoretical curve
are.

10 | |
1 || et jterative ce 32
; | ey iterative ce 64 ]
100 SGR. - dmmmmm e | #-- iterative ce 128 -4
| | iterative ce 256 ]
‘® i | —4— |IC-MUD perfect ce
2 > I
10 ‘ 3 | =@ IIC with non-iterative ce |-+
! ! g jterative IC ce 16 ]
T 0% I SRR - N S
0 | |
104 I A ,————,———
10°b oo . R
10° 1 1
0 5

E N, (dB)

Figure6.11 BER performance of iterative channel estimation (ce) for 2-by-1 OFDM system by

Wiener filter

Fig. 6.11 illustrates the BER performance of iterative channel estimation for the 2-by-1
system. Using the iterative channel estimation can dramatically improve the BER
performance. The MSE performance is influenced by the length of pilots, however, the
BER performance does not. It seems that no matter how long the length of pilots, the

BER performanceis nearly the same.
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Fig. 6.12 and 6.13 show the MSE and BER performance comparison between
interference cancellation method and pseudo-inverse method for iterative channel
estimation. The results show that both methods have almost the same performance.
However the complexity of the pseudo-inverse method is higher than that of the
interference cancellation method, therefore we prefer the interference cancellation
method.

- non-iterative mse
mse reference 16
- jterative mse
mse reference 256+16

L -2
»w 10 -
s : 1 ) o
: A\ ..
| | A
: ; L e
3 : : : A
107 - e s =
10 : : : :
0 5 10 15 20 25

E,N, (dB)

Figure 6.14 MSE performance of non-iterative (pilots length 16) vsiterative channel estimation
(pilots length 256+16) for 4-by-2 OFDM system by Wiener filter, without channel selection

Considering the four user case, the interference cancellation based iterative channel
estimation is used. For 4-by-2 system, due to the error floor, I1C without channel
selection and with channel selection are considered. The non-iterative and iterative MSE
performance without channel selection are shown in Fig. 6.14. Fig. 6.15 shows the BER
performance of this system without channel selection. From the figure, we can see that

the iterative channdl estimation also can obtain more gain for the four user case.

Fig. 6.16 shows the MSE performance of non-iterative and iterative channel estimation
with channel selection, which is amost the same compared with that without channel

selection. This means the channel salection or not cannot affect the channel estimation.
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Figure6.15 BER performance of 4-by-2 OFDM system with non-iterative vs iterative channel

estimation by Wiener filter, without channel selection
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Figure 6.16 M SE performance of non-iterative vsiterative channel estimation for 4-by-2 OFDM
system by Wiener filter, with channel selection
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Fig. 6.17 shows the BER performance of non-iterative and iterative channel estimation
with channel selection. The iterative channel estimation till gets more gain, 2dB less
than the BER with perfect channel knowledge. The gap is larger than that of 2-by-1
system. This may because the channel selection which is calculated based on the channel
estimation is used here,

s ]IC With non-iterative ce |
- [IC with iterative ce

10”

“, “,

- %, “a,
107 - R
“, “, |
“, B

BER

107 e

10'5 ,,,,,,,,,,,,,,,,,,,,,,,,,,,

10

E N, (dB)

Figure 6.17 BER performance of 4-by-2 OFDM system with iterative vs non-iterative channel
estimation by Wiener filter, with channel selection

6.6 Conclusions

In this chapter, the non-perfect channel knowledge is first introduced to the [1C detector.

The simulation result shows our I1C detector is sensitive to the channel knowledge.

Then pilot-based channel estimation by the Wiener filter isintroduced, which isthe ideal
channel estimation of the OFDM system. The iterative channdl estimation technique is
also applied.

For iterative channd estimation, we introduce two methods. One is based on the
interference cancellation, and the other is based on the pseudo-inverse method. The

simulation results show that both methods have amost the sasme MSE and BER
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performance, while the latter has more complexity. In this case, we prefer the former for

the iterative channd estimation.

Although the iterative channel estimation can obtain more gains, it requires more
computational complexity. Moreover, the simulation results show that with only one
iteration or non-iterative channel estimation, our IIC detector can work well, which

reduces the complexity significantly.

The 2-by-1 and 4-by-2 systems are considered in the simulation section, which show
that the accuracy of the channel estimation does influence the performance of the I1IC
detector, but not much.
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The main content of thisthesisis summarized in this chapter. In section 7.1, we draw on
the important results from previous chapters. The novel contributions are reviewed in

section 7.2. Finally, a selection of possible future work is proposed in section 7.3.
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7.1 Summary of Work

This thesis deals with multiuser detection for overloaded MIMO OFDM systems. The
multiuser receiver is designed based on the ‘Turbo principle’, which means the MUD
and the decoding are combined in an iterative structure. In each iteration, the soft
information is exchanged between these two components, so that both components can
be continuously improved, and therefore can achieve a substantial performance gain.

Considering the unavailability of linear MUD and optimal MUD, an iterative multiuser
detection scheme is proposed for overloaded multiuser MIMO OFDM system. Based on
the iterative principle, joint detection and decoding with simple matched filter and
convolutional code is used. The main idea of this combination is simple and low
complexity. However, the matched filter has very poor performance. In this case, PIC is
employed to reduce the interference. For the overloaded case, the number of receive
antennas is fewer than that of the transmit antennas, the received signal contain too
much interference, so that the LLR is unreliable and causes problems in decoding. In
order to obtain reliable LLR, we design a LLR convertor where a scaling factor which is
calculated directly from CHANNEL INFORMATION is applied. In addition to the
calculation of the channel covariance, this method is almost linear, the complexity is
therefore very low, and for the two user system, the BER performance is close to the
optimal approach.

For the case of more users, a channel selection scheme is proposed to solve the error
floor of the BER performance, which is obtained from the EXIT chart point of view.
The mutua information is used to distinguish whether a channel is good or not. The
mutual information is also calculated directly from the CHANNEL INFORMATION,
and can be predicted in alook-up table which greatly reduces the complexity. For those
so-called bad channels, we have two methods to process them. One is simply throwing
them away. Without the influence of bad channels, the BER performance of proposed
method is close to the optimal approach. Another is using adaptive methods.

We propose two adaptive methods to solve them. One is using lower code rate for bad
channels. The other is dividing the transmitters into several groups for transmission at
the non-convergent channels, which can reduce the interferences fundamentaly.
Simulation results show that both schemes can work well.

IDMA alows the use of alow complexity iterative multiuser detection technique so that
it is an effective complement of the IIC MUD. Combined with IDMA, our proposed I1C
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can achieve amost the optimal performance without any channel selection. Compared
to the ESE, our IIC can make full use of CIR, and hence achieve much better
performance with nearly the same level of complexity.

We assume the CIR is perfectly known at the receiver al the time. The scaling factor
and channel selection both are based on this assumption. So the influence of channel
accuracy is considered. By using the Wiener filter, both non-iterative and iterative
channel estimation are obtained. The simulation results show the non-iterative channel
estimation is good enough for the 11C, but the iterative channel estimation can achieve
more gain, and obtain much closer BER performance of 11C compared with perfect

channel knowledge.

7.2 List of Contributions
The contributions of thisthesis are listed bel ow.

1. Inchapter 3, alow complexity iterative interference cancellation (11C) multiuser
detection scheme is proposed for the overloaded multiuser MIMO OFDM
system, which combines the matched filter, convolutional codes, and PIC. A
scaling factor is introduced to provide reliable LLRs, which is based on the
channel matrix and is used to make the output of the matched filter close to
Gaussian-like distribution, so that the decoder can obtain the information from
the LLRs effectively. The BER performance of this IIC MUD is close to the
optimal approach, but with much less compl exity.

2. In chapter 4, a channel selection scheme is proposed to avoid the influence of
some bad channels. From the EXIT chart point of view, we set athreshold to the
mutua information. Above it, the tunnel between the detector and decoder is
open. Below it, the tunnel is closed. The former is the good channel, while the
latter is the bad channel. The mutual information is calculated directly from the
channel information. Without the influence of bad channels, the BER
performance of proposed method is close to that of the optimal detector (MAP).

3. In chapter 4, for channel selection scheme, we proposed two adaptive methods
to process the so-called bad channels. One is using lower code rate for bad
channels. The other is dividing the transmitters into several groups for
transmission at the non-convergent channels, due to the OLF, which can reduce
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the interference fundamentaly. Both methods require low feedback, and the
simulation results show that both can work well.

In chapter 5, IDMA is employed to separate users by engaging user-specific
interleavers. By taking advantage of IDMA, our proposed IIC can achieve
amost the optimal performance for more users or much more overloaded
systems, without any BER error floor. Moreover, compared to ESE, our I1C has
nearly the same level of complexities, but achieve much better performance.

In chapter 6, channel estimation is considered. By using the Wiener filter, we
can provide both non-iterative and iterative channel estimation. The simulation
results show both estimations are affected by the length of pilots. The long the
length of pilots, the better the M SE performance of both schemes. However, the
BER performanceis still the same, little affected by the channel accuracy.

7.3 FutureWork

Some suggestions for future work based on this thesis are given below:

1

2.

The block fading channel is assumed through most of the thesis. However,
extreme cases need to be studied in which frequency selective channels that
remain static during one OFDM symbol period should be considered. Moreover,
channels may also vary fast even within a symbol, which is called a
doubly-selective fading channel. In these cases, the interference cancelation is
more difficult, and the scaling factor for LLRs becomes much more challenging.
The proposed 11C detector in this thesis is focused on the BPSK modulation.
However, it can be easily extended to higher order modulation, such as QPSK or
16QAM. Allowing high order modulations can yield more potential
performance gain. Using different modulation schemes, the soft estimates of
decoder output are different. The proposed I1C can handle these schemes with

minor modifications.
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Glossary

AWGN
BB
BCJR
BER
BPSK
CAl
cCl
CDMA
CFO
CIR
CP
Csl
DAB
DF
DFT
DVB
ECR
EIR
ESE
EXIT
FEC
FFT
FIR
HE
IC

Additive White Gaussian Noise
Branch and Bound

Bahl Cocke Jelinek and Raviv
Bit Error Rate

Binary Phase Shift Keying
Cross Antenna Interference
Co-Channel Interference
Code Division Multiple Access
Carrier Frequency Offset
Channel Impulse Response
Cyclic Prefix

Channel State Information
Digital Audio Broadcasting
Decision Feedback

Discrete Fourier Transform
Digital Video Broadcasting
Errored Channel Rate
Estimate to Interference Ratio
Elementary Signal Estimator
EXtrinsic Information Transfer
Forward Error Control

Fast Fourier Transform

Finite Impul se Response
Horizontal Encoding

Interference Cancellation
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GLOSSARY

ICI
IDMA
IDFT
IFFT
[c
IR

ISI
LLR
LMMSE
LST
LTE
MAC
MAI
MAP
MC
MIMO
ML
MLD
MMSE
MRC
MSE
MUD
OFDM
OLF
O-QAM
PAPR
PDA
PDF
PIC

Inter-Carrier Interference

Interleave Division Multiple Access
Inverse Discrete Fourier Transform
Inverse Fast Fourier Transform
Iterative Interference Cancellation
Infinite Impulse Response
Inter-Symbol Interference
Log-Likelihood Ratio

Linear Minimum Mean Square Error
Layered Space Time

Long Term Evolution

MediaAccess Control

Multiple Access Interference
Maximum a Posteriori

Multi-Carrier

Multiple Input Multiple Output
Maximum Likelihood

Maximum Likelihood Detection
Minimum Mean Square Error
Maximum Ratio Combining

Mean Square Error

Multi-User Detection

Orthogonal Frequency Division Multiplexing
OverLoading Factor

Orthogona Quadrature Amplitude Modulation
Peak to Average Power Ratio
Probabilistic Data Association
Probability Density Function

Pardlel Interference Cancellation
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GLOSSARY

PSK
QAM
QPP
QPSK
RCR
RSC
SC-FDMA
SD
SDCE
SDR
SIC
SIMO
SISO
SNR
STBC
STTC
TS
VBLAST
VE
WiMax
WLAN
XOR
ZF

Phase Shift Keying

Quadrature Amplitude Modulation

Quadratic Permutation Polynomial

Quadrature Phase Shift Keying

Rejected Channel Rate

Recursive Systematic Convolutional

Single Carrier Frequency Division Multiple Access
Sphere Decoding

Soft Decision-directed Channel Estimation
Semi-Definite Relaxation

Successive Interference Cancellation

Single Input Multiple Output

Single Input Single Output (Soft Input Soft Output)
Signal to Noise Ratio

Space Time Block Codes

Space Time Trellis Codes

Tap Selection

Vertical Bell Laboratories LST

Vertical Encoding

Worldwide Interoperability for Microwave Access
Wireless Local Area Network

Exclusive-OR

Zero Forcing
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