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Performance of Space-Time MIMO Systems Employing Uniform Circular
Array Using Realistic Channel Models

Zahra Mahdi

(ABSTRACT)

Recently, Multiple Input Multiple Output (MIMO) technology has been widely used to
improve the transmission signal quality, coverage and channel capacity for modern wireless
communications systems. The performance of MIMO systems that utilize multiple transmit
and multiple receive antennas, is directly dependent on the correlation properties of the radio
propagation channel. The correlation properties depend on the antenna configuration, Doppler
spread and the distribution of scattering objects between the transmitter and receiver.
Therefore, the main scope of this thesis is to develop and analyze a realistic channel model
that includes accurate signal fading correlation properties. The capacity and system
performance of wireless LAN systems are investigated under the developed realistic channel
model. Also, the objective is to study the performance of the latest Wi-Fi IEEE 802.11n

emerging standard and recommend the best environment for applying this technology.

The Thesis starts with a thorough survey on the different existing MIMO channel models.
Physical, analytical and standard model classifications are presented. Comparisons that
highlight the theoretical differences and limitations for each model are provided. In this
Thesis, a stochastic spatial clustered (SSC) channel model is presented. This is followed by a
more realistic spatial and temporal clustered (STC) channel model. This realistic model
involves treating reflection paths as clusters of rays. Each cluster has a power at different
delays that is related to different tap coefficients in discrete time. The model accounts for six

various real propagation scenarios that represent a variety of indoor environments.

The STC channel model is developed to modify the existing IEEE 802.11# standard model to
consider uniform circular array (UCA) for MIMO systems. The impact of channel model
selection on link performance of systems is investigated for uniform linear array (ULA) and

UCA configurations. The study includes also the effect of varying the elements spacing of

v




array geometries and their orientations at both ends. The information-theoretic channel
capacity of correlated channels is studied when channel state information (CSI) is known at

the transmitter. The effect of line of sight (LOS) existence is also demonstrated.

Also, the performance analysis of Vertical Bell Laboratories Space-Time (V-BLAST) system
is investigated including the effect of fading correlation. Simulations of MIMO systems are
developed employing the SSC channel model for both ULA and UCA geometries at the
receiver. Different receiver detection techniques are implemented that include linear zero
forcing (ZF), linear minimum mean square error (MMSE), successive interference
cancellation (SIC), parallel interference cancellation (PIC) and maximum likelihood (ML).
Spatial fading correlation effects on the system performance are investigated utilizing the SSC
channel model for various signal to noise ratio (SNR), angle of arrival (AOA), angular spread
(AS), inter-element spacing distance between array elements. Moreover, the impact of
different channel conditions to the detection performance is presented using the developed

STC channel model.

Finally, to fully analyze the MIMO system performance, precise channel state information is
required at the receiver. A number of training-based channel estimation methods are studied
including least squares (LS), scaled least squares (SLS), linear minimum mean square error
(LMMSE), and relaxed minimum mean square error (RMMSE). The optimal training
sequences are driven numerically and are utilized in the numerical simulations. In this Thesis,
the different channel estimation methods are implemented in the MIMO system simulation
that utilizes the SSC channel model. The impact of channel spatial correlation on the channel
estimation error is evaluated for both ULA and UCA antenna. It is confirmed that the
presence of spatial correlation can help to achieve a better quality CSI at low SNR. The
performances of channel estimators are investigated when applying optimum and orthogonal
training sequences. Also, channel estimation errors and capacity for ULA and UCA MIMO

systems are compared under various AOA and AS values.
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Chapter 1

Introduction

Wireless communications system designers are faced with a number of challenges. These
include the limited availability of the radio frequency spectrum and the complex time-varying
wireless environment, the latter leads to attenuation in the signal amplitude due to multipath
fading. In addition, meeting the increasing demand for high data rate and better quality of
service, driven by cellular mobile, Internet and multimedia services is an incentive for the
designers to seek innovative techniques that improve the spectral efficiency and link
reliability. As a solution to these challenges, diversity techniques are widely used [1] [2] [3].
There are three types of diversity schemes in wireless communications, namely: temporal,
frequency, and spatial. These techniques provide multiple replicas of the transmitted signal
over time, frequency, or space, respectively at the receiver, all carrying the same information

but with a small fading correlation.

1.1 MIMO Wireless Communications Technology

Multiple-input multiple output (MIMO) antenna systems are forms of space and time
diversity. These systems are realized using multiple antennas at both the transmitter and
receiver to improve communication performance. The MIMO systems can be implemented in
a number of different ways to obtain either a diversity gain to combat signal fading or to
obtain capacity improvement. In the literature, there are three categories of MIMO
techniques. The first one aims to improve the power efficiency that maximizes the spatial
diversity by sending and receiving redundant streams of information in parallel along the

different spatial paths between transmit and receive antennas. Such techniques include space-




Chapter.1 Introduction

time block codes (STBC) [4] and space-time trellis code (STTC) [5]. The second type uses
spatial multiplexing, where independent data streams are simultaneously transmitted over
different antennas to increase the data rate. The layered space-time (LST) architecture that
was proposed by Foschini in [6] is an example of this technique. The third type utilizes
knowledge of channel at the transmitter, known as beamforming. It exploits the information
to build the beamforming matrices as pre-and post filters at the transmitter and receiver to

achieve capacity gain.

1.2 Overview of Research

For wireless communication systems, the wireless channel is the key factor that determines
system performance. Channel effects, such as path loss and multipath fading, result in the
attenuation of the signal amplitude at the receiver. Spatial diversity and spatial multiplexing
can significantly improve performance and overcome the undesired effects of multipath but
only when the channels between each transmit-receive antenna pair fade independently
(uncorrelated channel). As an example, in [7] it has been shown that in the condition of ideal
propagation (uncorrelated channel), the MIMO channel has the potential to provide capacity
of n times that of a single-input single-output (SISO) system without increase in the transmit
power and bandwidth (n represents the minimum of the number of receive or transmit antenna
elements). The capacity is expressed by the maximum achievable data rate for an arbitrarily
low probability of error. However, in real propagation environments, this assumption is not
accurate due to the physical limitation of antenna configuration, i.e., the insufficient spacing
between antenna elements. In [8] it has been shown that in case of a correlated channel, the
channel capacity can be significantly lower than that of an uncorrelated channel. The
correlation depends on the antenna configuration, Doppler spread, the distance between the
transmitter and receiver, and distribution of scattering objects that are present in the path
between the transmitter and receiver. Therefore, developing accurate and realistic correlated
channels model is essential and of crucial importance to evaluate the proper performance of
real MIMO systems. The channel modelling is one of the most significant challenges in
designing wireless communications system because of the time-varying nature of the channel.
In addition, it is important to characterize and model the MIMO channel for different
propagation conditions so as to predict and design high performance communications system.

Therefore, the main objective of this research is to develop a realistic propagation channel
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model that can fully characterize the correlation properties. In addition, the aim is to

analytically investigate the effects of fading correlation on MIMO systems.

In this thesis, two channel models are utilized. The first channel model is the stochastic spatial
clustered (SSC) channel model. This model is based on the mathematical spatial model
developed in [9] [10]. In this model, the groups of scatterers are modelled as multi-clusters
located around the antenna arrays. The spatial fading correlation can be determined from the
physical parameters of the model, which include antenna spacing, antenna arrangement,
angular spread (AS), Power Azimuth Spectrum (PAS), and the central angle of incidence of
the waves. Three different PAS were assumed with uniform, truncated Gaussian and truncated
Laplacian. This model is realized for both uniform linear array (ULA) and uniform circular
array (UCA) antennas. The spatial correlation properties of a MIMO system is modelled as
the Kronecker product of the spatial correlation matrices defined independently at the
transmitter and at the receiver. The second model is a more realistic spatial and temporal
clustered (STC) channel model that is based on the WLAN IEEE 802.11#x standard [11]. This
realistic model involves treating reflection paths as clusters of rays. Each cluster has a power
at different delays that is related to different tap coefficients in discrete time. The model
accounts for six various real propagation scenarios that represent a variety of indoor
environments. The existing IEEE 802.11n employs ULA antennas. In this research, the STC
channel model has been developed to include the UCA antennas in order to investigate the

channel capacity performance of IEEE 802.11# in different propagation conditions.

Also, the performance analysis of spatial multiplexing MIMO system is investigated
including the effect of fading correlation. Simulations of MIMO systems are developed
employing the SSC channel model for both ULA and UCA antennas. Different receiver
detection techniques are implemented that include linear zero forcing (ZF), linear minimum
mean square error (MMSE), successive interference cancellation (SIC), parallel interference

cancellation (PIC) and maximum likelihood (ML).

Most MIMO systems are based on perfect channel knowledge being available at the receiver.
However, perfect channel knowledge is never known a priori. In practice, the channel has to
be estimated. Therefore, accurate channel state information (CSI) is required at the receiver.
The availability of accuracy CSI is needed to decode the received signal and to practically

reach the MIMO capacity. Obtaining accurate CSI can be accomplished using suitable
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channel estimation methods. The most popular techniques are based on training sequences,
known as training-based channel estimation methods. The channel can be estimated based on
the received data and the knowledge of training symbols. In [12], several training-based
methods including the least squares (LS), scaled LS (SLS), linear minimum mean square error
(LMMSE), and relaxed MMSE (RMMSE) have been investigated. In this Thesis, the training-
based methods are implemented in the MIMO system simulation utilizing the SSC channel
model. The impact of channel spatial correlation on the channel estimation error is
investigated for both ULA and UCA antennas in different propagation conditions. In addition,

the MIMO channel capacity is evaluated considering the channel estimation error.

1.3 Contributions of This Work

The main contributions of this thesis are as follows:

e The existing IEEE 802.11n standard channel model is modified to consider the UCA
antennas. The channel capacity of WLAN is investigated for ULA and UCA antennas
in different propagation environments.

e The impact of spatial correlation on the performance analysis of spatial multiplexing
MIMO systems 1is investigated utilizing the SSC channel model for both ULA and
UCA antennas.

o The correlation effects on the accuracy of LMMSE and SLS channel estimators are

investigated utilizing the SSC channel model for both ULA and UCA antennas.

1.4 Outline of Thesis

This thesis is organized as follows:
In Chapter 1, introduction, objectives and contributions of the thesis are presented.

In Chapter 2, firstly, the characterization of the wireless propagation environment is
presented. Secondly, a survey on the most important developments in the area of MIMO
channel modelling is provided along with comparisons that highlight the differences and
limitations for each model. The MIMO channel models are classified into physical and
analytical models. In addition, MIMO models developed within wireless standard are also
presented. Then, the stochastic spatial clustered (SSC) channel model is presented. An
analytical expression for the spatial fading correlation function for MIMO channels is

4
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introduced for both ULA and UCA antennas. The spatial fading correlation function is a
function of angular spread, angle of incidence, PAS distribution and distance between
elements that are dependent on the array geometry. Comparative results on the spatial fading
correlation for both the ULA and UCA are presented. Finally, the information-theoretic
channel capacity is demonstrated with two different power allocation techniques, uniform and
water-pouring according to the availability of the CSI to the transmitter. Numerical results are

carried out to evaluate the MIMO channel capacity.

In Chapter 3, a realistic spatial and temporal clustered (STC) channel model is developed to
be applied in the simulation of UCA-MIMO WLAN system applying IEEE 802.11# standard.
The proposed model accounts for six (A-F) different real propagation environments that are
applied in IEEE 802.11n TGn channel model. Firstly, the TGn channel models are presented.
Secondly, the modifications to the existing IEEE 802.11n channel models to employ UCA
configuration are addressed. Finally, numerical results are presented to investigate the channel

capacity under various realistic scenarios for both the ULA and UCA.

In Chapter 4, the signal detection techniques for spatial multiplexing MIMO systems
including linear signal detection, successive interference cancellation (SIC), parallel
interference cancellation (PIC) and maximum likelihood (ML) are presented. In addition, the
effects of spatial fading correlation on the performance analysis applying the SSC channel
mode are investigated under different channel propagation conditions for both the ULA and

UCA geometries.

In Chapter 5, a number of training-based MIMO channel estimation methods are studied
including the LS, SLS, LMMSE and RMMSE. The optimal choices of training matrices for
the LS, SLS and LMMSE are presented. The performance of these channel estimators is
investigated and compared. Furthermore, the influences of the spatial fading correlation on
the accuracy of the SLS and LMMSE under various channel propagation conditions are
investigated for the ULA and UCA. Moreover, the channel capacity is evaluated with

considering the channel estimation error for the above training-based techniques.

Finally in Chapter 6, a summary of the results is presented and some suggestions and
recommendations for future work are provided. In addition, the publications of this thesis are

presented.




Chapter 2

Survey of Channel Models and Capacity
Investigations for Wireless MIMO
Systems

The increasing demand for high data rates and the limited available bandwidth motivates the
investigation of wireless systems that efficiently utilize the spatial domain. As reported in
[13], the capacity of a MIMO system can be significantly increased under the assumption that
individual paths in the MIMO channel are independent. However, over many experimental
studies [14], it was found that, in many practical cases, this assumption was not accurate.
Experimental data have shown that, depending on the environment, the capacity of a
measured channel often falls short of the limit given by Foschini [7]. Given that, the
propagation conditions determine the channel capacity, it is of great interest to characterize
and model the MIMO channel for different conditions in order to predict, and design high
performance communications system. This chapter provides a survey of the most important
developments in the area of MIMO channel modelling. The MIMO channel capacity is
demonstrated and the spatial fading correlation function is introduced for MIMO channels.
This chapter is organized as follows: Section 2.1 presents the basic multipath propagation
mechanisms. Section 2.2 demonstrates the types of MIMO channels. Section 2.3 provides an
overview of MIMO channel models classification. Section 2.4 presents the stochastic spatial
clustered (SSC) channel model for different antenna geometries. Also, in this section the
comparative results on the fading correlation for both the ULA and UCA geometries are

presented. Section 2.5 demonstrates the information-theoretic channel capacity of the MIMO
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channel exploiting the uniform and water-pouring power allocation schemes. Finally, Section

2.6 concludes the chapter and summarizes the key findings.

2.1 The Basic Multipath Propagation Mechanisms

The performance of wireless communication systems is mainly governed by the wireless
channel environment. Unlike wired channels that are stationary and predictable, radio
channels are extremely random. Radio waves propagate through a physical medium
interacting with physical objects and structures such as buildings, hills, trees, etc. This process
can result in a single line-of-sight (LOS) propagation path, non-LOS (NLOS) reflected
propagation paths, or a combination of LOS and NLOS propagation paths (multipath
environment). The multipath propagation is mainly affected by three different modes of
physical phenomenon: reflection, diffraction, and scattering [15]. As an example, an

illustration of wireless propagation in an indoor environment is shown in Fig. 2.1.

Receiver
Los | ..-vil /l
n ................ «
Diffraction ;
."‘\.‘ Reflection
Scattering ii ¥ %
[ 4

Fig. 2.1 Wireless propagation in an indoor environment.

Reflection: is the physical phenomenon that occurs when a propagation electromagnetic wave
impinges upon an object with very large dimensions compared to the wavelength, e.g.,
surface of the earth and buildings.

Diffraction: is the physical phenomenon that occurs when the radio path between the

transmitter and receiver is obstructed by a surface with sharp irregularities or small openings.
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Scattering: is the physical phenomenon that forces radiation of an electromagnetic wave to
deviate from a straight path by one or more local obstacles, with small dimensions compared

to the wavelength, such as foliage, street signs, and lamp posts.

A unique characteristic in a wireless channel is a phenomenon called ‘fading,’ the variation of
the signal amplitude over time and frequency. The fading phenomenon can be classified into
two different types: large-scale fading and small-scale fading. Large-scale fading represents
the average power attenuation or the path loss due to motion over large areas. This
phenomenon is affected by prominent terrain contours (e.g. hills, forests, billboards, clumps
of buildings, etc) between the transmitter and receiver. Small-scale fading refers to the
dramatic changes in signal amplitude and phase as a result of small changes (as small as half
wave length) in the spatial positioning between a receiver and transmitter. Depending on the
relative extent of a multipath, frequency selectivity of a channel is characterized (e.g., by
frequency-selective or frequency flat). Meanwhile, depending on the time variation in a
channel due to mobile speed (characterized by the Doppler spread), short-term fading can be
classified as either fast fading or slow fading [16]. Small-scale fading is known as Rayleigh
fading when there are multiple reflective paths and no LOS component otherwise it is called
Ricean. In case of Rayleigh fading the probability density function (PDF) of the signal’s
envelope r is given by [15]

r2

p(r) = %e—m, 20 2.1)

where E[r2] = 202 is the distance- average power of the received signal and the notation E[-]
denotes the expectation operation. While, in case of Ricean fading the PDF according to [15]
is given by
17 ATEtAf Ay
p(r) = Fe 20 |, (F) r>0A42=20 (2.2)
with A being the peak amplitude of the LOS signal and I, (+) is the modified Bessel function

of first kind and zero order. The Ricean K-factor controls the ratio of powers of the free space

2

: : A : .
signal and the scattered waves, i.e. K = ol when K = 0 the Ricean fading degenerates to

Rayleigh fading and when K extends to infinity ( K — o) it degenerates to Gaussian fading.
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2.2 Types of MIMO Channel

Fig. 2.2 shows a MIMO system with M, transmit antennas and M, receive antennas.

a Y . ey o
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Fig. 2.2 Illustration of a MIMO system.

The baseband input-output relationship over a symbol period can be expressed as [1]

r(t) = \/;:‘if H(t,7) a(t — 7)d7 + n(t) (2.3)

where E, is the total average energy available at the transmitter over a symbol period,
a(t) € CM*1 is the transmitted signal vector, r(t) € C¥r*! is the received signal vector,
n(t) € CM*1 is additive white Gaussian noise (AWGN) and H(t,7) € CM~*Mt ig the linear

time-variant MIMO channel matrix which can be represented as

hiGr)  hiaT) = Ry (t7)
H(t’ ‘[) o h21 (t, T) h22 (:t, T) " hZMt:(t' T) (2‘4)
A a6 T) - R a6 T) e Bap g ()

where h;;(t,T) denotes the time-variant impulse response between the jth transmit antenna

and the ith receive antenna. If the channel is time-invariant, the dependence of the channel

matrix on t vanishes (H(t,7) = H(7)) and can be further classified into narrowband and

wideband channel [17].
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2.2.1 Narrowband MIMO Channel

In the narrowband channel the wireless channel bandwidth is wider than that of the signal
bandwidth, so that the channel can be treated as approximately constant over frequency

(frequency flat channel). The corresponding input-output relationship simplifies to

r(t) = \/f/l:atﬂa(t) +n(t) (2.5)

where H is the narrowband MIMO channel matrix that given as

g 0 o hym,
Sl e 29
Py, 1 Py o hgem,

2.2.2 Wideband MIMO Channel

In the wideband channel the channel bandwidth is narrower than that of the signal bandwidth
such that the transmit signal may be filtered out by the finite channel bandwidth (frequency

selective channel). The input-output relationship can be written as [1]

L
rfi] = \/%Z H[tla[i — (z — 1)] + n][i] 2.7)

=1

In this case, the MIMO channel is expressed using discrete rather than continuous variables as

haae] o haglE] e him,[7]
H[T] = h21:[T] h22:[T] hZM:t [T] (2.8)
sl SR VE [l hp,m, (7]

where h;;[t] describes the complex gain between the jth transmit antenna and the ith receive

antenna, at delay t.

10
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2.3 MIMO Channel Model Classification

The MIMO channel models are classified into physical and analytical models. An overview
of this classification is shown in Fig. 2.3, which is a modified version of the classification

presented in [18].

[ Antenna Configuration ]

Bandwidth
Physical Model ﬁ Analytical Model
Focus: physical wave propagation Focus: MIMO Channel Matrix
(i) deterministic: (i) correlation based:
-ray tracing -1.1.d. Rayleigh model
-stored measurements -kronecker model
(ii) geometry-based stochastic: -weicheslberger model
-one ring and two ring models -structured model
-von Mises angular distribution (ii) propagation-motivated:
(iii) non-geometrical stochastic: -finite-scatterers model
-extended Saleh-Valenzuela -maximum entropy model
-Zwick model -virtual channel representation
-distributed scatterer model
: )
“Standardized” models:
(1) 3GPP SCM
(i1) COST 259 and 273
(iii) IEEE 802.11n
(iv) METRA
v) IEEE 802.16 /SUI
" | 9 l .

Fig. 2.3 Classification of MIMO channel and propagation models.

The Physical channel models characterize an environment on the basis of electromagnetic
wave propagation by describing the double-directional multipath propagation between the
location of the transmit (Tx) array and the location of the receive (Rx) array. In general, these
models select some vital physical parameters to describe the MIMO propagation channels like
the complex amplitude, Angle of Departure (AOD), Angle of Arrival (AOA), and Time of

Arrival (TOA). In addition, physical models are independent of antenna configurations

11
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(antenna pattern, number of antennas, array geometry, polarization, mutual coupling) and
system bandwidth. On the other hand, analytical channel models characterize the channel
impulse response between individual transmit and receive antennas in a
mathematical/analytical way without accounting for wave propagation. Analytical models are
very popular for synthesizing MIMO matrices in the context of system and algorithm

development and verification [18] [19].

2.3.1 Physical Models
2.3.1.1 Deterministic Physical Models

In deterministic models, the environment (position of Tx, Rx, and scatterers) is characterized
in a deterministic manner and thereafter the fundamental Maxwell’s equations are solved
using one of the widely known methods of electromagnetism (Method of Moments (MOM),
Finite Difference Time Domain (FDTD) method, and Finite Element (FE) method) [20].
These models are often the most accurate but are by far the most complex. The most known
deterministic model is the ray tracing (RT) model [21] that is based on electromagnetic
propagation mechanisms. It requires a complete description of every object in the channel,
including doors, walls, and desks. This includes each object’s geometry, location, and

scattering properties.

2.3.1.2 Geometry-Based Stochastic Physical Channel Model

In geometry-based stochastic channel models (GSCMs), the location of scatterers is chosen
stochastically (randomly) according to a certain probability density function (PDF) and the
model is derived from the position of the scatterers by applying the fundamental laws of
propagation mechanisms. The well-known GSCMs are one-ring model, two-ring model, and

von Mises angular distribution model.

i. One-Ring Model

In the narrowband ‘one-ring’ model [8], the base station (BS) is assumed to be elevated and
therefore not obstructed by local scattering while the mobile station (MS) is surrounded by
scatterers. No LOS is assumed between the BS and MS. Fig. 2.4 illustrates this scenario,
where T, and T, are the pth and gth antenna element at the BS, respectively, R,, and R,,, are
the nth and mth antenna element at the MS, respectively, D is the distance between the BS

and MS, R is the radius of the ring of scatterers, 8, is the AOA at the BS, and o is angle

12




Chapter.2 Survey of Channel Models and Capacity Investigations for Wireless MIMO Systems

spread. The effective scatterer on the ring is denoted by S(8) and 6 is the angle between the
scatterer and the array at the MS. S(8), is uniformly distributed in 6 with a phase shift, @(8).

BS MS

[

Fig. 2.4 Illustration of the one-ring model.

The complex channel coefficient between the pth element at the BS and nth element at the

MS can be expressed as

Hp

L
- iz ol TT(Pryms(0,*Ps(0y)a) o0} 2.9)
VL &
i=1
where Dy_,y denotes the distance between X and Y, A is the wavelength, and L is the number

of effective scatterers distributed on the ring.

ii. Two-Ring Model

The narrowband ‘two-ring’ model [22] assumes that both the BS and MS are surrounded by
scatterers. This can be the case for indoor wireless communications. An illustration of the
two-ring model is shown in Fig. 2.5. Notice that in this model, each ray is reflected twice and
the channel coefficient for the two-ring model is

Ky Ky
2 . .
__1 T T, ) F051 (@ )52(8) s (8y) R ) Ti0 H0(BD) (2.10)

iy =y
Vv K1k, k=11=1

where K; and K, are the numbers of scatterers distributed on the two rings.

13
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Fig. 2.5 Illustration of the two-ring model.

iii. Von Mises Angular Distribution

Similar to the one-ring model, a narrowband model was presented in [23] that uses the Von
Mises angular PDF as the angular PDF at the mobile side and takes the Doppler spread into

account. Fig. 2.6 illustrates this model.

BS MS

o
L]

Fig. 2.6 Illustration of the one-ring model using Mises angular distribution.

The cross-correlation between two normalized channel coefficients can be approximated as

follows:

E[H,,(OHE, (t + D]

(jZT[dpq cosa Zn
=e

; 2.11
o ) f e(ﬂT"[dpqo Sin(a)sin(8)+dnm cos(6-B)]-j2f plcos(0—p)]r) »(8)d6 (2.11)

0

where [.]7 denotes the Hermitian transpose, f; = U/ 1 is the Doppler shift, v is the speed of

the MS, ¢ is the moving direction of the MS, T is the relative time difference between the two

links H,, ,, and Hg ,,,, and p(8) is the Von Mises PDF which is defined by

14
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e,[ch cos(6-6,)]

2.12
2mly (k) ( )

p(0) =
The parameter k can be chosen between O (isotropic scattering) and oo (extreme non-isotropic
scattering). One important advantage of using the Von Mises angular distribution is that it
gives a closed-form expression [23] and therefore, can be used to study the channel

correlation analytically.

2.3.1.3 Non-Geometrical Stochastic Physical Channel Models

The non-geometrical stochastic models describe paths from transmitter to receiver by
statistical parameters only, without reference to the geometry of the physical environment.
There are two classes of stochastic non-geometrical models, namely: extended Saleh-
Valenzuela model and Zwick model. The first one uses clusters of multipath components

(MPCs), whereas, the second one treats MPCs individually.

i. Extended Saleh-Valenzuela Model

The first comprehensive statistical channel model, specifically for an indoor multipath
environment, was proposed by Saleh and Valenzuela (SV) in [24]. They showed that the
energy in a wideband channel arrived in clusters and that each cluster consisted of several
MPCs. The clusters are defined as an accumulation of MPCs with similar temporal and
angular characteristics. The arrival times of clusters and MPCs within the cluster were
modeled as independent Poisson processes, each with a different rate. Furthermore, both the
power of MPCs within a cluster as well as the average cluster power follows an exponential

decay over time, as shown in Fig. 2.7.

The arrival time of each cluster is defined as the arrival of the first multipath associated with
that cluster. The cluster arrival time T is a Poisson process with rate A., whose conditional

distribution is given by
p(Tclte-1) = 7\ce_}\C(TC_TC"‘) forc>0 (2.13)

where 7y = 0. Let 7., be the arrival time of the Ith MPC in cluster c¢. The MPC arrival time is
also a Poisson process, with rate A, ;, and is independent of 7. The conditional distribution is

given by

15




Chapter.2 Survey of Channel Models and Capacity Investigations for Wireless MIMO Systems

P(tea|teio1) = AgrePe(Fer~Tei1)  for 1> 0 (2.14)

where the delay of the first multipath in each cluster is assumed to be zero (i.e., 7. o = 0).

Overall decay envelope

— Cluster decay
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Fig. 2.7 Cluster Structure in the Saleh-Valenzuela model.

The time-invariant channel impulse response h(t) is computed as the sum contribution of all

MPCs in all clusters,

h(x) = ZZa 1e1a8(t -1, — 1)) (2.15)

=0

where §(.) is the delta Dirac function, a,; and ¢ ; are the gain and the phase of the Ith MPC
in cluster c, respectively. ¢ is assumed to be uniformly distributed on [0,2m). The gain term

a.; is real and governs the power of each cluster, as well as the slope of the overall decay

envelope. Its mean squared value aél can be approximated as a function of two decaying

exponential, as shown by

Zz,l - EQ—TC/FE_T”/Y 2(216)
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where a(z)‘0 is the average power of the first multipath component in the cluster, and T, y are
the overall decay rate and cluster decay rate, respectively. The gains themselves are Rayleigh-

distributed random variables, with PDF

2a /a
p(ac) == = Tl (2.17)

ac,l

The SV model excludes any AOA, AOD characterization. Therefore, numerous publications
since then have extended the model to include the azimuth and elevation domains, such as,
the enhancements proposed by Spencer et al. [25] and Wallace and Jensen [26], these where
published for the single input multiple output | multiple input single output (SIMO/MISO) and
narrowband MIMO, respectively. The spatial enhancements proposed deal with the AOA in
[25], and both the AOA and AOD in [26]. From measurements carried out in indoor
environments [25], it was found that MPC clusters are not spread out in delay but also in
AOA. Thus, the original SV model was extended to include angles of arrival, 8,., as indicated

by the equation

h(z,6,) = Z Z o1 €10618(t = T, — 7,) (6, — OF — O (2.18)
c=01=0

where 0/ is the mean AOA for cluster c, while 8 ; is the relative AOA of the /th MPC in the

cth cluster. An extension to [25] was proposed in [26] for the narrowband case, which

includes both AOAs and AODs. The new expression is
h(z,0,,0,) = Z Z 1 e0as(t — 1, —1,,)5(8, — OF — 61,)8(6, —Or —67,)  (2.19)
c=01=0

where 0/ is the mean AOD for cluster c, while 95’1 is the relative AOD of the /th MPC in the
cth cluster. The mean AOD and AOA (cluster centers) are uniformly distributed over [0,27),
while a zero-mean Laplacian PDF with standard deviation o is assigned to the MPCs within

each cluster at both ends

p(Ber) = —e P (2.20)
(0}
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Over the years, the SV model has been shown to be quite accurate. Elements of the model can
be seen in many channel models published since then, including the 3GPP spatial channel

model (SCM) [27], COST 259 [28] and 802.11 TGn standard [11] models.

ii. Zwick Model

In [29] it is shown that for indoor channels clustering and multipaths fading do not occur
when the sampling rate is sufficiently high. As a result, in the Zwick model, MPCs are
generated independently (no clustering) and without amplitude fading. The time-variant

frequency dependant channel model can be written as

L(t)
H(t,f,0,,6,) = Z [(De 72M0T® §(9, — 0,,(t))8( 8, — 6,,(t)) (2.21)
=1

where I';(t) is the full polarimetric matrix whose entries contain the losses and depolarization
of all scattering processes (reflections, diffractions, etc.) of the ith MPC. ;, 6,;, 0, are the
TOA, AOD, AOA of the Ith MPC, respectively. The main model’s advantage is that it enables
the transition between LOS and NLOS configurations in an easy manner by modelling the
LOS component separately from all other MPCs. This allows using the same basic procedure
for both LOS and NLOS environments. However, the relatively large number of frequency-
dependant site-specific parameters that need to be defined and the fact that the time-

dispersion of individual MPC is neglected are the main drawbacks of this model.

2.3.2 Analytical Models

The analytical models are very popular for developing the MIMO algorithm, since they are

able to capture the channel matrix from a mathematical viewpoint.

23.2.1 Correlation-Based Analytical Models

Various narrowband analytical models are based on a multivariate complex Gaussian
distribution [18] of the MIMO channel coefficients. The zero-mean multivariate complex

Gaussian distribution of h = vec{H} is given by

1

1 -nHRyh 222
T et Ry} (2.22)

p(h) =
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where vec{.} stacks the columns of a matrix into a vector and Ry is the full spatial
correlation matrix describing the spatial behavior of the MIMO channel since it contains the
mutual correlation complex values between all channel matrix elements, and can be

represented as
Ry = E{hh"} e CMeMr=MMy (2.23)

A direct physical interpretation of the elements of Ry is not possible though and thus
different approximations of Ry have been proposed that rely on a separability assumption
between the transmit/receive correlation matrices or on a decomposition in the eigen/beam-

space. Realizations of MIMO channels with distribution (2.22) can be obtained by
H = unvec{h} withh = Ry'?h;;, (2.24)

where unvec{. } is the inverse operator of vec{.}, Ry /2 denotes an arbitrary matrix square
root (i.e., any matrix satisfying Rh,l/ZRHH/2 = Ry), and h;;; € CMMr<1 js a complex-
Gaussian independent and identically distributed (i.i.d.) vector. The elements of h;;; are i.i.d.

circularly symmetric complex Gaussian with zero mean and unit variance.

i. i.i.d. Rayleigh Channel Model

The simplest analytical MIMO model is the i.i.d. Rayleigh model, it was the initial scheme for
assessing the performance of MIMO channels and the most analytical tool for the design of
space-time codes. The entries of the MIMO channel matrix H are assumed to be i.i.d. zero-
mean complex Gaussian variables, that is, all elements of H are uncorrelated (and hence
statistically independent). Physically, this corresponds to a spatially white MIMO channel
which occurs when the antenna spacing and/or the angular spread are high enough to induce
independent fading (zero spatial correlation) and a large number of independent MPCs
uniformly distributed impinge on the Rx from all directions, then the correlation matrix
becomes proportional to the identity matrix (Ry « I). In practice the spatial sub-channels are

rarely uncorrelated due to the limited angular spreads and array sizes.

In the same way, the presence of a strong LOS component may disobey the assumption of
Rayleigh fading causing the channel statistics to be Ricean distributed.Therefore, the channel

matrix will consist of a spatially deterministic component H,, which contains the free-space
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responses between all antennas, and a random stochastic Rayleigh-distributed component H;

which accounts for the scattered signals. The channel response is given as [30]

if f K
i e (2.25)
= 1!(+1H5+ K+ 1

The Kronecker model [17] is based on the assumption that scatterers around the transmitter

ii. Kronecker Model

are uncorrelated with respect to those around the receiver. Thus, the spatial transmitter and
receiver correlation are separable, which is equivalent to correlation matrices that can be

written as Kronecker product

Ry = Rry @ Ry (2.26)

where & returns the Kronecker product of two matrices, Rty and Ry, are the Tx and Rx

correlation matrices, respectively

Ry = E{H"H} € CM:*M:
Rpy = E{HH"} € CMrMr

(2.27)

The Kronecker product between two matrices is defined as

A(Q1)B A(12)B .. A(l7n)B
A oor A(2:1)B A(Z:Z)B - A(Z,:n)B

A@L DB AGn 2B .. A(nnB

mpxnq

It can be shown that under the above assumption, (2.24) simplifies to the Kronecker model
h = (Rrx ® Rpe)/?hyy & H = RY H;y RY? (2.28)

where H;;; = unvec(h;;,). The Kronecker model is popular because of its simple analytical
treatment. However, the main drawback of this model is that it forces both link ends to be

separable, irrespective of whether the channel supports this or not.
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iii. Weichselberger Model

The idea of Weichselberger model [31] was to relax the separability restriction of the
Kronecker model and allow coupling between the transmitter and receiver eigenbases, i.e., to
model the correlation properties at the receiver and transmitter jointly. Introducing the

eigenvalue decomposition (EVD) of the Rx and Tx correlation matrices

My
Rpy = ARx mURxm Uhy m = UrxArcUR
Rx Rx,m"Y“Rx,m YRx,m Rx{ARx YRx
=1
m (2.29)
M
— H — H
RTx - )\Tx,nuTx,n uTx,n - UTXATXUTX
n=1

where Ugy,, and Uty , are the receive and transmit eigenvectors, and Ug, and Ury are the
receive and transmit eigenbases, respectively. Agy and Apy are diagonal matrices with the
corresponding eigenvalues. The coupling between the two ends is determined by the power
coupling matrix Q whose positive and real-valued coefficients ®,,, specify the mean amount

of energy coupled from nth transmit eigenvector to the mth receive eigenvector; that is

Wmn = E {”ul}{x,mHu’}x,nHZ} (2.30)

= (uTx,n &® qu,m)HRH (uTx,n &® qu,m)

where [-]* denotes complex conjugate, w,,, is referred to as the coupling coefficient and can

be arranged in matrix form as

W17 . Wiy,
Q:( : : ) (2.31)

Wpr1 - Oymem,

Q is the element-wise square root of Q such that

@11 Y O1me (2.32)
,/(A)Mtl e ”wMTMt

Q=
Subsequently, the Weichselberger channel model can be written as [31]
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H = U, (2 O G)U%, (2.33)

where © returns the element-wise Schur Hadamard multiplication and []7 denotes

matrix/vector transpose.

iv. Structured Model

The structure model is the extension of the Weichselberger model to the wideband MIMO
channel. It uses tensor' calculus to describe the coupling between scatterers across receive-
transmit-delay space [17] [32]. It recasts the MIMO channel matrix as a tensor to account for
correlation in all domains and especially between delay bins in the power delay profile (PDP).

Assuming D delay bins, the model’s key equation is given by
H =W X, Upx X3 Uty X3 Upg, (2.34)

where X, denotes the n-mode product, Upyg is the eigenbases of the delay correlation matrix,
and W € CMr*MeXD jg g tensor whose entries reflect the wideband power coupling between
the two ends (Wmng = 8mnd+/ Wmna)> Where g4 are chosen independently from a complex

Gaussain distribution, and w,,,4 is the wideband coupling coefficient, That is given by

H
Wmnd = (“Del,d Rury, ® qu,m) Rysn (uDel,d R uryy, ® “Rx,m) (2.35)

CMeMrDXMM;D

where Ryypy € is the wideband correlation matrix.

2.3.2.2 Propagation-based analytical models

i. Finite Scatterers Model

The fundamental assumption of the finite scatterer model is that propagation can be modeled
in terms of a finite number L of MPCs as illustrated in Fig. 2.8. Each path is indexed by an
integer / and has a defined AOD (6,;) from the transmitting array, AOA (8,,;) at the
receiving array, path gain f5; defined as the ratio of the electric/magnetic field at the location

of the receiving array to that at the transmitting array, and delay ;.

' Tensors are multidimensional generalization of matrices.
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Assuming narrowband transmission, the channel matrix reads as [33]

L
H= ) a,(6,,)Baf(6) (2.36)
; t t

where a,(0,;) € C"*! and a,(0,,) € CM*! are the steering vectors at Rx and Tx
corresponding to the /th MPC, respectively. The finite scatterers model not only accounts for
single and doubly scattered components (paths (a) and (b) in Fig. 2.8) but also for split
components (path (c) in Fig. 2.8) which may have a single AOD but subsequently split,
resulting in two or more AOAs. Therefore, it may be regarded as a generalized version of

most GSCMs which can deal only with single and doubly scattered components.

Loz A/ A A A

P T oz

Fig. 2.8 Concept of the finite scatterers channel model, illustrating (a) typical single
scattererd path, (b) reflected path, and (c) split component.

ii. Maximum Entropy Model

The maximum entropy principle was proposed to determine the distribution of the MIMO
channel matrix based on a priori information that is available. This priori information might
include properties of the propagation environment and system parameters (e.g., bandwidth,
AODs, etc). The maximum entropy principle was justified by the objective to avoid any model
assumptions not supported by the prior information [34]. In order to achieve consistency,

regardless of the application of the model, the following axiom was defined:
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If the prior information I; which is the basis for channel model H; is equivalent to the prior
information I, of channel model H,, then both models must be assigned the same probability
distribution p(H;) = p(H,). As an example, consider that the following prior information is

available:

> number of scatterers at the transmit and receive side Sty and Sgy, respectively;

> the steering vectors for all Tx and Rx scatterers, contained in the M, X S, and
M, X Sgpy matrices Aty and Agy, respectively;

> the corresponding scatterer power Pry and Pgy; and

> the path gains between Tx and Rx scatterers, characterized by the coupling matrix

(Q € CSRx*STx),

Then, the maximum entropy channel model was shown to equal
H = ApyPp%(Q O Hy;y)Pry /%A, (2.37)

where H;;; € C5***5Tx is Gaussian matrix with i.i.d. elements. The main advantage of this
approach is its flexibility since every new piece of information on the environment can be

straightforwardly incorporated in a consistent way.

iii. Virtual Channel Representation

The virtual channel representation (VCR) is a well-mannered linear model, valid for uniform
linear arrays (ULAs). The main idea is that the finite number of antennas represents discrete
sampling in the aperture domains which are directly related to the angular domains via a
Fourier transform (FT). The use of FT explains why the model can be applied simply to ULA
configurations as the sampling needs to be uniform in the aperture domain. The model is
virtual in the sense that it does not represent the real directions but only the contribution of the

channel to those fixed directions. The VCR can be expressed as [35]
H = Fpy (Qyire © Hyq)Fly (2.38)

where Fpy € CMrMr and Fr, € CM*Me are the channel independent discrete Fourier
transform (DFT) matrices . The columns of these orthonormal matrices constitute steering
vectors into the directions of virtual angles. Q. € C MMt is the element-wise square root
of Q¢ whose entries reflect the power coupling between the nth virtual transmit angle and
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the mth receive virtual angle. In this case, the coupling matrix is obtained through (2.31), by
using the predefined DFT matrices Fry, and Fr, instead of the eigenbases Ug, and Urp,,

respectively.

iv. Distributed Scatterers Model

The distributed scatterers model was developed to assess the performance of outdoor MIMO
systems [36]. The propagation scenario is illustrated in Fig. 2.9. Both the Tx and Rx are
surrounded by a set of S actual near-field scatterers whose extent from the horizontal axis is

denoted as D; and D,., respectively.

[

»

Fig. 2.9 Illustration of the distributed scattering model.

The value of S is assumed to be large enough to induce random fading while the arrangement
of scatterers follows no certain pattern. In addition, the angular spreads of the reflected waves
are 0 and o,. The inter-element distance at Tx and Rx is expressed as d; and d,,
respectively; the scatterers at the receive side can be seen as a virtual array of S elements
between the Tx and Rx with an average element spacing 2D,./S. The MIMO channel transfer
function is then written as

1 1/2 1/2 1/2
H= ﬁRar,drHirid RUS,ZDT/SHz'tingr,dT (2.39)

where Sisa normalization factor , H};; € C ™S and Hf;; € C Mt are i.i.d. Rayleigh fading

matrices, and o is the angular spread for the virtual array
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tan(og/2) = D;/D (2.40)

The deterministic matrices R, g , Ry 2p, /5. and Ry, control the spatial correlation seen

from Tx, virtual array and the Rx, respectively.

2.3.3 Standardized Models

This section provides a brief review of the most standardized models, established by several
international organizations. The standardized models are important tools for developing new
radio systems. These models allow assessing the benefits of different techniques (signal
processing, multiple access, etc.) for enhancing capacity and improving system performance.

The aim is to give the reader a view of recent and ongoing channel modeling activities.

i. 3GPP Spatial Channel Model

The 3rd Generation Partnership Project (3GPP) system-level spatial channel model (SCM)
has been designed for the simulation of third-generation networks in outdoor environments
(urban microcells, urban and suburban macrocells) at a center frequency of 2 GHz and system
bandwidth of 5 MHz [27]. SCM is a geometry- based stochastic channel model was
developed for the purpose of calibration, where taps with different delays are assumed
independent and can be fully characterized by their spatial parameters, i.e. angular spread,
power azimuth spectrum (PAS), AOA/AOD. The model structure and simulation
methodology are identical for all environments but the input parameters, like delay spread,
angular spread and so forth, are different. In [27], a parameter table has been given which lists
all the important parameters, such as number and power of paths and subpaths and spatial

parameters.

ii. TEEE 802.11n Channel Model

This set of channel models, developed by High Throughput Task Group within the IEEE
802.11n Working Group, have been designed for indoor WLAN at both 2 GHz and 5 GHz
with an operating bandwidth of 100 MHz [11]. These models essentially represent an
improved and standardized version of the SV model with overlapping clusters in the delay
domain. Six environments (A to F) are modeled, namely: flat-fading, residential, small office,

typical office, large office, and open space. The IEEE 802.11xn channel model is a physical
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model, using a nongeometric stochastic approach. The directional impulse response is
described as a sum of clusters. Each cluster consists of up to 18 delay taps (separated by at
least 10 nanoseconds), and to each tap is assigned AOA and a truncated Laplacian PAS with
angular spread ranging from 20° to 40° (and similar for the AOD). The number of clusters
range from 2 to 6 (these numbers were found based on measurement data), and the overall
RMS delay spread varies between O (flat fading) and 150 nanoseconds. This model would be
studied in more details in the next chapter.

iii. METRA

The Multi-Element and Receive Antennas (METRA) channel model was developed within
the Information Society Technologies (IST). The main objective of the IST METRA project
was to analyze the feasibility and evaluate the performance of introducing multi-element
adaptive antennas into mobile terminals in combination with adaptive base station antenna
arrays for Universal Mobile Telecommunication Services (UMTS). The purpose of the
channel characterization work in METRA was to accurately exploit the measurement data
collected during the Smart Universal Beam-forming (SUNBEAM) in order to get a better
insight in properties of MIMO radio channels. Influences of a large set of parameters and
contexts, such as correlation, polarization, directional information, power imbalance, and

presence of a LOS component have been studied in METRA. More information about

METRA can be found in [37] [38].

iv. COST 259/273 Channel Models

“COST” is an abbreviation for European cooperation in the field of scientific and technical
research. Several COST initiatives were dedicated to wireless communications, in particular
COST 259 “Flexible personalized wireless communications” (1996-2000) [28] and COST
273 “Towards mobile broadband multimedia networks” (2001-2005) [39]. Both subprojects
aimed to develop efficient and generalized radio channel models suitable for modern MIMO
communications. The 3GPP and 802.11n models can be viewed as special cases of COST
models (though with different parameter settings). The COST 259 is a physical model; it was
the first model which explicitly investigated the complex relationships between BS- MS
distance, delay dispersion, and angular spread. It is also general in the sense that it is defined
for 13 different radio environments (e.g., typical urban, bad urban, Open Square, indoor

office, and indoor corridor) that include macrocellular, microcellular, and picocellular
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scenarios. The model relies on the key notations of external and global parameters. The
former are fixed for a simulation run and include the following features of the simulation
environments among others: frequency band, average BS-MS distance, average height of BS
and MS antennas and average building heights and separations. The latter parameters must be
extracted by exhaustive real-life measurement trials since their scope is to describe the
propagation conditions of radio environments; in fact, they are sets of PDFs and/or statistical
moments of the stochastic parameters. The main advantage of the COST 259 model is that it
can handle the continuous motion the MS. However, there are two fundamental disadvantages
of the COST 259 model. The first one is the assumption of stationary scatterers which implies
that time variations are attributed only to the MS movement. Secondly, delay attenuations are
modeled as complex Gaussian random variables which, in practice, mean that a relatively
high number of MPCs should be present at each delay bin. The COST 273 model represents
an extended version of the COST 259, since 10 different radio environments are considered
(compared to 13) including some scenarios of high practical interest nowadays, such as peer-
to-peer communications and fixed wireless access. The COST 273 employs the same generic
channel model for all types that is also identical to that of COST 259 for macrocells; this is a
significant distinction to the COST 259 model, which used different generic model for pico-,
micro-, and macrocells. The key methodology of COST 273 is to model the mean angles and
delays of clusters by geometrical considerations. The concept of twin clusters is introduced so
that each cluster is divided into a cluster corresponding to the BS side and one at the MS. The
angular dispersion at BS and MS are independently modeled while the two clusters have the
same scatterer distributions. The two cluster representations are linked via a stochastic cluster
link delay, which is the same for all scatterers within a cluster. This link delay guarantees
realistic path delays while the placement of the cluster is defined by the angular cluster

statistics as seen from the BS and MS, respectively.

v. SUI Models and IEEE 802.16

The Stanford university interim (SUI) channel models were developed for macro cellular
fixed wireless access networks operating at 2.5 GHz, which were further enhanced in the
framework of the IEEE 802.16 standard [40]. The targeted scenario for these models is as

follows:

» Cell size is less than 10 km in radius;
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» User’s antenna is fixed and installed on rooftop (no LOS is required);
» BS height is 15 to 40 m, above rooftop level;
» System bandwidth is flexible from 2 to 2MHz.

The SUI composed of six typical channel models, all SUI models consist of three taps, and
are valid for a distance between Tx and Rx equal to 7 km. The first tap is Ricean distributed
for SUI channels 1 to 4, while all other taps are taken as Rayleigh fading. Each tap of any SUI
channel is characterized by a single antenna correlation coefficient at the user’s terminal
(UT), irrespective of the UT array configuration, while the antenna correlation at the BS is
taken as equal to zero, assuming a large BS antenna spacing. In addition, the antennas were
assumed to be omnidirectional at both sides. IEEE 802.16 models are based on a modified
version of the SUI channel models, valid for both omnidirectional and directional antennas.
However, the model does not modify the correlations at the UT when reducing the antenna
beamwidth. Additional features of the IEEE 802.16 standard include a path loss model. The
path loss model covers three terrain categories: hilly terrain with moderate-to-heavy tree
densities (category A, to be used with SUI models 5 and 6), mostly flat terrain with light tree
densities (category C, to be used with SUI models 1 and 2), and terrain with intermediate path

loss condition, captured in category B (corresponding to SUI 3 and 4).
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2.4 Stochastic Spatial Clustered Channel Model

Spatial fading correlation is one of the crucial impairments in MIMO wireless communication
systems. Capacity increases promised by MIMO systems mostly depend on the fading
correlation properties of the radio channels. This section investigates the connection between
these properties for a MIMO system using both the ULA and UCA geometries utilizing the

stochastic spatial clustered (SSC) channel model.

As an initial stage before defining the spatial fading correlation function, it is necessary to
develop the vector channel model for the ULA and UCA configurations. The vector channel
model is based on the mathematical spatial channel model developed in [9] [10]. An
illustration of the wave propagation for spatial channel model employing ULA array is shown

in Fig. 2.10.

@ 0q
' Transmittero

Scatter

Receiver ‘ 6 6 6

M-elements ULA array

Broadside

»

Endfire

Fig. 2.10 Wireless communication system employing ULA array.

The array steering vector v(0,.) for specific arriving plane wave in a ULA can be written as

[41]
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©,) :
v,(6, S :
Jj2m5sin({)sin(6;)
Vz(er) € 2/1D
V(gr) = v3(9r) — ejanTsin({)sin(Br) (2.41)
Um (Br) _ejZHM sin((’)sin(Br)_

where D is the antenna element spacing, { is the elevation angle, and 6, is the AOA at
received antenna array. For simplicity, only the azimuth angles are considered in the
propagation geometry (¢ = 90°). Similarly, Fig. 2.11 shows a wireless communication

system employing a UCA array with M evenly spaced receive elements.

@0
‘ Transmitter.
OCTQQ
) @
@y

Scatter

Receiver
M-elements UCA array

Fig. 2.11 Wireless communication system employing UCA array.

The array steering vector v(8,.) for a single received plane wave in a UCA can be written as
[41]
R
v.(6,) o2y cos(0r=¢1)
LB
v(o,) = |72 | = | Smacestred (242)
v (6r) eﬂﬂ% cos(6r~pm)

where R is the circular radius of the antenna array, and ¢,, is the phase excitation of mth

element in azimuth plane.
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The spatial fading correlation function R(np, mq) between two channels h, ,, and h,, , for a

MIMO channel can be defined as [41]
R¢(np,mq) = E[hn,ph;nq] (2.43)

where hy, ,, is the multipath channel impulse response for the pth transmit antenna at the nth

receive antenna elements. Subsequently, R;(np, mq) can be written as [41]

Ry rp, ma) = [ (05w, (67<) i (055 (67|

(2.44)
- f f 2 (080, (67, (08w (67%) p(67%, 6R¥) dGT*d 6 R

65% 6%
where v, (88%) and v, (§R¥) are the array response for nth and mth receiving antennas and sth
scatterer path at the receiver side, while, v,(65*) and v,(8*) are the array response for pth
and gth transmitting antennas and sth scatterer path at the transmitter side, and p(87%, O8%) is
the joint probability density function of AOD and AOA. For a ULA, vi(GSy ) can be expressed
as

vi(HSy) = ejzn%sm(ag) (2.45)
and for a UCA, vi(Hsy ) can be written as
v (67) = eﬂﬂ%COS(@sy—wl‘) (2.46)

where i € {n,m,p,q} and y € {Tx,Rx}. Since 8J* and OR* are statistically independent,

(2.44) can be written as

RoCup ) = [ oy (07w (67) p(67)a6T* [ v (08%) v (62 (6) 05

o o

= R¥(p, )R (n, m)

(2.47)

where p(8J%) and p(68*) are the PDFs of AOD and AOA, respectively. RI*(p, q) is the
spatial correlation due to transmit antennas, and REX (n,m) is the spatial correlation due to
receive antennas. Both p(8J%) and p(6F*) are known as the Power Azimuth Spectrum (PAS).

In [16], it is shown that the pattern of PAS depends mainly on the distribution of the locally-
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scattered components. In general, enormous amounts of locally-scattered components are
observed by the MT in all different environments. Therefore, its PAS usually follows a
uniform distribution. However, for the access point (AP) there are different PAS distributions
(e.g. uniform, truncated Gaussian and truncated Laplacian) are observed depending on the
characteristics of terrain, which is usually shown to have a small angular spread (AS), AS (o)
is defined as the standard deviation of the PAS distribution in degrees as shown in Fig. 2.10
and Fig. 2.11. Fig. 2.12 shows the PDF for the three PAS distributions with the central angle

of incidence (8) = 0° and o =20°.
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Fig. 2.12 Comparisons for the three PAS distributions (6 = 0°, o = 20°).

In this research, the truncated Laplacian PAS distribution at the BS is considered, because it is
the best fit to measurement results in urban and rural areas, as revealed in [42]. Also, due to
reciprocity of uplink and downlink communications, only the uplink spatial correlation
function is presented. Consequently, for the sth scattering path on the uplink, 87 is the AOD
at the MT and 68* is the AOA at the AP. Both §f*and OR* are random variables. 61 is

assumed uniformly distributed over [0,27]. A uniform distribution for 87 is expressed as
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1
- _ T
p(egx) — o T< 95 X <n (248)
0 otherwise,

and O8* has a truncated Laplacian PAS distribution, which can be expressed as
p(oF) = ce~elo™-6rl —p 46, <OR*<7+9, (2.49)

where 0, is the central AOA, and () is a normalization factor can be found by

T
f Cre=alof*=6r] ggRx = 1 (2.50)

-T

which gives
a

() =——r
P72 —eom)

(2.51)

and a is a positive decaying factor which is related to the angle spread. Specifically, as a

increases the angle spread decreases. The angle spread ¢ of the Laplacian distribution is

defined as
2 2ae7% (mla+2m
a=?—1_e_an< — ) (2.52)
Using (2.47) the uplink spatial correlation can be written as
Rs(np, mq)* = RP*(p, ) “RE*(n, m)" (2.53)
where
REG, ) = [ p(67%)v (6% (67 )dol
05 (2.54)
REGum)* = [ v (0F%) v (62 (6) a2
6%

In [43], it is shown that RT*(p, ¢)* with 67 uniformly distributed over [0,27] for a ULA can

be expressed as
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RI*(p, ¥ = Io(2,™) (2.55)

where

2n(p — )b (2.56)

ZlTx — A

In [44], it is shown that RT*(p, q)* with 1% uniformly distributed over [0,27] for a UCA can

be expressed as

RT*(p, )" = Ip(2.™) (2.57)
where

ZCTX = lez,Tx + ZZZ,TX (258)
and

Zuine = 2nt = [cos(@,) — cos(e,)]
(2.59)

Zor = an [sin(¢p) —sin(o,)]

In [9], it is shown that the real and imaginary parts of receive spatial correlation between the
nth and mth antenna element for a ULA with a truncated Laplacian AOA distribution as

follows

Re{RR*(n, m)¥} = Io(2,%) + 4C, z ﬁzz,{(z,*“) cos[(2k(6,))]
) (2.60)
1 —arf
Im{R$*(n, m)*} = 4C, Z aaz(%i*_i)zhkﬂ(zlm) sin[(2k + 1)(6,)]
=0
where
7 Rx _ 2m(n —m)D, 2.61)

Lo A

In [44], it is shown that the receive spatial correlation nh and mth antenna element for a UCA

with a truncated Laplacian AOA distribution can be expressed as

Re{RR*(n, m)"} = I(Z,%) + 4C, z D (2.5 cos|(2k (8, +@))] (262)

2+4k2
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Im{R®*(n, m)*}

> (14 eam) .y .
= 4Cl 2 amlzk+1(zc )sm[(Zk + 1)(91‘ +a )]
k=0

where Z " is related to the antenna spacing and a” is the relative angle between the nth and

mth antenna element, that are defined as

ZCRX = lez,Rx + ZZZ,Rx

R
Zs = 2m=L [cos(pn) = cO3(pn)]

R
Za e = 21— [sin(gn) = sin(gm)]

, (2.63)
sin(a”) = L S
; lesz + Z3 px
Z
cos(a™) = 2R

fZ12Rx + 75 ry

The SSC channel model utilizes the Kronecker model that was described in Section 2.3.2.1.

Thus, the SSC channel model can be represented as
H = RY?H;;q RY/?

where Ry and Ry, can be computed as follows

R*(LD)  RI*(12) .. RI*A,M)

Rp, = REX(ZJ) REX(_Z,Z) = REX(;,Mt)

R&*(M, 1) R{*(Mp,2) ... RT(M, M)
(2.64)

R¥(1,1)  R¥(1,2) .. R¥(Q,M,)

Rg, = | ROGD  RY¥(22) .. RFEM,)

RRX(M,, 1) RB®*(M,,2) .. RRX(M,, M,)

2.4.1 Numerical Results

In this section, the numerical analysis of spatial fading correlation is presented for practical

uplink application that is shown in Fig. 2.13. As shown in Fig. 2.13 below, a ULA with four
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antenna elements at the transmitter MT and a UCA or a ULA with four antenna elements at

the receiver AP are considered.

O Transmitter
MT

4
Receiver , AP

Fig. 2.13 MIMO communication system employing ULA/UCA configurations.

The antenna spacing D, at the MT is fixed at 0.5\ and the antenna spacing at the AP is varied.
Once more, |Rs(ab, cd)¥| is defined as the uplink spatial fading correlation between the link
from transmit antenna b to receive antenna a and the link from transmit antenna d to receive

antenna c¢. Both links are assumed to be independent of each other, Hence,
|Rg(ab, cd)*| = |RZx(b, AR *(a, c)“]

For example, |Rg(42,12)%] is the spatial correlation between the link from transmit antenna 2
to receive antenna 4, and the link from transmit antenna 2 to receive antenna 1. Fig. 2.14
presents the spatial fading correlation (|Rg(21,11)%|, |Rs(43,32)*|, |Rs(33,12)*| and
|Rs(31,11)%| ) for ULA receiver versus the antenna spacing when 6, =45° and ¢ =20°. As it
can be seen that the spatial correlation decreases as D, increases. In addition, as expected
|Rs(31,11)*| gives a lower correlation than |Rg(21,11)*| for the same parameter D,. Fig.
2.15 shows the spatial fading correlation (|Rg(21,11)%|, |Rs(31,41)%|, |Rs(31,21)Y,
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|Rg(41,11)%|, |Rs(12,21)*| and |Rg(32,21)%| ) for UCA receiver versus the antenna spacing
when the 6, =45° and o =20°. As expected, the spatial fading correlation decreases as R,
increases. Also, as can be seen that due to the symmetry of the UCA, the fading correlation
|Rs(21,11)%| = |Rs(31,41)%| and |IRs(31,21)%| = [Rg(41,11)%]. Furthermore,
|Rs(31,21)%| gives higher correlation than |Rg(21,11)%|. The impact of AS and central AOA
on spatial fading correlation of ULA and UCA configurations is illustrated in Fig. 2.16 and
Fig. 2.17. To have a fair comparison between the two geometries, aperture size should be
made the same (i.e., diameter of UCA = length of ULA). Thus, for ULA spacing D,=0.5A, the
UCA radius is assumed to be R, =0.75A. Fig. 2.16 shows the spatial correlation
|Rs(21,11)*|of ULA and UCA configurations versus AS for different AOAs, 8, ={0°, 45°,
90°}. Whilst Fig. 2.17 shows the spatial correlation |Rg(21,11)*|of ULA and UCA
configurations versus AOA for different AS, o ={3°, 7°, 20°}. From these Figs. it is apparent
that the spatial fading correlation decreases as AS increases. In addition, at small AS the
spatial correlation is less affected by AOA for both ULA and UCA geometries. Furthermore,
it can be seen that for ULA geometry, the maximum correlation can be attained at 8, =90°
(endfire angle), in view of the fact that the antenna elements are inline or parallel with the
direction of AOA. The minimum correlation can be achieved when 8,=0° (broadside angle) in
this case the antenna elements are normal to the direction of AOA. Moreover, the UCA
experiences the lowest correction at 8, =45° and the highest at 8,=0° and 8, =90°. This is also
due to the fact that the correlation along lines perpendicular to the central AOA is lower than
along lines parallel to the AOA. As compared to ULA, the UCA experiences lower

correlation.
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2.5 MIMO Channel Capacity

The channel capacity is defined as the maximum possible transmission rate such that the
probability of error is arbitrarily small [2]. In this section, the analysis is taken from [16] [1]
[3]. The capacity of deterministic MIMO channel is defined as

C= r;l(%d (a;y) (2.65)

where p(a) is the PDF of the transmit signal vector a, and I(a;y) is the mutual information
of random vectors a and y. Namely, the channel capacity is the maximum mutual information
that can be achieved by varying the PDF of the transmit signal vector. From the fundamental
principle of the information theory, the mutual information of the two random vectors, a and

y,is given as
I(a;y) = H(y) — H(yla) (2.66)

where H(y) is the differential entropy of the vector y, while H(y|a) is the conditional
differential entropy of the vector y, given knowledge of the vector a. Since the vectors a and

n are statistically independent, H(y|a) = H(n), (2.66) simplifies to
I(a;y) = H(y) — H(n) (2.67)

Maximizing the mutual information /(a;y) reduces to maximizing H(y). The autocorrelation

function of y, Ry, = E[yy*], for narrowband time-invariant wireless channel satisfies [16]

E
R,, = V‘ZHRQQH” +o2ly, (2.68)

where 02 is the power spectral density of the additive noise {n;}}7,, I, € CMr*Mr is identity
matrix and R, = E[aa”] is the autocorrelation of transmitted signal vector. The differential
entropy H(y) is maximized when y is zero-mean circular symmetric complex Gaussian
(ZMCSCG). This implies that @ must also be ZMCSCG. Then the differential entropies of

vectors y and n are given by
H(y) = log, (det(rreRyy)) (2.69)
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H(n) = log, (det(neo%IMr))

where det(:) is the determinant operation. Thus, the mutual information of (2.67) is expressed

as [16]

E

1(@;) = log, det (IM N —“ZHRMHH) (2.70)
! M tOn

The autocorrelation matrix of @ must satisfy Tr(R,,) = M; in order to constrain the total

transmitted energy over a symbol period. Hence, from (2.65), the capacity of MIMO channel

is given by

E, 4
_ 2.71
C 03, log, det (IMr + Mool HR,,H ) (bps/Hz) (2.71)

where Tr(:) is a matrix trace operator, defined to be the sum of the diagonal elements and

“bps/Hz” is the unit of capacity (bits per seconds per Hertz).

The channel matrix H is assumed to be perfectly known at the receiver. Channel knowledge at
the receiver is maintained via training symbols, this principle will be studied in chapter 5. In
the following sub-sections the deterministic channel capacity is derived based on the

availability of the channel state information (CSI) at the transmitter.

2.5.1 Uniform Power Allocation Scheme

Without any knowledge of the channel characteristics, the only way to distribute the transmit
power is to share it equally on all the M, transmit antenna elements. Assuming independent

transmitted signals, i.e., Rg, = I5;,. Hence, the capacity of MIMO channel in the absence of

CSI at the transmitter is given by

Eq
Cy =log, det| I, + HH# 2.72
v = 108, de ( M, M,o2 ) ( )

n which HH¥ € €™M is a positive semi-definite Hermitian matrix. The EVD of such a
matrix is given by QAQ”, where Q € CMr*Mr is a unitary matrix satisfying Q7Q = QQ” =
I, and A € CY~"Mr is a diagonal matrix with its diagonal elements (eigenvalues) given as

{Ai}?irl. Then, the capacity of the MIMO channel is given by
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E
CU = logz det (IMr + M

‘;2 QAQH) (2.73)

t

Using the identity det(l,, + AB) = det(I,, + BA), where A C™*™ and B C"*™, the channel

capacity in (2.73) simplifies to

E
= log, det{ I A 2.74
Cy = log, de ( M, T M, o2 ) ( )
or equivalently
- E
cy = log, (1 ; —azai> (2.75)
i=1 Mion

where r denotes the rank of H, that is, r < min(M;, M,.) and min(x) represents the minimum
value out of the set of parameters x. From (2.75), it can be seen that a MIMO channel is
converted into r parallel spatial sub-channels, with equal power allocated to each sub-

channel.

2.5.2 Water-Pouring Power Allocation Scheme

Channel knowledge at the transmitter can be maintained via feedback from the receiver or
through the reciprocity principle in a duplex system. Here, the model decomposition can be

performed as shown in Fig. 2.18.

Channel Receiver

H Ut =>Y

Transmitter

a )y V

=

Fig. 2.18 Schematic of model decomposition of H when the channel is known to the
transmitter and receiver.
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In which the transmitted signal is pre-processed with V in the transmitter (based on the fact
that H = UV¥ through the singular value decomposition (SVD') and then, a received signal is
post-processed with U¥ in the receiver. Referring to the notations in Fig. 2.18, the output

signal in the receiver can be written as

{E ’E
y= iu”uva+u”n= ﬁatfl+r'1 (2.76)

™1 is the transformed

where y € C"™*? is the transformed received signal vector and n € C
noise vector with autocorrelation matrix E[Anf] = 621,.. The vector @ € C"** must satisfy
E[aa”] = M, to constrain the total transmit energy. (2.76) shows that with channel
knowledge at the transmitter, H can be decomposed into r virtual single-transmit, single-

receive (SISO) channels satisfying

’E
yi = ﬁa\/ﬁ.—ldl + r’li, i = 1,2, v, T (277)
t

This representation can be illustrated Fig. 2.19.

M
|
a—” \/’1—1 _’@—’ Y1
i,
dy ———— \/Z y2
s :

d,— i —>6l9—>y'r

Fig. 2.19 The r virtual SISO channels obtained from the model decomposition.

' where U € C**" and V € CM*" are unitary matrices (UHU=VAV=1) and =
diag{ay, 05, ...,0,} with 0; = 0 and o; > 0;,,, where o; is the ith singular value of the
channel and related to the eigenvalue by (0,- = \//1_1)
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If the transmit power for the ith transmit antenna is given by y; = E[|a;]?*], the capacity of the

ith virtual SISO channel is

C;(y;) = log, (1 + M“’“ /11>, i=12,..,1 (2.78)
t n

Assuming that total available power at the transmitter is limited to

My
Elata] = Z Ellayl?] = M, (2.79)

The capacity of the MIMO channel is the sum of the individual parallel SISO channel

capacities and is given by

t¥n

r T
E v
Cy = Z log, (1 + Ma—():;/ll) subject to Z yi = M, (2.80)
i=1 i=1

Since, the transmitter can access the spatial sub-channels; it can allocate variable energy
across the sub-channels to maximize the mutual information. The mutual information

maximization problem becomes

= max Zlog2<1+ al' A-) (2.81)
l 1Yl_ t

Using Lagrangian methods, the optimal energy allocation policy, y;°P¢, satisfies

M 02>+
opt __ t¥n .
v, o =u— , i=1,..,rand
¢ ( Ea/li

Z Viopt =M,

i=1

(2.82)

where y is a constant and (x)* implies

+ (X, x=0
) ‘{0 x <0

)

The optimal energy allocation is found iteratively through the “water-pouring algorithm”

which is described as follows:
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Setting the iteration count p to 1 and calculate the constant y in (2.82)

r-p+1

M, ol 1
=il SE AN ol = 2.83
. <r—p+1)”Ea;Ai 7

Using the value of u found above, the power allocated to the ith sub-channel can be calculated

using

M,o?
yi:<y— : "); i=12.,r-p+1 (2.84)
Ea/li

If the power allocated to the channel with the lowest gain is negative, i.e, ¥,_p41 < 0, this

channel is discarded by setting yrofzf +1 = 0 and rerun the algorithm with the iteration count

incremented by 1. The optimal power allocation strategy, therefore, allocates power to those
spatial sub-channels that are non-negative. Fig. 2.20 illustrates the water-pouring algorithm. It

addresses the fact that more power must be allocated to the sub-channel with higher signal-to-

noise ratio (SNR), i.e. SNR= 22,

On

Discarded sub-channels

Used sub-channels / \
topt T e R
. Mo}

‘u . Mtar% Ea/‘{r
, W M2 | BB |E,A,_,
M, o2 e
Eq,
E A

Fig. 2.20 Schematic of water-pouring power allocation algorithm.

Furthermore, if an SNR is below the threshold given in terms of u, the corresponding sub-

channels must be discarded, that is, no power allocated to them.
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2.5.3 Ergodic Capacity

Since the channel H is random, the information rate associated with the MIMO channel is a
random variable. Fig. 2.21 shows the cumulative distribution function (CDF) of the
information rate of a flat fading MIMO channel with M; = M, = 2, obtained through Monte
Carlo methods for SNR = 10 dB when uniform power allocation scheme is applied and the
sample channels are drawn from H;;;. In analyzing the capacity of fading channels two
commonly used statistics are the ergodic capacity and the outage capacity [1], as shown in

Fig. 2.21. In this thesis, the channel capacity is analyzed as ergodic process.

T 1 T
[ 1 |
I 1 I
I 1 I
: : :
0.8------ =% preefaaaino Lo (mmm o
| I I
: ! :
I l I
I I I
I I I
0.6 ------ et A e e
3 : if | l :
5 I | | I
O : : : i
Ofde = Al o e e
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Rate (bps/Hz)

Fig. 2.21 CDF information rate for H;;; MIMO channel with M, =M, =2 and SNR= 10dB.

The ergodic capacity of a MIMO channel is the ensemble average of the information rate over
the distribution of the elements of the channel matrix H. It is the capacity of the channel when
every channel matrix H is an independent realization, i.e., it has no relationship to the
previous matrix but is typically representative of its class (ergodic). When the CSI is not

available at the transmitter, the ergodic capacity is given by

C_U:E

r E,
L, lng <1 + mll)] (285)

The ergodic capacity is the median of the CDF curve as depicted in Fig. 2.21. In this case it is

1

5.4 bps/Hz. Fig. 2.22 shows the ergodic capacity for various antenna elements (M, X M,)
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versus SNR. As expected, the ergodic capacity increases with increasing SNR and also with
M; and M,. However, increasing the number of receiving antennas has a more significant
impact on MIMO capacity than increasing the number of transmitting antennas. In addition, it
shows the huge capacity increase of MIMO channel over SIMO, MISO and SISO channels.
Moreover, at high SNR the capacity increases by 4 bps/Hz for every 3 dB increases for
MIMO channel and the capacity increases by 1 bps/Hz of SNR increase for SIMO, MISO or

SISO

—p— SISO (1x1)
o0l - =F=SIMO (@x1) | L
—— MISO (1x4)
—A— MIMO (4x4)

—_
(6]

B
o

Capacity (bps/Hz)

SNR (dB)

Fig. 2.22 Ergodic capacity for different antenna elements versus SNR.

When CSI is present at the transmitter, the ergodic capacity is defined as the ensemble
average of the capacity achieved when water-pouring optimization is performed for each

realization of H, and is given by

C_W:E

r
E v:
Z log, (1 . M“—Z;Ai)] (2.86)
=5 il
Fig. 2.23 compares the ergodic capacity of a MIMO channel with M; = M,. = 4, for the cases

that uniform and water-pouring power allocation schemes are applied. As expected, the

capacity with water-pouring strategy is always higher than the one with uniform power
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allocation scheme. This advantage reduces at higher SNR and is true for MIMO channels with

M, = M, = M. This can be explained as follows:

At high SNR, from (2.71), the capacity of MIMO channel can be approximated as

a

E
C~ max log,det(R,,) + log,det (M02 HH”> (2.87)

Tr(Rgq)=M 4

With water-pouring power allocation strategy, log, det (R;,) is maximized, subject to the
constraint Tr(R,,) = M when R,, = I, which is also the optimal autocorrelation matrix
with the uniform scheme. Therefore, the water-pouring solution will approach the uniform

scheme at high SNR.

Fig. 2.24 Compares the ergodic capacity for different number of transmit and receive
antennas with uniform and water-pouring power allocation schemes at SNR= 10 dB. It shows
that when the number of transmit antennas is lower than the number of receive antennas
(M; < M,) there is almost no gain in the water-pouring power allocation. However, when
(M; > M,) there is a significant potential gain can be achieved by water-pouring power
allocation strategy. For eight transmit and four receive antennas (M; = 8, M,. = 4), the gain is
about 3.51 bps/Hz and for twelve transmit and four receive antennas (M, = 12, M, = 4) it is
about 5.84 bps/Hz. In addition, when the number of transmit and receive antennas is equal
(Mg = M, = M) the capacity gap between water-pouring and uniform (Cpy,) increases at
higher M (e.g. M = 4,Cyy, = 0.53; M = 8,Cyy = 1.29; M = 12, Cyyy = 2.02), but will be
reduced at high enough SNR as shown in Fig. 2.18.
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Fig. 2.23 Comparison of ergodic capacity of M,= M,=4 MIMO channel with uniform and
water-pouring power allocation schemes.
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Fig. 2.24 Comparison of ergodic capacity for different number of transmit M; and receive M,
antennas with uniform and water-pouring power allocation schemes at SNR = 10 dB.
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2.6 Conclusion

In this chapter, firstly, the characteristics of multipath channel models for wireless
environments are reviewed. Secondly, an overview of the radio propagation and channel
models for wireless MIMO systems was presented. MIMO channel models were classified
into physical models and analytical models. Physical models focus on the double-directional
propagation mechanisms between the location of transmitter and receiver without taking the
antenna configuration into account. Analytical models capture physical wave propagation and
antenna configuration simultaneously by describing the impulse response (equivalently, the
transfer function) between the antenna arrays at both link ends. In addition, a number of
channel models proposed in the context of recent wireless standards were summarized. Then,
the SSC channel model was presented. An analytical expression for the spatial fading
correlation function utilizing the SSC channel model was expressed for ULA and UCA
geometries in wireless environment. The channel spatial fading correlation is a function of the
angle of arrival, angle spread and distance between elements. The numerical results showed
that the spatial fading correlation decreases as antenna spacing and/or angle spread increase.
In addition, the correlation along lines perpendicular to the central AOA is lower than along
lines parallel to the AOA. Finally, the information-theoretic MIMO channel capacity was
presented. The MIMO channel capacity was derived according to the availability of CSI at the
transmitter. Without any knowledge of the channel characteristics, the energy is spread
equally among all the transmit antennas (i.e., uniform power allocation scheme). However,
with the channel knowledge at the transmitter, the capacity can be increased by resorting to
the so-called “water-pouring principle”, by assigning various levels of energy to various
transmitting antennas. This energy is assigned on the basis that the better the channel, the
more energy it acquires and vice versa. As well, numerical results were compared between the
uniform and water-pouring power allocation schemes. The comparison showed that the water-
pouring strategy is an optimal energy allocation algorithm when the number of transmitter

antennas is greater than the number of receiver antennas.
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Chapter 3

Spatial-Temporal Realistic Clustered
Channel Model for Circular Array Based
WLAN MIMO Systems

The MIMO technology offers a spatial diversity that can be utilized to achieve significant
capacity gain as well as improve system performance [2]. Most of studies for the design and
performance evaluation of MIMO wireless communication systems use simplified statistical
channel models that are idealized abstractions of temporal and spatial correlation [8] [45]. The
main limitation of these channel models is that realistic channel conditions are not included as
it provides a simple and intuitive relation to physical directions and propagation
environments. Various measurements show that realistic MIMO channels provide different
capacity values [46]. Therefore, developing accurate and realistic correlated channels is
essential and of crucial importance to predict an accurate performance of real MIMO systems.
Some realistic models are proposed as standardized channel models were unified and agreed
on by many scientific parties worldwide to be used in the development of modern MIMO
systems (refer to Section 2.3.3). These models assume that transmitter and receiver MIMO
antennas are restricted to ULA antennas. However, recently there has been increased interest
in using UCA antennas [47] [48] [49] [50] [51] [52] [53] [54], which are perhaps the next
most common array geometries for future generation access points due to their enhanced
azimuth coverage. Therefore, in this chapter, the work in [51] is extended and a more realistic

spatially and temporally clustered channel model is developed to be applied in the simulation
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of UCA-MIMO systems applying IEEE 802.11xn standard. The proposed model accounts for
six different real propagation scenarios that are applied in IEEE 802.11 TGn channel model.
Numerical simulations are performed to study the eigenvalues distribution of sub-channels
and the effect of LOS component existence. Also, the channel capacity is investigated under
various realistic scenarios when varying the transmitted power schemes. As well, the number
of antenna elements and the azimuth orientation angle of the employed antenna geometries
are studied. This chapter is organized as follows: Section 3.1 presents the TGn channel
models. Section 3.2 describes the MIMO channel model and presents the modifications to the
existing IEEE 802.11n channel model to employ UCA configuration. Section 3.3
demonstrates the numerical results and presents a thorough discussion about the applicability
of the developed channel model. Finally, Section 3.4 concludes the chapter and summarizes

the key findings.

3.1 IEEE 802.11n TGrn Channel Models

In response to growing market demand for higher-performance wireless local area networks
(WLANS), the Institute of Electrical and Electronics Engineers- Standards Association (IEEE-
SA) approved the creation of the IEEE 802.11 Task Group n (802.11 TGn) during the second
half of 2003. In Table 3.1, the TGn channel model parameters are summarized for both LOS
and NLOS conditions.

Table 3.1 IEEE 802.11xn channel models.

Model Environment LOI\(S;;]I;J)OS dgp (M) Delay (ns) Clusters
A Flat fading 0/-00 5 0 1
B Residential 0/-00 9 15 2
C Residential (small office) 0/-00 5 30 2
D Typical office 3/-0 10 50 3
E Large office 6/-0 20 100 4
Large space
i (indoogr/OLIl)tdoor) s - = 3

As depicted in Table 3.1 the TGn channel models comprise six models (A to F), which

represent a variety of indoor environments, ranging from small environments (A to C), such
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as residential homes, with rms delay spreads from 0O to 30 ns, up to larger areas (D to F), such

as open spaces and office environments, with rms delay spreads from 50 to 150 ns [55].

For each channel model, if the distance between the transmitter and receiver is less than the
breakpoint distance (dpp) then the channel is assumed to have a LOS path otherwise it is a
NLOS channel. The LOS Ricean K-factor is applicable only to the first tap while all the other
taps K-factor remain at -co dB. The LOS component of the first tap is added on top of the
NLOS component so that the total energy of the first tap for the LOS channels becomes
higher than the value defined in the PDP in Appendix A. According to [11], the AOD and
AOA of the LOS component are hard-coded at 45°.

The IEEE 802.11n standard utilizes spatial and temporal clustered (STC) channel model,
which involves treating reflection paths as clusters of rays. Each cluster has a PDP (power at
different delays, i.e., taps in discrete time), which is used in finding the MIMO channel tap
coefficients. This approach was introduced first by Saleh and Valenzuela and later extended

by many other researchers (refer to Section 2.3.3).

As depiéted in Table 3.1 various numbers of clusters are assigned to the TGn channel models.
The models ‘B’, ‘C’, ‘D’, ‘E’, and ‘F’ would have 2, 2, 3, 4, and 6 clusters, respectively,
while, model ‘A’ consists of only one tap. The parameters used to model each cluster are the
AOD from the transmitter, AOA at the receiver, and AS at both stations. According to [11],
the PAS distribution of clusters and corresponding taps is assumed to be truncated Laplacian.

The PDP and cluster parameters for the six models are defined in tables in Appendix A.

3.2 Spatial-Temporal Clustered Channel Model

In this section, the spatial-temporal clustered (STC) channel model is introduced. Considering
a downlink of IEEE 802.11n MIMO WLAN communication system operating in an indoor
environment, where the transmitter is an AP and the receiver is a wireless station (STA). Fig.
3.1 shows (M, x M;) MIMO WLAN system with M; and M, -elements antenna array at AP
and STA, respectively. We consider the arrays at STA and AP to be either ULA with inter-
element spacing D, and D, or UCA of radius R, and Ry, respectively. Also, Fig. 3.1 illustrates
a graphical representation of the clustered channel model where the angle that each ith
element location makes with the horizontal axis is denoted as ¢; and ; for transmitter and

the receiver, respectively. 8; and 6, are the AoD and AoA, respectively. Additionally, it is
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assumed that the channel is composed of several moving scatterers that are local to STA.
Thus, the received signal is the sum of multiple plane waves with random phases. Under this
assumption, the channel consists of multiple sample taps, which are associated with different

clusters.

(STA) ¢,

3 s o, Angle Spread
b4
4 }Dt 2 d)Z
|
1 ¢1
R
M,

Transmitter, AP
Fig. 3.1 MIMO communication system employing (M, xM;) ULA/UCA configurations.

The discrete-time impulse response of MIMO channel matrix can be written as in [55]

L
H(D) :an(t)s(t—q) (3.1)
=1

where ¢ denotes the discrete time index, L is the number of effectively nonzero channel taps
(corresponding to the channel clusters), H;(t) is the M,xM, channel matrix for the Ith tap,
d(t — 1) is the Kronecker delta function for 1, delay at /th tap. For simplicity, notation ¢ will
be omitted in the following equations. For the TGn channel models in [11] the /th channel tap,
matrix H;, at one instance of time can be written as the sum of a constant LOS matrix and a

variable Rayleigh NLOS matrix. Note that the LOS matrix is considered constant in [11],
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under the assumption that the transmitter and receiver locations are fixed, and only the
surrounding objects are in motion, affecting the NLOS matrix. Thus, the /th channel tap,

matrix H;, can be written as follows:

Hy = HOS + 1S = v | [ 5L pienpreos()gy |1 cq (3.2)
l 1 l Nk +1 K +1

e P, is the overall power of channel tap /, it represents the sum of the fixed LOS power

where:

and the variable NLOS power of the /th tap, the latter being defined by the model’s
PDP. This leads to P, =PDP(l)(1 + K;).

e K; is the Ricean K-factor represents the relative strength of the LOS component. When
K; = 0, (3.2) represents a NLOS channel (the LOS matrix term is eliminated). In this
case, the values of H; follow a Rayleigh distribution. Otherwise, (3.2) describes a LOS
channel, which follows a Ricean distribution. Typical values for the LOS channel
models defined in Table 3.1 range from 0 dB to 6 dB. For NLOS channels, K = —oo
dB.

* v, is the environmental scatterer speed (defined as 1.2 km/h in [11]).
e S is the Rice steering matrix (described in Section 3.2.1).
e ( is the spatial correlation-shaping matrix (described in Section 3.2.2).

e a represents a vector of time-domain obtained by passing independent complex
Gaussian random samples through a filter that is shaped based on the Doppler model

(described in Section 3.2.3).

3.2.1 Rice Steering Matrix

The Rice steering matrix (§) for ULA configurations at both STA and AP ends can be
expressed as [56]
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1 1
o Dy .. D¢ .
e}ZﬂTT sin(6,) eertTtsm(Gd)
.. 2D, . , D .
S = ejZnTrsm(Gr) e]Zn%sm(Bd) (33)
. M,.—1)D, . X M—1)D; .
_eJZH%#sm(BT)_ _e}2n(——t—IL51n(6d)J

In addition, the model is adapted to include UCA configurations as shown in Fig. 3.1.

Therefore, in this case the steering matrix can be written as follows:

Ry T . R
o J2mE cos(0;-¢1) o J2m3 cos(8a=91)

.._R
eJZﬂ'TTCOS(er_QJz)

e

S = ]'27T§C05(9a—¢z) (3.4)

jZTtI—}’:cos(Gr—tpMT) jZH%cos(Bd—tht)

e e

For all TGn channel models in [11], the LOS contribution is only applied to the first tap (i.e.,
delay 0), as the LOS path arrives first, and experiences no reflections. The LOS component is
added on top of the NLOS clusters, resulting in a higher overall power than the original
NLOS power delay profiles defined in Appendix A. In addition, according to [11], the AOA
and AOD for the LOS path of the channel are assumed to be fixed at 45°. Furthermore, the
exponential term in (3.2) is due to the phase change introduced in the LLOS path, by the

channel, due to the movement of scattering objects with velocity v,.

3.2.2 Antenna Correlation Modelling

The correlation- shaping matrix C in (3.2) defines the spatial correlation coefficients, which

are generated as follows:

1. First by using the Kronecker model described in Section 2.3.2.1, a spatial correlation

matrix is given as
RH — RTX ® RRX € (CMtMTXMtMT (3.5)

2. Using Ry in (3.5), a root-power correlation matrix I' is given as

r= J Ry, for field type
Ry, for complex type

where I is a non-singular matrix which can be decomposed into a symmetric mapping matrix
(or correlation-shaping matrix) with the Cholesky or square-root decomposition as follows:
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r=cc’ (3.6)

Note that C in (3.6) can be found by Cholesky decomposition or square-root decomposition,
depending on whether Rpy and R, are given as the complex matrices or real matrices,
respectively [56]. Computing the Rty and Rgy correlation matrices for each tap require the
PAS distribution and its angular spread, the central AOA and AOD values, and the power of
each cluster tap. The TGn channel models use the truncated Laplacian PAS distribution,
which was found to match closely the angle of arrival statistics within a cluster for urban
environments [55]. The Ry, and Rgy correlation matrices can be determined by using the
relationships defined in section 2.4. Thus, for a receiver equipped with ULA antenna
configuration, the complex correlation coefficients between mth and nth antennas can be
determined by using (2.60) and (2.61). In addition, a similar expression can be obtained for
Rry coefficients as in (2.60) and (2.61) by replacing 6,, D, with 8,, D, respectively.
Similarly, for a receiver employs UCA antenna configuration, the complex correlation
coefficients between m-th and n-th antennas can be determined by using (2.62) and (2.63). As
well, a similar expression can be obtained for Ry, coefficients as in (2.62) and (2.63) by

replacing 0,, R, @m, ¢, With 8,4, R¢, ¢, ¢y, respectively.

3.2.3 Temporal Doppler Component

The fading characteristics of indoor wireless channels are different from the outdoor channels.
In indoor wireless systems the transmitter and receiver are stationary and objects are moving
in between, where the motion of objects occurs at walking speeds approximately 1.2 km/h
(0.333 m/s) [11]. The motion results in a change in the reflection paths from transmitting to
receiving antennas, which in turn induces change (i.e., gain or fade) in the amplitude of the
received signal. This results from the shift in carrier frequency of the signal [55]. The

maximum frequency shift is known as Doppler spread f; and it is defined as:

Vo
fa= - (3.7)

where v, is the speed of object motion and A is the wavelength defined by ):C- , where ¢ is the

light speed (c = 3x10° m/s) and f. is the carrier frequency (f, = 5.25 GHz or 2.4 GHz).
Therefore, the motion results in a frequency shift of 5.83 Hz and 2.67 Hz at f, = 5.25 GHz
and 2.4 GHz, respectively.
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Different techniques are used to include the Doppler effect in the channel model. Clark/Gans
[16] and Jakes [17] models are the most popular channel models use the fading spectrum in

order to produce realistic fading waveforms that have proper time correlation.

Also, Time Domain- Filtered White Gaussian Noise (TD-FWGN) model is widely used. This
model is similar to the Clark/Gans model however the Doppler filter is implemented directly
in the time domain. The IEEE 802.11n standard utilizes this TD-FWGN model to include the
Doppler effect. The fading channel is generated by filtering the complex Gaussian random
process with the time domain filter whose frequency response corresponds to the Doppler

Spectrum [17]. Fig. 3.2 illustrates an overview of this model.

Complex Doppler _
Gaussian > Filter |, Fading
Generator (Time Domain) Channel

Fig. 3.2 An overview of TD-FWGN model.

As shown in Fig. 3.2 the Doppler filter produces the fading channel. The spectral shape of the
Doppler spread determines the time domain fading waveform and dictates the temporal
correlation. The Doppler power spectrum S(f) for indoor environments had been defined in

order to fit the Doppler power spectrum measurements [11]. Thus, S(f) can be expressed as:

S() = TA(L—)—Z (3.8)

d

where A is a constant, defined to set S(f)=0.1 at frequency f, thus A=9. S(f) is similar to

the “Bell” shape spectrum, as shown in Fig. 3.3.

The autocorrelation function (inverse Fourier transform of S(f)) is given by

2nf
g = Ha Tt (3.9)
VA

and the time period where the channel remains essentially time-invariant is known as

coherence time T, and can be expressed as [11]:
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r = Y4 e (3.10)

Power (dB)
=)

—_
[6)]

-20

-10 -5 0 f, 5 10
Frequency (Hz)

-25

Fig. 3.3 “Bell” shape Doppler power spectrum at f, =2.4 GHz.

3.3 Numerical Results and Analysis

In this section, the channel capacity of UCA-MIMO WLAN systems is studied and compared
using the numerically developed realistic channel model. Unless specified, 4x4 MIMO
system, both ends utilize UCA configuration with radius 0.75 wavelength spacing. 10000
channel realizations and NLOS scenario with SNR=10 dB are considered. If ULA
configuration is being used then the inter-elements spacing is considered to be 0.5\. The six
standard TGn channel model profiles (A-F) defined in [11] are used here to realize realistic

scenarios throughout the following simulation study cases.

Fig. 3.4 shows PDF of the AOA for model ‘F’ and illustrates how the power is distributed
among the taps and clusters. The model has 5 overlapping clusters with 18 taps. All taps PDF

are considered as truncated Laplacian functions [11].

Fig. 3.5 illustrates the channel spatial correlation R, (21, 11) between the links #;; and A5, for
all taps of model ‘F’ versus the UCA radius in the receiver. It is obvious that the spatial

correlation decreases as UCA antenna radius increases. In addition, one can see that the
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spatial correlation differs for various taps depending on AOA and the angular spread of each

tap.

Fig. 3.6 presents the Doppler power spectrum in the bell-shape at carrier frequency = 5.25
GHz. The filter parameters are hard coded, filter order =7 and the normalized Doppler spread
=1/300. The transfer function H(z) of the Doppler filter is given by

2.8x1074-1.3x107327142.6X1073272-3x10"327342.2x107327%-9.9x10 427 5+2.6X10 4z 6-2.5x10"5z"7
1-59271414.8272-19.8273+15.22"%-6.42"5+1.32"6-0.062z"7

H(z) =

As can be seen that at power =-10 dB, the Doppler frequency f;= 0.0194*300=5.83 Hz.

Fig. 3.7 illustrates the capacity versus receiver raduis for the TGn channel models for 4x4
UCA-MIMO at SNR=10 dB. As can be seen that model ‘A’ experiences the lower correlation
in view of the fact that it has only one tap, and the maximum capacity can be achived by
model ‘F’, since it has more clusters and 18 taps with wider AS. Furthermore, it can be
noticed that as the channel has more clusters with wider AS, a larger capacity can be

achieved (refere to Appendix-A).

Fig. 3.8 plots the cumulative distribution function of the eigenvalues of channel models ‘A’,
‘B’ and ‘F’ for 4x4 MIMO UCA based system. It is known that the steeper slope the CDF
curve has the less amplitude of the fluctuation in the signal, i.e., the fades due to the multipath
are less deep, and therefore a higher degree of diversity is obtained. Fig. 3.8 illustrates the
impact of each sub-channel, identified in, upon the total capacity available for different
channel models. As can be seen, the largest eigenvalue characteristic (A;) is nearly the same
for most of the channel models. However, the difference increases between models ‘A’, ‘B’
and ‘F’ is more distinguished for 2nd, 3rd and 4th eigenvalues, respectively. According to
(2.75) the higher summation of eigenvalues the higher capacity thus, as shown in the Figure
model ‘F’ has the highest summation of eignvalues that leads to the highest capacity. This
result was expected due to the high number of clusters and multi-paths components that are

included in model ‘F’ compared to other models.
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Fig. 3.4 PDF of the AOA for the taps of model ‘F’.
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Fig. 3.5 Rs(21,11) for various taps of model ‘F’ versus UCA radius in the receiver.
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Fig. 3.7 Capacity versus radius for the TGn channel models for 4x4 UCA
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The capacity dependence on the azimuth rotating of the receiver configuration (orientation of
STA) with respect to different channel models is studied. The rotation is measured by the
orientation angle (0,.) shown in Fig. 3.1 with respect to a reference angle ¢, that is used as a
reference for the prescribed AOAs defined by TGr models. Two cases are considered: case
(1): 4x4 UCA Based system radii R,, R,=0.75A and case (2): 4x4 ULA Based system with
inter-element distance D, D,=0.5\. The results are demonstrated in Fig. 3.9, the presented
results reveal that the capacity in general is more affected by the orientation angle in the ULA
unlike in the UCA. This effect gives a privilege to the use of UCA receiver. Also, as can be
observed that the mean capacity for different models (‘A’, ‘B’, and ‘F’) and configurations
(ULA and UCA) is compared to the mean 4x4 (i.i.d) MIMO capacity, capacity for this case is
found to be =10.823 bps/Hz. As expected for Model ‘A’ ULA configuration, since Model ‘A’
has only one tap one cluster at AOA=45°, then by rotating the ULA by 45° the signal will
impinge the array from the endfire direction. In this case the correlation will be highest and
the capacity will be minimum. In contrary, if the ULA is rotated by 135° we get the maximum
capacity because in this case signal arrives at the broadside of the array. Also it can be
observed that the capacity of model ‘F’ is almost constant and it has the highest values for
both configurations. Model ‘B’ for ULA has the lowest throughput values. In case of UCA
the mean capacity is approximately between a minimum of 77% of the mean i.i.d. capacity
(for model ‘A’ at angle 67.5°) and a maximum of 96% of the mean i.i.d. capacity (for model
‘F’ at angle 67.5°). However, for the ULA case the mean capacity is approximately between a
minimum of 62% of the mean i.i.d. capacity (for model ‘B’ at angle 157.5°) and a maximum
of 95% of the mean i.i.d. capacity (for model ‘F’ at angle 90). Here, it can be concluded that,
the variations range of capacity for ULA-MIMO configuration over various orientations and
different channel conditions is higher than that for UCA-MIMO configuration under the same

orientations and channel conditions.

Fig. 3.10 presents the capacity versus UCA radius for channel models ‘A’, ‘B’, and ‘F. For
each model the capacity is investigated at M, = 2, 4, and 8. The capacity of model ‘F’ has the
highest value for all cases because of the 18 taps and 6 clusters arriving to the UCA array
from different AOAs. One tap, one cluster model ‘A’ found to be the lower bound for all

cases. As can be seen, for ‘A’, ‘B’ and ‘F’ models, the values of mean capacity at R,=0.751
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Fig. 3.8 Channel singular values CDFs of models ‘A’, ‘B’ and ‘F’ for 4x4 UCA-MIMO.
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Fig. 3.9 Capacity versus azimuth orientation angle at the receiver side for ULA and UCA
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are respectively 5.5, 5.8 and 6.1 (for M, = 2) and 12.32, 12.98 and 15.12 (for M,= 8). These
results show that as M, increases, the capacity values are more affected by the model
selection. This indicates that the environment profiles should be carefully modeled and

selected whenever capacity investigations are performed in particular for higher order MIMO.

16
o
14------ f—--- -------- :**”*'"é]"'j;D;:;D:"D”
/D'/ V -
12 o==

10

Capacity (bps /Hz)
(o)

Fig. 3.10 Capacity versus radius of models ‘A’, ‘B’ and ‘F’ for M, =4 and M, = 2,4,8.

Next, LOS conditions for UCA based MIMO systems are examined by assuming that the
LOS component will be included if the separation between the transmitter AP and the receiver
STA is within breakpoint distance. The LOS is configured by adding a standard Ricean K-
factor reported in [11] to the first tap while all the other taps K-factor remain at -0 dB as in
IEEE 802.11n model. The LOS component of the first tap is added on top of the NLOS
component so that the total energy of the first tap for the LOS channels becomes higher than
the value defined in the PDP. Fig. 3.11 shows the capacity CDFs for 4x4 UCA based MIMO
under ‘A’, ‘B’, and ‘F’ channel scenarios for both LOS and NLOS cases. As noticed from the
figure, the LOS component degrades the capacity of the system working in all channel
scenarios. It is found that in NLOS conditions, capacity improves by 20% compared to the

case where LOS component included. The improvement is less pronounced for model ‘F’
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than other models due to its many multipath taps. Therefore, the effect of the 1* LOS tap will

be less significant.

Capacity result for UCA based MIMO system applying the water-pouring power allocation
scheme under different channel conditions is shown in Fig. 3.12. In water-pouring strategy,
the power allocated to each sub-channel is optimized to maximize the system capacity. Fig.
3.12 shows capacity versus SNR for channel models ‘A’, ‘B’ and ‘F’ for 4x4 UCA based
MIMO system applying the uniform and water-pouring schemes. For all models the results
show that the capacity delivered by water-pouring power allocation scheme is superior to the
one achieved with uniform power specifically for low SNRs. In addition, as can be seen that
at low SNR (SNR < 10 dB) the capacity of the channel models ‘A’, ‘B’ and ‘F’ with water-
pouring power allocation scheme is greater than the capacity of the i.i.d channel with uniform

power allocation strategy.

The capacity dependence on the use of ULA or UCA geometry at both ends of MIMO system
is studied and compared in Fig. 3.13 and Fig. 3.14. Four antenna configuration combinations
were considered “ULA, ULA”, “ULA, UCA”, “UCA, ULA” and “UCA, UCA”. For each
combination “X, Y”, “X” represents the antenna geometry of the transmitter and “Y” refer to
the antenna configuration of the receiver. Thus, in downlink, “ULA, UCA” means that the AP
transmitter uses a ULA and STA receiver uses a UCA. To have a fair comparison,
configurations were assumed to have identical maximum aperture dimension in all examples.
Fig. 3.13 and Fig. 3.14 compare channei capacity of the TGn models for four different
antenna configurations, 4x4 MIMO channel, radius of UCA R=0.75A and inter-element
spacing of ULA D=0.5A. The result shows that for models ‘A’, ‘D’ and ‘F’ the four antenna
configurations experience almost the same capacity. For model ‘B’ the highest capacity can
be achieved by utilizing “UCA, UCA” configuration. For model ‘C’ the maximum capacity
can be attained from “ULA, UCA” and “UCA, UCA” configurations. For model ‘E’ the
highest capacity can be achieved by applying “UCA, ULA” and “UCA, UCA” configurations.
From these findings, it can be concluded that for each particular channel profile out of the six
environments, there is an optimal configuration that maximizes the channel capacity. In
addition, the capacity in models ‘B’, ‘C’ and ‘E’ are affected by the antenna configurations.
Whereas, in models ‘A’, ‘D’ and ‘F’ the capacity does not affected by the antenna
configurations. Furthermore, it can be seen that the “UCA, UCA” configuration can

maximizes the channel capacity in all environments.
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Fig. 3.11 CDFs of capacity for models ‘A’, ‘B’ and ‘F’ for 4x4 UCA-MIMO with LOS
and NLOS conditions at SNR= 10 dB.
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3.4 Conclusion

In this chapter, a modification to IEEE 802.11n standard channel model was proposed to
consider the application of using UCA configuration in MIMO WLAN systems. Realistic
spatial-temporal clustered channel model was developed and includes spatial fading
correlation for six different environment profiles. Each profile is distinguished by its
predefined parameters such as number of clusters, number of taps within each cluster, power
delay profile of the taps, and angle of incidence of each tap. The impact of the selection of
realistic channel profile on the eignvalue of each sub-channel and the total system capacity
values were studied. The capacity dependence on the used ULA or UCA geometries and their
orientations at both ends of the MIMO system was studied and compared. It has been found
that the variations range of capacity for ULA-MIMO configuration over various orientations
and different channel conditions is higher than that for UCA-MIMO configuration under the
same orientations and channel conditions. The influence of the LOS component on the link
performance was presented for UCA based systems and it has been shown that the LOS
component existence is not preferable for MIMO systems. Both uniform and water-pouring
power allocation schemes have been simulated for UCA based systems and it can be said that
capacity of water-pouring power allocation scheme is superior to the one achieved with
uniform power specifically for low SNRs. Furthermore, at low SNR the capacity of the TGn
models with water-pouring power allocation scheme is greater than the one achieved by i.i.d
uncorrelated channel with uniform power allocation strategy. In addition, the channel capacity
of TGn models for various antenna configurations at both ends has been investigated. The
results have been shown that for models ‘A’, ‘D’ and ‘F’ the various antenna configurations
experience almost the same capacity. For model ‘B’ the highest capacity can be achieved by
utilizing “UCA, UCA” configuration. For model ‘C’ the maximum capacity can be attained
from “ULA, UCA” and “UCA, UCA” configurations. For model ‘E’ the highest capacity can
be achieved by applying “UCA, ULA” and “UCA, UCA” configurations. Therefore, there is
an optimal configuration that maximizes the channel capacity. Furthermore, it has been shown
that the “UCA, UCA” configuration can maximize the channel capacity in all environments.
Finally, the realistic channel model that has been introduced in this chapter could be

effectively utilized to provide an accurate capacity for next generation WLANS.
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Chapter 4

Effects of Fading Correlation on the
Performance of Spatial Multiplexing
MIMO Systems

In MIMO communications system very high spectral efficiency can be realized by means of
spatial multiplexing, where independent information streams are transmitted in parallel over
different transmit antennas. Bell-Labs Layered Space Time (BLAST) architecture was
proposed by Foschini in [6] to take advantage of the promising capacity of MIMO channels.
Originally diagonal BLAST (D-BLAST) was recommended with diagonal coding structure.
However, it suffers from some technical complexities which make it inappropriate for initial
implementation. Thus, a modified version of D-BLAST was then proposed and implemented
in real-time in the laboratory known as vertical BLAST (V-BLAST) [57]. The results show
that the spectral efficiency reached to 42 bps/Hz using 8 transmitter and 12 receiver antennas
in a highly scattering environment. This result is unprecedented and unattainable with the
conventional techniques. This high spectral efficiency is enabled by the fact that a scattering
environment makes the signal from every individual transmitter appear highly uncorrelated at
each receive antennas. As a result, the signal corresponding to every transmitter has a distinct
spatial signature at the receiver. These different spatial signatures allow the receiver to
effectively decode the data streams radiated from the individual transmit antennas. The
reliability is reduced if the signals arriving at the receivers are correlated. Therefore, it is

important to investigate the effects of fading correlation on the performance of V-BLAST
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system. This chapter covers the basic principles and detection algorithms for V-BLAST. In
addition, the impact of channel spatial correlation on the system performance is investigated
for both the ULA and UCA geometries. This chapter is organized as follows: Section 4.1
reviews the V-BLAST architecture. Section 4.2 addresses the signal detection techniques for
spatially multiplexed MIMO systems including linear signal detection, successive interference
cancellation (SIC), parallel interference cancellation (PIC) and maximum likelihood (ML).
Section 4.3 presents the numerical results and performance analysis. Section 4.4 concludes the

chapter with some remarks.

4.1 V-BLAST Architecture

The V-BLAST block diagram is shown in Fig. 4.1. There are M, transmit antennas and M,
receive antennas, where M,, = M,. The data stream is de multiplexed into M, sub-streams of
equal length. These sub-streams are known as layers. After de multiplexing, these sub-streams
are mapped by using M-array phase shift keying (M-PSK) or M-array quadrature amplitude
modulation (M-QAM) scheme and modulated sub-streams are simultaneously transmitted
over the M, antennas. The receivers operate co-channel, each receiver antenna receives a

superposition of faded signals radiated from all M, transmit antennas.

Channel
Estimator
x| xv7 . Y y
1 X X a1 11 r1 1
x| x\/ Y
>_<— x |a i
2 . P A A
apm, - A2 A1 Spatial 2 . Signal Qp, -Gz 0y
™  Stream = him, = Decoder —>
Generator < | x Y
M, X | X IaMt hMth er M,

Fig. 4.1 Block diagram of V-BLAST architecture.

The received vector r, at instant of time, can be represented as
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/E fE
r= VatHa+n: Vi (Hya, + Hyay + -+ Hy,ay,) +n 4.1)

where H; is the ith column vector of the channel matrix H. Recall, E, is the total transmitted
power, a denotes the vector of the transmitted symbols and n is the complex Gaussian noise

vector with zero mean and variance 67.

4.2 MIMO Detection Techniques

In this section, the detection techniques for MIMO spatial multiplexing systems, namely, the
linear signal detection, successive interference cancellation (SIC), parallel interference

cancellation (PIC) and maximum likelihood (ML) are studied.

42.1 Linear Signal Detection

Linear signal detection method treats all transmitted signals as interferences except for the
desired stream from the target transmit antenna. Therefore, interference signals from other
transmit antennas are minimized or nullified. To facilitate the detection of desired signals

from each antenna, the effect of the channel is inverted by a weight matrix W such that [16]
a = [@1 dz .ﬁMt]T =Wr (42)

The standard linear detection methods include the zero-forcing (ZF) technique and the

minimum mean square error (MMSE) technique.

4.2.1.1 Zero Forcing Signal Detection

The zero-forcing technique nullifies the interference by the following weight matrix [58]

where HY = (H”H)"*H* denotes the Moor-Penrose inverse of the channel matrix H. Thus,

the result of ZF detector is

aZF = WZFI‘ =a-+ \/;%HTII: a+ ﬁZF (44)
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which is the transmitted data vector a corrupted by the transformed noise . This means
that the interference caused by the channel H is completely removed (forced to zero).

However, it suffers from the ‘noise enhancement’ that results from the transformed noise

P M e :

n;z = fE—‘ H'n that is in general larger thann. The transformed noise power can be
a

evaluated as
2

,M
a2 = E—t(HHH)‘lHHn (4.5)
a

2

Using the SVD in Section 2.5.2, then

2

Mt -1yt 4.6)

~ 2
n =
” ZF”Z Ea

2

The expected value of the transformed noise power is given as [16]

2 M,
= Mt —1y1H Mt o Mt G%
E{llfizelI5} = E IE—aV U"n = E—acrler( = B 3_1‘2_ 4.7)
2

4.2.1.2 Minimum Mean Square Error Signal Detection

The noise enhancement effect in the ZF detector can be reduced by using the minimum mean

square error (MMSE) detector. The weight matrix of MMSE detector can be written as [58]

2

-1

M M;oc

Wapmss = E_f<HHH+ ];“IMt> HY (4.8)
a a

Thus, the result of MMSE detector is

> 1
ﬁMMSE = WMMSEr =a+ J%(HHH + M_;ZEIMt) HHn= a+ ﬁMMSE (49)

The transformed noise power M5 can be evaluated as

2

M Mz \ !
Nfpmsellz = || [==[HEH + =21, Hn (4.10)
E, TR

2
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Using the SVD, transformed noise power can be expressed as

o2 =
- ”lMt> VUn

a

= M,
I fpmsells = E.—(VZVH aE
a

z (4.11)

2

tq
M; Mt(f%
—V =41 Ufn
E, <+ E,

Il

2

The expected value of ||fyysell5 is given as [16]

=

< M Mo}, _
E{llfiymsell3} = E E_V<+ A - 1) U¥n
a a

-2

M, 5 M.c? o
=—T Pttt 4.12
Ea r(0n< Eq ( )

Noise enhancement effect in the linear detectors is significant when the condition number of
the channel matrix is large, that is, the minimum singular value is very small. Thus, the noise

enhancement effects due to the minimum singular value for the ZF and MMSE linear

detectors are respectively given as

M;
g My 0% . M;: of
E{nnzpn%}—E—Z—;‘ e (4.13)
=1 O; min
- M
~ t t ono;
E{nnMMSEn%}:E—Z e (4.14)
i=1 Mth sy Mo7
Omin B

where 62, = min(o%, 0% 0,2\,&). It is clear that the effect of noise enhancement in MMSE

detector is less critical than that in ZF detector.

4.2.2 Successive Interference Cancellation Signal Detection

The performance of linear detection methods is worse than that of the other nonlinear receiver

techniques. However, they require a low complexity of hardware implementation [16]. The
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performance can be improved without significant increasing in the complexity by using the
successive interference cancellation (SIC) technique. The SIC algorithm is based on the linear
detection technique (ZF or MMSE) combined with symbol cancellation. It first detects the
first layer of the signal and then cancels its effect from the overall received signal vector. It
then proceeds to the next layer and so on [3]. During the symbol cancellation step, all
previous decisions are assumed to be correct. When an incorrect decision is made,
interference can be added in, rather than being subtracted out. This results in error
propagation into the subsequent layers. To get around this problem the ordered SIC detection
algorithm was introduced. In this case, the signal with the strongest signal-to-noise ratio is
selected for processing. This improves the quality of the decision and reduces the chances of
error propagation. The full Ordered SIC detection algorithm is described in [59] [60] as a

recursive procedure, including determination of the optimal ordering, as follows:

Initialization:
i=1 (4.15a)
W, = H* (4.15b)
Recursion:
k; = arg min ||(Wi)j”2 (4.15¢)
je(ky . Ki_1}
Vi, = (WX (4.15d)
ay, = (yi,) (4.15¢)
Tiyq = T — Gy, (H)g, (4.151)
Wiy = HYg (4.15g)
i=i+1 (4.15h)

where H* denotes the weight matrix of the linear detector ( ZF or MMSE), (W;); is the jth
row of W;, () is a quantizer to the nearest constellation point, (H), signifies the k;th column
of H, Hg; represents the matrix obtained by zeroing the k;-th column of H, and H™g; is the
weight matrix of Hg;. In the above algorithm, (4.15¢) determines the optimal ordering of the

layer to be detected; (4.15d) performs nulling and computes the decision statistic; (4.15¢)
slices computed decision statistic and yields the decision; (4.15f) performs cancellation by
decision feedback, and (4.15g) computes the new weight matrix for the next iteration. The

entire ordered SIC scheme is demonstrated in Fig. 4.2.
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Fig. 4.2 Ordered SIC signal detection diagram.

There are several disadvantages with the SIC scheme. It needs for power reordering at each
stage of detection, and the number of stages required increases linearly with the number of
transmit antennas. Hence, long system delays can also be expected when the number of stages

is large.

4.2.3 Parallel Interference Cancellation Signal Detection

The parallel interference cancellation (PIC) detection scheme was proposed in [61] [62], this
method does not require power reordering and helps reduce the system delay at the cost of
higher computational complexity. The parallel detector consists of two or more stages, as
opposed to the sequential detector which consists of as many stages as the number of symbols
to be detected. The entire parallel detection technique is illustrated in Fig. 4.3. The first stage
gives a rough estimate of the symbols and the second stage refines this estimate. The output
can also be further iterated to improve the performance. The first stage could be either ZF or

MMSE; the output of the first stage detection can be written as [61]
= (H'r) (4.16a)

Next, M, auxiliary symbol vectors are constructed from @ such that in each vector a symbol is

nulled out. This can be expressed as

78




Chapter 4. Effects of Fading Correlation on the Performance of Spatial Multiplexing MIMO Systems

G, =J,d k=1,..,M, (4.16b)

where [ is the identity matrix with the k-th element set to zero. Then, M, auxiliary receive

vectors are formed from the auxiliary symbol vectors by
f'k :r—Hﬁk, k= 1, ...,Mt (416C)

Finally, the transmitted symbols can be estimated using the weight vector of the appropriate

column of the channel matrix

('ik = (H+kf‘k)i k = 1, ...,Mt (416d)
r
~ Ha =
ay | _, _1‘ I
rl ! el S AL/ o o al
g 7 5 Ha, F 8
S~ | ®2 = — 2| 5
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2 8 A = 50 t; B 2
< 2
[} = =)
g2 = 2 S,
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Fig. 4.3 PIC signal detection diagram.

Numerical examples are presented in Appendix B, which demonstrate the algorithms of

ordered SIC and PIC detection techniques.

4.2.4 Maximum Likelihood Signal Detection

The Maximum likelihood (ML) detector calculates the Euclidean distance between the
received signal vector and the product of all possible transmitted signal vectors with the given

channel H, and finds the one with the minimum distance [16]. The ML detector is given by

[58]
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E,
~ , 4.17
e | el il ot

where s = AMt denotes the set of all possible transmitted data vector a. The ML method
achieves the optimal performance in the sense of minimizing the error probability. However,
its complexity increases exponentially as modulation order and/or the number of transmit

antennas increases.

4.3 Numerical Results

In this section, the performance of the aforementioned detection techniques is investigated.
Firstly, a comparison between these techniques is presented with the uncorrelated channel
H;;,. Secondly, the effects of spatial fading correlation on the performance of ordered SIC-
MMSE are studied utilizing the SSC channel model presented in Section 2.3. These effects
are studied for a 4x4 MIMO channel employing ULA with inter-element spacing of D;=0.51
at the transmitter and ULA with inter-element spacing of D,=0.54 or UCA with circular
radius R, =1.5D, at the receiver. Finally, the performance of the ordered SIC-MMSE is also
presented with the developed STC channel model. Without loss of generality, the numerical
studies are performed for 4x4 MIMO channel, the V-BLAST system is simulated with
Quadrature Phase-Shift Keying (QPSK) modulation technique, and 125000 channel
realizations. In this numerical analysis, the fading channel characteristics are assumed to be

known perfectly at the receiver.

The performance of linear (ZF and MMSE), SIC and ML detectors versus SNR is shown in
Fig. 4.4. As can be seen that the performance achieved by the SIC techniques is better than
that of the linear detectors. In addition, it shows that the ordering of layers improves
performance considerably in view of the fact that the ordered algorithm detects the strongest
signal first. As a result, the strongest interference is cancelled first. On average, this leads to
improved BER performance in the sequentially detected layers. The figure shows that the
ordered scheme (OSIC) obtains a performance gain compared with of unordered (USIC)
scheme for both ZF and MMSE nulling techniques. Besides, the performance of MMSE

nulling criteria outperforms ZF. Since, the MMSE utilizes the knowledge of the signal to
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noise ratio to improve performance. Moreover, it is obvious that the ML is an optimum

detection technique and it outperforms the OSIC-MMSE scheme.

Fig. 4.5 compares the BER performance of the linear (ZF and MMSE), PIC and ML
detectors. As can be seen that the performance of PIC detector is better than linear detector for
the same nulling criteria. In addition, it shows that the MMSE nulling criteria for both
detection techniques outperforms the ZF. Furthermore, it presents the optimum performance

that can be achieved by the ML detector.

Fig. 4.6 compares the performance of the SIC technique with the PIC detector. It can be
observed that for SNR>10 dB, the PIC-ZF and PIC-MMSE detectors achieve similar
performance to USIC-ZF and USIC-MMSE schemes, respectively. Also, as can be noticed
that for SNR<10 dB, the performance of the PIC-ZF detector is slightly better than OSIC-ZF
scheme. Moreover, it shows that the best suboptimal performance can be obtained by the

OSIC-MMSE.

Fig. 4.7 shows the diversity gain' that results from increasing the number of receiver antennas
for OSIC-MMSE detection, M,=2 and M,={2,3,4}. As can be seen that as number of receiver
antennas (M,) increases the reliability of the system is improved. The increase in the slope of

the bit-error-rate corresponds to the diversity gain in the system.

Fig. 4.8 shows the performance of the ULA and UCA receiver as a function of AOA (6,) for
various SNR, SNR= {0, 10, 20} dB, and angular spread, o =20°. Also, the performance of
uncorrelated Hyig ‘iid’ is presented for comparison. It can be seen that at low SNR the channel
spatial fading correlation has a less effect on the reliability of the system. In turn, at moderate
and high SNR the spatial correlation reduces the BER performance. As seen at 8,=90°, the
ULA receiver obtains 7 dB and 15 dB, UCA receiver attains 2 dB and 5 dB performance loss
compared with uncorrelated channel at SNR=10 dB and SNR=20 dB, respectively. Moreover,
the presented result reveals that the system performance in general is more affected by the

correlation in the ULA unlike the UCA.

! Diversity gain: Improvement in the link reliability obtained by transmitting the same data

on independently fading branches.
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Fig. 4.4 BER performance of SIC detector versus SNR with uncorrelated channel.
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Fig. 4.6 Comparison between the performance of SIC and PIC detectors with uncorrelated
channel.
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Fig. 4.7 Performance of OSIC-MMSE with uncorrelated channel for M;= 2 and M, = {2,3,4}.

83




Chapter 4. Effects of Fading Correlation on the Performance of Spatial Multiplexing MIMO Systems

As shown, the UCA significantly outperforms the ULA at endfire (6,=90°). However, at
central AOA values less than approximately 45° and greater than 135° (i.e., approaching the
broadside of the ULA), the linear array performs similarly to or even better than the UCA.

Fig. 4.9 shows the performance of the ULA and UCA receiver as a function of AOA (6,) for
various angular spread, o = {1°, 5° 20°}, and fixed SNR= 20 dB. As shown, the variability in
the performance of both arrays is more pronounced at moderate and high angle spreads. It can
be noticed that at small and moderated angle spreads the UCA performs similarly to or even
better than the linear array. At high angular spread, the UCA outperforms the ULA by an over
an order of magnitude at endfire (8,=90°), while, the ULA provides an order of magnitude
improvement over the UCA near the broadside of the ULA (6,=0° and 180°). This variability
in the ULA performance is due to the fact that the correlation between elements is high for the
ULA when the central AOA is near end fire. The worst case for the UCA when 6,=45° and
135° since in these cases two elements are directly behind and parallel to the other two

elements (strongly correlated).

Fig. 4.10 compares the BER performance of the ULA and UCA receiver versus the angle
spread (o) at SNR=20 dB, and various AOA, 6, = {0°, 45° 90°}. As shown, for both antenna
arrays as the angle spread increases (correlation decreases) the reliability of the system is
improved. Again, the performance of the ULA is poor for 8,=90° since the correlation across
the array is high. Therefore, there is little diversity advantage. As well, the worst performance
of the UCA when 6,=45°. Since, in this case the correlation is high in view of the fact that
elements three and four are directly behind elements one and two. In addition, as can be
noticed the all curves (except, the ULA at 6,=90°) approach the same performance as o
increases. Because for large o, the AOA distribution approaches a uniform distribution which

will provide low correlation among antennas for any value of ,.

Fig. 4.11 illustrates the BER performance of ULA and UCA receiver versus the receiver
antenna spacing (%) for 0 =20°, SNR=20 dB, and various AOA 8,={0°, 45° 90°}. Note that

D, is the inter-element spacing for ULA and it is also related to the UCA radius such that the
both arrays have the same aperture size. Thus, for 4x4 MIMO channel the radius of a UCA is
related to the inter-element spacing of a ULA by (R=1.5D,) . It can be seen that as the array
size increases, the BER performance improves and floors at a certain value that is about one

wavelength.
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Fig. 4.10 BER performance of OSIC-MMSE detector for ULA and UCA receiver versus
angular spread (o) at different AOA, 6, = {0°, 45°, 90°}, and SNR= 20dB.

However, this behavior can’t be seen for the ULA at 6,=90°. Again this is because all four
elements are in-line with the central AOA leading to high correlation between elements.
However, for other values of 6,., the ULA does approach the BER floor (P, = 6x10™%) since
the four elements eventually become uncorrelated. The UCA also shows improving for 6,=0°,
45°, 90° with increasing D,. As expected, the worst case is 6,=45°. Again, in this case
elements three and four are directly behind elements one and two and, thus, will be highly
correlated with those elements. However, as D, increases the correlation is gradually
diminished and the performance is close to the BER floor, unlike the worst case of ULA. At
0, =0° elements three is directly behind and, thus, highly correlated with element one.
Consequently, as D, increases the performance quickly approaches the BER floor. At
0, =90°, all four elements become decorrelated as D, is increased. Thus, the performance

approaches the BER floor.

Finally, the BER performance is examined for WLAN 802.11n system utilizing VBLAST
(SIC-MMSE) for 4x4 MIMO system employing UCA configurations at both ends considering
Binary Phase Shift Keying (BPSK). Two radii R, =0.5\ and 0.75\ are considered at STA
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receiver. Fig. 4.12 illustrates a comparison of BER performance curves under different TGn
models. Corresponding BER of an uncorrelated fading channel ‘iid’ is also included for
comparison. As can be seen that the link has its best performance for Model ‘F’ conditions, in
this case it is the nearest performance curve to the uncorrelated fading channel curve. Model
‘F’ performance curve is followed by model ‘C’ then model ‘A’ with the lowest performance.
Also, as expected, that the link performance improves as the radius of UCA at STA end

increases from 0.5\ to 0.75\.
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Fig. 4.11 BER performance of OSIC-MMSE detector for ULA and UCA receiver versus receiver
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Fig. 4.12 BER performance of OSIC-MMSE detector for models ‘A’, ‘C’ and ‘F’ at various
receiver radii (R,=0.5\ and R,=0.75)).
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4.4 Conclusion

In this chapter, the V-BLAST architecture and detection algorithms were presented. The
principles of V-BLAST detection techniques including the suboptimal methods (linear signal
detection, SIC and PIC) and optimal scheme which is ML detector were studied. Simulation
results showed that the OSIC-MMSE yields the best bit error rate performance over the other
schemes. However, there are several disadvantages with this scheme. It needs power
reordering at each stage of detection, and the number of stages required increases linearly
with the number of transmit antennas. As a result, long system delays can be expected when
the number of stages is large. In addition, simulation results proved that the performance of
PIC scheme is extremely close to the performance of unordered SIC scheme. Thus, PIC
scheme offers a trade-off between the performance and system delay. In view of the fact that
PIC scheme does not require power ordering and helps reduce the system delay. Since, it
consists of two or more stages, as opposed to the SIC scheme. Furthermore, the impact of
spatial fading correlation on the V-BLAST system based on the OSIC-MMSE scheme was
investigated. The investigations compared the diversity performance of ULA and UCA. The
results showed that the UCA outperforms the ULA for small and moderate angle spreads for
similar aperture size. However, at high angle spread the ULA outperforms the UCA for
certain angles-of-arrival (e.g., near broadside of the ULA). In addition, the worst performance
for ULA occurs at the endfire angle. Given that, all elements are in-line with the central angle
of arrival that leads to high correlation between elements. As well, the worst performance for
UCA occurs at 8,=45° and 135°, because, in these cases the correlation is high in view of the
fact that elements three and four are directly behind elements one and two. Hence, the central
angle of arrival has a significant impact on the BER performance of both the UCA and ULA.
In addition, with small values of angle spread, there is little diversity advantage from either
array; while for large angle spreads both arrays provide enhancement to the performance.
Moreover, the performance analysis was investigated under realistic IEEE802.11x different
channel scenarios. The result shows that with a proper selection of UCA radius the
performance of uncorrelated channel can be achieved by model ‘F’, which is a simulation of

large space indoor environment conditions.
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Chapter 5

Effects of Spatial Correlation on the
MIMO Channel Estimation Error

Most MIMO systems are based on perfect channel knowledge being available at the receiver.
However, perfect channel knowledge is never known a priori. In practice, the channel has to
be estimated to acquire the CSI at the receiver and at the transmitter in some cases. The
MIMO channel estimation can be classified into two methods. Firstly, the data-aided, pilot
based method that is based on training symbols with a priori known at the receiver [63] [64].
The second is a non-data aided, blind based, method that relies only on the received symbols
[65] [66]. In these blind techniques, CSI is attained by exploiting statistical information
and/or transmitted symbols properties (like finite alphabet, constant modulus, etc.). However,
compared with training, blind channel estimation generally requires a long data record and
high complexity. Therefore, this work focuses on the data aided based channel estimation
method performance under different channel conditions. In [67] and [12], a number of
training based methods have been studied including the least squares (LS), the scaled least
squares (SLS), the linear minimum mean square error (LMMSE), and Relaxed minimum
mean square error (RMMSE). The optimal training sequence designs are introduced for a
MIMO system in [68]. In [69] and [70], it has been demonstrated that the presence of spatial
correlation can help to achieve a better quality CSI. In [71], the impact of channel spatial
correlation on the channel estimation error is evaluated when UCA antenna is employed at the
receiver side. In this chapter, LS, SLS, LMMSE, and RMMSE training-based channel
estimation methods are implemented and studied by applying the SSC channel model. The

performance of channel estimators is investigated when applying optimum and orthogonal
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training sequences. Also, the channel estimation accuracy of the LMMSE estimator is
investigated at various angles of arrival, angle spread and inter-element spacing for both the
ULA and UCA geometries. Moreover, the channel capacity is studied with considering the
channel estimation error. This chapter is organized as follows: Section 5.1 presents the
training-based channel estimation methods. Section 5.2 presents the numerical results and

performance analysis Section 5.3 concludes the chapter with some remarks.

5.1 Training-Based Channel Estimation Methods

For training-based channel estimation, the relationship between the received signal and the

training sequence is given by
Y=HP+N (5.1)

where Y € CM% is received signal matrix, P € CM*L is the training sequence matrix and
N € CM*L is the complex Gaussian noise matrix with zero mean and variance 03. L is the

length of the training sequence.

The goal of a channel estimation algorithm is to recover the channel matrix H based on the
knowledge of Y and P. The training based LS, SLS, LMMSE and RMMSE channel
estimation methods are demonstrated in the following subsections. In this section, the analysis

is taken from [12] and [67].

5.1.1 Least Squares Channel Estimator

Knowing P and Y, the least squares (LS) estimate for the channel matrix is given by

As can be seen, the estimator does not require any knowledge about the channel parameters.

The transmitted training power constrained by the following expression
IPlIZ =p (5.3)

where p is a given constant representing the total power and ||.]|4 is the Frobenius matrix
norm. According to [12]and [67] the minimum mean square error (MSE) of the estimated

channel matrix is given as
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. ~ 12 )
0%,s= minE {||H—Hg|} subjectto [PlIZ=p (5.4)
P

Then Using (5.3) and (5.4)
oo = E {||H- ﬁLS”f:}

E {|INP[|}

E {Tr (NHNP*”PT)} (5.5)
— {NHN}Tr{(PPH)_l}

= of M, Tr{(PPH)"'}

Using (5.5) the optimization problem (5.4) can be written as

min Tr{(PP")~1} subjectto Tr{PP"}=)p (5.6)

It is shown that any training matrix is optimal for (5.6) if it satisfies the equation

p
H _
PP ————Mtl (5.7

Consequently, any training matrix with orthogonal rows of the same norm( ’Mﬁ ) is optimal. A
t

possible choice for a training sequence fulfilling this criterion could be the standard discrete

Fourier transform (DFT) matrix.

1 1 1
1 w, 1
P= fL—;-’; Lo "m (58)
! 1 WLMt—l WL(Mt—l)(L—l)

where W, = e/2™/L_ So, the minimum MSE is given by

GEMEM, (5.9)

: 2
minoc? . =
P €LS p

As can be seen from (5.9) the optimal performance of the LS is influenced by the square of

the number of antenna elements at the transmitter and the number of elements at the receiver.

However, the channel matrix has no effect on the MSE.
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5.1.2 Scaled Least Squares Channel Estimator

The scaled least squares (SLS) method further reduces the estimation error than that of the LS

method. This improvement is achieved by optimally scale the LS channel estimate as

introduced in [67]. Using this idea and (5.2), the channel estimation error is given by

E {1~ vAusllp} = Tr{E {(8 - vL)" (1 - vAL))]
= (1 —y)*Tr{Ry} + y?02 M, Tr{(PP¥) 1} (5.10)
= (1 = y)*Tr{Ry} +v?0?

where vy is the scaling factor, and Ry = E{H" H} is the matrix of channel correlations.(5.10)

1s minimized with

Tr{Ry}
Yoo v o :
°~ 6%+ Tr{Ry) (5.11)
and the minimum of (5.10) with respect to y is
: i 2
OasLs = mym E{||H - VH”p} = E{||H - VoH“F}
(5.12)

2 Tr{Rpy}

=05, 5————< 02
LS o2, + Tr{Ry}

eLs
The optimal training matrix for the SLS channel estimation method can be found by solving
the following constrained optimization problem

mpinoéSLS subjectto  Tr{PP¥} =p (5.13)

From (5.12) the Tr{Ry} is not a function of P, then, GgLS is the only term that depends on P
So, the optimal choice of training matrix for the SLS channel estimator is the same as for the

LS method. Under the optimal training the MSE is given by

L
nll)in a5 o= [Tr{RH}_1 + (LMr)] (5.14)

212
o M;
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The SLS channel estimate is given by

ﬁSLS = Yo ﬁLS

_ Tr{Ry} vp (5.15)
~ 02M, Tr{(PP")-1} + Tr{Ry}

In practice, Ry can be obtained using the channel matrix estimated by the LS method, in this

case the resulting estimator is referred to the LS-SLS. Accordingly,
Tr{Ry} = Tr{A[5H .5} (5.16)

5.1.3 Linear Minimum Mean-Square Error Channel Estimator

In the linear minimum mean square error (LMMSE), the estimated channel matrix is given as

[67]
Hoyuse = YQ (5.17)
where @ has to be obtained so that the MSE is minimized
Qo = min E{||H — Ausupsz |} = min E(IH - YQI}) (5.18)

Using (5.2), the MSE can be written as

GgLMMSE = E{”H - YQ”IZ:}

= Tr{Ry} — Tr{R4PQ} — Tr{Q"PHR;} + Tr{Q” (P*R,P + 02ZM,1)Q} (5.19)
The optimal Q@ that minimizing the MSE can be represented by
9, = (P"RyP + aZ M. )'PHRy (5.20)
Therefore, the estimated channel is given by
Hoymse = YPPR,P + oM, D)7 'PHR, (5.21)
The MSE of the LMMSE can be expressed as
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H

Tr{(Ry ™" + il
=1Ir
H oM,

)™ (5.22)

2
GeLMMSE

The eigenvalue decomposition of Ry can be expressed as

R, = QAQ” (5.23)

where @Q is the unitary eigenvector matrix and A is the diagonal matrix with nonnegative

eigenvalues. Using this form, (5.22) can be written as

2 HAa—1 PPH -1
GeLMMSE = Tr{(Q A Q + GrZLMr) }
., @PPHQ 5.24
= Tr{(A™* + pyve )~} (5-24)

= Tr{(A™* + PPH)™}

where

QP

W (5.25)

P=

Using P the transmit power (5.3) can be replaced with the following equivalent form

Tr{QYPPHQ} _ p

Tr{ﬁﬁ”} = o2 M. = 2N,

(5.26)

Based on properties of the unitary eigenvector matrixQ, PPH has a diagonal structure as given

by

PP = Pz (5.27)

2
Pm,

where p? is the power of each combined training symbol. The optimal training matrix of the
LMMSE can be derived by using the Lagrange multiplier method with considering (5.24),
(5.26), and (5.27)
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L(P, ) = Tr{(A™ + PP#) ™) 4 u(mef ) - Py
UnMr
” e (5.28)
_ -1 ~12y—1 =12 _ P
_;(Al +18.1%) +u;(lpll U%MtMT)

where u is the Lagrange multiplier, and 4; is the ith eigenvalue in A. The optimal p, can be
found by setting ?_’%;f'{‘ﬂ = 0 for i=1,..., M, and which yields

b [(/11_1 +152) 7 - M] =0, i=1,..,M, (5.29)

From (5.29) the water-filling type solution is obtained to (5.28)

P, = /(uo —-AH* (5.30)

where (x) '=max(x,0) and the constant 4, = 1/+/u has to be adjusted to satisfy the transmitted

power constraint (5.26). Then the optimal P can be represented in the matrix form as
P=(ul-AD* (5.31)

Finally, the optimal training matrix is given as

P = ,/U%MrQ\/ (Mol —A™H)* (5.32)

5.14 Relaxed Minimum Mean-Square Error Channel Estimator

The LMMSE channel estimator assumes the perfect knowledge of the matrix Ry. However,
in practice this assumption is unrealistic. Thus, the LMMSE estimator is relaxed and
simplified by replacing Ry with the matrix 81, where the parameter 6 has to be adjusted to

minimize the MSE. Hence, (5.21) can be written as

Hiymse = SY(SPPP + g2M, 1)~ 1P
(5.33)

M,
8p + oiM/M,

Y( PHp) PH

=2
oxM,
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Using (5.33) and assuming orthogonal training (5.7), the channel MSE can be expressed as

CoRMMSE = E{||H - ERMMSE”,Z:}

M, 2 p? M M2\
= + 0ZM,.p : :
M, Spy + 0ZMM,  (%p + 62M, (5.34)

(2 op M, M,*
€Zp+0n

where (? 2 Tr{Ry}/MM,. (5.34) is minimized with

Tr{Ry}
Sopt = {*M, = M o (5.35)
t
Using (5.35), the RMMSE channel estimator is given by
oMM, |7
H tr H
= Il P .

It can be seen that if the orthogonal training is used, then the RMMSE estimator of (5.36) is
equivalent to the SLS estimator of (5.15). In practice, the estimate (5.16) can be used instead
of the exact value of Tr{Ry} in this case the resulting estimator will be referred to as the LS-
RMMSE estimator. Using the orthogonal training matrix (5.7) the LS-RMMSE can be
expressed as

Tr{YY?}M,

H = yp#
Moseumse = 2CTeYY) + 021, M) (5:37)

In contradiction of the original RMMSE estimator (5.36), the LS-RMMSE estimator (5.37)
does not require any knowledge of Tr{Ry}. Using (5.34) the RMMSE estimation error for an

orthogonal training matrix (5.7) is given by

-1
pP
GeRMMSE [Tr{RH} + ( %Mng):l (538)
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5.2 Numerical Results

In this section, the channel estimation error for two systems with ULA-MIMO and UCA-
MIMO receivers has been studied. In both systems, the transmitter MIMO antenna is assumed
to be ULA with inter-elements spacing (D;). ULA-MIMO receiver antenna has a uniform
inter-elements spacing (D,) and placed vertically such that AOA= 0° is broadside case.
UCA-MIMO receiver antenna has radius (R,). The numerical studies are performed for
MIMO systems with SSC channel model where WLAN uplink scenario is modelled with
transmitter at the MT and receiver at the AP. The LS, SLS, LMMSE and RMMSE are
implemented at the receiver. The following parameters are considered, L= M,, D; =0.5),

D, =0.5), R, =0.75), 10000 channel realizations, and the MSE is normalized by MxM,.

Fig. 5.1 presents the normalized MSEs of the LS, LS-SLS, and SLS channel estimators versus
SNR with optimal training for M,=4, and M, =2,4. As expected from Section 5.1 the

performance of these estimators decreases with the increase in number of transmit antennas.

1

10

Normalized MSE

—
O|

SNR (dB)

Fig. 5.1 Channel estimation MSEs of LS, LS-SLS, and SLS versus SNR in uncorrelated
environment for M, =4 and M, =2 4.
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Also, it can be seen that the LS is the worst estimator in view of the fact that it does not take
into account the channel properties.At low SNRs, both the LS-SLS and SLS estimators has
better performance than the LS estimator. In addition, the SLS estimator outperforms the LS-
SLS estimator for the reason that it has perfect knowledge of Tr{Ry}, whereas, at high SNRs

the performances of these estimators are identical.

Fig. 5.2 shows the normalized MSEs of the LMMSE estimator versus SNR with the
orthogonal and optimal training for M,=4, and M, =2,4. It can be observed that the
performance of the optimal training is better than the orthogonal training especially at low
SNRs. As well, it is noticed that when M, is small and SNR is high the orthogonal training is
nearly optimal. From the presented results in Fig. 5.1 and Fig. 5.2 it is evident that the
LMMSE estimator performs better than the LS and SLS techniques.

Fig. 5.3 demonstrates the normalized MSEs of the LS, SLS, LMMSE, and RMMSE channel
estimators with orthogonal training versus SNR, for M, =M, =4. One can see that the LS
estimator has the worst performance, while the LMMSE has the best performance among all
techniques. However, it requires more prior knowledge about the channel than the other
methods. Also the performances of the SLS and RMMSE estimators are identical and they
necessitate less prior knowledge about the channel than the LMMSE estimator. So, by
compromising the achieved performance these estimators provide a good tradeoff between the

performance and the required channel knowledge.

Fig. 5.4 illustrates the normalized MSEs of the LMMSE channel estimator as a function of
AOA (0,) at various SNR (0 dB, 10 dB, and 20 dB) for orthogonal training , and 6=20°. It
can be seen that at high SNR the MSE is less and the spatial correlation has a less pronounced
effect on improving the channel estimation error. However, at moderate and low SNR the
spatial correlation reduces the channel estimation error. Moreover, the presented result reveals
that the MSE in general is more affected by the AOA in the ULA unlike the UCA. In addition
the performances of the ULA and UCA are identical near broadside of the array{8,=0° and
180°}. It is also noted that the ULA outperforms the UCA at endfire {6,=90°} .So, the best
channel estimation error can be achieved with the ULA receiver at 6,=90° (maximum
correlation). Therefore, it is shown that ULA minimizes the MSE at moderate and low SNR

and the performance is further improved with the channel spatial correlation ,i.e., for example
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Normalized MSE
3,

10

SNR (dB)

Fig. 5.2 Channel estimation MSEs of LMMSE estimator in uncorrelated environment versus
SNR with orthogonal and optimal sequences for M, =4 and M, = 2 4.

10'

Normalized MSE

—
o|

10

SNR (dB)

Fig. 5.3 Channel estimation MSEs of the LS, SLS, LMMSE, and RMMSE estimators in
uncorrelated environment versus SNR with orthogonal training sequence.
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the performance improvement from iid channel to spatial correlated channel (ULA) is

approximately 15.95% at 0 dB, and 8.94% at 10 dB.

Fig. 5.5 illustrates the normalized MSEs of the SLS channel estimator as a function of AOA
(6,) at various SNR (0 dB, 10 dB, and 20 dB) for orthogonal training, and 6=20°. As
compared with the preceding figure the MSE of the SLS is higher than the MSE of LMMSE
in case of ‘iid’ channel and UCA receiver. However, in case of ULA receiver, the MSE is
nearly the same. Thus, the SLS estimator is preferred to used in ULA since it needs less a

priori knowledge about the channel on the contrary of the LMMSE estimator.

In Fig. 5.6 and Fig. 5.7, numerical analyses are presented in the form of 3-D graphs to show
the relationship between the normalized MSE of the LMMSE channel estimator, AS and
AOA for ULA and UCA receiver, respectively. Here the SNR is chosen to be 10 dB. It is
known that larger AS results in smaller correlation, while smaller AS leads to more severe
correlation. As a result, the varied values of AS reflect different levels of spatial correlation.
From these Figures one can see that as AS increases, the performance of channel estimation
gets worse. This means that a small spatial correlation undermines channel estimation quality.
In addition, for small AS the AOA does not impinge on the MSE. In contrary, for higher AS
the effects of AOA is more prominent in ULA when compared to UCA. In case of ULA, the
best performance can be accomplished with 8, = 90° and at low AS. On the other hand, in
case of UCA, the minimum MSE can be attained with 6, = 45° and 135° due to the fact that,
two elements are directly behind and parallel to the other two elements (highest correlation),
this can be noticed particularly at high AS. Thus, it can be demonstrated that the best
performance of the LMMSE channel estimator can be realized by the ULA receiver at small

AS and AOA=90°.

Furthermore investigations are done by varying the antenna element spacing or radius in both
the transmitter and receiver arrays. The results are given in Fig. 5.8 and Fig. 5.9 for ULA and
UCA receiver, respectively. In these Figs. the analyses are performed for 4x4 MIMO channel,
AOA=90° with optimal training at SNR=10 dB and AS=20°. It is known that as antenna
element spacing in ULA or radius in UCA deceases the channel spatial correlation increases,
or in other words, with these conditions the accuracy of the channel estimation can be

improved.
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Fig. 5.6 Normalized MSE of LMMSE channel estimator versus AOA vs. AS at SNR =10 dB,
in case of ULA-MIMO receiver.
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Fig. 5.7 Normalized MSE of LMMSE channel estimator versus AOA vs. AS at SNR =10dB,
in case of UCA-MIMO receiver.
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Hence, from these Figs the preferred antenna element spacing or radius can be acquired. Thus,
in case of ULA receiver the minimum estimation error (MSE= 0.082) can be accomplished
with D, = 0.6\ and D, =0.5\. In addition, in case of UCA receiver the minimum error (MSE
= 0.142) can be achieved with D; =0.6A and R, =0.75\ Note that the antenna element
spacing or the radius cannot be selected less than 0.54 because of the mutual coupling effect

which can be neglected for element spacing greater than 0.5A.

The effect of channel estimation error on the capacity performance is illustrated in Fig. 5.10.
Fig. 5.10 presents the channel capacity of UCA-MIMO system with LMMSE channel
estimator versus SNR at 6, =90° and different AS (o =1°, 7°, 20°) values. As can be seen
that at high SNR, the capacity of the estimated channel is very near to the capacity when the
channel is perfectly known to the receiver. This is due to the fact that at high SNR the channel

estimation error becomes very small as shown in Fig. 5.11.
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Fig. 5.8 Normalized MSE of the LMMSE channel estimator with optimal training for ULA-
MIMO receiver at 8, = 90°, SNR=10 dB and ¢ = 20°.
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Fig. 5.9 Normalized MSE of the LMMSE channel estimator with optimal training for UCA-
MIMO receiver at 8, = 90°, SNR=10 dB and ¢ = 20°.
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5.3 Conclusion

In this chapter, the data-aided training based channel estimation method was studied. The LS,
SLS, LMMSE, and RMMSE channel estimators were demonstrated. Optimal training
symbols are derived for the LS, SLS, and LMMSE. The results confirmed that the SLS,
LMMSE, and RMMSE methods offer better performance than the LS. This is for the reason
of utilizing the channel correlation that reduces the channel estimation error in the previous
methods, while the LS method does not consider the channel properties. Moreover, the results
revealed the superiority of the LMMSE over the other methods. However, it requires more
prior knowledge about the channel than the other methods. The SLS and RMMSE necessitate
less prior knowledge about the channel than the LMMSE estimator. So, by compromising the
achieved performance these estimators provide a good tradeoff between the performance and
the required channel knowledge. In addition, the presented results confirmed that the higher
SNR can help to improve the channel accuracy. Also, the impact of channel spatial correlation
on the accuracy of MIMO channel estimation was investigated. The undertaken analysis
revealed that at low SNR the strongly correlated channel improves the channel estimation.
However, at high SNR the channel spatial correlation has less effect pronounced on the
accuracy of the channel estimation. Furthermore, the results showed that the performance of
the channel estimation gets worse as angle spread increases, which means that a small spatial
correlation undermines channel estimation quality. Moreover, the results revealed that the
MSE in general is more affected by the AOA in the ULA unlike the UCA. In addition the
performances of the ULA and UCA are identical near broadside of the ULA array. Also, the
ULA outperforms the UCA at endfire angle .So, the best channel estimation can be achieved
with the ULA system at endfire angle. Therefore, it is shown that ULA minimizes the MSE at
moderate and low SNR and the performance is further improved with the channel spatial

correlation.
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Chapter 6

Conclusion and Future Work

This thesis examined the effects of fading correlation on the channel capacity and the
performance of MIMO systems under different channel conditions. The aim was to develop a
spatial temporal channel models that can be used in the simulation of different MIMO system
configurations in particular for IEEE802.11n WLANS. In this chapter, Conclusions driven
from the numerical results of this thesis are presented in Section 6.1. Some suggestions for
future work are recommended in Section 6.2. The publications of this thesis are listed in

Section 6.3.

6.1 Conclusions

The main focus of this thesis was to develop a realistic channel model that can fully
characterize the fading correlation properties of a wireless environment. Thus, two channel
models were utilized in the simulation of MIMO systems. The first channel model is a
stochastic spatial clustered (SSC) channel model. The SSC channel model is a correlation-
based analytical model which describes different spatial conditions about scatterers in the
propagation environment and antenna geometry. In this model, the groups of scatterers are
modeled as multi-clusters located around the antenna arrays. Three different Power Azimuth
Spectrum (PAS) were assumed with uniform, truncated Gaussian and truncated Laplacian
distributions. This model was presented in Sections 2.4 for ULA and UCA geometries. The
second model is a more realistic channel model was demonstrated in Chapter 3. A
modification to IEEE 802.11n channel model was proposed to consider the application of

using the UCA configurations in MIMO WLAN systems. Realistic spatial-temporal clustered
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(STC) channel model was developed and includes the fading correlation for six (A-F)
different environments profiles. Each profile is distinguished by its predefined parameters
such as the number of clusters, number of taps within each cluster, power delay profile of the
taps, and angle of incidence of each tap. Also, the objective was to investigate the effects of
fading correlation on the performance of MIMO systems. These effects were studied on the
channel capacity of the IEEE 802.11n utilizing the developed STC channel model, the
decoding performance of the spatial multiplexing MIMO system and the channel estimation

accuracy. The conclusions were driven from the numerical analysis are presented as follows:

Firstly, the capacity performance of the IEEE 802.11n channel models was investigated in
different WLAN environments utilizing the developed STC channel model. The capacity
dependence on the used ULA or UCA geometry was studied. Four antenna configuration
combinations were considered “ULA, ULA”, “ULA, UCA”, “UCA, ULA” and “UCA,
UCA”. For each combination “X, Y”, “X” represents the antenna geometry of the transmitter
and “Y” refer to the antenna configuration of the receiver. Thus, in downlink, “ULA, UCA”
means that the AP transmitter uses a ULA and STA receiver uses a UCA. To have a fair
comparison, configurations were assumed to have identical maximum aperture dimension in
all examples. The result was shown that for models ‘A’, ‘D’ and ‘F’ the four antenna
configurations experience almost the same capacity. For model ‘B’ the highest capacity can
be achieved by utilizing “UCA, UCA” configuration. For model ‘C’ the maximum capacity
can be attained from “ULA, UCA” and “UCA, UCA” configurations. For model ‘E’ the
highest capacity can be achieved by applying “UCA, ULA” and “UCA, UCA” configurations.
From these findings, it can be concluded that for each particular channel profile out of the six
environments, there is an optimal configuration that maximizes the channel capacity. In
addition, the capacity in models ‘B’, ‘C’ and ‘E’ are affected by the antenna configurations.
Whereas, in models ‘A’, ‘D’ and ‘F’ the capacity does not affected by the antenna
configurations. Furthermore, it can be seen that the “UCA, UCA” configuration can maximize
the channel capacity in all environments. In addition, the channel capacity was evaluated
versus receiver radius for 4x4 “UCA, UCA” MIMO system applying the six models. The
result was shown that model ‘A’ experiences the minimum capacity since it has only one tap.
While, the maximum capacity can be achieved by model ‘F’ due to the high number of
clusters and multipath components that are included in model ‘F’. Also, the capacity

dependence on the azimuth rotating of the receiver configuration (orientation of STA) with
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respect to different channel models was studied for “ULA, ULA” and “UCA, UCA” systems.
It was found that, the variations range of capacity for “ULA, ULA” MIMO configuration over
various orientations of the array geometry and with different channel conditions are higher
than that for “UCA, UCA” MIMO configuration under the same assumptions. This effect
gives a privilege to the use of UCA receiver. The results showed that for model ‘A’ ULA
configuration, since the model ‘A’ has only one tap at angle of arrival (AOA) = 45°, then by
rotating the ULA by 45° the signal will impinge the array from the endfire direction. In this
case the correlation will be maximum and the capacity is minimum. In contrary, if the ULA
was rotated by 135°, the capacity is maximum because in this case the signal arrives at the
broadside of the array. Also, it was observed that the capacity of model ‘F’ is almost constant
and it has the highest values for both configurations. As well, the capacity of various models
was investigated at different number of receiver antennas for 4x4 “UCA, UCA” system. The
result was shown that as the number of receiver antennas increases, the capacity values are
more affected by the model selection. This indicates that, the environment profile should be
carefully modeled and selected whenever capacity investigations are performed in particular
for higher order MIMO. Moreover, the line of sight (LOS) conditions was examined for 4x4
“UCA, UCA” system by assuming that the LOS component is included if the separation
between the transmitter AP and the receiver STA is within the breakpoint distance. The LOS
is configured by adding a standard Ricean K-factor reported in [11] to the first tap while all
the other taps K-factor remain at -co dB as in IEEE 802.11n model. The result was shown that
the LOS component degrades the channel capacity in all models. It was found that in NLOS
conditions, capacity improves by 20% compared to the case where LOS component included.
The improvement is less pronounced for model ‘F’ than other models due to its many
multipath taps thus the effect of the 1* LOS tap will be less significant. Furthermore, both
uniform and water-poring power allocation schemes were simulated for 4x4 “UCA, UCA”
system and it was found that the capacity of water-pouring power allocation scheme is
superior to the one achieved with uniform power strategy specifically for low SNRs. Besides,
at low SNR the capacity of the models with water-pouring power allocation scheme is greater

than the one achieved by the uncorrelated channel with uniform power allocation strategy.

Secondly, the V-BLAST architecture and detection algorithms were presented and compared
for different antenna array geometries using various channel models. The principles of V-

BLAST detection including the sub-optimal methods and maximum likelihood (ML) optimal
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scheme were studied. The sub-optimal techniques that were considered in this work are linear
signal detection with either zero forcing (ZF) or minimum mean square error (MMSE),
successive interference cancellation (SIC) and parallel interference cancellation (PIC).
Simulation results confirmed that the ordered SIC (OSIC) scheme with MMSE nulling criteria
yields the best bit error rate performance over other suboptimal schemes. However, it suffers
from several disadvantages such as it needs for power reordering at each stage of detection
and the number of stages is required to be increased as the number of transmit antennas
increases. Therefore, the PIC could be used as an alternative choice since it has a slightly less
performance of OSIC. Meanwhile, it does not require any power reordering and it has reduced
system delay. Moreover, the impact of channel spatial correlation on the 4x4 V-BLAST
system based on the OSIC scheme with MMSE nulling criteria and QPSK modulation was
investigated for both ULA and UCA geometries. SSC channel model was considered in the
simulation of this spatial multiplexed MIMO system. The results was shown that the central
angle of arrival (AOA) and the angular spread (AS) has a significant impact on the BER
performance of both the UCA and ULA. It was found that the UCA outperforms the ULA
when the AOAs are near end-fire angels. However, both geometries give nearly similar
performance when AOAs are near the broadside angles of ULA. Furthermore, the worst
performance for system employing ULA can be occurred when angle of arrivals are equal to
the end-fire angles. Given that, all elements are in-line with the central angle of arrival that
leads to high correlation between elements. However, the worst performance for UCA was
found to be at angle of arrivals 45° and 135°. In these cases, the correlation is high because
elements three and four are directly behind elements one and two. It is noted that the worst
case value and the variations of BER in the UCA case is less than the ULA case, in particular
for high AS. For example, the performance of UCA is higher than the performance of ULA
by about one order of magnitude at AOA endfire angle and AS=20° with similar aperture size.
Furthermore, V-BLAST system BER performance was investigated under realistic STC
channel model that applies the IEEE802.11n channel scenarios utilizing UCA antennas at
both ends. The results showed that with a proper selection of UCA radius and number of
elements the performance of uncorrelated channel can be achieved. In addition, it was shown
that the best performance can be achieved by model ‘F’ profile of IEEE802.11n channel

model, which is a simulation of large space indoor environment conditions.

Finally, the data-aided training based channel estimation method was studied. The LS, SLS,

LMMSE, and RMMSE channel estimators were demonstrated. The Optimal training symbols
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were presented for the LS, SLS, and LMMSE estimators. The results confirmed that the SLS,
LMMSE, and RMMSE methods offer better performance than the LS. This is for the reason
of utilizing the channel correlation that reduces the channel estimation error in the previous
methods, while the LS method does not consider the channel properties. Moreover it was
revealed the superiority of the LMMSE over the other methods. However, it requires more
prior knowledge about the channel than the other methods. The SLS and RMMSE necessitate
less prior knowledge about the channel than the LMMSE estimator. So, by compromising the
achieved performance these estimators provide a good tradeoff between the performance and
the required channel knowledge. Moreover, the impact of channel spatial correlation on the
accuracy of LMMSE Channel estimation was investigated. The undertaken analysis was
revealed that at low SNR the strongly correlated channel can improve the accuracy of the
channel estimator. However, at high SNR the channel spatial correlation has less pronounced
effect on the accuracy of the channel estimator. In addition, the results showed that the
performance of the channel estimator for ULA (i.e., experiences higher correlation than the
UCA) system is generally better than the UCA system. The mean square error (MSE) of the
LMMSE channel estimator was studied as a function of AOA at various SNR (high, moderate
and low) values. The results were shown that at high SNR the MSE is improved, but the
spatial correlation has a less pronounced effect on improving the channel estimation error. In
turn, at moderate and low SNR the spatial correlation reduces the channel estimation error.
Furthermore, the results revealed that the MSE in general is more affected by the correlation
in the ULA unlike the UCA. In addition the performances of the ULA and UCA are identical
near broadside of the array. Also, it was shown that the ULA outperforms the UCA at end-fire
angle .So, the best channel estimation error can be achieved with the ULA system at end-fire
angle (maximum correlation). Therefore, the ULA minimizes the MSE at moderate and low

SNR and the performance is further improved with the channel spatial correlation.
6.2 Future Work
This section describes some possible extensions to the research presented in this thesis.

» In this thesis, it was shown that the antenna array configuration has a significant effect
on spatial correlation properties of MIMO wireless communications channels. The

effects of antenna configuration on the performance of a MIMO system were
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6.3

investigated for ULA and UCA geometries. For future work a larger angular views

antenna array can be chosen like hexagonal, rectangular, cubic, and triangular.

The work presented in this thesis only focused on the impact of fading correlation on
the performance of a MIMO system. For future work the effect of antenna mutual

coupling on the performance of a MIMO system could be investigated.

In this thesis, the accuracy of different training-based channel estimation methods was
investigated. Further investigations are needed to evaluate the capacity and BER
performance with the impact of channel estimation errors. In addition, the blind and

semi blind channel estimation techniques could be considered.

The work presented in this thesis was based on the collocated MIMO technique, where
the antennas are packed together with spacing on the order of a wavelength. As seen in
this research the benefits of the collocated MIMO are limited due to the fading
correlation and terminal size limitation (number of antennas). To mitigate the
drawbacks in collocated MIMO system, a new technique named distributed MIMO
was proposed and has attracted much attention. The major difference between the
distributed and collocated MIMO is that multiple antennas at the front end of wireless
systems are distributed among widely separated radio nodes. For future it is of great

interest to study the distributed MIMO technique.
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Appendix B

Numerical Examples of Ordered SIC and
PIC Detection Techniques

8.1 Ordered SIC

To become conscious with the ordered SIC scheme, the V-BLAST algorithm based on ZF
criteria is demonstrated numerically. Consider a MIMO channel with (M,., M;) = (3,3) with

QPSK constellation 4 = {+ =+ j==}. Suppose 6% = 2.5, |2 =10, The realization of
NERE ) M 7

channel transfer matrix is

H=[07-j21 02-j05 -08-,0.1

03-j0.6 —0.2+j02 0.6—j12
05+j —06+; —08 —jO.Z]

1 1 . 1

.1 1
a=lztiz 5% Bt

£ 6.6 — j0.8
r, = V“Ha+n:[4.2——j6.8]
t —2.5+ j5.4

The weight matrix of the ZF is computed as

T
1715] and n = [0.4 — j0.03,0.4 — j0.2,—1 + j0.7]"

The received vector r; is
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Y jo.1 0.1+;0.1 —-09+,0.4 0.1
W, = Eﬁﬂfz —-j0.2  —01+,01 05+,03 —0.2—0.1
a 0.1+ 0.1 -0.1 0.5 —-0.1—j0.1

Since there are three components of a, SIC algorithm completes the decision process after 3

iterations as follows:

Step I: In the first layer, the 1% sub-channel is preferred, k; = 1, since

”(W1)1”2 =0.03
”(W1)2||2 =0.12
||(W1)3”2 = 0.04

The first estimated component is calculated according to (4.15d) as

6.6 — j0.8
y, =[j0.1 0.1+4j01 —09+,0.4 aul42—j68
—2.5 +j5.4

= 0.68 + 0.8

This estimate is sliced by (4.15¢); hence, the decision for the first component would be

After symbol cancellation described in (4.15f), the modified received vector is

2.3—j5.9
—2.1+j4.3

5.9 —j0.7
r,=r—a(H), = ]

The matrix Hy equals

02—j0.5 —0.8—;0.1
-06+j —0.8-,0.2

~02+j0.2 0.6 —j1.2
|

The new weight matrix W, for next iteration is computed to be

wo = [Mey [ —j0.04 jo.1 -—OJ:—jOZ}
2= JE, T7l01+j01 -01+0.02 —0.1-0.02

Step 2: In the second layer, algorithm chooses the 3" sub-channel to process, k, = 3, since

124




Appendix B. Numerical Examples of Ordered SIC and PIC Detection Techniques

|(W2),|I*> = 0.06
|(W,)311? = 0.03
Therefore, estimate y3 is
5.9 — j0.7
y3 =[01+,0.1 -0.1+,0.02 -0.1 —j0.0Z][ 23—-j59 [=06+j1.1
—2.1+j4.3
and the decision a5 is
R 1 ny 1
3 =—=+j—
SRV AR

After cancellation, the modified received vector is calculated to be

4.6 —j0.3
-1.7+j5
The matrix Hz equals
~0.2 +j0.2
Hz =| 0.2-0.5
—0.6 +

and the new weight matrix W3 is

M
W, = E—fﬂ‘r§ = [0.04 — j0.04 0.4+j01 —=0.1—;0.2]
a

Step 3: In the last layer, the estimate y, is calculated as

4.6 — j0.3
y, = [0.04 —j0.04 0.4+j0.1 —0.1—j0.2] [2.8 —j53
~1.7 +J5

=1.5-;0.3

and the corresponding decision @, is

sl -
e
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Finally, the components of the decision vector are combined according to the order of indices

(k1, k2, k3), which yields

Q)
I

+j—=

SEREERE
Sl g

which is the correct estimate of a.

82 PIC

To comprehend the PIC scheme, its algorithm based on ZF criteria is demonstrated
numerically using the same considerations of the preceding example. The output of the first

stage detection according to (4.16a) is given by

1L
0.7 + 0.8 12 12

= onen = | 107 | -1
. JjO. 1 1

WA

Next, in accordance to (4.16b) the auxiliary symbol vectors are

1,1 o
— j—.
V2 N2 |1 1
0 0 07|14 1 ——j—=
@ =Ja=|0 1 0 E—J’ﬁ=\/1§ \15
00 1 .
1 1 —=t+J—=
—+ji—=| W2 "V2
NN
L 11
— ]_
V2 V2| | =+i—=
1 0 0] 1 AR
@ =J8=0 0 0l5=~j2= . 0 .
B LRSI Al
— ]—
V2 V2
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.1 1.

—+j—| r1 1

V2o V2| | =+i=
ll 0 0} CYl ET R

V2 V2| |=+i=
0 0 O 1 1 V2 N

—tj— 0

vz

Then, the auxiliary receive vectors are formed from the auxiliary symbol vectors

5.2 — j0.8]
f1=r—Hﬁ1= 5_"_]5.7
—2.4 45
4.6 — j0.3
[—1.7 + 5.
59—

l~‘3=l‘—Ha3=[25—]5.4

—24+j33

Finally, the transmitted symbols are estimated in compliance to (4.16d)

a; = (H";f)

5.2 —j0.8
a, = | [0.05+0.1 0.1+4;03 0.1-;02]|5—,57
—24 +5
a (3.3+j2.1) - +'1
a, = (@3. . =—+j—=
a2=(H+2i:z)
4.6 —j0.3
dzz([—O.l—jO.l 0.1+,03 —0.3—j0.6][2.8—j5.3>
—1.7 45
2, = (48— ) 1 1
a,=0l48—j)=——-—j—
&3:(H+3f3)
59 —j
63::002+ja4 —0.3 +0.02 —&2+j00ﬂ[25—j54 )
—24+ 33
d; = (1.4 + j2.6) ! +'1
a; = . b)) =— r—
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