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Abstract

In Multiuser MIMO (MU-MIMO) systems, precoding is essential to eliminate or mini-
mize the multiuser interference (MUI). However, the design of a suitable precoding algo-
rithm with good overall performance and low computational complexity at the same time
is quite challenging, especially with the increase of system dimensions. In this thesis,
we explore the art of novel low-complexity high-performance precoding algorithms with

both linear and non-linear processing strategies.

Block diagonalization (BD)-type based precoding techniques are well-known linear pre-
coding strategies for MU-MIMO systems. By employing BD-type precoding algorithm-
s at the transmit side, the MU-MIMO broadcast channel is decomposed into multiple
independent parallel SU-MIMO channels and achieves the maximum diversity order at
high data rates. The main computational complexity of BD-type precoding algorithms
comes from two singular value decomposition (SVD) operations, which depend on the
number of users and the dimensions of each user’s channel matrix. In this thesis, two
categories of low-complexity precoding algorithms are proposed to reduce the computa-
tional complexity and improve the performance of BD-type precoding algorithms. One is
based on multiple LQ decompositions and lattice reductions. The other one is based on
a channel inversion technique, QR decompositions, and lattice reductions to decouple the
MU-MIMO channel into equivalent SU-MIMO channels. Both of the two proposed pre-
coding algorithms can achieve a comparable sum-rate performance as BD-type precoding
algorithms, substantial bit error rate (BER) performance gains, and a simplified receiver

structure, while requiring a much lower complexity.

Tomlinson-Harashima precoding (THP) is a prominent nonlinear processing technique
employed at the transmit side and is a dual to the successive interference cancelation
(SIC) detection at the receive side. Like SIC detection, the performance of THP strongly
depends on the ordering of the precoded symbols. The optimal ordering algorithm, how-
ever, is impractical for MU-MIMO systems with multiple receive antennas. We propose
a multi-branch THP (MB-THP) scheme and algorithms that employ multiple transmit

processing and ordering strategies along with a selection scheme to mitigate interference



in MU-MIMO systems. Two types of multi-branch THP (MB-THP) structures are pro-
posed. The first one employs a decentralized strategy with diagonal weighted filters at
the receivers of the users and the second uses a diagonal weighted filter at the transmitter.
The MB-MMSE-THP algorithms are also derived based on an extended system model
with the aid of an LQ decomposition, which is much simpler compared to the conven-
tional MMSE-THP algorithms. Simulation results show that a better BER performance
can be achieved by the proposed MB-MMSE-THP precoder with a small computational

complexity increase.
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Introduction
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1.1 Current Trends of Wireless Communications

The origins of radio date back to 1861 when Maxwell, while at King’s College in London,
proposed a mathematical theory of electromagnetic waves. A practical demonstration of
the existence of such waves was performed by Hertz in 1887 at the University of Karlsruhe
using stationary waves [2]. After this, the radio technique was applied in various areas.
One of the best-known examples is the commercial wireless communication systems,
with more than 7 billion devices connected globally by 2013 and predicted to reach over
10 billion devices by the end of 2016 [3]. According to a white paper from Cisco [3], the
mobile data traffic will grow at a Compound Annual Growth Rate (CAGR) of 66 percent
from 2012 to 2017, reaching 11.2 exabytes per month by 2017.

K. Zu, Ph.D. Thesis, Department of Electronics, University of York Mar. 2013
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CHAPTER 1. INTRODUCTION 2

In order to meet the dramatically increased data traffic, the mobile communication indus-
try is moving rapidly toward fourth-generation (4G) wireless systems, which include mo-
bile WiMAX and Long-Term Evolution Advanced (LTE Advanced). Currently, a number
of major operators such as Verizon have already initiated LTE service [4] and the 4G con-
nections represent 0.9 percent of mobile connections today. With 4G networks, wireless
internet connectivity will be faster and more affordable which will result in a substantial

increase in wireless internet usage.

The emergence of extremely high rate applications such as high-definition video confer-
ence, however, presents new challenges to wireless networks. One issue that needs to be
addressed is how to meet the requirement of extremely high data rates. Another issue
is that with the rapidly increasing demand for wireless data traffic, a massive network
densification is required which is neither economically nor ecologically viable with the
current cellular system architectures [5]. With these challenges, 5G wireless systems with
virtually ubiquitous coverage are under discussion [6,7]. Japanese operator NTT Doco-
mo has successfully tested uplink packet transmissions at an ultra-fast 10Gbps based on
a 16 x 8 Multiple-Input Multiple-Output (MIMO) system in December of 2012 [8]. In
summary, the growth of global 4G deployments and the development of the beyond 4G

(5G) techniques are the current general trends of wireless communication systems.

1.2 Problems of MU-MIMO Systems

The main problems faced by wireless communication systems can be attributed to two
major aspects, namely, the limited radio spectrum resource and the complicated wireless
propagation environment. With the continued development of industry and business, the
requirement for radio spectrum is increasingly strong, and thus the suitable radio spectrum
is becoming scarcer and more expensive. Meanwhile, wireless systems are inevitably
faced with a complicated propagation environment. The three impact factors are noise,
fading and interference. For noise, communication systems usually use the matched fil-
tering method to maximize the Signal-to-Noise-Ratio (SNR) [9]. The way to overcome
the fading effects mainly relies on equalization and diversity techniques. The art of deal-

ing with interference is closely related with multiple access techniques [10], such as Fre-
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CHAPTER 1. INTRODUCTION 3

quency Division Multiple Access (FDMA), Time Division Multiple Access (TDMA), Code
Division Multiple Access (CDMA), Space Division Multiple Access (SDMA), etc.

Because of its tremendous potential in addressing the limited spectrum resource and the
system performance problems, Multiple-Input Multiple-Output (MIMO) technique have
attracted intense research efforts in the wireless communications field. By producing mul-
tiple transmitting channels in space, the spectrum efficiency has been greatly increased
without additional bandwidth or increased transmit power. MIMO systems have already
been employed in the existing 802.11n [11] and 802.16e [12] standards, and are among
the core techniques in the next generation wireless systems [13,14]. The works in [15-17]
pointed out that for the 1.i.d Gaussian noise channel, the capacity of Single-User MIMO
(SU-MIMO) systems can grow linearly with the number of transmit or receive antennas.
For the capacity of Multiuser-MIMO (MU-MIMO) systems, it was showed that similar
capacity scaling can be achieved by using Dirty Paper Coding (DPC) techniques [18].
The vision for next generation cellular networks includes data rates approaching 100 M-
b/s for highly mobile users and up to 1 Gb/s for low mobile or stationary users. This calls
for efficient use of the existing spectrum and MU-MIMO systems are expected to play a

key role in this context [19].

Some advantages of MU-MIMO systems can be obtained with the aid of precoding tech-
niques. By precoding we mean all methods applied at the transmitter that facilitate de-
tection at the receiver [20]. Although precoding is not a new concept and has been used
in SU-MIMO systems as well, it was optional and used only to improve the SNR at the
receiver [21]. However, in MU-MIMO systems precoding is essential to eliminate or min-
imize Multiuser Interference (MUI). Precoding is performed with the help of downlink
Channel State Information (CSI). The requirement of CSI is not essential in SU-MIMO

systems but is fundamental for MU-MIMO systems.

The assumption that full CSI is available at the transmit side is valid in Time-Division
Duplex (TDD) systems because the uplink and downlink share the same frequency band.
For Frequency-Division Duplex (FDD) systems, however, the CSI needs to be estimated
at the receiver and fed back to the transmitter. With precoding techniques employed at the
transmit side, the required computational effort for each user’s receiver can be reduced

and eventually the receiver structure can be simplified [22]. There are mainly two types
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CHAPTER 1. INTRODUCTION 4

of precoding techniques, linear and non-linear. Linear precoding is characterized by its
simplicity since the data signal is linearly transformed at the transmitter and the received
signal is only weighted with a scalar before quantization. The nonlinear precoding is
named from its nonlinear processing, and a superior performance is achieved compared
to the linear precoding algorithms. A number of different techniques to address the issue
of MU-MIMO downlink transmission and reception have been proposed [2,22]. Current-
ly, there are some challenges and problems for MU-MIMO precoding techniques in the

following aspects:

e BER and sum-rate performance

Unlike the received signal in SU-MIMO systems, the received signals of different
users in MU-MIMO systems not only suffer from the noise and the inter-antenna
interference but are also affected by MUI. The conventional precoding techniques
such as Zero Forcing (ZF) and Minimum Mean Squared Error (MMSE) precod-
ing [20] can still be used for MU-MIMO systems, but they result in a reduced

throughput and BER performance, requiring a higher transmit power.

e Computational complexity

Because of the existence of MUI, the MU-MIMO broadcast channel needs to be
decomposed into multiple independent parallel SU-MIMO channels first to achieve
the maximum diversity order or maximum sum-rate capacity. The conventional
ways to achieve the parallel channels result in considerable computational com-
plexity cost. It is a challenge to design a suitable precoding algorithm with good
overall performance and low computational complexity at the same time for MU-

MIMO systems.

e Distributed receive antennas

In the MU-MIMO scenarios, the users are geographically distributed. This creates
a challenge in decoding the received symbols since joint decoding requires each
user to have the data received from all the receive antennas of all the users. It is

impractical to achieve this level of coordination between all users.

e Scalability for a large number of antennas

K. Zu, Ph.D. Thesis, Department of Electronics, University of York Mar. 2013



CHAPTER 1. INTRODUCTION 5

A configuration of up to 8 transmit antennas for the downlink is suggested in the
LTE standard. A new amendment for the W-LAN standard IEEE 802.11ac also
recommends up to 8 MIMO spatial streams. Configurations with dozens of an-
tennas are now being considered [23]. High-dimensional MIMO systems or large
MIMO systems are very promising for the next generation of wireless communica-
tion systems due to their potential to improve rate and reliability dramatically [24].
However, the applicability and scalability of the proposed precoding algorithms in

the literature to the large MIMO systems is an issue.

1.3 Motivation

The conflict between performance and complexity of precoding algorithms becomes dra-
matically intense for large MU-MIMO systems, which implies novel efficient precoding

techniques should be developed.

For traditional precoding, an important performance bound corresponds to the DPC. How-
ever, it requires infinitely long codewords and codebooks, which cannot be implemented
in practice [25]. Vector Perturbation (VP) [26] can achieve near ideal DPC performance
by minimizing the transmit power for each transmitted symbol. Again, the method re-
quires the joint search of the optimal perturbation vector based on the Sphere Decoding
(SD) algorithm [27,28], which is a Nondeterministic Polynomial time (NP)-hard problem.
In contrast, linear precoding algorithms, such as ZF, MMSE precoding, have much lower
complexity but their performance can suffer dramatically due to noise enhancement if the

channel matrix H is near singular.

As a generalization of the ZF precoding algorithm, Block Diagonalization (BD) and Reg-
ularized Block Diagonalization (RBD) based linear precoding algorithms have been pro-
posed in [29, 30] for MU-MIMO systems. We term the BD and RBD based precoding
schemes as BD-type precoding algorithms in this work for convenience. However, a
relatively high computational complexity is required by the BD-type based precoding al-
gorithms due to two Singular Value Decomposition (SVD) operations, which depend on
the number of users and the dimensions of each user’s channel matrix. Moreover, BD-

type precoding cannot achieve the maximum transmit diversity order. The relatively high
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CHAPTER 1. INTRODUCTION 6

cost and limited BER performance of the BD-type precoding algorithms suggest that pre-
coding algorithms for MU-MIMO with lower complexity and superior BER performance

should be investigated.

The nonlinear Tomlinson-Harashima Precoding (THP) is another technique that can de-
compose the MU-MIMO channel into parallel channels by utilizing a successive prepro-
cessing cancelation at the transmit side. Because of MUI is canceled out successively, the
performance of THP strongly depends on the ordering of the precoded symbols. The con-
ventional THP algorithms, however, are mainly focused on the case of users with a single
receive antenna. For the case of users with multiple receive antennas, there are currently
very few works in the literature. Furthermore, most of the ordering schemes for THP
algorithms with single receive antenna are impractical for the users with multiple receive
antennas due to the fact that the users are physically distributed. It is worth to further

explore the structures of THP especially for the users equipped with multiple antennas.

1.4 Summary of Contributions

Based on the previously discussed problems and motivation, the contributions of this

thesis are summarized below:

e A low-complexity LC-RBD-LR precoding algorithm is proposed for the replace-
ment of the RBD algorithm. Simulation results show that the proposed algorithm
can achieve almost the same sum-rate as RBD while offering a lower complexity
and substantial BER gains with perfect as well as imperfect channel state informa-

tion at the transmit side.

e A simple strategy based on a channel inversion technique, QR decompositions, and
lattice reductions to decouple the MU-MIMO channel into equivalent SU-MIMO
channels is proposed. Analytical and simulation results show that the proposed LR-
S-GMI precoding algorithms can achieve a comparable sum-rate performance as
BD-type precoding algorithms, substantial bit error rate (BER) performance gains,

and a simplified receiver structure, while requiring a much lower complexity.
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e A Multi-Branch THP (MB-THP) scheme and algorithms that employ multiple
transmit processing and ordering strategies along with a selection scheme to mit-
igate interference in MU-MIMO systems is developed in this thesis. The MB-
MMSE-THP algorithms are also derived based on an extended system model with
the aid of an LQ decomposition, which is much simpler compared to the conven-
tional MMSE-THP algorithms. Simulation results show that a better bit error rate
(BER) performance can be achieved by the proposed MB-MMSE-THP precoder

with a small computational complexity increase.

1.5 Thesis Outline

The thesis is organized into six Chapters as listed below:

e Chapter 2 conducts a literature review on the fundamentals of MIMO, including ca-
pacity aspects, detection techniques, and especially a comprehensive survey of the
precoding algorithms reported in the literature so far, such as ZF, MMSE, BD, RB-
D, DPC, THP, Vector Perturbation (VP), Lattice Reduction (LR) aided precoding,
etc. The theoretical and methodological contributions to the MU-MIMO precoding
are summarized. The chapter provides the MU-MIMO system model that will be
used in the remainder for this thesis. Moreover, the characteristics, performance
and complexity of these algorithms are described and compared, which provides a

technical context for this thesis.

e In Chapter 3, we focus on the low-complexity replacement of RBD algorithm by
building the equivalence between the SVD and QR decomposition. Simulation
results of the proposed LC-RBD-LR precoding algorithm are given with perfect as

well as imperfect CSI at the transmit side.

e In Chapter 4, we consider to reduce the computational complexity of BD-type pre-
coding further. This leads us to employ a channel inversion scheme, instead of the
first SVD operation, to obtain the equivalent parallel SU-MIMO channels. The pro-
posed LR-S-GMI type precoding algorithms are derived and their behavior in terms

of BER, sum-rate and computational complexity are analyzed.
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e In Chapter 5, we consider the development of non-linear THP algorithms. Novel
MB-THP algorithms are developed based on two basic THP structures. A com-
prehensive performance analysis is carried out in terms of error covariance matrix,

sum-rate and computational complexity.

e In Chapter 6, conclusions and a discussion on possibilities for future work are pre-

sented.
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2.1 MIMO Systems

MIMO techniques were first investigated in point to point or SU-MIMO scenarios, that
is, the Base Station (BS) or transmitter equipped with multiple transmit antennas and
the User Equipment (UE) or receiver equipped with multiple receive antennas. Winters
[16], Foschini [31], and Telatar [32] predicted that remarkable spectral efficiencies for
wireless systems with multiple antennas when the channel exhibits rich scattering can
be accurately obtained. SU-MIMO is one of the key techniques in Long Term Evolution
(LTE) Release 8, which requires 300 Mb/s for Downlink (DL) and 75 Mb/s for Uplink
(UL) throughput [21]. However, the LTE Release 10, also known as LTE-Advanced,
targets the achievement of 1 Gb/s for DL and 500 Mb/s for UL. One of the key enabling
features to meet this DL requirement is MU-MIMO. MU-MIMO systems refer to the case

K. Zu, Ph.D. Thesis, Department of Electronics, University of York Mar. 2013
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where a BS or a transmitter with multiple antennas services multiple users simultaneously.
The benefits offered by MIMO systems are built on two underlying gains spatial diversity
and Spatial Multiplexing (SM), which comes with the increased cost for Radio Frequency
(RF) hardware.

2.1.1 Multiplexing and Diversity

Compared with the conventional Single-Input Single-Output (SISO) systems, MIMO sys-
tems have more degrees of freedom regarding the signal transmission. There are three
major transmission models: Diversity [33, 34], Multiplexing [35], and Diversity mixed

with Multiplexing [36].

2.1.1.1 MIMO Diversity

The spatial diversity techniques are mainly aimed to enhance the reliability of data trans-
mission for multi-antennas systems [2]. The basic idea is to supply the receiver with
multiple independently faded replicas of the same information symbol, so that the proba-

bility that all the signal components fade simultaneously is reduced.

Receive diversity can be used in Single-Input Multiple-Output (SIMO) channels. The
receive antennas see independently faded versions of the same signal. The receiver
combines these signals so that the resultant signal exhibits considerably reduced fad-
ing [37]. The receive diversity order is characterized by the number of independently
fading branches, and the maximum receive diversity order is equal to the number of re-
ceive antennas in SIMO channels. Transmit diversity is applicable to MISO channel-
s [9, 10]. The typical transmit diversity transmission is Alamouti Space Time (ST) cod-
ing [33]. The transmit diversity order corresponds to the number of independently faded
paths that a symbol passes through. Therefore, the maximum transmit diversity order of
SIMO system is equal to the number of transmit antennas. For a general MIMO system
with N, receive antennas and /V; transmit antennas, the maximum diversity order that can

be achieved is

D =N, x N,, 2.1)
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where the channel between each transmit-receive antenna pair is assumed to fade inde-

pendently.

2.1.1.2 MIMO Multiplexing

The strategy of SM transmission is to divide the data source into multiple parallel sub-
streams, where each sub-stream can be modulated and coded independently, and transmit-
ted simultaneously. Foschini [31] has shown that in the high-SNR regime, the capacity of
a channel with independent and identically distributed (i.i.d.) Rayleigh fading between

each transmit-receive antenna pair is given by
C(SNR) = min{N,, N; Hog(SNR) + O(1). (2.2)

The SM transmission offers a linear increase in the transmission rate for the same band-
width and with no additional power expenditure [2]. SM is only possible in MIMO chan-
nels and compared with the spatial diversity transmission, the SM transmission aims to
maximize the sum-rates. One typical SM transmission model is the Bell Laboratory Lay-
ered Space-Time (BLAST) system [35]. The maximum multiplexing gain of the BLAST

system is
r = min(N,, V), (2.3)

where 7 1s the multiplexing gain. The SM configuration can also be applied in a multiuser
format. This allows a capacity increase proportional to the number of transmit antennas

and the number of users.

2.2 Channel Modeling

The main characteristic of wireless communication is that it is open to various fading and
interferences and thus the transmission channel is time varying. In land mobile commu-
nication systems, the radio wave may encounter buildings, trees, mountains, etc, and the
transmitted signals will be reflected, scattered and diffracted. Then the received signals
will fluctuate in amplitude, phase and angle, this is the so-called multi-path fading. On
the other hand, because of the mobility of the UE, the time varying nature of the wireless

channel is exacerbated further.
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2.2.1 Environment of Wireless Transmission

The propagation loss when a radio wave is transmitted in the space can be summarized
into three categories [9, 10]. They are path loss, shadow fading and multipath fading.
The path loss is inversely proportional to the distance [37]. The path loss exponent varies
from 2.5 to 6 depending on the terrain and foliage [2]. Several empirically based path
loss models have been developed such as Okumura, Hata, COST-231 and Erceg [38—41]
models. Shadow fading represents the log term variation of the received signal power
level and is also called large scale fading. The shadow fading is usually caused by shad-
owing effects of buildings or nature features and is determined by the local mean of a
fast fading signal [2]. The multi-path fading is the rapid and tiny fluctuation generated by
the signal scattering off objects between the transmitter and receiver, and it is also called
small scale fading. The central limit theorem holds if there is sufficiently large scattering,
which means the channel impulse response will be well-modeled as a Gaussian process
irrespective of the distribution of the individual components. The envelope of the received

signal has a Rayleigh density function given by [2]

2r &2

fa)="Ge Tu), 24)
where (2 is the average received power and u(x) is the unit step function. If there is a
direct or a Line-of-Sight (LOS) path present between the transmitter and the receiver, the

distribution of the signal amplitude is Ricean

flx) = Zx—(l;Jr 1)6(‘K‘(K+01)z2)lo(2x —K<[§2+ 1—))U(:v), (2.5)

where K is the Ricean factor which is the ratio of the power in the mean component
of the channel to the power scattered component and Iy(x) is the zero-order modified
Bessel function. We restrict the channel model to Rayleigh or Ricean fading in this work,

however, more sophisticated Nakagami distribution can be found in [42].

The impact of small scale fading on the signal is mainly in three aspects: frequency selec-
tive fading, time selective fading, and space selective fading. In wireless communication
systems, the coverage is mainly determined by the path loss and shadow fading, while
the multipath fading is closely related to the quality of the transmission. So, if the system
designers want to implement efficient and reliable communication, the multipath fading

must be deeply studied.
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2.2.2 Frequency Selective Fading

When the transmit signal goes through a multipath fading, the time delay will affect the
received signal. If a narrow impulse signal §(¢) was transmitted, the arrival time will be
varied among the multipath signals. Thus, the received signal r(¢) will be composed of

various impulse signals with which have different time delays as described by

n

r(t) =Y au(t)3[(t — n(t))], (2.6)

!
where the quantity «(t) is the fading factor of the /th path and 7;(¢) is the time delay of
the [th path. The time difference between the last and first arrived resolvable delay signal
is defined as the delay spread, denoted as T, [9, 10]. However, it is more common to
adopt the coherence bandwidth B. to describe the impact of multipath fading, which is

usually defined as

B— L @.7)

Tl’Il ax

Then, the impact of multipath fading can be measured by the coherence bandwidth B.. If
the signal bandwidth B, is smaller than 5., which means all the multipath components
arrived within the symbol duration. In other words, the frequency components in 7 (%)
undergo the same attenuation and phase shift in transmission through the channel, and
thus the received signal can not be decomposed, it is called frequency-nonselective or
flat fading channel. Otherwise, if the signal bandwidth is greater than B, the arrived
multipath components would go beyond the symbol duration, then, the symbols would
be overlapped by each other and finally the Inter Symbol Interference (ISI) would be
generated, which results in the so called frequency selective fading. It is worth noting
that there is a possibility for the flat fading to become frequency selective fading since the

indecomposable vector components would destructively overlap together [9].

2.2.3 Time Selective Fading

In wireless communication systems, the channel will be changed by every move from
the receive side or transmit side. The frequency dispersion is used to describe the time

selective fading, correspondingly, the two important parameters are Doppler frequency
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shift and coherence time. When the receiver is moving, the received signal frequency will
be shifted compared with its original transmitted signal. The additional frequency shift is
known as Doppler frequency shift, which can be described as follows

v
f= X cos(0), (2.8)

where the quantity v is the velocity of the mobile station, A is the carrier wavelength,
0 is the angle between the incident radio and the direction of the mobile station. The

maximum value of f is known as the maximum Doppler frequency shift f,,.

Because the frequency spread of the channel is random, the impulse of the received signal
will be randomly fluctuated, this phenomenon is known as time selective fading. The
minimum time interval that guarantees there is no relevant signal between the received
signal pulses is called coherence time. The coherence time is defined as the reciprocal of
the maximum Doppler frequency shift, i.e.,

_ 1
 fa

If the transmission time of the symbol is greater than the channel coherence time, the re-

T. 2.9)

ceived signal spectral components cannot remain relevant between each other during the
symbol duration. Thus, the waveform distortion of the baseband signal will be encoun-
tered, which is known as fast fading. Conversely, if the transmission time of the symbol is
less than the channel coherence time, the state of the channel will remain the same during
the symbol duration, and then the pulse distortion will not be occurred. This is known as

slow fading.

2.2.4 Space Selective Fading

In wireless communication with multiple antennas, the signals are scattered by various
objects through the transmission paths. Thus, the angle spread is inevitable in the received
signal. With the presence of the angle spread, the differently located antennas at the
receive side will go through different angle spreads, which is known as the space selective

fading [2].

The space selective fading is described by the coherence space D, which is the maximum

spatial separation when the channel is strongly correlated. When the distance d between
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the receive antennas is shorter than D, the received signals will be considered to have a
strong correlation between each other. Otherwise, the correlation between the received

signals will be considered as irrelevant.

2.3 MIMO Channel Model

The main features of wireless channels are discussed in Section 2.2. In this Section, the
discussion is around the MIMO channel model. The spatial channel model for MIMO
systems with detailed parameters are given in 3GPP standards [43]. In this report, we
focus on the general MIMO channel model and the descriptions for SU-MIMO and MU-

MIMO systems are respectively addressed.

2.3.1 SU-MIMO Channel Model

The typical SU-MIMO channel is showed as follows in Figure 2.1.

~7 T~ )
2 N Y1 S
Coding . \\,’ .

$9 | and SN Y2 ol S9
—> Map- Tx g . Rx Decoding 2>

: ping v‘ ————— : :
S A

N, YNy N

Figure 2.1: SU-MIMO Channel Model

We assume that the transmit antenna number is /V,, the receive antenna number is NV,, and
the maximum number of multipaths between the BS and UE is L. The channel statistical

model can be expressed as [44]

L—1
H(r,t)=> A(t)s(r —7), (2.10)
=0

where the quantity A;(t) € CN+*™ represents the /th path between the transmitter and

receiver. If we adopt h; ;(7,t) to represent the impulse response between the jth transmit
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and the 7th receive antenna, the channel matrix of SU-MIMO can be rewritten as

hl’l(T, t) h172(7', t) hLNb (T, t)
ho1(T,t hoo(T,t . h T, t

H(r,t) = 2’1(. ) 2’2(. ) . 2’N"_< ) : 2.11)
_hNu,l(T,t) hNu,2<T7t) thNb(T,t)_

where h; ;(7,t) is the function of time, delay and location of the receive antenna, and
also includes the amplitude gain and phase rotation. If the transmitted signal vector is

s(t) € CNo*! and the received signal vector is obtained as
y(t) = H(7,t) * s(t) + n(t), (2.12)

where n(t) € CN is the Gaussian noise with i.i.d. entries of zero mean and variance o?2.
In the flat fading channel, since the output at any instant of time is independent of inputs

at previous times, the received signal can be expressed as
y=Hs+n. (2.13)
Another factor that we should take into account is the spatial correlation caused by the s-

cattering and insufficient spacing between adjacent antennas. A correlated channel matrix

can be obtained using the Kronecker model [2]

1 1

H. =R;HR;, (2.14)
where R, and R, are receive and transmit covariance matrices with tr(R,) = N,
and tr(Ry) = N,. Both R, and R, are positive semi-definite Hermitian matrices.

In the presence of receive or transmit correlation, the rank of H . is constrained by
min(r(R,),r(Ry)). Therefore, the system will suffer both BER and sum-rate perfor-
mance losses because of the rank deficiency. For the case of an urban wireless environ-
ment, the UE is always surrounded by rich scattering objects and the channel is most
likely independent Rayleigh fading at the receive side. From the transmitter’s point of
view, however, the spatial structure of the channel is governed by remote scattering ob-
jects and will most likely result in a highly spatially correlated scenario [45]. Hence, we

assume R, = Iy, , and we have

H.= HR;. (2.15)
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To study the effect of antenna correlations, random realizations of correlated channels are
generated according to the exponential correlation model [46] such that the elements of

R, are given by

P i<
Il <1, (2.16)
i>j

Rb (7’7 j) = N
Ty

where 7 is the correlation coefficient between any two neighboring antennas. This correla-

tion model is suitable for our study since, in practice, the correlation between neighboring

channels is higher than that between distant channels.

2.3.2 MU-MIMO Channel Model

We consider an uncoded MU-MIMO downlink channel, with NV, transmit antennas at the
base station (BS) and N, receive antennas at the kth user equipment (UE). With K users
in the system, the total number of receive antennas is NV, = Zszl Ny. A block diagram

of such a system is illustrated in Figure 2.2.
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Figure 2.2: MU-MIMO Channel Model

From the system model, the combined channel matrix H and the joint precoding matrix
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P are given by

H=[HT H] ... HL]" ¢ CVN, (2.17)

P =[P, P, ... Pg]c CNwxMe, (2.18)

where H;, € CN+*™ ig the ith user’s channel matrix. The quantity P, € CMo*Nr s
the kth user’s precoding matrix. For a flat fading MIMO channel, the received signal
y, € CNex! at the kth user is given by

K
Y= Hyxy + Hy, Y @+ ny, (2.19)

j=1,j#i
where the quantity x;, € CV+*! is the kth user’s transmitted signal, and n;, € CV+*! is
the kth user’s Gaussian noise with independent and identically distributed (i.i.d.) entries

of zero mean and variance o?2.

2.4 Capacity of MIMO Systems

Generally, there are two transmission techniques for MIMO wireless systems as discussed
above. Spatial diversity and spatial multiplexing. Although the full diversity can be
achieved by the Space Time Block Codes (STBC), they suffer a loss in terms of capac-
ity or sum-rate [47]. The maximum transmission data can be achieved by the spatial
multiplexing due to the fact that multiple independent data streams are simultaneously

transmitted [2].

24.1 SU-MIMO Capacity

For a SU-MIMO system shown in Figure 2.1, with the received signal obtained in (2.13)

the channel capacity is expressed as [48]

b
_ log,d t(I s HH> 2.20
¢ tr(}I%I:?)}iNb 082€¢ + NbNO B 7 ( )

where F, is the total average transmit energy, Ny is the noise power, and R, = E{ss}

is the autocorrelation of the transmitted signal s.
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The capacity in (2.20) is dependent on the CSI at the transmit side. The scenario in which
CSI is known at the transmit side is termed as Closed-loop (CL) system. The Open-loop
(OL) system is that in which CSI is not known at the transmit side and only the statistics of
H are known. For the OL MIMO systems, the transmit energy is equally spread among
all the transmit antennas since the channel information is not accessible at the transmit
side, that is, R,s = Iy,. In this case, the channel capacity of OL MIMO systems is

obtained as

C:log2det<I+ s HHH> 2.21)

Ny No
Using the eign-decomposition HH"” = QAQ" and the identity det(I,, + AB) =
det(I, + BA) for matrices A € C"™*" and B € C"*™, the channel capacity in (2.21) is

simplified to

E, ! E
C = log,det (I n ) - Y10 (1 n —A) 222
25 N, N, ZZI 25 NN, ( )

where r = min(V,, N,) is the rank of the channel and \; denotes the ith positive eigen-

values of HH". Equation (2.22) describes how a MIMO channel is converted into r

Es

SISO channels with power gain \; and transmit power N

For the CL. MIMO system, different transmit energies can be allocated to each transmit
antenna according to the CSI at the transmit side. Then, R, is a diagonal matrix with
different transmit power ; on the diagonal. Using the SVD of H = UXV Y with U €
CNuxNu and V' € CNo*Mo are unitary matrices, and 3 € CN«*M is a rectangular matrix,

whose diagonal elements /)\; are singular values of H, (2.20) can be rewritten as

Eqv;
C= Z log2( NN ) (2.23)
The capacity in (2.23) can be maximized by solving the power allocation problem below
S’)/T,
_ 1 ( ) 2.24
A bz oga 1+ Far (2.24)

The optimal value 72( °) for equation (2.24) can be found by the Water Filling (WF) algo-
rithm [49,50] as

(0 _ < _NbNo)Jr i1y
FY’L /’L ESAZ Y ) 7

YA = N, (2.25)
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where i is a constant and (x)™ is defined as

(2)" =

{ vifr=0 (2.26)

0 if x<O.

Therefore, the resulting capacity of a CL MIMO channel is given by the sum of the
individual parallel SISO channel capacities

(0)

r Es (
=Y 10g2<1 + N:fvo )\) 2.27)
i=1

Since the rank » = min(N, N,) in (2.22) and (2.27), the capacity gain of SU-MIMO

system is scaled by min(/Ny, IV, ), that is

Csu—mrmo o min(Ny, N,). (2.28)

2.4.2 MU-MIMO Capacity

In typical cellular systems, the number of receive antennas at the battery powered user is
often smaller than the number of transmit antennas at the Base Station (BS), which limits
the capacity gain in (2.28). MU-MIMO systems have drawn a wide attention recently be-
cause of the potential to achieve higher multiplexing gains. A typical MU-MIMO system
is displayed in Figure 2.2, in which K users each with /Vj, receive antennas are served by
a single BS with NV, transmit antennas. The Downlink (DL) and Uplink (UL) channels are
referred as Broadcast Channel (BC) and Multiple Access Channel (MAC) respectively in
the MU-MIMO scenarios.

MAC with two (and also three) input users was first presented by Ahlswede in [51],
which can be regarded as one of the first major breakthroughs in the field of multiple-user
channels since Shannons paper [52]. The MIMO MAC capacity region with N, = N, =1

and K > 11n [51] is equivalent to that of the multiple SISO links

Criac(Ny = Ny =1, K > 1) = {Z Ry, <log(1+ Y Pilhil®),¥S C {1,--- ,K}},

keS kesS

(2.29)

where P, and Ry is the kth user’s transmit power and sum-rate, respectively. For the case

N =1, N, > 1 and K > 1, since all data streams of K independent users are available
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for the BS, the MAC of MU-MIMO is equivalent to the (K, N,) OL SU-MIMO uplink
channel. Similar to the SU-MIMO systems, it is shown in [15] that the sum-rate capacity
of MAC is proportional to min(/K, N,), that is

P
Cruac(Ny = 1, Ny > 1, K > 1) = log,det (I + ?HHH>, (2.30)

where each antenna transmits with power %. From (2.30), there is no coordination re-
quired among users. Another thing can be verified is that the sum capacity in (2.30) is
scaled by min(K, Ny), so the N,-fold increase in the sum-rate can be obtained as long as
K is larger than N,, which is usually not the case for SU-MIMO systems as /N, is often

smaller than IV,

For the case N, > 1, N, > 1 and K > 1, suppose user k transmits using a fixed

covariance Q)

Q, = E[sps?]. (2.31)

The sum-rate for K users is given by [53]
K
1 H
Crinc(Ny = 1, Ny > 1, K > 1) = log,det (I +> - HQH] ) (2.32)
j=1 0

For the maximization of the sum-rate in (2.32), each user needs to determine its optimum
covariance by using convex optimization techniques, which requires the information of

all the other users’ channel [54].

The MIMO BC channels belong to the category of non-degraded vector channels, for
which the capacity region remains unknown. However, by using the DPC strategy in [18],
a duality between broadcast channels and MAC has been established in [55-57]. The au-
thors in [57] have shown that the dirty paper region is exactly equal to the capacity region
of the dual MIMO MAC, with the transmitters having the same sum power constraint as

the MIMO BC, which is given by

Cpe = Usk < pOuviac({H i} {Pr}). (2.33)

Therefore, we can determine weighted sum-rates and transmit covariances in the MAC
domain, then determine the BC transmit covariances by using the MAC-BC duality in

(2.33).
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2.5 Interference Suppression

Spatially multiplexed MIMO (SM-MIMO) systems can transmit higher data-rate than MI-
MO systems using diversity techniques as we discussed in Section 2.4. For the wireless
system engineer, however, two key factors that are responsible for the advantages of SM-
MIMO systems are how to design the optimized signal transmission form at the transmit
side and the appropriate signal detection at the receive side. The detection and precoding

strategies are studied in this section.

2.5.1 MIMO Detection Techniques

There are a variety of detectors for MIMO systems, and we focus on the classic MIMO
detection algorithms in this section. We begin with the Maximum Likelihood Detection
(MLD) for the reason that it can achieve a full diversity gain, and the BER performance
of MLD can be used as the lower bound to measure the performance of other detection

algorithms.

2.5.1.1 MLD and SD

For a N, by N, MIMO system, given the channel matrix H and the transmitted signal s,
the Probability Density Function (PDF) of the received signal y is

_lly—Hs|?

p(y/H,s) = Wexp( 902 )

(2.34)

where N, is the number of receive antennas and o2 is the variance of the noise. The re-
ceived signal y in (2.35) is usually known, thus, the MLD problems consist of determining

the vector s with the highest a posteriori probability below

. 1 ly — Hs||?
§ = arg max W p(—T), (235)
which is equivalent to solving the following Integer Least Square (ILS) problem,
surp = arg min |y — Hs|?, (2.36)
s€ANu

where A is the set of the constellation points. A straightforward method for solving (2.37)

would be an exhaustive search over all possible points, which is usually termed as MLD
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in the wireless communication field. The probability of detection error is minimized
by MLD, however, its complexity grows exponentially with the number of constellation
points and the number of transmitted streams. Therefore, the MLD is usually impractical

for systems with a large number of antennas and a high order modulation.

In order to reduce the computational complexity of MLD, the Sphere Decoding (SD)
[27, 28] algorithm solves (2.37) by performing a search in a hyper sphere around the
received vector y, thereby reducing the search space and hence the required computational

effort [58,59]. A point belongs to the sphere if
> |ly - Hs|?, (2.37)

where d is the search radius. From (2.37), it is very important to choose an appropriate
initial sphere radius. If d is too large, we may obtain too many points and the search may
remain exponential in size, whereas if d is too small, we may obtain no points inside the
sphere. The search radius d can be chosen based on the statistical properties of the noise
such that with a high probability we find a lattice point inside the sphere. The radius is
selected to be a scaled variance of the noise in such a way that with a high probability we

find a lattice point inside the sphere [58, 60].

2.5.1.2 Linear Detection

In practice, the Linear Detection (LD) algorithms are more feasible due to their low-
er complexity compared to the MLD. This is often observed for a sufficient number of
constellation points and antennas. The performance of the linear detectors, however, is
inferior to that of the MLD, so they are usually considered a suboptimal detection algo-

rithm [2].

LD algorithms take the received vector y and premultiply it by a matrix GG. The matrix
G can be optimized by using different criteria, two of the most popular are the Zero
Forcing (ZF) criterion and Minimum Mean Square Error (MMSE) criterion. The ZF

linear detector is designed to completely eliminate the interference, that is

Gz = (HYH)'H". (2.38)
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The ZF detection filter at the receive side is actually the left inverse of the channel matrix

H from (2.38). The estimation of the transmitted symbol s is
Szr = 8 + Gzpn. (2.39)
Then, the error covariance matrix of ZF detection is obtained as
Pyp = E{(3zr — 8)(3zr — 8)"} = 02GzrGzp". (2.40)

From (2.41), the noise power can be significantly increased by G'zr especially when the
channel is ill conditioned. Thus, the BER performance of the ZF detector will be greatly

reduced. This phenomenon is termed as noise enhancement in wireless communication.

In order to reduce the effects of noise amplification caused by the ZF filter, the MMSE

criterion takes the noise term into account and is designed according to
GyvsE = argménE{HGy—sH}. (2.41)

By utilizing the orthogonality principle E{||Gy — s|ly”} = 0, the Gysk is easily

derived as

Guvse = (H"H + 0°Iy,)"H". (2.42)

As shown in [61], the linear MMSE detector is equivalent to ZF with respect to an ex-
tended system model. The extended channel matrix H and the extended received signal
y are given by

H Yy
— and y= , (2.43)

UnINb ONb,l

The MMSE filter can have a similar format to that of the ZF filter,
Gumse = (H"H) 'H", (2.44)

From (2.44), it is the condition of H that determines the noise amplification not the
condition of H in the MMSE detection case. A better performance can be obtained
by performing the MMSE detection since the MUI mitigation is balanced with noise

enhancement.
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2.5.1.3 Successive Interference Cancelation

The Successive Interference Cancelation (SIC) detection is a good trade-off between the
MLD and the LD, in the view of BER performance and computational complexity [62].
The filters employed in SIC detection are mainly based on the linear filters which are
discussed above. The key idea of SIC detection is layer peeling, that is, the first sym-
bol is decoded first, and then the decoded symbol is canceled in the next layer peeling.
This manipulation is repeated layer by layer until all the symbols are decoded from the
received signal. By layer peeling, the interference caused by the already detected symbols
is canceled. The conventional structure of the SIC detection has been given in [2,35], and
multiple channel inversion operations are required, which increases the computational
complexity. The SIC detection can be equivalently implemented by a QR decomposi-
tion [61, 63], which calculates H = QR, and then computes y' = Q”y. The com-
putational complexity can be reduced dramatically by the QR decomposition based SIC

detection. The detection steps are summarized bellow

/

R Yn,

SN, = Q( 3
TNy, N,

= D TiS
§1:Q<y’ 2 ’“), (2.45)

Tii

where the function )(-) quantizes the received signal to the nearest transmitted symbols.

Finally, the estimated transmit signal § = [3, ..., $,]”.

From the SIC detection steps in (2.45), it is possible that the first decoded stream is the
weakest one among all the streams, and thus it is highly possible that the first decoded
symbol 5y, is wrong. The error will be passed on layer by layer, resulting in a perfor-
mance loss of SIC detection. This phenomenon is called error propagation. For the
reduction of the error propagation effect, we can sort the detection order among all the
streams. This is the basic idea of the so called Ordered Successive Interference Cance-
lation (OSIC) detection. One of the famous OSIC algorithms is Vertical-Bell Laboratory
Layered Space Time (V-BLAST) detection [35]. In the V-BLAST detection structure the
order is obtained by the minimum row norm, that is, the detection order is determined
from the smallest to the largest. The V-BLAST ordering is equivalent to the highest S-
INR ordering. The optimal detection order can be achieved by the V-BLAST, however,

it requires calculation of a matrix inversion at each layer peeling which is computation-
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ally intensive for MIMO systems. In order to reduce the computational effort and find
a better detection order, the Sorted QR Decomposition (SQRD) algorithm is proposed
in [63] for SIC detection. The SQR-ZF-SIC algorithm can achieve almost the same per-
formance as V-BLAST with a fraction of the computational effort; the performance of
SQR-MMSE-SIC is suboptimal while in [61] a low complexity post sorting algorithm
for MMSE-SIC (PSA-MMSE-SIC) is proposed which employs unitary transformations
to achieve the same performance as MMSE-BLAST.

2.5.1.3 Simulation Results

The BER performance of the detection algorithms discussed above are illustrated in Fig-
ure 2.3. A 10 x 10 SU-MIMO system is considered with a block Rayleigh fading channel.
The modulation is uncoded QPSK and the number of trials used to average the curves is

10000 and the packet length is 100 symbols for the simulations. The quantity FEj/Nj is

defined as Ej, /Ny = ]\][\tf 7\%% with NV being the number of information bits transmitted per
channel symbol. As the MMSE approach always offer a better BER performance than
ZF, we focus on MMSE-SIC in this simulation. The ML solution computed with the S-
D algorithm shows the best BER performance, followed by PSA-MMSE-SIC. The BER
performance of MMSE-SIC is quite close to that of PSA-MMSE-SIC at low Ej,/Nys and
is much better than thaf of MMSE, ZF shows the lowest diversity order compared to the

other algorithms.

2.5.2 MIMO Precoding

There are two main reasons that the precoding techniques are so important in wireless
MIMO systems. One is that if the precoding techniques are applied at the source signals
before they are transmitted which reduces the performance loss caused by interference
and channel fading. Thus, the advantage of MIMO system will be enhanced. On the
other hand, it is well know that the BS has more powerful computing ability and the
power supply is normally not an issue at the transmit side. Therefore, if the detection
like processing approaches in Section 2.5.1 can be removed from the receive side to the

transmit side, the structure of UE would be simplified and a significant amount of power
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Figure 2.3: The BER Performance of MIMO Detection Algorithms
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can be saved which is very important considering the mobility of the UE.

2.5.2.1 Linear Precoding

With the CSI available at the transmit side, a simple way to deal with the MUI is to set
the constraint so to force all interference terms to zero, the method is known as the Zero
Forcing (ZF) precoding [20]. Since the transmitted power is limited by Ej, the precoding

matrix has to be designed to satisfy the transmit power constraint, that is
E{||8Ps|*} = E,, (2.46)

where [ is a gain factor to make sure that the transmitted signal power after precoding

will not be changed. The estimation of the transmitted signal s at the receiver side is given

by
5=pF"YBHPs+n). (2.47)
Then, the ZF precoding design problem can be described as follows [64]
{P,B} = argip sy E{||s — 3|}, s.t.E{||BPs|*} = Eq, 3|n—0 = s. (2.48)
The solution of the above optimization problem is

P =B, HY(HH™) ™, (2.49)

E,
fBar = \/tr(<HHH)_1RS). (2.50)

From (2.53), if the channel matrix H is ill conditioned 3z will become smaller and the

performance of ZF precoding will be poor due to E{||s — 3||?} = 3,2tr(R,,).

In order to reduce the noise enhancement, the second constraint in (2.48) needs to be

dropped, that is,
{P, B} = argp s E{lls — 3[°}, s:t.E{||BPs|*} = E,. (2.51)

The above equation (2.51)is the well-known MMSE constraint and its solution is given

by
tr(R,,
P = Byuse(H"H + %Ib)lHH, (2.52)
FE
B = : : (2.53)
MMSE tl‘((HHH + tr(Elzn)Ib)_lHHRsH)
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ZF and MMSE precoding techniques are attractive due to their simplicity, however, hey
result in a reduced throughput or require a higher power at the transmitter in the MU-
MIMO scenarios [65]. As a generalization of the ZF precoding algorithm, Block Diag-
onalization (BD) based precoding algorithms have been proposed in [29, 30] for MU-
MIMO systems especially for receivers with multiple antennas. However, BD based pre-
coding algorithms only take the MUI into account and thus suffer a performance loss at
low SNRs when the noise is the dominant factor. Therefore, a Regularized Block Diag-
onalization (RBD) precoding algorithm which introduces a regularization factor to take

the noise term into account has been proposed in [66].

The design of BD-type precoding algorithms is performed in two steps [29, 66]. The first
precoding filter is used to completely eliminate (by BD) or balance the MUI with noise
(by RBD), then exact (by BD) or approximate (by RBD) parallel SU-MIMO channels are
obtained. The second precoding filter is implemented to parallelize each user’s streams.
Correspondingly, the precoding matrix Py, for the kth user can be rewritten in two parts

as
P, = P;P}, (2.54)

where P € CNo*Mk and P% € CM+*Nk, The parameter M, denotes the number of
streams transmitted by the kth user and is dependent on the specific choice of the precod-
ing algorithm. Therefore, the equivalent combined channel matrix of all users after the

first precoding filter is

(H,P* H,P: ... H,P.|
HP* — H,P{ H,P; ... H,Pj | 2.55)
_HKP‘I‘ HiP; ... HKP%_
We exclude the kth user’s channel matrix and define H, as
H,=[HY ... Hl | HI, ... HY]" e CVoxMo, (2.56)

where N, = N, — N,,. Then, the interference generated to the other users is determined

by Hkpz

K. Zu, Ph.D. Thesis, Department of Electronics, University of York Mar. 2013



CHAPTER 2. LITERATURE REVIEW 31

In order to eliminate all the MUI, we impose the constraint that
Vie(l,...,K) FkPZ zos.t.EHzckH2 =& (2.57)

We term the formulation (2.57) as the BD constraint. Note that the BD constraint is
actually an extension of the ZF constraint in [64] for MU-MIMO with multiple receive
antennas. In order to take the noise term into account as well, an RBD constraint is

developed in [66] and given by

K
Pi = min B{Y [[H P} + 9l na )
k k=1

s.t. B|lzy® = & (2.58)
Assuming that the rank of H, is Ly, define the SVD of H,

Hk; = UkEkaH = Ukik[ V}S) Vl(cO) ]H’ (2.59)

where U}, € CN#*Ne and V, € CNoxNs gre unitary matrices. The diagonal matrix 3, €
CNe*No contains the singular values of the matrix H . Factorizing V', into two parts,
V,(:) e CNo>Lx consists of the first L non-zero singular vectors and V,(CO) € CNox(No=Li)
holds the last N, — L, zero singular vectors. Thus, V}go) forms an orthogonal basis for the

null space of H .. The solution for the BD constraint is given by
poD) — (2.60)
As shown in [66], the solution for the RBD constraint can be obtained as
PiRBD) _ V(B S + ady,) V2, (2.61)

2 . . . . . .
where o = % is the regularization parameter with £ is the whole average transmit

power.

After the first precoding process, the MU-MIMO channel is decoupled into a set of K
parallel independent SU-MIMO channels by the BD precoding. For the RBD precoding,
there are residual interferences between these channels due to the regularization process.

However, these interferences tend to zero at high SNRs. Therefore, the second precoding
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filter P% has the diagonal structure as

P, 0 ... 0
0o Py, ... 0

OOOP}_

And the effective channel matrix for the kth user can be expressed as
H., = H,P;. (2.62)

Define L.s = rank(H .4, ) and consider the second SVD operation on the effective chan-

nel matrix

¥k 0
Hg, =US VY =U | 7 v v 7, (2.63)
0 0
using the unitary matrix U, € Clet*Le and V,(Cl) contains the first L.g singular vectors.

The second precoding filters for BD and RBD precoding can be respectively obtained as

BD
PP — (A ®ED) (2.64)

RBD

PPy, A(RBD) (2.65)

where A is the power loading matrix that depends on the optimization criterion. An
example of power loading is the Water Filling (WF) [2]. The kth user’s decoding matrix

is obtained as
G,=U}, (2.66)

which needs to be known by each user’s receiver.
Note that for the conventional BD-type precoding algorithms, there is a dimensionality
constraint below to be satisfied

N, > max{rank(H,),rank(Hs), ..., rank(Hg)}. (2.67)

Then, we can get the matrix dimension relationship as N, > N, > N, > L, > N, >
Leg. Note that the first SVD operation in (2.59) needs to be implemented K times on H,

with dimension N, x N, and the second SVD operation in Equation (2.63) needs to be
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implemented K times on H ., with dimensions L.g X (N, — fk) for the BD precoding
and L.g X N, for the RBD precoding. From the above analysis, most of the computational
complexity of the BD-type precoding algorithms comes from the two SVD operations
which make the computational complexity of the BD-type precoding algorithms increase

with the number of users K and the system dimensions.

2.5.2.2 Tomlinson-Harashima Precoding

The concept of ”writing on dirty paper” was introduced by Costa in [18]. The traditional
additive Gaussian noise channel is modified to include an additive interference term that

is known at the transmitter
y=S5+1+n, (2.68)

where the quantity y, s, ¢, n is the the received signal, transmitted signal, interference
and Gaussian noise, respectively. If the interference 7 is known deterministically at the
transmit side, the transmitted signal s can be set to s = d — 7, where d is the codeword.
The transmitted power, however, is increased by this setting. And thus, a modulo operator,
which is defined below, is necessary to make sure the coded signal falls into the boundary

of the modulation alphabet.

M, (z) =z — LReT(x)+%JT—jLw+%J T, (2.69)

where |- -- | is the floor function and 7 is a constant for the periodic extension of the

constellation. Then, the transmitted signal s is obtained as
s=M.(d—i)=d—1i— Tk, (2.70)

where k is an integer from the floor function. The modulo function reduces the power
of the transmitted signal form as compared to what it would be if the simple method of
s = d—1 were used. Correspondingly, the received signal regarding the transmitted signal

51n (2.70) is
M;(y) = M;(s +i+n) =M.(d+n). (2.71)

Hence, no additional power is needed to cancel the interference that is used in a nominal

additive Gaussian noise channel. Costa proved that the capacity of this channel is the
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same as if the interference was not present. If the signal has a power constraint ||s||* < p,

then the capacity of this system is

Cppc = log,(1 + £)>

A (2.72)

where NV is the noise power. To use Costa’s analogy, writing on dirty paper is information
theoretically equivalent to writing on clean paper when one knows in advance where the

dirt is, this approach is called Dirty Paper Coding (DPC).

However, DPC is not suitable for practical use due to the requirement of infinitely long
codewords and codebooks [25]. Tomlinson-Harashima precoding (THP) [67, 68] is a
pre-equalization technique originally proposed for channels with Intersymbol Interfer-
ence (ISI). Then, the THP technique was extended from temporal equalization to spatial
equalization for MIMO precoding in [69]. Although THP suffers a performance loss
compared to DPC as shown in [70], it can work as a cost-effective replacement of DPC
in practice [71]. As revealed in [69, 72], the THP structure can be seen as the dual of
the SIC detection implemented at the receive side. In the literature, there are two basic
THP structures according to the positions of the diagonal weighted filter, decentralized
filters located at the receivers or centralized filters deployed at the transmitter, which are

denoted as dTHP or cTHP, respectively [73].

Based on the knowledge of CSI at the transmit side, the interference of the parallel streams
of a MIMO system with spatial multiplexing can be subtracted from the current stream.
This SIC technique at the transmit side is known as THP and can be seen as the dual
of SIC detection at the receive side. Generally, there are three filters to implement the
THP algorithm: the feedback filter B € CS5*5, the feedforward filter F € C5*5, and
the scaling matrix G € C5*9, where S denotes the total number of transmitted streams.
According to the position of G, there are two basic THP structures, which are illustrated
in Fig. 2.4. The decentralized THP (dTHP) employs G (or submatrices of it) at the

receivers, whereas the centralized THP (cTHP) uses GG at the transmitter.

The feedback filter B is used to successively cancel the interference caused by the previ-
ous streams from the current stream. Therefore, the feedback filter B should be a lower
triangular matrix with ones on the main diagonal [72]. The feedforward filter F' is used

to enforce the spatial causality and has to be implemented at the transmit side for MU-
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Figure 2.4: The two basic THP structures.(a) Decentralized THP: the scaling matrix G
is separately placed at the receivers.(b) Centralized THP: the scaling matrix G is placed

at the transmitter.
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MIMO systems because the physically distributed users cannot be processed jointly. The
scaling filter G contains the corresponding weighted coefficient for each stream and thus
it should have a diagonal structure. The quantity & is the channel symbol after the pre-
coding, = Fx for dTHP and € = F G« for cTHP. Finally, the received signal after
the feedback, feedforward, and the scaling filter, for the dTHP and cTHP is respectively
given by

r4THP) — Q(HFz +n), (2.73)

rCTHD) — 5(H . %FG:B +mn), (2.74)

where the quantity z € C°*! is the combined transmit channel signal and n =

n?, n? ]T € C5*L is the combined Gaussian noise vector with i.i.d. entries

n17n27". 7nK
of zero mean and variance 2. The factor (3 is used to impose the power constraint

E||Z||? = £ with £ being the average transmit power.

As reported in the literature, SIC detection can be efficiently implemented by a QR de-
composition [74], whereas THP can be implemented by an LQ decomposition. By utiliz-

ing an LQ decomposition on the channel matrix H, we have
H=LQ, (2.75)

where L is a lower triangular matrix and () is a unitary matrix. Therefore, the filters for

THP algorithm can be obtained as

F =Q", (2.76)
G = diag[li1, b, -, lss] ™, (2.77)
BUTHP) — g, BCTHP) — 1.@G, (2.78)

where [; ; is the ith diagonal element of the matrix L.

From Figure 2.4, the transmitted symbols x; are successively generated as
i—1
mi=si— Y b i=1-- 85, (2.79)
j=1

where s; is the ith transmit data with variance o2 and b; ; are the elements of B inrow ¢ and

column j. From the above formulation, the transmit power will be significantly increased
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as the amplitude of x; exceeds the modulation boundary by the successive cancelation. In
order to reduce the amplitude of the channel symbol z; to the boundary of the modulation

alphabet, a modulo operation M(+) should be employed which is defined element-wise as

Mﬂm):xi_{ngﬁﬂ+%JT—j{E3gﬁﬂ+%Jﬂ (2.80)

where 7 is a constant for the periodic extension of the constellation. The specific value of
7 depends on the chosen modulation alphabet. Common choices for 7 are 7 = 2+/2 for
QPSK symbols and 7 = 8+/10 in case of rectangular 16-QAM when the symbol variance
is one [75]. The modulo processing is equivalent to adding a perturbation vector d to the

transmit data s, such that the modified transmit data are
v=s+d. (2.81)

Thus, the initial signal constellation is extended periodically and the effective transmit

data symbols vy, are taken from the expanded set.

Although the modulo operation is employed to restrict the amplitude of & within the same
scale as that of s, a power loss is introduced by the nonlinear processing of THP, which
can be measured by o = % for the M-QAM constellations [70, 72]. The power loss is
not negligible for small modulation sizes, but for moderate sizes of M it is negligible and
vanishes as M increases. Except for the power loss, a modulo loss is also introduced by
THP due to the received symbols at the boundary of a constellation may be mistaken for
symbols at the opposite boundary [70]. The modulo loss is more significant for the small
constellations. We neglect the power and modulo loss in this work since moderate sizes
of M are employed. Then, we have E||x| ~ E||s||. Since the statistical property of x is
not changed by the multiplication of the unitary matrix F', the normalization factor (3 is
not necessary for dTHP. For cTHP, since the power and modulo loss can be neglected, the
normalization factor is approximately obtained as

_ E|[FGx|| N

— 2.82
="l (282

Mathematically, the feedback processing is equivalent to an inversion operation B!

Therefore, the transmitted symbol x can be written as

x =B 'v=B'(s+d), (2.83)
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Then, the received signal for dTHP and cTHP can be respectively expressed as

r@THP)  — 4 4 Gn, (2.84)

TP — 4 Bn. (2.85)

From (2.84) and (2.85), we can see that the THP can transfer the MU-MIMO channel into

equivalent parallel SISO channel as BD-type precoding.

2.5.2.3 Vector Perturbation

A nonlinear vector perturbation (VP) approach, which is based on Sphere Encoding (SE)
to perturb the data, was proposed in [26]. With the perturbation, a near optimal perfor-
mance is achieved by VP precoding [76]. Assume the quantity u € C¥ is the data vector,

and u is perturbed
u=u+T7l, (2.86)

where 7 is a positive real number and £ is a K -dimensional complex integer vector needs
to be decided. For the ZF-VP, the transmitted channel signal is

1
VB

with H' = H"(H" H)~" and the parameter # = || H ~'@/||>. The scalar 7 is chosen to

H'a, (2.87)

€Tr =

make sure that the original transmit data vector w can solely be restored at the receive side
by applying the modulo operation in (2.69). Usually, the value of 7 is designed according

to the chosen constellation
T = 2(|¢|max + 2/2), (2.88)

where |c|nax 18 the absolute value of the constellation symbols with greatest magnitude,
and A is the smallest distance between two constellation symbols. The perturbation vec-

tor £ is designed to minimize the transmit power normalization

£ = argming ||H 'a|* = argming | H ' (u + 7€) ||*. (2.89)

Equation (2.89) is a K-dimensional integer-lattice least-squares problem, for which there

exist a large number of algorithms, in particular the sphere decoder algorithm [77-79].
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As it is applied at the transmit side, it is referred as sphere encoder in [26]. The MMSE-
VP has been derived in [80]. Note that the THP is a constrained type of VP, however,
finding the optimal perturbation vector can be a nondeterministic polynomial time (NP)-

hard problem.

2.5.2.4 Limited Feedback Techniques

If we want to adopt a precoding strategy to counteract the MUI or channel fading, the
Channel State Information (CSI) must be available at the transmit side. In TDD systems,
the channel information at the transmit side can be obtained by using the reciprocity prin-
ciple, that is, the uplink and downlink of the TDD system are sharing the same channel
to transmit and receive data. In FDD systems, the uplink and downlink employ differ-
ent frequencies to transmit and receive signals, thus the channel information need to be
estimated and fed back from the receive side to the transmit side in the FDD systems.
Furthermore, it is impossible to feed back all the channel information from the receive
side to the transmit side due to the fact that the bandwidth of the control channel is limit-
ed. Therefore, a reasonable way to feed back the channel information is through limited

feedback techniques.

The channel H is usually obtained at the receiver through procedures such as training. As
pointed out in [81] that allowing the receiver to send a small number of information bits
about the channel conditions to the transmitter can allow near optimal channel adaptation.
The general idea of limited feedback is that the receiver quantizes some function of H
using Vector Quantization (VQ) techniques. VQ approaches using the Lloyd algorithm
[82] have been shown in [83]. Grassmannian line packing approach has been proposed
in [84]. The Random Vector Quantization (RVQ) was first proposed in [85], which the
codebook is randomly generated. With the benefits achieved by the limited feedback
techniques, the price is the overhead loss. The role of overhead is discussed and analyzed

in [86-88].
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2.5.2.5 Simulation Results

In this section, a MU-MIMO system with N, = 8 transmit antennas and K = 4 users
each equipped with N, = 2 receive antennas is considered; this scenario is denoted as the
(2,2,2,2) x 8 case. Uncoded QPSK modulation schemes are employed in the simulation.
The channel matrix H is assumed to be a complex i.i.d. Gaussian matrix with zero mean
and unit variance. The number of simulation trials is 10° and the packet length is 102

symbols.

As illustrated in Figure 2.5, the BER performance of the BD and RBD precoding algo-
rithms is worse than that of the THP algorithms. For the THP algorithms, a better BER
performance is offered by ZF-dTHP over ZF-cTHP, while a much better BER perfor-
mance is achieved by MMSE-cTHP than MMSE-dTHP. The maximum transmit diversity
order is achieved by MMSE-VP.

2.6 Lattice Reduction Techniques

Lattice Reduction (LR) is another preprocessing and detection technique that has recently
attracted significant research efforts. Yao and Wornell [89] used the LR algorithm in
conjunction with MIMO detection techniques. The symbol error rate curves can parallel
the maximum-likelihood detection by using LR-aided detection schemes. For this reason,
a great deal of interest has been devoted to exploring the application of LR in MIMO
systems. The LR-aided detection schemes with respect to the minimum mean square
error criterion have been extended by Wiiebben et al [90]. In [91] not only the LR-aided
SU-MIMO detection but also the LR-aided SU-MIMO precoding has been investigated.

LR-aided MIMO precoding for decentralized receivers was first investigated in [69].

2.6.1 Lattice Reduction Algorithms

The most commonly used LR algorithm is the LLL algorithm which was first proposed
by Lenstra, Lenstra, and L. Lovasz in [92]. The essence of the LLL algorithm is to or-

thogonalize the columns of the channel matrix and reduce its size as well. The LLL algo-
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Figure 2.5: The BER performance of MIMO Precoding Algorithms.
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rithm cannot guarantee to find the optimal lattice basis which can be found by Korkin and
Zolotarev (KZ) reduction which is an exponential-time lattice reduction algorithm [93].
As pointed in [94], the KZ reduction is infeasible in practice due to its high complexity.
Through the LLL algorithm, only the real value-based matrix can be processed which
may lead to extra unnecessary complexity when the channel has large dimensions. In or-
der to reduce the computational complexity further, the complex LLL (CLLL) algorithm
was proposed in [95]. The overall complexity of CLLL algorithm is nearly half of the
LLL algorithm without sacrificing any performance. Gram-Schmidt orthogonalization
procedure and size reduction are the two core components of the LR algorithm. In or-
der to simplify the system structure, the Complex Lattice Reduction (CLR) algorithm is

employed in this report. A complex lattice is a set of points,
L(H)={Hzx|x, € Z+ jZ}, (2.90)

where H = {hy, ho,--- ,hy,} contains the bases of the lattice L(H). Actually, any

matrix H can generate the same lattice as H if and only if
H=HU, (2.91)

where U is a unimodular matrix (|[detU | = 1) and all elements of U are complex integers,
i.e. uy € Z+jZ. The aim of the CLR algorithm is to find a new basis H which is shorter
and nearly orthogonal compared to the original matrix H. By the QR decomposition,
H = QR, where Q is an orthogonal matrix with unit length (Q'Q = Iy,) and the
upper-triangular matrix R is a rotated and reflected representation of H. Thus, each

column vector h;, of H is given by [90]

k
hie =Y g, (2.92)

=1
where g, is the [th column of Q. If |ry x|, ..., |7x—1 x| are close to zero, we can say that hy, is

almost orthogonal to the space spanned by hy, ..., h;_;. Similarly, the QR decomposition
of H is H = QR. Then, the basis for L(H) is CLLL reduced if both of the following

conditions are satisfied

1
|7:l,k‘ < §|7:l,l|; 1< <k < Nb, (293)
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S|k 1kt < |Frl® + [Fac1kl® 2 <k < Ny, (2.94)

where § € ( %, 1] influences the quality of the reduced basis and the computational com-
plexity. We usually set 6 = % to achieve a trade-off between performance and complexi-

ty [92].

From the definition in (2.91), the lattice L(H) can have infinitely many different bases
other than H . For any unimodular matrix U which satisfies |detU| = 1and u;x, € Z+jZ,

there will be a corresponding basis H.

2.6.2 Lattice Reduction Aided Detection and Precoding

The CLR-reduced channel matrix H has a better channel quality compared to the original
channel matrix H. If the MIMO receivers were designed based on H , a better detector
performance can be achieved due to less noise enhancement by H. The CLR aided MI-

MO detection structure is illustrated below,

n ~ A
Y Y . 2 S
—= H LR Detecto—| Shift&Scale -=»| U [—»

Figure 2.6: LR Aided MIMO Detection Structure.

In Fig. 2.6, the quantity s is the transmit M-QAM signal. The set of M-QAM constellation
is givenby S = {1 (1£1)a, 3(1 4+ 1)a, ..., YY=1(141)a}. The parameter a = /6/M — 1
is used for normalizing the power of the transmit signals to 1. With H = HU, the

received signal can be rewritten as
y=Hs+n=HUU 's+n=Hz+n, (2.95)
where z = U 's is the equivalent transmit signal.

From (2.103), the receive filter of LR-aided ZF detection is designed based on the LR

transformed channel matrix H ,

Grr_zr = (HYH) 'HY, (2.96)
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Then, the signal after LR detector is 2 = z + G'Lg_ zrn. Finally, the estimation of the

original transmit signal s is given by

s=Uz. (2.97)

Since U is a unimodular matix, the statistical properties of Un are identical to those of

n. Therefore, the estimation error covariance matrix of ZF detection is
(I)LRfZF = E{(§ — 8)(.§ — S)H} = UiGLR_ZFGfR_ZF, (298)

From (2.98), the BER performance of the LR-aided ZF detector will be degraded by
G . r—zF. Therefore, the effect of noise enhancement will be moderated due to the fact
that G r_ zF is better conditioned as compared to the conventional Gz . The LR-aided
MMSE detection can be implemented in a straightforward way on the extended channel

matrix in (2.43).

For the LR-aided SIC detection, the QR decomposition is implemented on the lattice
transformed channel matrix, H = QR, and then computes § = Qy. The detection

steps of LR-aided SIC are summarized bellow

N, = [ I, J (2.99)
7“]Vsz\]b
i — S T
5= P 2jzit1 Tig JJ, (2.100)
Tii

where the quantity r; ; are the elements of J2 in row ¢ and column j withs = N, —1, ..., 1.

Finally, we have Z = [Zy, ..., 2y, )"

After the receive filter, the estimated transmit signal § can be obtained by § = Uz.
However, the elements of U z are far from integers and a serious performance loss will
be caused if U z was quantized directly. In order to avoid the quantization error caused
by rounding as much as possible, proper shifting and scaling work should be done before
multiplying the received signal by U. The estimation of z is,

1

2U‘11Nb), (2.101)

2 =a(z+

where z = [2Z2 — %U -1 n, |- Finally the estimated transmit signal s can be easily

obtained by § = UZ. Another promising application of lattice reduction in wireless
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communications is efficient precoding. Instead of performing the CLLL reduction on H,

the CLLL reduction is implemented on H” in the precoding scenario [91,96], that is
H=UH. (2.102)
With H = U ' H, the received signal can be rewritten as
y=HPs+n=U 'HPs+n. (2.103)

Therefore, the design of the precoding filter P is based on the lattice reduced matrix H.

2.6.3 Simulation Results

In this section, the BER performance of LR-aided MIMO detection and LR-aided pre-
coding algorithms are illustrated, respectively. A (2,2,2) x 6 MU-MIMO systems with
un-coded QPSK modulation is considered. The channel matrix H is assumed to be a

complex Gaussian matrix with zero mean and unit variance.

From Figure 2.7, we can find that the BER performance of LR-aided ZF detection al-
gorithms is better than their conventional counterparts. In addition, the LR-aided SIC
detectors show a similar diversity order with that of the SD. The best BER performance
is achieved by SD, its computational complexity, however, is considerably higher than

LR-aided SIC detections.

Figure 2.8 illustrates the BER performance of LR-aided precoding algorithms. It is clear
that better BER performances are achieved by the LR-aided precoding compared to their
corresponding conventional precoding algorithms at high £, /Nys. The improved gain
comes from the LR transformation, which provides a better equivalent channel matrix.
Actually, if the equivalent channel is strictly orthogonal between each other the maximum
transmit diversity order could be achieved by the [LR-aided linear precoding algorithm-

s [91].
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Figure 2.7: The BER performance of LR-aided MIMO Detection Algorithms.
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Figure 2.8: The BER performance of LR-aided MIMO Precoding Algorithms.
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Regularized Block Diagonalization (RBD) is a well-known precoding algorithm for
MU-MIMO systems. By employing RBD precoding algorithm, the MU-MIMO broad-
cast channel is decomposed into multiple independent parallel SU-MIMO channels and
achieves the maximum diversity order at high data rates. The computational complexity
of the RBD precoding algorithm, however, is relatively high due to two singular SVD
operations which hinder their applications for large MIMO systems. In this Chapter, a
low-complexity lattice reduction-aided RBD algorithm is proposed. For convenience, the

proposed algorithm is termed as LC-RBD-LR in this Chapter. The first SVD of RBD pre-
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coding algorithms is replaced by a QR decomposition, and the orthogonalization proce-
dure provided by the second SVD is substituted by a lattice-reduction whose complexity
is mainly contributed by a QR decomposition. Analytical and simulation results show
that the proposed LC-RBD-LR algorithm can achieve almost the same sum-rate as RBD,
substantial BER performance gains and a simplified receiver structure, while requiring a

lower complexity.

3.1 Introduction

Unlike the received signal in SU-MIMO systems, the received signals of different users
in MU-MIMO systems not only suffer from the noise and inter-antenna interference but
are also affected by the multiuser interference (MUI). Channel inversion based strategies
such as ZF and MMSE precoding [64,97, 98] can be still used to cancel the MUI, but
they result in a reduced throughput or require a higher power at the transmitter [99]. BD
precoding algorithm has been proposed in [29] to improve the sum-rate or reduce the
transmitted power. However, BD precoding only takes the MUI into account and suffers
a performance loss at low SNRs when the noise is the dominant factor. Therefore, the
regularized block diagonalization (RBD) precoding which introduces a regularization to

take the noise term into account has been proposed in [66].

The main steps for RBD are two SVD operations. The first SVD is implemented to
transform the MU-MIMO channel into a set of parallel equivalent SU-MIMO channels,
where each user channel has the same properties as a conventional SU-MIMO channel
[30]. The second SVD is used to orthogonalize the equivalent SU-MIMO channels and
obtain a power loading matrix. For the RBD algorithm we still need a unitary matrix for
decoding, which is obtained by the second SVD, to orthogonalize each user’s stream. The
second SVD can be either computed at the transmit side or the receive side. If the second
SVD is implemented at the transmit side, the corresponding decoding matrix needs to
be informed to each distributed receiver, which requires an extra control overhead [100].
If the second SVD is implemented at the receive side, not only the complexity of the
receiver will be increased but also the corresponding equivalent CSI after the first SVD

precoding must be known or estimated by each receiver. In addition, due to these two
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SVD operations, the computational complexity of RBD is relatively high compared with

the linear precoding algorithms.

In order to reduce the complexity of RBD, the first SVD of RBD is replaced with a
less complex LQ decomposition in [1], which results in the same performance as the
original RBD precoding algorithm. We term the low-complexity implementation of RBD
in [1] as QR/SVD RBD and adopt it to get the first precoding filters due to its lower
computational complexity and equivalent performance to the original RBD in [66]. In
order to reduce the complexity further and to obtain a better BER performance, the second
SVD is replaced by a complex lattice reduction whose complexity is mainly due to a QR
decomposition. The aim of the LR algorithm is to find a new basis which is shorter and
nearly orthogonal as compared to the original matrix. Therefore, if the second precoding
filters for the equivalent SU-MIMO channels after the first SVD were designed based on
the lattice reduced channel matrix, a better BER performance can be achieved. Then, a
low-complexity LR-aided RBD precoding algorithm is proposed, which not only has a
lower complexity but also achieves a better BER performance than the RBD or QR/SVD
RBD.

It is worth noting that the two SVDs are no longer required in the proposed algorithm
which only needs the CSI at the transmitter and a quantization procedure at the receiver.
Hence, the required computational effort for each user’s receiver is reduced and a sig-
nificant amount of transmit power can be saved which is very important considering the

mobility of the users.

3.2 System Model

We consider an uncoded MU-MIMO broadcast channel, with /V, transmit antennas at the
BS and Ny, receive antennas at the kth user. With K users in the system, the total number
of receive antennas is N, = Ele Nj.. We assume a flat fading MIMO channel and the

received signal at the kth user is given by

K
yp =B (HyPrsp + H, Y Pjsj+ny), 3.1)
j=1,j#k
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where H;, € CV+*™ ig the kth user’s channel matrix. The quantity P;, € CNoXNx is the
precoding matrix, 3 is a scalar chosen to make sure the energy of the precoded signal is
not greater than the average transmit power E,. The quantity s, € C"* is the kth user’s
transmit signal, and n, € C™* is the kth user’s Gaussian noise with independent and

identically distributed (i.i.d.) entries of zero mean and variance o2.

3.3 Proposed LC-RBD-LR Algorithm

From the system model, the combined channel matrix is given by H =
[H{ HY ... H}]". We exclude the kth user’s channel matrix and define H,; =
(HT H | HY,, ... HL]", so that H), € CV**™_ where Nj = N, — Ni. The pro-
posed precoder design is performed in two steps. Correspondingly, the precoding matrix

in (3.1) can be rewritten as P;, = 3P P?.

Step 1: Obtain the first precoding matrix P; in RBD by a LQ decomposition of an

extension of the matrix H .
For user &, the channel extension of H, is defined as
Hy = pIy, Hy, (3.2)
where p = \/@ and I'y, isa N}, x Ny, identity matrix. The LQ decomposition of ﬁkH
is given by
Hy, = LQ,, (3.3)
where Q,, is an (N}, + N}) x (N + N,) unitary matrix and Ly, is an Nj, x (Nj + Np)
lower triangular matrix. The lower matrix Lj, can be partitioned into two parts as
L= [L,{, Lg} : (3.4)

where Li € CN#*Nr holds the lower triangular structure and L) € CN+*Nt is a zero

matrix. Multiplying both sides of (3.2) with Q;/, we can obtain

ﬁkaH: [Ojﬁk] Qk,l Qk,Z 3.5

Qk,3 Qk,4
= |z,
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where Q,, € CNv*Ne Q. , € CNexMNo Q. € CNo*Ne and Q,,, € CM*No, Because

LY is a zero matrix, we can obtain

ﬁkaA = —pIQ,,, (3.6)
—H
QL H, =-pQ,I. (3.7)

Multiplying both sides of (3.6) with Qﬁ 4ﬁkH we have,
QkH,4HkHFka,4 - P2QkH,2Qk,2 =0. (3.8)
Due to the fact that QkH,QQk’2 + Q&Qm = I, we can obtain
QkHA(FkHFk + pQI)QkA = PQI- (3.9)
Considering the SVD decomposition of H, = ﬁkkakH, we have
QIVE, S+ PP TV, Quy = p°I. (3.10)
Thus, we can obtain
Qia = PVi(E. S + 1) V2. (3.11)

Mathematically, the @, 4 in (3.11) is equivalent to the first precoding matrix P§ of RBD
in (2.61) and satisfies the RBD constraint defined in (2.58). Compared to the conventional
RBD precoding, the first precoding filter P; for the proposed LC-RBD-LR algorithm is
obtained by an LQ decomposition. Because the first SVD operation is avoided, a consid-
erable computational complexity can be reduced. Then, the first precoding matrix P}, for

the kth user is obtained as
P} =Qu(Np+1:Ny+ Ny, N+ 1:Np+ Ny, (3.12)
and the first combined precoding matrix for all users is
p* =[P}, P;, ..., P%]. (3.13)

Step 2: Employ the CLR algorithm instead of the second SVD to implement the
size-reduction, and obtain the second precoding matrix P’ by implementing channel

inversion.
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The aim of the CLR transformation is to find a new basis H which is nearly orthogonal
compared to the original matrix H for a given lattice L(H ). After the first precoding, the

effective channel matrix for the kth user is

H.;, = H,P;. (3.14)

We perform the CLR transformation on H eTﬂk in the precoding scenario [91], that is
Her, = UrHe,, (3.15)

where Uy, is a unimodular matrix (det|Uy| = 1) and all elements of U} are complex

integers, i.e. u;; € Z + jZ.

By using the ZF precoding approach, the second precoding matrix for user k is given as
~b ~ H ~ ~ H
PZFk - Heffk(Hefkaeffk) g (3.16)

The MMSE precoding is equivalent to ZF with respect to an extended system model

[90,101]. The extended channel matrix H for the precoding scheme is defined as
H=[H, o,Iy,)]. (3.17)

The MMSE precoding filter can be rewritten as Pysg = AH H (HH H )~!, where
A = [In,, Oy, n,]. The rows of H determine the effective transmit power amplifica-
tion. Correspondingly, the CLR transformation should be applied to the transpose of the
extended channel matrix Hl; = [Heg,, 0,Xy,]" for the MMSE precoding, and thus
the CLR transformed channel matrix Eeﬁk is obtained. Then, the CLR-aided MMSE

precoding filter is given by
~b ~ H | ~ ~ H | _
PMMSEk = Aﬂeffk (ﬂeﬁkﬂeﬁk) g (3.18)

Finally, the second precoding matrix P’ for all users is

P, 0 ... 0
0

P, ... 0
=] Tt T (3.19)

0 0 o P
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The resulting precoding matrix is P = ﬁP“ﬁb, where the gain factor =

\/ Es/ (HP“ISbHQ). Since the lattice reduced precoding matrix P’ has near-orthogonal
columns, it is able to reduce the interference to a lower level than the precoder P? ob-
tained from the linear or BD designs. The required transmit power will be reduced and a

better BER performance can be achieved by the proposed LC-RBD-LR algorithm.

The received signal is finally obtained as
y=L0"'(HPs+n). (3.20)

The mainly processing work left for the receiver is to quantize the received signal y to
the nearest transmitted symbols and the decoding matrix Gy, in the conventional RBD

precoding is not needed anymore.

3.4 Computational Complexity Analysis

In this section we use the total number of FLOPSs to measure the computational complexity
of the proposed and existing algorithms. According to [95], the average complexity of the
CLR algorithm is almost 1.6 times of the QR decomposition. FLOPs for real QR, SVD
and complex QR decomposition are given in [102]. In real arithmetic, a multiply followed
by an addition needs 2 FLOPs. With complex-valued quantities, a multiplication followed
by an addition needs 8 FLOPs. Thus, the complexity of a complex matrix multiplication
is nearly 4 times its real counterpart. For a complex m x n matrix A, its SVD is given by
A =UXV?" where U and V are unitary matrices and 3 is a diagonal matrix containing
the singular values of matrix A. Rewriting this formulation, we have

A, A u, U, ¥ 0 Vf V;T

= : (3.21)

—A;, A, U, U, 0o || Vvl —v!
From (3.21), the number of FLOPs required by a m x n complex SVD is equivalent to the
complexity required by its extended 2m x 2n real matrix. We summarize the total FLOPs

needed for the matrix operations below:

e Multiplication of m x n and n X p complex matrices: 8mnp — 2mp;
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e QR decomposition of an m x n (m < n) complex matrix: 16(n*m — nm? + 1m?);

e SVD of an m x n (m < n) complex matrix where only 3 and V' are obtained:

32(nm? + 2m?);

e SVD of an m x n (m < n) complex matrix where U, 3 and V' are obtained:

8(4n’m + 8nm? + 9m?);

e Inversion of an m x m real matrix: 2m? — 2m?2 + m.

For the case shown in Table 3.1, Table 3.2 and Table 3.3, the complexity of the proposed
LC-RBD-LR-ZF is about 43.6% of RBD and 67.5% of the QR/SVD RBD, while the
complexity of the proposed LC-RBD-LR-MMSE is about 52.7% of RBD and 81.6% of
the QR/SVD RBD. Clearly, the proposed algorithm requires the lowest complexity.

The required number of FLOPs of the proposed and existing algorithms are simulated for
different system dimensions and the results are displayed in Figure 3.1. The simulations
are implemented in Matlab and we average the curves over 100 independent trials. More-
over, we assume that each user is equipped with N, = 2 antennas and the number of users
K 1is set to make the total number of receive antennas N, equal to the number of transmit
antennas V. From Figure 3.1, it is clear that the proposed LC-RBD-LR algorithms show
a lower computational complexity than that of the RBD and QR/SVD RBD algorithms. It
is worth noting that with the increase of the system dimension, the complexity reduction

becomes more considerable.

3.5 Connection with BD precoding

The connection of LC-RBD-LR from the RBD precoding to the BD precoding is straight-

forward by defining the channel extension of H, as

H) = [0, Fk] , (3.22)
where 0 € CN+*Nk is a zero matrix. The LQ decomposition of ﬁk is given by

H,=L.Q,. (3.23)
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Figure 3.1: Computational Complexity in FLOPs for MU-MIMO Systems
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Table 3.1: Computational complexity of LC-RBD-LR algorithm

Steps  Operations Flops Case
(2,2,2) x 6
—H —
1 QR(H,) 16K (N2 N+
NN, + 1N} 12544
2 H, P K(8N2N, —2N?2) 552
3zF CLR(H;, )" 25.6 K (N2 Ny—
NyNE + LN}) 3891
3wmse  CLR(H G, )" 25.6 K (NN +
NyNE+ $NP) 7578

~ H ~ ~ H
b Hyg (He Hyz)™' K(AN+12N2N, 800
—2NZ — 2N N,) Total 17787
~ H ~ ~ H
dunse  Heog, (Hog, Hog, )™ K(3N] +12NEN, 824
—2Nko) Total 21498

where L, € CNe*(Ne+No) js a lower triangular matrix and Q, € CWVe+No)x(NitNo) jg
a unitary matrix. Since H, is a rectangular matrix, we can express or partition the L

matrix into two factors as
L, = [L,g Lg} , (3.24)

where Li € CN#*Nr holds the lower triangular structure and L) € CN+*Nt is a zero
matrix. Multiplying the both side of (3.22) with QkH , We can obtain

ﬁkaHZ[O,ﬁk} Qk,l Qk,Z ’ (3.25)

Qk,g Qk,4
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Table 3.2: Computational complexity of Conventional RBD

Steps  Operations Flops Case
(2,2,2) x 6

1 vesever 32K (N,N; + 2N;) 21504

2 (2eTse 4+ p2I,)" 2 K(18N, + Ny 336

3 ViD:, (D¢ +2) 8KN} 5184

4 H,P; K(8NZN, — 2N2) 552

5 Uity 64K (2NP+ 13248

NyNE+ $NZN;)  Total 40824

Table 3.3: Computational complexity of QR/SVD RBD [1]

Steps Operations Flops Case
(2,2,2) 6
—H _
1 H, = Q.R, 16 K (NN -+
NN, + 1N} 12544
2 H., = H, P! K(8N2N, — 2N?) 552
3 H, = USSIVE" 64K (INF+ 13248

where Q). ; € CNex Nk, Qs € CNex N Qs € CNo*Nt and Q.4 € CV*™_ Since LY

is a zero matrix, we can get the fact that
HiQ =Ly =0, (3.26)

the matrix Q) , forms an orthogonal basis for the null space H . and satisfies the BD

constraint in (2.57). Therefore, the first BD precoding filter for the kth user is alternatively
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obtained as

Py = Qk,4' (3.27)

After the first precoding, we transform the MU-MIMO channel into equivalent parallel
SU-MIMO channels. The second precoding filter P? can be obtained by implementing
the LR-aided linear precoding process in Step 2. Note that the dimension constraint of the
conventional BD-type precoding in (2.67) is overcome by the proposed LC-BD-LR type
precoding algorithm since the columns of H are increased from the matrix extension in

(3.6) and (3.22).

3.6 The Influence of Imperfect Channels

It is well-known in the literature that perfect CSI is impractical due to the often inaccurate
channel estimation and the CSI feedback errors [20, 103]. The estimation errors or feed-
back errors can be modeled as a complex random Gaussian noise E with i.i.d. entries of

zero mean and variance o>. The imperfect channel matrix H  is defined as
H.=H+FE, (3.28)

where the precoding matrix P has to be designed based on the feedback channel H . while
the physical channel is H during each transmission. Correspondingly, the precoding
matrix P has to be designed based on the feedback channel H . while the physical channel
is H during each transmission. Therefore, the BER performance will be degraded by the
distortion term E. Assuming that the precoding matrix P is designed according to the

LC-RBD-LR-ZF precoding algorithm, the received signal is given by
y=(H,—-E)Ps+ 3 'n=s—-EPs+ /3 'n, (3.29)

where E Ps is the interference term caused by the imperfect CSI. The error covariance

matrix is obtained as
®.. = E[(y — s)(y — 8)] = 2E[PP"] + 57252 (3.30)

With perfect CSI, o2 is zero in ®.. and the total error is only determined by the noise

term n; if there exists estimation errors or feedback errors, however, the total error ®., is

K. Zu, Ph.D. Thesis, Department of Electronics, University of York Mar. 2013



CHAPTER 3. LOW-COMPLEXITY LR-AIDED REGULARIZED BLOCK DIAGONALIZATION 60

not only affected by the noise n but also influenced by the distortion term E. Thus the

BER performance would become worse with the increase of the distortion power o2,

Another factor that we should take into account is the spatial correlation caused by sparse
scattering and insufficient spacing between adjacent antennas [103]. The Kronecker mod-

el of a correlated channel matrix can be written as [2]
1 1
H.=R;HR;}, (3.31)

where Ri and Ry are receive and transmit covariance matrices with 7r(Rgr) = N,
and Tr(Ry) = N,. Both Ri and Ry are positive semi-definite Hermitian matrices.
In the presence of receive or transmit correlation, the rank of H . is constrained by
min(r(Rg),(Rr)). Therefore, the system will suffer both BER and sum-rate perfor-
mance losses because of the rank deficiency. For the case of an urban wireless environ-
ment, the UE is always surrounded by rich scattering objects and the channel is most
likely independent Rayleigh fading at the receive side. From the transmitter’s point of
view, however, the spatial structure of the channel is governed by remote scattering ob-
jects and will most likely result in a highly spatially correlated scenario [45]. Hence, we

assume Ry = I, and thus we have

H.- HR.. (3.32)

To study the effect of antenna correlations, random realizations of correlated channels are
generated according to the exponential correlation model [46] such that the elements of

Ry are given by

rT i<
<1 (3.33)
Thy 1>

Rij —

where 7 is the correlation coefficient between any two neighboring antennas. This correla-
tion model is suitable for our study since, in practice, the correlation between neighboring
channels is higher than that between distant channels. In the following, we examine the

performance of the above precoding algorithms with |r| = 0.2,0.5 and 0.7.

K. Zu, Ph.D. Thesis, Department of Electronics, University of York Mar. 2013



CHAPTER 3. LOW-COMPLEXITY LR-AIDED REGULARIZED BLOCK DIAGONALIZATION 61

3.7 Simulation Results

A system with N, = 6 transmit antennas and K = 3 users each equipped with N, = 2

receive antennas is considered; this scenario is denoted as (2, 2,2) x 6 case.

3.7.1 Perfect Channel Scenario

The transmitted signal s, of the kth user employs QPSK modulation. The channel matrix
H . of the kth user is modeled as a complex Gaussian channel matrix with zero mean
and unit variance. We assume an uncorrelated block fading channel, that is, the channel
is static during each transmit packet and there is no correlation between the antennas.
We also assume that the channel estimation is perfect at the receive side and the feed-
back channel is error free. For simplicity we do not consider the power loading between
users and streams and we term this strategy as no power loading (NPL). The number of
simulation trials is 10° and the packet length is 10? symbols. The E,/Nj is defined as
Ey/Ny = % with M being the number of transmitted information bits per channel
symbol.

Figure 3.2 shows the BER performance of the proposed and existing algorithms. It is
clear that the proposed algorithm has a better performance compared to the BD, RBD and
QR/SVD RBD algorithms. The QR/SVD RBD has the same BER performance as the
RBD. At the BER of 1072, LC-RBD-LR-ZF has a gain of more than 6 dB compared to the
RBD, whereas LC-RBD-LR-MMSE has a gain of more than 7 dB over RBD. It is worth
noting that the BER performance of RBD is outperformed by the proposed LC-RBD-LR-
MMSE in the whole E} /N, range and the improved BER gains become more significant
with the increase of Ej/Ny. The BER performance of RBD is actually dependent on
the power loading algorithm being used, an improved diversity (impD) power loading
algorithm is proposed in [66] to achieve a better BER performance for RBD. For a fair
comparison, the RBD with impD power loading is simulated and the comparison with the
proposed algorithm is shown as well in Figure 3.2. As we can see, RBD-impD shows a
5 dB gains over RBD-NPL at BER around 2.8 x 1073; however, it still gets 5 dB loss
compared to the proposed LC-RBD-LR-MMSE algorithm.
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Figure 3.2: BER performance, (2,2,2) x 6 MU-MIMO
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Figure 3.3 illustrates the sum-rate of the proposed and existing algorithms. The sum-rate

is calculated using [104]:
C = log(det(I + o, > HPP"H™)) (bits/Hz). (3.34)

From Figure 3.3, the proposed LC-RBD-LR-MMSE has the same sum-rate as RBD at
low E,/Nps. At high E},/Ngs, it is slightly inferior to the RBD but requires a lower

computational complexity.
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Figure 3.3: Sum-rate performance, (2,2,2) x 6 MU-MIMO
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3.7.2 Imperfect Channel Scenario

In order to measure the robustness of the proposed LC-RBD-LR type precoding algorith-
m, we need to consider the scenarios of imperfect CSI at the transmit side and channels

with spatial correlation as well.

Figure 3.4 gives the BER performance of the above algorithms with imperfect CSI of a
fixed £,/ Ny = 10 dB. It is clear that by increasing the distortion noise power o2, the BER
gets worse for all the above algorithms. The proposed LC-RBD-LR-MMSE outperforms
RBD when o2 is below 10!, however, for severe distortions. RBD is more robust and

reliable than the other algorithms.
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Figure 3.4: Sum-rate performance, (2,2,2) x 6 MU-MIMO
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Figure 3.5 and Figure 3.6 display the BER and sum-rate performances of the above al-
gorithms with spatial correlation. It is obvious that both BER and sum-rate performance
deteriorate with the increase of the correlation coefficient ». The BER performance of
the proposed LC-RBD-LR-ZF and LC-RBD-LR-MMSE outperform the BD and RBD
algorithms from slight to the severe correlations. Due to the second step being based on
the channel inversion strategy, the proposed algorithms still suffer a little sum-rate loss at
high SNRs. At low SNRs, however, the sum-rate of the proposed LC-RBD-LR-MMSE
gradually becomes better compared to the RBD. For example, with the highly correlated
scenario || = 0.7, the sum-rate of LC-RBD-LR-MMSE is better than RBD from 0 dB
to 10 dB, which illustrates the robustness when the proposed algorithms encounter spatial

correlation.

BER
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Figure 3.5: Sum-rate performance, (2,2,2) x 6 MU-MIMO
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Figure 3.6: Sum-rate performance, (2,2,2) x 6 MU-MIMO

3.8 Summary

In this Chapter, a low-complexity precoding algorithm for MU-MIMO systems has been
proposed. The complexity of the precoding process is reduced and a considerable BER
gain is achieved by the proposed LC-RBD-LR algorithm at a cost of a slight sum-rate loss
at high SNRs. The computational complexity of the proposed LC-RBD-LR algorithm is
analyzed and compared to existing algorithms. The proposed algorithm shows a robust
performance in the presence of imperfect CSI and spatial correlation. It is worth noting
that the receiver is simplified by employing the proposed LC-RBD-LR algorithm at the

transmit side as there is no need for an SVD at the receiver.
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Based on multiple QR decompositions and lattice reductions, the LC-RBD-LR precoding
algorithm has been proposed for the improvement of RBD in Chapter 3. The main com-
putational complexity of BD-type precoding algorithms comes from two singular value
decomposition (SVD) operations, which depends on the number of users and the dimen-
sions of each user’s channel matrix. Then, if the dimensions of a wireless system are
high, the implementation of the BD-type precoding algorithms could be an issue. In this
Chapter, another class of low-complexity BD-type precoding algorithms, which can offer

further reduction in computational complexity compared to the LC-RBD-LR while main-
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taining almost the same performance, are developed and proposed. Based on a channel
inversion technique, QR decompositions, and lattice reductions, the proposed precoding
algorithms decouple the MU-MIMO channel into equivalent SU-MIMO channels. An-
alytical and simulation results show that the proposed precoding algorithms can achieve
a comparable sum-rate performance as BD-type precoding algorithms, substantial BER
performance gains, and a simplified receiver structure, while requiring a much lower com-

plexity.

4.1 Introduction

In order to meet the continuous growing data traffic, a downlink peak spectrum efficien-
cy of 30 bps/Hz and an uplink peak spectrum efficiency of 15 bps/Hz is proposed in
LTE-Advanced [14], and a configuration of up to 8 transmit antennas for the downlink is
suggested. A new amendment for the WLAN standard IEEE 802.11ac [13] also recom-
mends up to 8 MIMO spatial streams. Configurations with dozens of antennas are now
being considered [23]. High-dimensional MIMO systems or large MIMO systems are
very promising for the next generation of wireless communication systems due to their
potential to improve rate and reliability dramatically [24]. However, it is a challenge to
design a suitable precoding algorithm with good overall performance and low computa-

tional complexity at the same time for high-dimensional MIMO systems.

As we discussed in the previous Section, the main steps of the BD-type precoding algo-
rithms are two SVD operations. And another distinctive aspect of the BD-type precoding
algorithms is that they need a decoding matrix which can be obtained by the second SVD
operation to orthogonalize each user’s streams. This requirement brings extra control
overhead or computational complexity. In addition, as revealed in Chapter 3, the com-
putational complexity of the BD-type precoding algorithms depends on the number of
users and the dimensions of each user’s channel matrix which could result in a consider-
able computational cost for MU-MIMO systems with a large number of users each with

multiple receive antennas.

Recent work on the BD-type precoding algorithms has focused on the reduction of their

computational complexity. A low complexity Generalized ZF (GZ1) channel inversion
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method has been proposed in [105] to equivalently implement the first SVD operation
of the original BD precoding which is proposed in [29], and a Generalized MMSE (G-
MI) channel inversion method is also developed in [105] for the original RBD precoding
which is proposed in [66]. In [1] the first SVD operation of the RBD precoding is replaced
with a less complex QR decomposition [102]. We term the work in [105] as GMI-type
BD precoding and the work in [1] as QR/SVD-type BD precoding. For the second SVD
operation, however, both the GMI-type and QR/SVD-type BD precoding schemes still
employ it in a similar way as the conventional BD-type precoding algorithms. There-
fore, the decoding matrix for the effective channel needs to be known or estimated at the

receiver of each user for the GMI-type or QR/SVD-type BD precoding algorithms.

In this Chapter, we first develop a Simplified GMI (S-GMI) precoding scheme which
employs a channel inversion and less complex QR decompositions computed with a lower
matrix dimension instead of the first SVD operation, to obtain the equivalent parallel SU-
MIMO channels. In order to reduce the computational complexity further and also to
achieve a better BER performance, we transform the equivalent SU-MIMO channels into
the lattice space by utilizing the LR technique [95, 106] whose complexity is mainly due
to a QR decomposition. Then, a linear precoding strategy is employed as an alternative to
the second SVD operation to parallelize each user’s streams. Finally, the proposed LR-S-
GMI precoding algorithms are obtained. According to the specific precoding constraint,
the proposed LR-S-GMI precoding algorithms are categorized as LR-S-GMI-ZF and LR-
S-GMI-MMSE precoding, respectively.

The assumption that full CSI is available at the transmit side is valid in time-division
duplex (TDD) systems because the uplink and downlink share the same frequency band.
For frequency-division duplex (FDD) systems, however, the CSI needs to be estimated
at the receiver and to be fed back to the transmitter. For the proposed LR-S-GMI pre-
coding algorithms, it is worth noting that the two SVDs and the decoding matrix are no
longer required. Only the CSI needs to be known at the transmitter and a quantization
procedure must be performed at the receiver. Hence, the required computational effort
for each user’s receiver can be reduced and a significant amount of transmit power can
be saved which is very important considering the mobility of the distributed users. From

the simulation results, we will show that a better BER performance is achieved by the
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proposed LR-S-GMI precoding algorithms. For the sum-rate performance, the proposed
LR-S-GMI precoding algorithms are comparable to their corresponding conventional BD-
type precoding algorithms. We will also illustrate that the proposed LR-S-GMI precoding
algorithms have a lower computational complexity than the other precoding algorithms

reported in the literature so far.

4.2 System Model

We consider an uncoded MU-MIMO downlink channel, with N7 transmit antennas at the
BS and N, receive antennas at the ith user equipment (UE). With K users in the system,
the total number of receive antennas is Ng = > fi 1 IVi. A block diagram of such a system

is illustrated in Figure 4.1
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Figure 4.1: MU-MIMO System Model

From the system model, the combined channel matrix H and the joint precoding matrix

P are given by
T T T1T NRrXN:
H=[HT H] ... HE]" e CNoxPr, (4.1)
P=[P, P, ... Pg]cCNr*Nr, 4.2)
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where H; € CYi*N7 ig the ith user’s channel matrix. The quantity P; € CN7*%i is the
1th user’s precoding matrix. We assume a flat fading MIMO channel and the received

signal y, € Ci at the ith user is given by

K
y, = H;,x;, + H; Z x; + n,, (4.3)
=L

where the quantity x; € C"i is the ith user’s transmitted signal, and n; € C" is the ith
user’s Gaussian noise with independent and identically distributed (i.i.d.) entries of zero
mean and variance 2. Assuming that the average transmit power for each user is &;, then,
the power constraint E||z;||> = & is imposed. We construct an unnormalized signal s;

such that

, 4.4)

where s; = P;d; with d; is the transmit data vector and E., is the average energy of ;
with v; = ||s;|?/&:.. The physical meaning of dividing s; by the scalar /E., is to make
sure the average transmit power &; is still the same after the precoding process. With this

normalization, x; obeys E||z;||* = &,.

The received signal y, is weighted by the scalar /E,, to form the estimate

d; = \/E,y,. (4.5)

Note that it is necessary to cancel \/a out at the receiver to get the correct amplitude
of the desired signal part. The average energy E., is independent from the channel and
the data, which means the receivers do not need to know the instantaneous CSI for the
precoding techniques to work [65]. As analyzed and illustrated in [26], however, the
performance difference between the average E,, and the instantaneous ~; is very small.
Therefore, we follow the strategy developed in [65] and [26] to assume the receivers need
to know only \/E but use ; instead of E,, for simulation convenience as y; is simpler
to compute. The simulation results represent the performance of either normalization
method. In this case, we can replace (4.4) and (4.5) with the instantaneous ~; in the
simulations and employ

S;

and d; = VY- (4.6)
NG v

£r; =
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4.3 Proposed LR-S-GMI Precoding Algorithms

In this section, we describe the proposed low-complexity LR-S-GMI precoding algo-
rithms based on a strategy that employs a channel inversion method [105], QR decompo-
sitions, and lattice reductions. Similar to the BD-type precoding algorithms, the design of

the proposed LR-S-GMI precoding algorithms is computed in two steps.

First, we obtain the first precoding filter P in the conventional BD-type precoding al-
gorithms for LR-S-GMI precoding algorithms by using one channel inversion and K QR

decompositions. By applying the MMSE channel inversion, we have

H! =HYHH" + o)™

mse

4.7

= [Hl,msm H2,msea ey HK,mse]-
where the sub-matrix H; . € CN7* Ni. Considering a high SNR case, it can be shown
that HH! ~ Iy, [64]. This means that the off-diagonal block matrices of HH

converge to zeros with increasing the SNR. Hence, the matrix H; ;s is approximately in

the null space of H; which is defined in (2.56)
H.H,; . ~0. (4.8)
Considering the QR decomposition of H; ;e = Q; 150 i mse, We have

ﬁiHi,mse = FZQ Ri,mse ~ 0 fori= 1, ey K, (49)

7,mse

where Q € CNr*Ni is an orthogonal matrix and R; e € CV*Vi is an upper trian-

i,mse

gular matrix. Since R, . is invertible, we have

H,Q, . ~0. (4.10)

7,mse

Thus, Q satisfies the RBD constraint defined in (2.58) to balance the MUI and the

noise.

We have simplified the design of the first precoding filter P; for the RBD precoding
here as compared to [105] where a residual interference suppression filter T'; is applied
after the first precoding process P;. The filter T'; increases the complexity and cannot

completely cancel the MUI. Therefore, we omit the residual interference suppression part
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since it is not necessary for the RBD precoding. We term the simplified GMI as S-GMI
precoding in this work. Then, the first precoding filter for the RBD precoding can be

equivalently obtained as

P? = Qi,mse? (411)

where P € CN7*Ni and the first combined precoding matrix is

P =[P}, PS, ..., P4 (4.12)

Similarly, the extension of the channel inversion method from the RBD precoding to the

BD precoding is straightforward on
Hlf = HH(HHH)il = [Hl,zfa H2,zf7 SR HK,Zf]- (413)

Moreover, the obtained MUI is strictly zero as H,H izt = 0. Assuming the QR decom-

position of H; ,¢ is H; ;s = Qi7szi7Zf, then, we have
H.Q. 0. (@414

Thus, Q, ;¢ satisfies the BD constraint defined in (2.57). Then, the first precoding matrix

for the BD precoding can be equivalently obtained as
P{=Q,,. (4.15)

This channel inversion method for the BD precoding is termed as GZI in [105].

Next, we employ the LR-aided linear precoding algorithm instead of the second SVD
operation to obtain the second precoding filter P?. The aim of the LR transformation is
to find a new basis H which is nearly orthogonal compared to the original matrix H for
a given lattice L(H). The most commonly used LR algorithm has been first proposed
by Lenstra, Lenstra and L. Lovész (LLL) in [92] with polynomial time complexity. In
order to reduce the computational complexity, a complex LLL (CLLL) algorithm was
proposed in [95], which reduces the overall complexity of the LLL algorithm by nearly
half without sacrificing any performance. We employ the CLLL algorithm to implement

the LR transformation in this work.
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After the first precoding, we transform the MU-MIMO channel into parallel or approxi-

mately parallel SU-MIMO channels and the effective channel matrix for the ith user is
H., = H,P;. (4.16)
We perform the LR transformation on H eTffi in the precoding scenario [91], that is
Hyp, = T;Ho5, and Heg, = T; ' Hog,, (4.17)

where T'; is a unimodular matrix with det|T’;| = 1 and all elements of T'; are complex
integers, i.e. t;; € Z+ jZ. The physical meaning of the constraint det|T’;| = 1 is that the

channel energy is unchanged after the LR transformation.

Following the LR transformation, we employ the linear precoding constraint to get the
second precoding filter to parallelize each user’s streams instead of the second SVD op-

eration in Equation (2.63). The ZF precoding constraint is implemented for user ¢ as

~H , ~ ~ H . _
Py =H g (Heg H ) (4.18)

It is well-known that the performance of MMSE precoding is always better than that of
ZF precoding. We can get the second precoding filter by employing an MMSE precoding
constraint. The MMSE precoding is actually equivalent to the ZF precoding with respect
to an extended system model [90, 107]. The extended channel matrix H for the MMSE

precoding scheme is defined as

H = [H \/5INR} . (4.19)

By introducing the regularization factor «, a trade-off between the level of MUI and noise

is introduced [64]. Then, the MMSE precoding filter is obtained as
Puvse = AH"(HH")™", (4.20)

where A = | Iy, On, «n, |» and the multiplication by A will not result in transmit power
amplification since AA" =T ~,- From the mathematical expression in Equation (4.20),
the rows of H determine the effective transmit power amplification of the MMSE precod-
ing. Correspondingly, the LR transformation for the MMSE precoding should be applied
to the transpose of the extended channel matrix H eTﬁl_ = [ H. ., \/aly, T, and the LR

transformed channel matrix H 4. is obtained as

H T H (4.21)

==eff, = Z=i=Feff;>»
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where T'; is the unimodular matrix for H.q . Then, the LR-aided MMSE precoding filter

is given by

~ b ~ H |~ ~ H
P MMSE; — Aiﬂeffi (Heﬂ“iH effi) 1> 4.22)

where the matrix A; = [ Iy,0p Nz} . Finally, the combined second precoding matrix

15b for all users is
P’ = diag{P, P..... Py} (4.23)

The overall precoding matrix is P = P“13b. Since the lattice reduced precoding matrix
13b has near orthogonal columns, the required transmit power will be reduced compared to
the linear or BD-type precoding algorithms. Thus, a better BER performance than that of
the BD-type precoding algorithms can be achieved by the proposed LR-S-GMI precoding

algorithms.

The received signal is finally obtained as
y = HPd+ /yn, (4.24)

where 7 = ||13d |2 The main processing work left for the receiver is to quantize the
received signal y to the nearest data vector and the decoding matrix GG described in the

BD-type, QR/SVD RBD, GZI, and GMI precoding algorithms is not needed anymore.

The proposed precoding algorithms are called LR-S-GMI-ZF and LR-S-GMI-MMSE de-
pending on the choice of the second precoding filter as given in Equation (4.18) and
(4.22), respectively. We will focus on the LR-S-GMI-MMSE precoding since a better
performance is achieved. The implementing steps of the LR-S-GMI-MMSE precoding
algorithm are summarized in Table 4.1. By replacing the steps 8 and 9 in Table 4.1
with the formulation in (4.18), the LR-S-GMI-ZF precoding algorithm can be obtained.
Similarly, the first precoding matrix can also be computed according to the GZI method
in Equation (4.15), and combined with Equation (4.18) or (4.22) to get the second pre-
coding matrix. Then, the LR-GZI-ZF and LR-GZI-MMSE precoding algorithms can be

obtained, respectively.
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Table 4.1: The LR-S-GMI-MMSE Precoding Algorithm

Steps

Operations

ey
2)
3)
4
&)
(6)
(7
®)
©)
(10)

(1)

(12)

(13)

(14)

15)

(16)

Applying the MMSE Channel Inversion
H! = (H"H +ol)'H"

fori=1: K
Qe Rlneel = QR(H . 0)
P} = Qe
H. = H,P!

H g, = |:Heffi \/511\/2}

~ T

[T7 H.; ] = CLLL(H )

=1 =Zeff; EE
~b ~ H | ~ ~ H
Pyse, = AiH (Eeﬁ“iﬂeﬂi)_l

== eff;

end

Compute the overall precoding matrix

P =[P}, P;, ..., P%]
~b .. ~b = ~b
P =diag{P,,P,,..., Py}
P=pP

Calculate the scaling factor ~y

v = (|Pd|l3/E.)

Get the received signal
y=HPd+ N

Transform back from lattice space

d="T[y|

4.4 Performance Analysis

In this section, we carry out an analysis of the performance of the proposed LR-S-GMI

precoding algorithms. We consider a performance analysis in terms of BER, sum-rate and

computational complexity.
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4.4.1 BER Performance Analysis

For the BD precoding, the effective SU-MIMO channels are strictly parallel between each

other after the first precoding filtering. For the RBD precoding, however, the residual

interference ﬁin(RBD) is not zero between the users. We use J ¢ to denote Hin(RBD)
for convenience. From Equation (2.61), the following formula is obtained
JJH = H V(S S +oly,) ' Vi H,". (4.25)

Mathematically, the quantity V; (fffi + ol NT)*V;H can be expressed as (ﬁfﬁl +

al NT)_l. Substituting this into Equation (4.25), the formula can be rewritten as

JJY =H,(H H; +aly,) "H,". (4.26)

With the increase of the SNR, « approaches zero and then we have

_— —H—

J; g ~H(H, H) "H,". (4.27)
By further manipulating the expression in Equation (4.27), we obtain

J;JVH, ~H,(H, H) "H, H, = H,

Thus J;J{ ~ Iy, (4.28)

that is, the residual interference matrix J ; of the RBD precoding converges to an identity
matrix at high SNRs. For the S-GMI precoding algorithm developed in Section IV with

the SNR increase we have

HP'=H,Q'__~0. (4.29)

2,mse

By comparing (4.28) and (4.29), the impact of the residual interference of S-GMI precod-
ing would be smaller than that of the conventional RBD precoding algorithm. Thus, we
expect that a better BER performance is achieved by the S-GMI precoding algorithm over

the conventional RBD precoding algorithm.

As pointed out in [65], the BER performance for a MIMO precoding system is actually
determined by the energy of the transmitted signal ~;. In order to reduce v; and improve
the BER performance further, we transform the effective channel H ¢ into the lattice

space. By doing this, an improved basis H.q is computed. Actually, the LR transformed

K. Zu, Ph.D. Thesis, Department of Electronics, University of York Mar. 2013



CHAPTER 4. GENERALIZED DESIGN OF LOW-COMPLEXITY BLOCK DIAGONALIZATION
TYPE PRECODING ALGORITHMS 78

channel matrix H g is quasi-orthogonal rather than strictly orthogonal. We can employ

the condition number which is defined as [102]
cond(H) = || H||¢[| H || (4.30)

to measure the orthogonality of the channel matrix. From the above definition of the
condition number in Equation (4.30), we get that cond(H) = 1 with equality for an
orthogonal basis while matrices which are nearly singular have large condition numbers.
In Figure 4.2, the probability density functions (PDFs) of the condition numbers for the
effective channel matrices are illustrated. For the effective channel matrix of the proposed
LR-S-GMI-MMSE precoding algorithm, not only the spread in the condition numbers
but also their average value is much smaller compared to the effective channel matrices
achieved by the existing precoding algorithms. Therefore, a significant reduction in the
required transmit power y; is achieved and a better BER performance can be obtained by

the proposed LR-S-GMI-MMSE precoding algorithm.

4.4.2 Achievable Sum-Rate Analysis

Recall that at high SNRs, the MU-MIMO channel is approximately decoupled into e-
quivalent SU-MIMO channels by applying the first precoding filtering in Equation (4.10).
Then, we can transform the MU-MIMO sum-rate analysis [104] to a set of SU-MIMO
sum-rate analysis tasks. For the second precoding filter, the LR-aided MMSE precoding
is actually equal to the LR-aided ZF precoding under the high SNR scenario. Therefore,

the 7th user’s received signal is

where z; = T'; 'd;. By assuming that the average transmit power is & = 1, and because

of the fact that H.g, = U SV we get the normalization factor ; as

Vi = | Hg zilp = Tr(S;z2]")

Le
= i & (4.32)
N
=1

where the quantity J\; is the [th singular value of 3; and &; denotes the energy of the /th

stream of z;.
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From (4.32), the received SNR for the /th stream of user ¢ is obtained as

2
SNR; = 5—15 (4.33)
0-2 Zmeffl )\72n

Then, the achievable sum-rate for user ¢ is given by

C; = Zlog(l + — ) Zlog( ) (4.34)
Zm 138
Note that the achievable sum-rate C; is degraded by the normalization factor ;. The value
of C; approaches its maximum when f\l% = f\—% =...= ;Z thus we have
C; < flog(l + a1 > (4.35)
B Lot/ .

Finally, the maximum achievable sum-rate of the proposed LR-S-GMI precoding algo-

rithms at high SNRs can be expressed as

K Leg )\
C = ZZlog2(1+ 221 > (4.36)

=1 [=1

For the BD precoding, we multiply the decoding matrix G; = U at the ith user’s re-

ceiver and the received signal is given by
y; = Xid; + Uj'n;. (4.37)

Due to the fact that VEO) and VZ( are semi-unitary matrices, we get V( " V( =1
H
and Vl(l) VEI) = I. Then, by applying the equivalence Tr(ABC) = Tr(C AB), the

normalization factor 7P for BD can be expressed as
—(0)
D= VIV = ). (438)

Since the statistical property of n; is not changed by the multiplication with the unitary
matrix U, we get the /th received SNR as
Al

SNR; = L. (439)
Un

For simplicity, we do not consider the power loading between users and streams in the fol-
lowing derivation and term this strategy as no power loading (NPL). Then, the achievable
sum-rate for the BD precoding algorithm is given by

K Legr
=3 o (14 21). (4.40)

=1 [=1
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By comparing the maximum achievable sum-rate of the proposed LR-S-GMI precoding
algorithms in (4.36), we conclude that the sum-rate of the proposed LR-S-GMI precoding
algorithms will be slightly inferior to that of the BD precoding algorithm at high SNRs.
At low SNRs, however, we expect that the achieved sum-rate of the proposed LR-S-GMI
precoding algorithms will be better than the performance of the BD precoding algorithm
since a regularization factor is employed to mitigate the sum-rate performance degrada-

tion by the noise term.

The sum-rate performance of the BD precoding is actually dependent on the power load-
ing scheme being used. Hence, the BD precoding algorithm can achieve its maximum
sum-rate performance by allocating the power between streams according to a WF power
loading scheme. As pointed out in [105], we do not consider the power loading strategy
for the RBD or the proposed LR-S-GMI precoding algorithms for two reasons. One is that
it is not easy to identify the optimal power allocation coefficients because of the existence
of residual interference. The second reason is that since the minimum MSE condition

(10) is already satisfied an allocation of different powers between streams is not needed.

4.4.3 Computational Complexity Analysis

In this section, we use the total number of floating point operations (FLOPs) to measure
the computational complexity of the proposed and existing precoding algorithms. It is
worth noting that the lattice reduction algorithm has variable complexity, and the average
complexity of the CLLL algorithm has been given in FLOPs by [95]. A reduced and
fixed complexity lattice reduction structure is proposed in [108], however, we employ the
conventional CLLL algorithm for the reason that the lattice reduction algorithm is not the
main focus in this work. The number of FLOPs for the complex QR decomposition and
the real SVD operation are given in [102]. As shown in [103], the number of FLOPs
required by a m X n complex SVD operation is equivalent to its extended 2m X 2n
real matrix. The total number of FLOPs needed by the matrix operations is summarized

below:

e Multiplication of m x n and n X p complex matrices: 8mnp — 2mp;

e QR decomposition of an m x n (m < n) complex matrix: 16(n*m —nm? + 3m?);
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Table 4.2: Computational complexity of conventional RBD

Steps  Operations Flops Case
(2,2,2) x 6
— — —H ——2 ——3

1 Ux,V, 32K (NrN; +2N;) 21504

2 (=S, +aly,)t K(18Nyp+N;) 336

3 V.D,;,(D;«+2) 8KN;} 5184

4 H P} K(8N?Nr —2N?) 552

5 Ux,vi 64K (2N} + 13248

NrN? + LNZN;)  Total 40824

e SVD of an m x n (m < n) complex matrix where only ¥ and V are obtained:

32(nm? 4 2m?);

e SVD of an m x n (m < n) complex matrix where U, 3 and V' are obtained:

8(4n*m + 8nm? + Im?);

e Inversion of an m x m real matrix using Gauss-Jordan elimination: 4m?/3.

We illustrate the required FLOPs for the conventional RBD, S-GMI and LR-S-GMI-
MMSE precoding algorithms in Table 4.2, Table 4.3 and Table 4.4, respectively. The
complexity of the QR/SVD RBD and LC-RBD-LR-MMSE precoding algorithms is al-
ready given in [103]. A system with Ny = 6 transmit antennas and KX = 3 users each
equipped with N; = 2 receive antennas is considered; this scenario is denoted as the
(2,2,2) x 6 case. For the (2,2,2) x 6 case, the reduction in the number of FLOPs ob-
tained by the proposed LR-S-GMI-MMSE precoding is 73.6%, 69.5%, 59.1% and 49.9%
as compared to the RBD, BD, QR/SVD RBD and LC-RBD-LR-MMSE precoding al-
gorithms, respectively. Clearly, the proposed LR-S-GMI-MMSE precoding algorithm

requires the lowest complexity.
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Table 4.3: Computational complexity of S-GMI

Steps  Operations Flops Case
(2,2,2) x 6
1 Hjnse (%NI% + 12N}22NT
—2N3% — 2NgN7) 2736
2 Q/R! 16K (N2N; — Np N2 + 1N?) 2432
3 H, P} K(8N?Nr — 2N?) 552
4 UV 64K (N} + Np N2+ 13248
INZN;) Total 18968

Table 4.4: Computational complexity of LR-S-GMI-MMSE

Steps Operations  Flops Case
(2,2,2) x 6
1 H (4N} + 12N} Ny
—2N? — 2Nz Nyp) 2736
2 Q!R! 16K (NZN; — Np N2 + IN?) 2432
3 H,P¢ K(8N?Np — 2N?) 552
4 H, CLLL 4787.58
s Hy K(AN? +12N3 — 4N?) 272

Total 10780

In order to further reveal the relationship between the computational complexity and the
system dimensions, we first fix the receive antenna configuration and assume that each

user is equipped with NV; = 2 antennas, so that, the system dimensions change with the
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number of users K. Similarly, if we fix the number of users to K = 4, the system
dimensions will change with the variable /N;. The required number of FLOPs of the
proposed and existing precoding algorithms are simulated for the above two settings in
Figure 4.3 and Figure 4.4, respectively. Figure 4.3 shows that with the receive antenna NV,
fixed, the computational complexity of the BD-type precoding algorithms grows relatively
faster than the other precoding algorithms with the increase of the number of users K.
The same complexity trend of the BD-type precoding is illustrated in Figure 4.4 with the
increase of the number of receive antennas /V; with a fixed number of users K. The second
aspect we can find from Figure 4.3 and Figure 4.4 is that the S-GMI precoding algorithm
can offer a much lower computational complexity than the BD, RBD and QR/SVD RBD
precoding algorithms. The reason is that, first, with the number of receive antennas NN;
fixed, the number of executions of the first SVD operation of the RBD precoding and the
QR decomposition of the S-GMI precoding are dependent on the number of users K but
the latter is computed on H; ;;,ic with a lower dimension N; x N;, which is illustrated
in Table 4.3. Second, with the number of users K fixed, the SVD operation itself has a
higher cost than the channel inversion operation and the QR decomposition [102]. The
complexity of the proposed LR-S-GMI-MMSE precoding, however, shows the lowest
computational complexity among the analyzed precoding algorithms. The reason is that,
we use a less complex LR transformation to replace the second SVD operation in the
RBD and S-GMI precoding algorithms. It is worth noting that with the increase of the
system dimensions in Figure 4.3 and Figure 4.4, the complexity reduction by the proposed

LR-S-GMI-MMSE precoding algorithm becomes more considerable.

4.5 Simulation Results

A system with Ny = 8 transmit antennas and K = 4 users each equipped with N; = 2
receive antennas is considered; this scenario is denoted as the (2,2,2,2) x 8 case. The

vector d; of the ith user represents the data transmitted with QPSK modulation.
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4.5.1 Perfect Channel Scenario

The channel matrix H; of the ith user is modeled as a complex Gaussian channel matrix
with zero mean and unit variance. We assume an uncorrelated block fading channel, that
is, the channel is static during each transmit packet and there is no correlation between
the antennas. We also assume that the channel estimation is perfect at the receive side
and the feedback channel is error free. The number of simulation trials is 10° and the

packet length is 10 symbols. The FEj, /N is defined as £, /Ny = N;V ARfUQ with M being

the number of transmitted information bits per channel symbol.

Figure 4.5 shows the BER performance of the proposed and existing precoding algo-
rithms. The QR/SVD RBD and GMI precoding algorithms achieve almost the same BER
performance as the conventional RBD precoding algorithm. It is clear that the S-GMI
precoding scheme has a better BER performance compared to the BD, RBD, QR/SVD
RBD and GMI precoding algorithms. The reason is that the residual interference between
the users can be suppressed further by the S-GMI precoding scheme as we analyzed in
Section V.A. The proposed LR-S-GMI-MMSE precoding algorithm shows the best BER
performance in Figure 4.5. At the BER of 1072, the LR-S-GMI-MMSE precoding has a
gain of more than 5.5 dB compared to the RBD precoding. It is worth noting that the BER
performance of the RBD precoding is outperformed by the proposed LR-S-GMI-MMSE
algorithm in the whole Ej,/N, range and the BER gains become more significant with the
increase of £j,/Ny. From the analysis developed in Section V.A, a better channel quality
as measured by the condition number of the effective channel is achieved after the whole
precoding process by the proposed LR-S-GMI-MMSE precoding. Therefore, the required

transmit power -; is reduced and a better BER performance is obtained.

Figure 4.6 illustrates the sum-rate of the proposed and existing precoding algorithms. The

information rate is calculated using [104]:
C = log(det(I + o, 2HPP"H™)) (bits/Hz). (4.41)

The BD precoding with WF power loading shows a better sum-rate performance than the
BD precoding without power loading as we mentioned in Section V.B. However, as shown
in Figure 4.5, the BER performance is degraded by applying this WF scheme. Similar to
the BER figure, the RBD, QR/SVD RBD and GMI precoding algorithms show a compara-
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Figure 4.5: BER performance, (2,2,2,2) x 8 MU-MIMO
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ble sum-rate performance. The S-GMI precoding also achieves the sum-rate performance
of the RBD precoding. The proposed LR-S-GMI-MMSE precoding algorithm has almost
the same sum-rate as the RBD precoding at low Fj,/Ngs. At high E},/Nys, however, the
sum-rate of LR-S-GMI-MMSE precoding is slightly inferior to that of the RBD precoding

and approaches the performance of the BD precoding as we analyzed in Section V. B.
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Figure 4.6: Sum-rate performance, (2,2,2,2) x 8 MU-MIMO

4.5.2 The impact of imperfect channels

From Section 3.6, the estimation errors or feedback errors can be modeled as a complex

random Gaussian noise E with i.i.d. entries of zero mean and variance 2. The imperfect
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channel matrix H , is defined as
H.=H+E, 4.42)

where, the precoding matrix P has to be designed based on the feedback channel H,
while the physical channel is H during each transmission. Therefore, the BER perfor-

mance will be degraded by the distortion term E.

Figure 4.7 gives the BER performance of the above precoding algorithms with imperfect
CSl at E},/Ny = 15 dB. It is clear that the BER performance gets worse for all the above
precoding algorithms with the increase of the distortion noise power o2. The proposed
LR-S-GMI-MMSE precoding algorithm outperforms the RBD precoding algorithm when
o2 is below 0.2, however, the performance of the RBD precoding algorithm decays more

slowly.

As discussed in Section 4.7, we need only to consider the antenna correlation at the trans-
mit side in the MU-MIMO systems due to the users are geographically distributed. Thus,

the correlated channel matrix H . is given by
H.=HR:. (4.43)

where Ry is the transmit covariance matrix with 7'r(Ry) = N,,. The elements of Ry are
generated according to the exponential correlation model [46] such that the elements of
R are given by

Ry = T sy rl <1 (4.44)

r;i, 1>

where r is the correlation coefficient between any two neighboring antennas.
Figure 4.8 and Figure 4.9 display the BER and sum-rate performances of the above pre-
coding algorithms with spatial correlation, respectively. It is clear that both BER and
sum-rate performance deteriorate with the increase of the correlation coefficient . From
Figure 4.9, we can verify that the BD precoding degraded more dramatically with the
increase of |r| compared to the other precoding algorithms. The sum-rate of the proposed
LR-S-GMI-MMSE precoding, however, gradually becomes better compared to the RB-
D precoding. For example, the sum-rate of the LR-S-GMI-MMSE precoding is better
than the RBD precoding when E}, /N, below 15 dB with |r| = 0.7, which illustrates the

robustness of the proposed LR-S-GMI precoding algorithms.
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4.6 Summary

In this Chapter, low-complexity LR-S-GMI precoding algorithms based on a channel in-
version technique, QR decompositions, and lattice reductions have been proposed for
MU-MIMO systems. The complexity of the precoding process is reduced and a consid-
erable BER gain is achieved by the proposed algorithms at a cost of a slight sum-rate loss
at high SNRs. The BER performance, achievable sum-rate and computational complexity
of the LR-S-GMI precoding algorithms have been analyzed and compared to existing pre-
coding algorithms. Since the LR-S-GMI precoding algorithms are only implemented at
the transmit side, the decoding matrix is not needed anymore at the receive side compared
to the BD-type precoding algorithms. Then, the structure of the receiver can be simplified,

which is an additional benefit from the proposed LR-S-GMI precoding algorithms.
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Tomlinson-Harashima precoding (THP) is a nonlinear processing technique employed at
the transmit side and is a dual to the Successive Interference Cancelation (SIC) detection
at the receive side. Like SIC detection, the performance of THP strongly depends on the
ordering of the precoded symbols. The optimal ordering algorithm, however, is impracti-
cal for MU-MIMO systems with multiple receive antennas. In this Chapter, we propose
a Multi-Branch THP (MB-THP) scheme and algorithms that employ multiple transmit
processing and ordering strategies along with a selection scheme to mitigate interference

in MU-MIMO systems. Two types of MB-THP structures are proposed. The first one em-
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ploys a decentralized strategy with diagonal weighted filters at the receivers of the users
and the second uses a diagonal weighted filter at the transmitter. The MB-MMSE-THP
algorithms are also derived based on an extended system model with the aid of an LQ
decomposition, which is much simpler than the conventional MMSE-THP algorithms.
Simulation results show that a better BER performance can be achieved by the proposed

MB-MMSE-THP precoder with a small computational complexity increase.

5.1 Introduction

MU-MIMO systems are promising for downlink wireless transmissions since they can
improve the average user spectral efficiency [21]. When CSI is available at the transmit
side, precoding techniques can be employed at the BS to mitigate the multi-user inter-
ference. Then, the required computational effort for each user’s receiver can be reduced
and eventually the receiver structure can be simplified [22]. For these reasons, the de-
sign of cost-effective precoders is particularly important for the downlink of MU-MIMO

systems.

Linear precoding techniques such as ZF and MMSE precoding [20, 64, 65] are attractive
due to their simplicity. However, linear precoding techniques require a higher average
transmit power which could result in a reduced BER performance [65]. As a generaliza-
tion of ZF precoding, BD based precoding algorithms have been proposed in [30,99] for
MU-MIMO systems. However, BD based precoding algorithms only take the MUI into
account and thus suffer a performance loss at low SNRs when the noise is the dominan-
t factor. An RBD precoding algorithm which introduces a regularization factor to take
the noise term into account has been proposed in [66]. The performance is improved by
RBD precoding, but the BD-type precoding algorithms still cannot achieve the maximum
transmit diversity. A nonlinear Vector Perturbation (VP) approach, which is based on
Sphere Encoding (SE) to perturb the data, was proposed in [26]. With the perturbation,
a near optimal performance is achieved by VP precoding. However, finding the optimal

perturbation vector can be a Nondeterministic Polynomial (NP) time-hard problem.

Another nonlinear and data-modifying technique is the Dirty Paper Coding (DPC) pro-

posed in [18]. It was shown that the capacity of systems with independent and identically

K. Zu, Ph.D. Thesis, Department of Electronics, University of York Mar. 2013



CHAPTER 5. MULTI-BRANCH TOMLINSON-HARASHIMA PRECODING DESIGN FOR
MU-MIMO SYSTEMS 97

distributed (i.i.d.) Gaussian interference is equal to that of interference-free systems by
utilizing DPC. However, DPC is not suitable for practical use due to the requirement of
infinitely long codewords and codebooks [25]. THP [67, 68] is a pre-equalization tech-
nique originally proposed for channels with Inter-symbol Interference (ISI). Then, the
THP technique was extended from temporal equalization to spatial equalization for MI-
MO precoding in [69]. Although THP suffers a performance loss compared to DPC as
shown in [70], it can work as a cost-effective replacement of DPC in practice [71]. As
revealed in [69,72], the THP structure can be seen as the dual of the SIC detection imple-
mented at the receive side. Like SIC detection, the performance of THP systems strongly

depends on the ordering of the precoded symbols.

A V-BLAST like ordering strategy for THP has been studied in [109-111]. The V-BLAST
ordering requires multiple calculations of the pseudo inverse of the channel matrix. There-
fore, a suboptimal heuristic sorted LQ decomposition algorithm has been extended from
the sorted QR decomposition in [61, 63] to THP and a Tree Search (TS) algorithm has
also been proposed in [107]. Researchers in [112, 113] noticed the importance of the
ordering to the THP performance as well, and the best-first ordering approach has been
proposed to perform the ordering. Algorithms for finding the near-optimal order are pro-
posed in [114, 115]. The above ordering algorithms, however, assumed that each dis-
tributed receiver was equipped with a single antenna. Therefore, the cooperative ordering
processing is impractical for receivers with multiple antennas. In [116], a SO-THP algo-
rithm has been proposed for users with multiple antennas, but SO-THP only offers a small
BER gain over THP at low SNRs. For high SNRs, the BER performance of SO-THP is
comparable to that achieved by THP algorithm. In order to achieve a better BER perfor-
mance in the whole SNR range, a novel THP structure is proposed based on a Multiple
Branch (MB) strategy for MU-MIMO systems with multiple antennas at each receiver in

this Chapter.

In the literature, there are two basic THP structures according to the positions of the di-
agonal weighted filter, decentralized filters located at the receivers or centralized filters
deployed at the transmitter, which are denoted as dTHP or cTHP, respectively [73]. Most
of the previous research works on THP, however, have only focused on one of the struc-

tures. In this Chapter, we develop MB-THP techniques for both of the two basic THP
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structures. We derive the MMSE precoding filters using an LQ decomposition. Then,
we present a design strategy for the transmit patterns that implements an effective order-
ing of the data streams along with a selection criterion for the best pattern. An analysis
and a comparison between MB-dTHP and MB-cTHP are also illustrated. By utilizing
the MB strategy, the transmit diversity gain is maximized for MU-MIMO systems with
spatial multiplexing. Therefore, the final BER performance is improved by the proposed

MB-THP algorithms. The main contributions of the Chapter can be summarized as

1. Novel MB-THP algorithms are developed based on two basic THP structures.

2. Cost-effective MMSE filters are derived based on the LQ decomposition of an ex-

tended matrix along with the design of transmit patterns and a selection procedure.

3. A comprehensive performance analysis is carried out in terms of the error covari-

ance matrix, the sum-rate and the computational complexity.

4. A study of the most relevant precoding algorithms reported in the literature and the

proposed MB-THP algorithm is conducted.

5.2 System Model

We consider an uncoded MU-MIMO broadcast channel, with V; transmit antennas at the
BS and N, receive antennas at the kth user equipment (UE). With K users in the system,
the total number of receive antennas is N, = Zfil N.. When N, = N,, the channel
matrix is a square matrix. When N, > N,, a scheduling procedure is first performed to
generate a square equivalent channel matrix. The total number of transmitted streams is
denoted by S, and the channel is assumed to be always a square matrix, that is H =
[HT HY ... HL]T € C%* is the combined channel matrix and H; € CN<*S is
the ¢th user’s channel matrix. Note that power-loading schemes [72] could be used to
determine the number of data streams or allocate more power to a weaker user to improve
the overall performance. However, for simplicity, we assume that all data streams are

active and no power loading between users and streams is used.
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5.3 Proposed MB-THP Precoding Algorithm

The structure and filters of the two basic THP precoding algorithms are given in Section
2.5.2. In this section, we first analyze the interference of the two basic THP structures
and show that the ordering of the precoded symbols play an important role for both of the
two types of THP systems. Based on this analysis, the MB-THP structure is proposed and
its performance is illustrated. A cost-effective transmit pattern is especially developed
for the MU-MIMO setting with multiple receive antennas, and a selection criterion is
also deduced. Finally, since the MMSE-THP structures are the main focus, filters for
MB-MMSE-THP are derived based on an extended system model which is much simpler
from a computational point of view, as compared to conventional MMSE-THP techniques

reported in the literature so far.

5.3.1 Motivation of the Proposed MB-THP Algorithm

As shown in (2.84) and (2.85), the MU-MIMO channel is decomposed into parallel
AWGN channels by the successive THP processing. From Figure 2.4, the modified trans-

mit data after the modulo processing is

v=s5+d. (5.1)

With the power and modulo loss ignored, the power of v is approximately equal to that
of s. Then, the error covariance matrices of the effective transmit signal v for dTHP and

cTHP schemes are respectively given by
Pyrup = diag(on/ly, - ,00/ ), (5.2)

S S
Op = diag(o? 2(1/1 e oR Y (Y1) (5.3)

i=1 =1

From (5.2) and (5.3), we can verify that the error covariance matrices are different among
layers for dTHP while they are equal for cTHP. Therefore, for each layer, the SNR is
inversely proportional to 1/17; for dTHP, while it is inversely proportional to 71/ 17
for cTHP. Due to the lower triangular structure of the feedback matrix B, the interference

from transmit data s, s9, - - - , Sg is canceled out from s; to sg in dTHP. That is, the layer

K. Zu, Ph.D. Thesis, Department of Electronics, University of York Mar. 2013



CHAPTER 5. MULTI-BRANCH TOMLINSON-HARASHIMA PRECODING DESIGN FOR
MU-MIMO SYSTEMS 100

precoded first will interfere with the layer precoded afterwards. Then, the performance
of dTHP will be dominated by the layer with the minimum SNR. For ¢cTHP, the sum of
Zle(l /I7;) can be influenced by reordering the rows of H during the LQ decomposi-
tion. In particular, the ordering of the precoded symbols plays an important role in the
performance of THP systems. Thus, considerable research efforts have been spent on the
development of various ordering methods, however, they all focused on SU-MIMO or
MU-MIMO with single receive antenna systems. For MU-MIMO with multiple receive
antennas, these cooperative ordering algorithms are impractical due to the geographically
distributed users. In addition, most of the ordering algorithms only consider one THP
structure, either cTHP or dTHP. In this work, an efficient MB-THP structure, which is
especially suited for the users equipped with multiple antennas, is proposed based on the

two basic THP structures.

5.3.2 Structure of the Proposed MB-THP

The idea of multi-branch (MB) processing has been first proposed in [117] as the parallel
arbitrated branches to improve the performance of Decision Feedback (DF) receivers. A
MB-SIC detector has been proposed in [118] to exploit diversity gains in MIMO systems.
In [97], the authors applied the MB strategy to generate interleaving patterns for DS-
CDMA systems. Inspired by these research works, the MB-THP algorithms for the MU-
MIMO downlink are developed and proposed. The structures of the proposed MB-THP

schemes are illustrated in Figure 5.1.

The matrices TW ¢ CN->Nr (I =1,---, Lp) are the transmit patterns used to generate
multiple parallel candidate branches, where Lz is the total number of branches. A proper
selection metric is employed to choose the optimal branch to transmit the data streams.
Then, the matrices B(®, F© and G represent the feedback, feedforward and scaling

filters for the selected branch.
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Figure 5.1: The proposed MB-THP structures (a) MB-dTHP (b) MB-cTHP

5.3.3 Design of the Transmit Patterns

For the design of transmit patterns, cost-effectiveness and implementation simplicity are
the two main concerns in this work. Observing the formulation in (5.2) and (5.3), the SNR
performance of dTHP and cTHP can be influenced by ®4rpp and ®.rpp. An ordering of
the rows of H will lead to a corresponding change of L and ®. Therefore, different order-
ing patterns can be employed to generate multiple branches for exploiting extra transmit
diversity gains. Based on these motivations, we pre-store the designed transmit patterns
both at the transmitter and the receivers, which means that they are known permutations.
Drawing upon previous design methods in [117] and [118], and considering the nature of
distributed users in MU-MIMO scenarios, the design of transmit patterns is developed in

three steps.

As the total number of users is K, we first obtain the different ordering patterns Tff)

between multiple users by

TV = Iy, (5.4)
2<i<K, (5.5)

where p = (i —2) and IIx_, denotes the exchange matrix of size (' —p) x (K —p) with
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ones on the reverse diagonal and the superscript ¢ in TS) is termed as the ordering state.

For the K = 3 case, we have

100 001 100
T =010 [, TP ={010|.T¥ = 001 |. (5.6)
001 100 010

Next, in order to make the branches as non-contiguous as possible, we shuffle the streams
for each user in a similar way. The ordering patterns for the ith user equipped with N,

receive antennas is given by
T =1y, (5.7)

Ty = Tl 2<i< (5.8)

where ¢ = (j — 2) and J is the maximum number of ordering states. Assuming that the
first, second, and third user are equipped with 2, 2, and 3 receive antennas, respectively,

then, we have

R R R
01 10
100 001 100—
TV =1010|.T =010 |. T2 = |o01 |- (5.9)
001 100 010 ]

Unlike the ordering states in T'"), the total number of ordering states in T,(j ) for each user

is not uniform. For simplicity, we choose J = Max, (/Ny,) but we note that different

strategies for choosing J are possible.

Finally, we need to package the two ordering patterns Tgf) and T,(j ) together to generate

the resulting transmit pattern T, The packaging scheme is that for each ordering state

1, we increment the ordering state 5 by 1 until J. Inside each (Tgf), T,(f ))th packaging
process, in order to put T,Efl )in the right position, we locate the row indices of the nonzero

)

entries in the sparse matrix T(ui). Then, we put the ordering pattern T;j to its correspond-

ing nonzero element in the sparse matrix Tq(f) and preserve the original sparse pattern.
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Taking the combination of (T(z) T,(f)) for example, the resulting transmit pattern is

u

o o T
T =1 0 TP o0 | (5.10)
TV 0 0

For the users equipped with the same number of receive antennas, the total number of
ordering states for each user is the same and T,(jl ) = Tl(jz ) = T,(ng ). Then, we use T,(Cj )
to denote the ordering patterns for the users and the packaging strategy is simplified by

directly implementing the Kronecker product between Tgf) and T,(j )

T =T 2T, 1<1< L. (5.11)

The maximum number of branches Lp can be equal to K'!J!, however, we restrict the
total number of branches to no more than K - J here in order to maintain a reasonable
system complexity. A proper selection criterion is developed below to choose the optimal
T among all the branches. The corresponding equivalent channel matrix for a chosen

transmit pattern is denoted as H® = T H.

5.3.4 Selection Criterion for the MB-THP

From the analysis followed after (5.2) and (5.3), the multiplication of different transmit
patterns TY to the row vectors of the channel matrix H resulted in different error co-
variance matrices for MB-cTHP and MB-dTHP. For each layer of MB-dTHP, its SNR is
inversely proportional to 1/17;. For MB-cTHP, it is inversely proportional to S 17:).
Thus, a minimum error selection criterion (MESC) is developed for both MB-cTHP and

MB-dTHP to select the best branch according to

(0) — ; (Dy2
[\ = arg min ' (1/5:3)7 (5.12)
1<i<S

where [(°) is the selected branch. Then, the received signal () is obtained by

r@ = GOHCOFO2O) ), (5.13)
. 1
7a(o)< THP) 6(H(o) ) BF(o)G(o)m(O) +n). (5.14)

Since the transmit patterns are pre-stored and known both at the transmit and receive ter-

minals, the transmitter can inform the receiver about the index of the selected pattern or
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the receiver can search for the best pattern. Then, the ordered signal r(© is transformed
back to r by T at each receive terminal. Next, the transformed signal 7 is passed
through the modulo processing to remove the offset by the perturbation vector d, and a
quantization function is followed to slice the symbols to the nearest points of the constel-

lation as

5 = Q(M(r)), (5.15)

where Q(-) is the slicing function and M(-) is implemented element-wise as in (8).

5.3.5 Derivation of Filters for the MB-MMSE-THP

It is well-known that MMSE based algorithms always have a better performance than ZF
based algorithms. Based on the MMSE design the filters of cTHP are deduced from an op-
timization problem in [110, 111], which results in a high computational complexity since
multiple calculations of matrix inverses are required. The orthogonality principle is uti-
lized in [112] to obtain the filters of MMSE-dTHP. In [107], the filters of MMSE-cTHP
are derived from an extended system model, which is simpler and more effective com-
pared to the above two methods because the LQ decomposition is utilized. The receive
model for MMSE-cTHP based on the extended matrix, however, is not given in [26]. In
this work, we derive the filters of the proposed MB-MMSE-cTHP and MB-MMSE-dTHP

based on the extended matrix and their corresponding receive models are also described.

Define the N, x (N, + N;) extended channel matrix H for the MB-MMSE precoding

schemes as

HY=| O 5.1y |, (5.16)
where H = TWH. Then, the linear precoding MMSE filter can be rewritten as
PI(\?MSE = AE(Z)H(ﬂ(l)ﬂ(l)H)_l, where A = [Iy,, Oy, n,|. By implementing the

LQ decomposition of the extended channel matrix H") we have

HO = L0Q" = LV [ Q. Qv } , (5.17)

where L(l) isa N, x N, lower triangular matrix and the N, x (N, + ;) matrix Q(Z) with

orthogonal columns can be partitioned into the N, x N; matrix le) and the N, x N,
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matrix Qg). From (5.16) and (5.17), the following relations hold

HO =10Q, (5.18)
o1

LY = —qY, (5.19)

AQU™ = Q" (5.20)

Therefore, the filters for the MB-MMSE-cTHP and the MB-MMSE-dTHP schemes can

be obtained as

FO — 0 (5.21)

G = ding[ly), 153+ 3w ) (5.22)
B(l)(dTHP) _ G(Z)L(l)7 (5.23)
(l)(cTHP) _ L(l)G(l)7 (524)

where 15? are the diagonal elements of L"), The received signal for the Ith branch is

r(l)(dTHP) _ G(l)(H(l)AF(l)iL'(l) +n)7 (5.25)
. 1
’r‘(l)( THP) _ 6(H(l) . EAF(Z)G(Z):B(I) + n) (526)

It is worth noting that the multiplication by A will not result in transmit power amplifica-
tion since AA” = Iy, (A is unitary). The implementation steps of the MB-MMSE-THP

algorithms are summarized in Table 5.1.

5.4 Performance Analysis

In this section, we consider a performance analysis in terms of error covariance, sum-rate

and computational complexity.

5.4.1 Performance Analysis of the Error Covariance Matrix

The autocorrelation matrices of the interference-plus-noise power in ZF-dTHP and ZF-
cTHP have been given in [73], however, the comparison has not been investigated. In

this section, we illustrate the BER performances in terms of error covariance. For the
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Table 5.1: Proposed MB-MMSE-THP Algorithms

Steps

Operations

(1

2)

3)

“4)
®)
(6)
(7)
(®)
€))

(10)
(11)
(12)
(13)

(14)
(15)
(16)
(17)
(18)

Compute the extended channel matrix
HY = | 7O 5.1 ]
Implement the LQ decomposition
HY =L10OQ®
Obtain the filters for MB-cTHP and MB-dTHP
H OO l —
"=V, GV = chag[ll IECITRIN AN
B(l)(CTHP) Z)G (dTHP) G(l)L(l)
The MESC selection criterion
forj=1:Lp
fori=1:5
MESC(j) = Y0, (1/12)
end
end
[©) = Min(MESC) % 1) is the optimal branch
The successive cancelation process
fori=1:95
m(O) (2) =S5 — Zg;ﬁz bl]'x ( )
2 (i) = M(2' (1))
end

The received signal

§ — Elrcal
Efs||
(O)(CTHP)

B(H . 1F(0)Gw)m(0) +n)
= GY(H O)F(O) ©) 4+ n)

5(cTHP) (M(T(O)T (0)(€THP) ))
~ (dTHP (M( O)(dTHP) ))

(0) (dTHP)

comparison between ZF-dTHP and ZF-cTHP, we assume 7 is an arbitrary layer, then we
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have
‘I)lz(;) THP 2 & 2
—c i 1(0) 1(0)
o 1+ Z(wm ). (5.27)
ZF—dTHP; ; i

That is, V i : (I)ZZ(IO:‘)—CTHP“ > @lz(;)_dTHPi .- Since the BER performance is largely related

to the error covariance matrix, we expect a better BER performance of ZF-dTHP over ZF-
cTHP. This is also verified by the simulation result in [73], from which a slightly better
BER performance of ZF-dTHP over ZF-cTHP is reported.

The comparison between MMSE-dTHP and MMSE-cTHP, however, has not been ana-
lyzed nor simulated in the literature so far. Substituting (5.18), (5.20), (5.21) and (5.23)

into (5.25), we can get the error covariance matrix for MMSE-dTHP as

! . ! l
q)l(\/I)MSEdeHP = dlag(an/Lg,)lv e 7Un/£fs*,)s)2- (5.28)
For the MMSE-cTHP we start from the calculation of /5 for a more accurate expression
by

EHAF(Z)GU):B(Z)HQ

2
05

B : (5.29)

where 02 = E||s|2. Since z) = BO 'v®, B® = LOGY and L0 = %QS), the
multiplication AFY GV is obtained as
AFOGOZ0) — 1 Ap0) 08 (5.30)

On

Then, by applying the equivalence tr(ABC) = tr(C AB), the normalization factor /3

can be expressed as

(5.31)

2
where the quantity o is the variance of v(©. Therefore, the error covariance matrix for

MMSE-cTHP is obtained as

2 2
0 o)

l . v
(I)l(\/I)MSE—cTHP = diag (77 HR —) (5.32)

; o3
Since the noise term is taken into account in MMSE-cTHP, we expect a better BER per-

formance of MMSE-cTHP over MMSE-dTHP. By changing the transmit signal order,
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different perturbation vectors d") are obtained in MB-MMSE-cTHP. The multi-branch

2
processing is actually used to select the one with the minimum ol among all the Lp

branches in MB-MMSE-cTHP algorithms. For the comparison between MB-MMSE-
dTHP and MMSE-dTHP, we have the proposition below.

Proposition: The trace of the error covariance matrix for the proposed MB-MMSE-dTHP

technique is upper bounded by that of the conventional MMSE-dTHP scheme, i.e.,

tr(®Puvp_mmMsE—darap) < tr(PynvsE—daTap)- (5.33)

Proof: From the MESC selection criterion in (5.12), the selected branch 10 corresponds

to the sum of the elements associated with the smallest value, i.e.,

tr(®MB-MMSE—dTHP) = Z (1/£§3’))2, (5.34)
1<i<S

With the MESC selection criterion, we have

< > i i=12, Lp. (5.35)
By writing the above quantities without the sum, we get

1<i<8 1<i<8
1)\ 1\? (1 2 1\?
l(_o) _|_ e _|_ Z(T) < l(_l) + .. + ( ,
b Ls.s bia 3,8
1 1
) _ ((_) } (5.36)
S

{< : )2 ( : )2}
- K
o l o
)\ @
If we choose L(‘Z‘) to be 1identical to LEZZ) then we prove the equality

l\DlN

- )

tr(PyB_MMSE— dTHp) = tr(®yMMSE_dTHP)- If we choose at least one element
LE‘; > l(l orl gﬁ? = ¢ while keeping the others identical l(o = l(l], Jj £ i

then we prove the inequality tr(®yp_vvse—arnp) < tr(Pymvse_atap), where € is a

small real positive value.

From (5.3), for each layer of MMSE-cTHP and MB-MMSE-cTHP, we have

[ ®rivise—eTrp) i = r(®yuse-arap), (5.37)

[(I’MB—MMSE—CTHP]M = tr(®PMB-MMSE-dTHP)-

From the above proposition, we have obtained that @MMSE_CTHPM

Prp-MMSE-cTHP; ;- The overall SNR performance is influenced by the sum of
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each layer. Then, it is straightforward to conclude that

tr(®yp_MmmseE—crap) < tr(PymMsE—cTHP)- (5.38)

Therefore, we expect that a better BER performance can be achieved by the proposed

MB-dTHP and MB-cTHP, respectively, as compared to their original counterparts.

5.4.2 Sum-Rate Performance Analysis

From the analysis illustrated in Section III, the MU-MIMO channel is decomposed into
parallel AWGN channels in the THP systems. Therefore, the :th SNR for the {th branch

transmit signal of MB-ZF-THP is given by
2

(1)(MB—ZF—dTHP) o; (5.39)
i = T :
o2(1/1)
2
(MB—ZF—cTHP) o;
%Y = T (5.40)
o Zz’:l(l/li,i )
Then, the achieved sum-rate for the [th branch of MB-ZF-dTHP and MB-ZF-cTHP is
(0 ¢ o1}
Covp-zr—atup)y = Zlog(l + 02’ >, (5.41)
i=1 n
oW — Slog|1+ % (5.42)
(MB—ZF—cTHP) 2 ES 1(1/1@2> . .
For MB-MMSE-THP, the achieved sum-rate of dTHP and ¢cTHP can be expressed as
follows
0 5 O'g z(,lzz
CMB-MMSE—dTHP) = Z 1082(1 t—5 )7 (5.43)
i=1 n
c — Slogf14+ 2 (5.44)
(MB—MMSE—cTHP) — 08 02 | :
O

From (5.41) and (5.43), the difference of the overall average SNR for the /th branch is
small. Thus, we expect that MB-MMSE-dTHP with different branches shares a similar
sum-rate performance. For MB-MMSE-cTHP, the 050)2 of the selected {(9th branch has
the minimum value among all the branches because of the multi-branch and the selection
processing, that is

P <o® =1 Lp (5.45)

v Y )

(o
Oy
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Thus, we have

C((K/EB_MMSE_CTHP) > C(MMSE—cTHP), (5.46)

which means the sum-rate of MMSE-cTHP can be improved by the proposed MB-
MMSE-cTHP algorithm.

5.4.3 Complexity Analysis

In this section we use the total number of floating point operations (FLOPs) to measure
the computational complexity of the proposed and existing algorithms. The number of
FLOPs for the LQ decomposition is obtained by assuming that the LQ decomposition is
computed by using the Householder transformation given in [102]. We summarize the

total number of FLOPs needed for the matrix operations below:

e Multiplication of m x n and n X p complex matrices: 8mnp — 2mp;

e LQ decomposition of an m x n (m < n) complex matrix: 8m?(n — $m);

e Pseudo-inversion of an m x n complex matrix: (3m® + 7m?n — m? — 2mn).

The number of FLOPs needed for BD and RBD can be found in [119]. The computational
complexity of MMSE-THP based on multiple matrix inversions in [110] has been given
in [120]. The complexity reported in [120], however, is only computed in terms of the
number of multiplications and additions. For the complex multiplications and additions,
it respectively needs 6 and 2 FLOPs. Thus, the number of FLOPs needed by MMSE-
THP in [110] is at least 24N;1 + 48N§ + N;N,.. For MMSE-THP based on the Cholesky
factorization in [120], the number of FLOPs needed is at least 2 N + 8 N2 N;. The ZF-
VP in [26] and MMSE-VP in [80] are implemented by using the SE algorithm which is
employed for sphere encoding. The complexity of SD is associated with the constellation
size M and the radius d which is chosen to be a scaled version of the noise variance [27].

The required multiplications and additions of SD are given in [121].

For simplicity, we assume that the number of transmit antennas /V; and the number of

receive antennas /N, are equal to n. From the above derivation, MB-MMSE-dTHP and
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Table 5.2: Comparison of the complexity

Algorithm FLOPs Case
ZF 16n® + 3n? — 2n 3552
MMSE 16n3 + 3n? 3564
BD K(72n3 + 72n2n + 32n;n?

—2n? + 32nn? + 64n3) 35304
RBD K(72n3 + 72n2n + 32n;n* — 2n?

+8n3 + 18n + 7i; + 32ni? + 64n3) 40824

ZF-THP Fnd 4+ 10n* 4 22n 3372
MMSE-THP [64] 24n* + 48n3 + n? 41508
MMSE-THP 803+ 10n? + 22n 5100
MB-ZF-THP Lp(2n® + 10n* + 22n) 6744
MB-MMSE-THP Lp(%n® 4 10n* + 22n) 10200

ZF-VPIMMSE-VP [26,27] 83 ,_, i jl d*

+16n% — 2n + 4 4.8 - 107

MB-MMSE-cTHP share the same computational complexity. The number of FLOPs for
the above precoding algorithms are listed in Table 5.2. In case of system dimension n = 6,
number of users K = 3, each user equipped with N; = 2 receive antennas and number of
branches L = 2, the required number of FLOPs of MB-ZF-THP and MB-MMSE-THP
is much lower than the BD, RBD, conventional MMSE-THP in [110] and VP algorithms.
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The required number of FLOPs of the proposed and existing algorithms is simulated for
different system dimensions and the results are depicted in Figure 5.2. We average the
curves over 100 independent trials. From Figure 5.2, it is clear that VP shows the highest
complexity. The computational cost of BD, RBD, and MMSE-THP in [64] is relative-
ly high compared to the proposed MB-MMSE-THP algorithms due to multiple SVD or
matrix inversion operations are implemented. Moreover, the proposed MB-MMSE-THP
with Ly = 2 and Lp = 4 branches have a complexity that is slightly higher than the
ZF-THP, MMSE, and MMSE-THP algorithms especially when the system dimension is

below 10.
10°
F T
g , —#— ZF-THP
’ MMSE
f R —f— MMSE-THP
10°F ’ —B— MB-MMSE-THP (L=2)
¥ MB-MMSE-THP (L_=4)
R O MMSE-THP [19]
7 ’ X BD
10
3 v - + - RBD
4
R -¥=-VP
L Vs |
’ - -
cn106? ’ —6———— 25
a [/ --- ]
@)
—
TN

1 1
8 9 10 11 12 13 14
Nr = Nt = Kx Ni

Figure 5.2: Complexity Analysis
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5.5 Simulation Results

In this section, we assess the performance of the proposed MB-THP algorithms. A sys-
tem with V; = 8 transmit antennas and /' = 4 users each equipped with N; = 2 receive
antennas is considered; this scenario is denoted as the (2,2,2,2) x 8 case. The quan-

tity Fy, /Ny is defined as E,/Ny = ]\%V%Q with N being the number of information bits

transmitted per channel symbol. Uncoded QPSK and 16-QAM modulation schemes are
employed in the simulations. The channel matrix H is assumed to be a complex i.i.d.
Gaussian matrix with zero mean and unit variance. The number of branches employed
for MB-MMSE-THP is Lp = 2,4, 6, 8, respectively. The number of simulation trials is
10 and the packet length is 10? symbols.

5.5.1 Perfect Channel State Information Scenario

As illustrated in Figure 5.3, the BER performance of the BD and RBD precoding algo-
rithms is worse than that of the THP algorithms. For the THP algorithms, a better BER
performance is offered by ZF-dTHP over ZF-cTHP, and a much better BER performance
is achieved by MMSE-cTHP than MMSE-dTHP, which verifies the analysis developed in
Section IV.

The comparison among nonlinear precoding algorithms with 16-QAM is displayed in
Figure 5.4. The same phenomenon is also observed for the two types of THP with 16-
QAM. A slightly better BER performance is offered by ZF-dTHP over ZF-cTHP, whereas,
the situation is reversed for MMSE-THP. The THP with successive BD implementation
(SO-THP) algorithm in [116] shows a slightly better performance than ZF-cTHP at low
Ey/Nys, however, its performance is almost the same as ZF-dTHP and ZF-cTHP at high
E},/Nps. The maximum transmit diversity order is achieved by ZF-VP and MMSE-VP al-
gorithms. The transmit diversity of the proposed MB-MMSE-THP algorithms is between
the VP algorithms and the conventional MMSE-THP algorithms.

The BER performance of the proposed MB-MMSE-cTHP with 16-QAM and QPSK are
shown in Figure 5.5 and Figure 5.6, respectively. From Figure 5.5, the proposed MB-
MMSE-cTHP with L = 2,4, 8 branches has a gain of more than 2 dB, 3 dB, and 3.4 dB
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Figure 5.3: BER performance of THP, QPSK.
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Figure 5.4: BER performance of THP, 16-QAM.
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as compared to the conventional MMSE-cTHP and the performance gap between MB-
MMSE-cTHP with Lg = 4 and MMSE-VP is only 2 dB at the BER of 10~3. For the
QPSK modulation in Figure 5.6, the BER performance of MB-MMSE-cTHP with Lp = 4
is better than MMSE-VP at low E},/Nys and is very close to that of MMSE-VP at the BER

of 1073 but requires a much lower computational complexity.

BER

I R
10k ZF—CTHP \ NN N
F | —B— MMSE-cTHP ‘\ SR N
L ~
— 7 - MB-MMSE~CTHP (L,=2) \ Q\‘\\ ..
AN
- % = MB-MMSE-CTHP (L,=4) “ \\\\
- \
10°F | = & - MB-MMSE-CTHP (L,=6) \ Yo
: B \ AICSIRY
- | = % = MB-MMSE~CTHP (L,=8) \ ‘\\\ ..
- & - MMSE-VP ' ARENRRN
\ S
10‘5 | | | AN ASERN
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Figure 5.5: BER performance of cTHP, 16-QAM.

Figure 5.7 displays the BER performance of the proposed MB-MMSE-dTHP algorithms.
For the proposed MB-MMSE-dTHP with L = 2,4, 8 branches, there is a gain of more
than 3.6 dB, 6 dB, and 7 dB as compared to the conventional MMSE-dTHP, respectively.
It is worth noting that for both MB-MMSE-dTHP and MB-MMSE-cTHP with only 2
branches, there is a considerable performance improvement and their BER performances
with 4 branches can approach the one with 8 branches. Especially for MB-MMSE-cTHP,

its computational complexity is fixed and its BER performance with only 4 branches is
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Figure 5.6: BER performance of cTHP, QPSK.

K. Zu, Ph.D. Thesis, Department of Electronics, University of York

Mar. 2013



CHAPTER 5. MULTI-BRANCH TOMLINSON-HARASHIMA PRECODING DESIGN FOR
MU-MIMO SYSTEMS 118

not far from MMSE-VP.
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Figure 5.7: BER performance of cTHP, QPSK.

Figure 5.8 and Figure 5.9 display the sum-rate performance of the proposed MB-MMSE-
cTHP and MB-MMSE-dTHP algorithms, respectively. From Figure 5.8 , we can find
that the sum-rate of MB-MMSE-cTHP is improved with the increase of L. When Lp is
increased to 4, it can achieve almost the same sum-rate performance as with 8 branches.
The SO-THP in [116] has shown a better sum-rate performance than MB-MMSE-cTHP
algorithms for high values of E},/Ny. For MB-MMSE-dTHP, however, they share almost
the same sum-rate performance with different branches. This phenomenon confirms the
analysis developed in Section IV. Another interesting phenomenon can be observed by

comparing these two figures is that the sum-rate performance of MB-MMSE-cTHP is
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better than MB-MMSE-dTHP at low values of Ej, /Ny, while MB-MMSE-dTHP offers a

very good performance at high values of £, /Nj.

50 ,

= @ = ZF-cTHP
45 MMSE-cTHP
MB-MMSE-CTHP (L=2)
40F | =x= MB-MMSE-CTHP (L =4)
O MB-MMSE-CTHP (L=6)
a5k MB-MMSE-CTHP (L=8)
SO-THP
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30F | ——rBD

Sum-rate
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E,/N, (dB)

Figure 5.8: Sum-rate performance of cTHP.

5.5.2 Correlated Channel State Information Scenario

Here, we study the impact of correlated channels on the performance of the proposed and
existing algorithms. A correlated channel matrix can be obtained using the Kronecker

model [2]
H.— R:HR?. (5.47)

For the case of an urban wireless environment, the UE is always surrounded by rich scat-

tering objects and the channel is most likely to be modeled by an independent Rayleigh
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Figure 5.9: Sum-rate performance of dTHP.
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fading channel at the receive side [103]. Hence, we assume R, = Iy, and we have
1
H.=HR;. (5.48)

To study the effect of antenna correlations, random realizations of correlated channels are
generated according to the exponential correlation model [46] such that the elements of

R, are given by

P i<
Ti,j = ,|T| S 1, (549)
Tin 1>
where 7 is the correlation coefficient between any two neighboring antennas. This correla-
tion model is suitable for our study since, in practice, the correlation between neighboring
channels is higher than that between distant channels. In the following Figure ??, we ex-
amine the performance of the proposed MB-MMSE-THP algorithms with |r| = 0.2. The
simulation results show that with the spatial correlation, the proposed MB-MMSE-THP

algorithms still offer a better performance compared to their conventional counterparts.

5.5.3 The impact of imperfect channels

For the precoding techniques to work, CSI is required at the transmit side. This is natural
for time-division duplex (TDD) systems because the uplink and downlink share the same
frequency band. For frequency-division duplex (FDD) systems, however, the CSI needs
to be estimated at the receiver and fed back to the transmitter. Assuming perfect CSI is
impractical due to the often inaccurate channel estimation and the CSI feedback errors,
we need to evaluate the impact of imperfect CSI on the performance of precoders. The
channel errors can be modeled as a complex random Gaussian noise matrix E with 1.i.d.

entries of zero mean and variance ag. The imperfect channel matrix H . is defined as [20]

H.=H+E. (5.50)

Figure 5.12 illustrates the BER performance of the above precoding algorithms with im-
perfect CSI at £, /N, = 20 dB. The BER performance gets worse for all the precoding
algorithms with the increase of o2. The performance advantage of the proposed MB-

MMSE-THP algorithms are not changed at low values of o2, while the performance of
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Figure 5.10: BER with spatial correlation.
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Figure 5.11: Sum-rate with spatial correlation.
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all the precoding algorithms in Figure 5.12 degrades to approximately the same level of

BER at higher values of 2.
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Figure 5.12: BER with o2 for a fixed Ey /Ny, 16-QAM

5.6 Summary

In this Chapter, MB-dTHP and MB-cTHP algorithms have been especially proposed for
MU-MIMO systems with multiple receive antennas. The proposed MB-THP algorithms
increase the degrees of freedom for transmission, which results in extra transmit diversity
gains. Moreover, the required computational complexity is still reasonable since the filters
of MB-THP are derived based on an LQ decomposition for the proposed algorithms. We
have verified that the MB-ZF-dTHP algorithm can lead to a larger sum-rate and a better
BER performance than MB-ZF-cTHP. However, we have found that a better BER perfor-
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mance is obtained by MB-MMSE-cTHP instead of MB-MMSE-dTHP. A comprehensive
performance analysis has been carried out and a wide range of comparisons have been
conducted with the existing precoding algorithms including BD, RBD, THP, SO-THP,
VP. The simulation results have illustrated that a considerable improvement is achieved
with only 2 or 4 branches, which reveals the value of the proposed MB-THP algorithms

for practical applications.
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This thesis has described wireless techniques following a system perspective and has pro-
posed novel precoding algorithms that can offer an improved performance while requiring
a lower complexity than existing methods. This final Chapter summarizes the contribu-
tions of the thesis and outlines some directions for future work. Conventionally, for the
algorithm design, there is always a dilemma between performance and computational
complexity. In order to achieve an optimal performance a design often requires a higher
computational complexity, whilst if the goal is an easy implementation and efficiency this
is inevitably associated with a loss in performance. In this thesis, we have explored the
art of novel efficient precoding algorithms with a comparable performance as the optimal
one but which require much less computational complexity. In what follows, a summary

of contributions is given along with a brief discussion on possibilities for future work.

6.1 Summary of Contributions

1. A study of the most relevant precoding algorithms reported in the literature is con-
ducted in Chapter 2 which includes Zero Forcing (ZF), Minimum Mean Squared
Error (MMSE), Block Diagonalization (BD), Regularized Block Diagonalization
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(RBD), Tomlinson-Harashima Precoding (THP), LR-aided linear precoding, Vec-
tor Perturbation (VP), etc. The advantages and disadvantages of these algorithms

are discussed. Their performances are analyzed and compared.

2. A low-complexity precoding algorithm (LC-RBD-LR) based on multiple LQ de-
compositions and lattice reductions are developed in Chapter 3. The two SVD
operations and the decoding matrix for each user in the conventional RBD pre-
coding algorithm are no longer required in the proposed LC-RBD-LR algorithms.
Therefore, the computational complexity is reduced considerably (more than half)
as compared to that of the conventional RBD precoding, while almost the same
sum-rate performance as RBD and substantial BER performance gains are achieved

by the proposed LC-RBD-LR algorithms.

3. Another class of low-complexity precoding algorithms (LR-S-GMI) based on one
channel inversion, QR decompositions and lattice reductions are derived in Chap-
ter 4. Based on this channel inversion scheme, the multiple LQ decompositions in
LC-RBD-LR are avoided. The reduction of computational complexity by the pro-
posed LR-S-GMI-MMSE algorithm is more than 70% and 50% as compared to the
RBD and LC-RBD-LR precoding algorithms, respectively. In addition, a compa-
rable sum-rate performance as BD-type precoding algorithms and a considerable
BER performance improvement are obtained by the proposed LR-S-GMI type pre-
coding algorithms. By implementing the proposed LC-RBD-LR and LR-S-GMI
type precoding algorithms solely at the transmit side, not only the receiver structure
is simplified but also it becomes easier to implement these techniques in practical
MU-MIMO systems because of the decoding matrices of each user required by the

BD-type precoding algorithms are not needed anymore.

4. The performance of THP strongly depends on the ordering of the precoded symbols,
however, most of the ordering schemes in the literature are applied to SU-MIMO
systems or simply assume that each user is equipped with a single receive antenna.
In addition, there are two basic THP structures according to the positions of the
diagonal weighted filter, decentralized filters located at the receivers or centralized

filters deployed at the transmitter, which are denoted as dTHP or cTHP, respectively.
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Most of the previous research works on THP, however, have only focused on one
of the structures. In Chapter 5, novel MB-THP algorithms are developed based
on these two structures for MU-MIMO and especially for situations in which the
receiver is equipped with multiple antennas, which fills an important gap in the
literature. A comprehensive analysis is carried out in terms of the error covariance
matrix, the sum-rate and the computational complexity to illustrate the performance
of MB-THP algorithms. The results of simulations indicate that with only 2 or 4
branches, the MB-THP algorithm can achieve a comparable performance with that

of VP.

6.2 Future Work

Based on the contributions of this thesis, some suggestions for future work are given in

the following:

1. According to Chapter 2 it is not difficult to find that, the wireless MIMO channel
models we assumed in the following Chapters are flat fading channels. The fast
fading channel based precoding techniques have not been addressed in this thesis.
In order to make this research work more valuable, the more complicated fast fading

channel situations should be considered.

2. The imperfect channel scenarios with correlation and feedback errors are simulated
in Chapter 3, Chapter 4, and Chapter 5. The proposed LC-RBD-LR, LR-S-GMI,
and MB-THP precoding algorithms suffer a performance loss under the imperfect
channel environment. Therefore, robust designs of the proposed algorithms worth
our further researching work to improve the performance in the context of imperfect

CSL

3. The low-complexity precoding algorithms proposed in this thesis are derived for
MIMO systems with the dimensions that include antenna array with less than 20
antenna elements. Basically, the more antennas the transmitter/receiver is equipped
with, and the more degrees of freedom that the propagation channel can provide, the

better the performance in terms of data rate or link reliability [24]. Currently, the
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concept of massive MIMO or large MIMO is drawing considerable interest in the
research community because of the potential to improve data rates dramatically and
to scale down transmit power drastically. The number of antennas considered in the
large MIMO is usually hundreds or more, which is much more than the system con-
figurations we discussed in this thesis. Problems like a pilot contamination would
produced by the massive number of antennas will require designers to develop low-
complexity and high-performance precoding algorithms for large MIMO systems.

This is a very challenging topic that will keep researcher busy in the future.

4. The MIMO technique has become more and more mature, and the research focus on
MIMO systems has moved from the MU-MIMO to the multi-cell system, network
MIMO, MIMO systems with relays, etc. As we revealed in this thesis, the MU-
MIMO scenario is so different from the SU-MIMO scenario (due to the fact that
multiple users are geographically distributed) that we have to derive different algo-
rithms or strategies to deal with the specific challenges. The same principle applies
to these new scenarios. New design approaches or specific precoding algorithms

need to be developed for these new systems.

Some other interesting topics are also worth further studying, for example scheduling,
channel estimation, since these strategies are highly relevant to the core research topics of

this thesis. In general, there are still many issues waiting to be solved.
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4G
3GPP
AOA
AP
BD
BER
BS
CDF
CDMA
CLLL
CLR
CSI
DPC
FDD
FDMA
GSM
IEEE
LLL
LR
MAP
MIMO
MISO
ML

Glossary

Third Generation

Fourth Generation

3rd Generation Partnership Project
Angle of Arrival

Access Point

Block Diagonalization

Bit Error Rate

Base Station

Cumulative Distribution Function
Code Division Multiple Access
Complex LLL

Complex Lattice Reduction
Channel State Information

Dirty Paper Coding

Frequency Division Duplexing

Frequency Division Multiple Access

Global System for Mobile Communications

Institute of Electrical and Electronics Engineers

Lenstra Lenstra Lovsz

Lattice Reduction

Maximum A Posteriori Algorithm
Multiple Input Multiple Output
Multiple Input Single Output

Maximum Likelihood
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MLD Maximum Likelihood Detection

MMSE Minimum Mean Square Error

MSE Mean Squared Error

MSI Multi Stream Interference

MUI Multi User Interference

MU-MIMO Multiple User MIMO

NP-hard Non-deterministic Polynomial-time hard

OFDM Orthogonal Frequency Division Multiplexing

OSIC Ordered Successive Interference Cancelation

PBD Partial Block Diagonalization

PDF Probability Distribution Function

QAM Quadrature Amplitude Modulation

QoS Quality of Service

QPSK Quadrature Phase Shift Keying

SD Sphere Decoding

SDMA Space Division Multiple Access

SIC Successive Interference Cancelation

SIMO Single Input Multiple Output

SISO Single Input Single Output

SINR Signal to Interference and Noise Ratio

SM Spatial Multiplexing

SNR Signal-to-Noise Ratio

ST Space Time

SU-MIMO  Single User MIMO

SVD Singular Value Decomposition

TDD Time Division Duplexing

TDMA Time Division Multiple Access

THP Tomlinson-Harashima precoding

UE User Equipment

UT User Terminal

V-BLAST  Vertical-Bell Laboratory Layered Space-Time
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WCDMA
WIMAX
WLAN
ZF

Wideband Code Division Multiple Access
Worldwide Interoperability for Microwave Access
Wireless Local Area Network

Zero Forcing
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