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SUMMARY

INDUSTRIAL AND OFFICE WIDEBAND MIMO CHANNEL PERFORMANCE
by
Lakshmi Ravindran Nair
Study leader: Dr BTJ Maharaj (University of Pretoria, South Africa)
Department of Electrical, Electronic & Computer Engineering

Master of Engineering (Electronic)

The aim of this dissertation is to characterize the MIMO channdivim very distinct indoor
scenarios: an office building and an industrial environment. The study investigates the use of
single- and dual-polarized antenna MIMO systems, and attempts to model the channel using
well-known analytical models. The suitability of MIMO architectures employing either single-

or dual-polarization antennas is presented, with the purpose of identifying not only which
architecture provides better average capacity performance, but also which is more robust for
avoiding low channel rank. A measurement campaign employing dual-polaiz&gatch

arrays at 2.4 GHz and 5.2 GHz is analyzed. For both environments the performance of three
4x 4 subsystems (dual-polarized, vertical-polarized and horizontal-polarized) are compared in
terms of the average capacities attained by these systems and their eigenvalue distributions.
Average capacities are found to be only marginally different, indicating little advantage of
dual-polarized elements for average performance. However, an eigenvalue analysis indicates
that the dual-polarized system is most robust for full-rank MIMO communications, by providing
orthogonal channels with more equal gain. The analysis of the analytical models shows that the
Kronecker and Weichselberger models underestimate the measured data. Kronecker models are
known to perform poorly for large antenna sizes and the performance of the Weichselberger

model can be attributed to certain parts of the channel not fading enough.

Keywords:
MIMO systems, Polarization, Average capacity, Eigenvalue analysis, Robustness,

Analytical models.
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OPSOMMING

INDUSTRIAL AND OFFICE WIDEBAND MIMO CHANNEL PERFORMANCE
deur
Lakshmi Ravindran Nair
Studieleier: Dr BTJ Maharaj (University of Pretoria, South Africa)
Departement Elektriese, Elektroniese & Rekenaar Ingenieurswese

Meester in Ingenieurswese (Elektronies)

Die doel van hierdie studie is om 'n VIVU kanaal te karakterisegwiee verskillende interieur
omgewings nl: kantoor gebou en induste opset. Die studie bestudeer die gebruik van enkel-

en bi-gepolariseerde antenna VIVU stelsels en poog om die kanaal te modelleer deur gebruik
te maak van bekende analitiese modelle. Die geskiktheid van VIVU strukture met enkel- en bi-
gepolariseerde antennas word voorgestel met die doel om nie net die struktuur te identifiseer wat
die beste gemiddelde kapasiteit gee nie, maar ook wat die meeste robuust is om lae kanaal rang
te vermy. 'n Metings proses wat bi-gepolariseesde laslap strukture gebruik teen 2.4 GHz en

5.2 GHz word ge-analiseer. Vir beide omgewings word die prestasie vadxitisub-stelsels
(bi-gepolariseerd, vertikaal gepolariseerd en horisontaal gepolariseerd) vergelyk in terme van
die gemiddelde kapasiteit wat bereik is deur die stelsels en hulle eigenwaarde distribusies. Dis
bevind dat die gemiddelde kapasiteit net marginaal verskil, wat dui op 'n klein voordeel ten
opsigte van bi-gepolariseerde elemente vir gemiddelde prestasie. Eigenwaarde analise dui egter
daarop dat die bi-geploariseerde stelsel mees robuust is vir volle rang VIVU kommunikasie
deur ortogonale kanale met meer gelyke versterking te verskaf. Die modelle analise wys dat
die Kronecker en Weichselberger modelle die metings data onderskat. Kronecker modelle is
bekend vir hulle swak prestasie ten opsigte van groot antenna groottes en die prestasie van die

Weichselberger model is gevolg van sekere dele van die kanaal wat nie genoeg attenueer nie.

Sleutelwoorde:
VIVU sisteme, Polarisasie, Gemiddelde kapasiteit, Eigenwaarde ontleding, Robuustheid,

Analitiese modelle.
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RESEARCH OVERVIEW

1.1 INTRODUCTION

Increasing demanfibr bandwidth and the development of wireless communication systems for
higher data rate transmission and high quality information exchange has sparked interest in the

use of MIMO (Multiple-Input Multiple-Output) systems for wireless communication.

MIMO systems consist of multiple antennas at the transmitter (Tx) and the receiver (Rx),
which take advantage of multipath signals, making them carry more information by sending
and receiving multiple data signals over the same frequency channel. MIMO systems are thus
multidimensional and by sending multiple signals across the channel, spectral efficiency is

improved which in turn improves capacity, range and reliability.

The increasing use of wireless technologies in homes and businesses has resulted in high
interest in MIMO architectures for indoor environments. Although indoor propagation has
been studied extensively (both from analytical and experimental perspectives) relatively few

studies consider MIMO systems in industrial environments [9]- [11].

The deployment of wireless systems in industrial environments can lead to savings compared
to wired networks due to swift deployment, easier maintenance and reconfigurability. However,
wireless communications in industrial environments may be more challenging due to factors

such as:

¢ high temperatures and vibration,
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¢ signal obstruction due to heavy machinery,
e largecoverage areas for communicating nodes, and
¢ higher levels of electromagnetic interference.

Industrial applications are also expected to be more demanding [12], requiring a high degree of

robustness, reliability, and efficiency.

Propagation within buildings is strongly influenced by the structure of the building, the layout
of the rooms, the type of construction materials used [13], objects within the building, etc.
Industrial environments contain an abundance of metallic scatterers, which can result in dense
multipath scattering. It is important to investigate the behavior of the MIMO channel in
industrial environments so that incorrect assumptions of the channel are not made when
assessing the potential performance. Therefore, the focus of this work is to identify any
differences for MIMO systems in office and industrial environments, as well as to identify
array types that are robust to random channel conditions. Since dual-polarized (dual-pol)
MIMO systems are more robust to low multipath and random array orientation, they are
obvious candidates for demanding industrial applications. This study presents the results
of investigations that were conducted in an office and an industrial environment, based on

wideband measurements recorded at 2.4 GHz and 5.2 GHz using dual-pol antenna arrays.

1.2 RESEARCHSCOPE

In order to characterize the wideband MIMO channel, data obtained from measurement
campaigns conducted at the University of Pretoria in an office and industrial environment
are analyzed. The measurements were conducted at 2.4 GHz and 5.2 GHz Wi#8 an
MIMO system, employing a linear dual-pol patch array, at different locations within the two

environments and for different antenna orientations.

The scope of the work done for this dissertation encompasses the following:
1. Obtaining data from measurements that were carried out in the two environments.

2. Normalizing the channel matrices.

DEPARTMENT OFELECTRICAL, ELECTRONIC & COMPUTERENGINEERING 2
UNIVERSITY OF PRETORIA
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3. Determining channel capacities at the different frequencies, locabaestations, and

polarizations.
4. Determining the effect of polarization on the performance of the MIMO system.
5. Establishing which polarization subsystems are more robust.
6. Establishing the effect of frequency scaling.
7. Comparing the capacities obtained in the two environments.
8. Fitting the measured data to the following models:

(a) i.i.d. Gaussian model,
(b) Kronecker product model, and
(c) the Weichselberger model.

From the results obtained, conclusions about the performance of a MIMO system in an

industrial and office environment will be established.

1.3 RESEARCHCONTRIBUTION

Observations of the channel performance under different conditions and the development of the
various models will provide researchers with a better understanding of the MIMO propagation

channel in an indoor, industrial type environment. Furthermore, considering that no previous

detailed analysis, similar to the one motivated above has been done to characterize MIMO
channels in industrial scenarios, this research will provide invaluable information that will

contribute to reliable and efficient MIMO systems being developed to meet industrial needs.

1.4 ORGANIZATION OF THE DISSERTATION

The dissertation is organized into seven chapters wherein the performance of the MIMO system

is established.

Chapter 2 reviews the development of MIMO systems. The advantages of MIMO systems,

especially in terms of the capacities they achieve, as well as various applications and MIMO

DEPARTMENT OFELECTRICAL, ELECTRONIC & COMPUTERENGINEERING 3
UNIVERSITY OF PRETORIA
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standards are discussed. Studies based on the use of polarizedigitgiwith MIMO systems

are also described, specifically focusing on dual-polarization.

In Chapter 3 various MIMO channel models and measurement techniques are discussed, with

emphasis being placed on the Kronecker and Weichselberger models.

An overview of the measurement campaign is presented in Chapter 4. A brief description of
the MIMO channel sounder used for making the channel measurements is provided and the
extraction and processing of the measured data for use in calculations are discussed. The
two environments in which the measurements are carried out are described in terms of their
structure, the materials in the environments and the position of the receiver and the transmitter
of the MIMO system. The normalization, capacity and correlation equations used for the

analysis of the data are also provided.

In Chapter 5 comparisons between the two environments are made. Firstly, the average
capacities in the two environments are compared to determine whether the performance of
the MIMO system in one environment is better than the other. Following that, comparisons
are made between the single-polarization (single-pol) elements of the MIMO system and the
dual-pol elements to determine whether there is an advantage when using dual-pol systems.
Comparisons between the different orientations of the receiver and the transmitter are made
to determine the effect of scattering in the environments. Finally, the effect of the center
frequency on the performance of the MIMO system in the two environments are established

and the effect, if any, of frequency scaling is also determined.

The results of the Kronecker and Weichselberger modeling are presented in Chapter 6. The
Cumulative Distribution Function (CDF) of the average capacities of the models are compared
with that of the measured data, and #e8 i.i.d. Gaussian model. The results of the models

are also fitted to the measured data.

Chapter 7 concludes the dissertation with a summary of the work covered in this study and

highlighting the most significant results. Some suggestions for future work are also provided.
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This chapter describes the development of the MIMO system and its imp&adteless systems,
with emphasis being placed on the capacity performances of such a system and the effect of

polarization diversity.

2.1 AN OVERVIEW OF MIMO TECHNOLOGY

Signals traveling from a transmitter to a receiver do not necessarily travel in a straight line.
Instead, as a result of reflections from large objects, diffraction of electromagnetic waves

around objects and signal scattering, signals can take multiple paths to the receiver [14].

Traditional radio systems consider multipath signals as wasteful and/or harmful, and neither
do anything to combat the multipath interference, expecting the main signal to outperform the

interfering copies, or employ multipath mitigation techniques [1] such as:
e using antennas to capture the strongest signal at each moment in time, or

¢ adding different delays to the received signals to force the peaks and troughs back into

alignment.

However, recent studies have shown that multipath propagation can increase the capacity of a
wireless communication system, provided that multiple antennas are used at the receiver and/or
the transmitter [15, 16]. Multiple antenna structures can be divided into three groups: multiple

antennas only at the receiver, or SIMQnultiple antennas at the transmitter, or MiBZ@nd

! Single-Input Multiple-Output
2 Multiple-Input Single-Output
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multiple antennas at both the transmitter and the receiver, or MIMO

When“smart” signal processing is applied to the above antenna structures, these smart antennas
improve the performances and techniques of wireless systems. However, the smart antenna
systems are one dimensional (1-D), transmitting one data stream per channel and offering only

improvements of 1 b/s/Hz or 2 b/s/Hz at a time.

Different types of smart antenna techniques are discussed below [17].

e Selection diversity: multiple antennas with overlapping coverage are used at the receiver
as shown in Figure 2.1. The antenna with the highest received power is then chosen as this
mitigates fading. This is a simple SIMO technique requiring only on€lRK. However
it does not use all the energy available at the antennas and interference suppression is

limited.

Transmitter Receiver

FIGURE 2.1: Selectiordiversity uses multiple receiver antennas to capture the best multipath
signal [1].

e Switched multi-beam (phased array systems): arrays with multiple fixed beams are used
at the transmitter as shown in Figure 2.2. With the beams pointing in different directions,
the receiver then picks the beam with the highest SNRis is a MISO system using
basic signal processing and the receiver only needs to search for the correct beam every

few seconds.

e Adaptive array (adaptive beamforming): multiple antennas are used at the transmitter

3 Multiple-Input Multiple-Output
4 RadioFrequency
5 Signal-To-Noise Ratio
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Transmitler

Receiver

FIGURE 2.2: Beamforminggmploys multiple transmitter antennas to deliver the best multipath
signal [1].

and receiver as shown in Figure 2.3. The signals reached by each antenna are weighted
and combined to improve the output signal performance. In reality only a single signal
is sent over one channel with the system requiringomplete RF chains and the weight

calculation requires more computational complexity.

Transmitter

Receiver

FIGURE 2.3: Combination of beamforming and diversity [1].

As shown in Figure 2.4, MIMO systems make smart antennas multi-dimensional by allowing
multiple data streams in the same channel. Signals are therefore transmitted from each of the
transmitter antennas and the receiver then weighs and combines the received sig(vahare

m is the number of transmitters) different ways in order to obtain each signal. Although the
data rate can increase-fold for the same transmitting power and bandwidth, it is dependent

on the richness of the multipath environment.

DEPARTMENT OFELECTRICAL, ELECTRONIC & COMPUTERENGINEERING 7
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V' IL YV

Transmitter 1

Receiver 1

Transmitter 2 Receiver 2

FIGURE 2.4: MIMO systems using multiple transmitters and multiple receivers [1].

Thetransmission of multiple data streams enables multipath signals to carry more information
over the same frequency channel. This results in a linear increase in spectral efficiency
rather than the logarithmic increases obtained in traditional systems using just receiver or
no diversity [18]. The high spectral efficiency attained by a MIMO system is achieved
by the fact that in a rich scattering environment, independent transmission paths for the
signals are provided from each transmitter to each receiver. The signals from each individual
transmitter thus appear highly uncorrelated at each of the receiving antennas [19]. The signals
corresponding to each individual transmitter have different spatial signatures. The receiver
can then use these differences to separate the signatures from the different transmitters [18],

simultaneously and at the same frequency .

The improvement in MIMO performance can be attributed to the following [2, 3].

e Array gain: results in an increase in the average receiver SNR and is made available

through processing at the transmitter and the receiver.

¢ Diversity gain: reduces fading in the wireless link by transmitting the signal over multiple
(ideally) independent fading paths in time/frequency/space. Spatial diversity is used in
MIMO systems and space-time coding is used to extract spatial diversity in the absence

of channel knowledge at the transmitter by using suitably designed transmitting signals.

e Spatial multiplexing gain: results in the linear increase in capdaityi(7'z, Rz)) for no
additional power or bandwidth, and is realized by transmitting independent data signals
from individual antennas. In a rich scattering environment the receiver can separate the

different streams yielding the linear increase in capacity.

DEPARTMENT OFELECTRICAL, ELECTRONIC & COMPUTERENGINEERING 8
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¢ Interference reduction: because multiple antennas are used, differentiation between
spatial signaturesf the desired signal and co-channel signals can be exploited to reduce

interference. Therefore co-channel interference due to frequency re-use does not occur.

It is not possible to use these enhancements simultaneously due to conflicting demands on the
number of antennas used. The degree to which these conflicts are resolved depends on the
signaling scheme and the transceiver’s design.

MIMO technology is currently the only advanced antenna technology that simultaneously offers
high bandwidth, improved coverage, and high mobility at low cost [2,20]. The capacity gains
by MIMO systems have been so enormous, that even the possibility of 1 Gb/s wireless links are
becoming possible (Figure 2.5). The next section shows how this improvement in capacity is
achieved.

220 : . . . . . . 1.0

\ — - Range

180f A 408

160F

140

120

Bandwidth (MHz)

100

Range (reference w.r.t. 10 MHz)

80

60

40 -

20

1 2 3 4 5 6 7 8 9 10
Nao. of antennas at Tx/Rx in MIMO channel

FIGURE 2.5: Bandwidth requirement and range of a 1Gb/s MIMO link [2].

2.2 THE MIMO M oDEL AND CHANNEL CAPACITY

A single user MIMO system is shown in Figure 2.6 and the link model for this system can be
represented as:

DEPARTMENT OFELECTRICAL, ELECTRONIC & COMPUTERENGINEERING 9
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Tx - » Rx
[} " =
Propagation
a channel Y
RF Up-conversion —r RF Down-conversion
Filtering and Matching L W Filtering and Matching

! !

Pulse Shaping I Sampling l
Encoding Decoding
Input Symbol Output Symbol

FIGURE 2.6: A single user MIMO system.

y=Hs+n (2.1)

wherey ands are the receiving and transmitting vectors respectivelyis the zero-mean

complex Gaussian noise abflis then x m channel matrix.

This MIMO system as described above has been modeled on the following assumptions:
e the channel is random;

¢ a Rayleigh fading environment where there is enough separation between the receiving
and transmitting antennas, to such an extent that the fades for each transmitter-receiver

antenna pair are independent [15];
¢ the receiver has perfect channel knowledge; and

¢ the channel is memory-less (for each use of the channel an independent realiz&lion of

Is drawn).

The channel is represented in matrix form as follows:

DEPARTMENT OFELECTRICAL, ELECTRONIC & COMPUTERENGINEERING 10
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h11 h12 ..... hlm
hoy hoy ... hop,
H— 21 22 2 (22)
| ha hap i

where h;;, a complex Gaussian random variable that models fading gain betweeith the

transmitting angth receiving antenna, can be represented as:

hij = Oé—f—Lﬁ

o o — B
— Oé2+52€ Larctana

[h| ' (2.3)

whereh;; is a Rayleigh distributed random variable df and 3 are independent and normal
distributed random variables.

2.2.1 Channel Capacity

When data is transmitted through a random wireless channel, random noise is also added to the
data which may result in two different input sequences with the same output sequence, causing
different input sequences to be confused at the output. To avoid this a distinct subset of input
sequences must be chosen so that with a high probability there is only one input sequence
causing a particular output, thus making it possible to reconstruct all the input sequences at the
output with a negligible probability of error [18].

The information rate of a channel encoder is given as follows [21]:

H(S)T.
T
where thechannel encoder receives a source symbol el¥ergeconds,H (S) represents the

R:

(2.4)

entropy rate of the set of all source symbsland the channel codeword leaves the channel
encoder ever{, seconds. Thu®& information bits per channel symbol are transmitted and the
maximum information rate that can be used which causes a negligible probability of error at
the output is called the capacity of the channel.

DEPARTMENT OFELECTRICAL, ELECTRONIC & COMPUTERENGINEERING 11
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When transmitting information at ratB, using thechannel everyl. seconds, the channel
capacity is measured in bits/channel use. If the channel has a bandWidthe capacity is
measured in bits/s. Then, if the capacity is represented within a unit bandwidth of the channel,

it is measured in bits/s/Hz.

Using the input and output of a memory-less channel, capacity can be defined as follows [18,
21]:

C'=maxI(X;Y) (2.5)

p(z)

where X andY are random variables representing the input and output of the memory-less
channel, while/ (X; Y') represents the mutual information betweérmandY and is maximized
with respect to all possible statistical distributigns:). The mutual information can also be

represented as:

I(X;Y)=H(Y) - HY|X) (2.6)

whereH (Y| X) is the conditional entropy between the random variallendY . The entropy

of a random variable can be described as a measure of the average amount of information
required to describe a random variable. Thus mutual information can also be defined as a
measure of the amount of information that one random variable contains about another variable

and depends on [18]:

1. the properties of the channel, and

2. the properties ok .

By using the mutual information the capacities of the channel can be computed as shown in the

following section.

2.2.2 SISO and MIMO Channel Capacity

Ergodic (mean) SISO channel capacity, with power constrain?,gfcan be defined by the

following equation [18]:

C =K max I(X:;Y 2.7
ol max I(X;Y)) @)
DEPARTMENT OFELECTRICAL, ELECTRONIC & COMPUTERENGINEERING 12
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where P is the average power of a single channel codeword transmitted over the channel
andEy denotes thexpectation over all channel realizations. The capacity is how defined as
the maximum of the mutual information between the input and the output over all statistical

distributions of the input that satisfy the power constraint.
If each symbol at the transmitter is denotedshbyhe average power constraint is given as:

P=E[s]’] <Pr (2.8)

According to [16], Equation 2.7 can be expressed with a random complex channél gam

follows:

C = Bu{log,(1 + p. |h11|*} (2.9)

where p is the average SNR at the receiver branch. |hlf;| is Rayleigh, |hy;|* follows a
chi-squared distribution with two degrees of freedom. The capacity can then be expressed

as:

C = En{log,(1+ p.x3)} (2.10)

wherex3 is a chi-squared distributed random variable with two degrees of freedom.
The ergodic capacity of a MIMO channel, with a power constr&jntis defined as follows [18]:

C= EH{p( max I(x;y)} (2.11)

x):t, (®)<Pp
where® = E{xx'}2. This is the covariance matrix of the transmit signal vest@nd the
total transmit power i’r, regardless of the number of transmitters. The mutual information
I(x;y) can be expanded as follows by using Equation 2.1 and the relationship between mutual

information and entropy:

I(xy) = hy) = hylx)
= h(y) — h(Hx 4 n|x)
= h(y) = h(nlx)
= h(y) = h(n) (2.12)
DEPARTMENT OFELECTRICAL, ELECTRONIC & COMPUTERENGINEERING 13
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whereh(.) denotes thelifferential entropy of a continuous random variable.

Wheny is Gaussian, Equation 2.12 is maximized because the entropy of a given variance is
maximized by the normal distribution. The differential entropy of a real Gaussian vector with
zero mean and covariance matkxis equal to% log, (2me det K). The differential entropy of

a complex Gaussian vector is less thag, det(7eK), with equal values, if and only ify is a
circularly symmetric complex Gaussian witH{yy"} = K, where(.)" denotes the conjugate
matrix transpose. The covariance of the received vectman then be expressed as:

E{yy"} = E{(Hx+n)(Hx+n)"}
= E{Hxx"H"} + E{nn"}
= HeH" +K"
- K¢+ K" (2.13)

whered andn denote the desired part and the noise part respectively. The maximum mutual
information of a random MIMO channel is then given by:

I = h(y) — h(n)
= logy[det(me(K?* + K™))] — log,[det(meK™)]
(K +K"))] — log,[det(K")]
(K +K")(K")™)]

= log,[det

= log,[det(KY(K™)™! 4+ 1,z)]

(
(
= log,[det(
(
= log,[det(H®PH"(K™)™! 4+ I,5)] (2.14)

When the transmitter has no knowledge about the channel, it is optimal to use a uniform power
distribution. The transmit covariance matrix is then givendby= f—};InT. Uncorrelatechoise

in each receiver branch can be described by the covariance fitrix o21,,z. The ergodic
capacity for a complex Additive White Gaussian Noise (AWGN) MIMO channel can then be

given by:
C = Ey {log, |det | [,p + ——HH (2.15)
g“nr
It canalso be given as:
DEPARTMENT OFELECTRICAL, ELECTRONIC & COMPUTERENGINEERING 14
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C = Ep {10g2 [det (InR + L HHH)] } (2.16)

nr

wherep = % is theaverage SNR at each receiver branch.

The MIMO channel capacity in Equation 2.16 can be further analyzed by diagonalizing
the channel product matriFIH" either by eigenvalue decomposition or singular value

decomposition.
The eigenvalue decomposition of the channel product matrix can be written as:

HH" = EAE" (2.17)

whereE is the eigenvector matrix with orthonormal columnk.is the diagonal matrix with
eigenvalues on the main diagonal and ktteeigenvalue representing the power gain ofktie

subchannel. The capacity in Equation 2.16 can thus be written as:

C = Ey {10g2 {det (InR + ﬁEAEHH } (2.18)
nr

The singulavalue decomposition of the channel matrix can be written as:

H=UxVH (2.19)

whereU andV are unitary matrices of the left and right singular vectors, respectively»and
Is a triangular matrix with singular values on the main diagonal. The the capacity in Equation
2.16 can thus be written as:

H
C = Ex {1og2 [det (InR + 2 UEEHUH)] } (2.20)

nr
From Equation2.17 and 2.19 it can be seen that all elements on the diagonal are zero except for

the firstk elements. The number of non-zero singular valkesjuals the rank of the channel
matrix. As can be seen from Equations 2.18 and 2.20, the capacity formulas of the MIMO
channel includes unitary and diagonal matrices only. Thus the total capacity of a MIMO channel
is made up by the sum of parallel AWGN SISO subchannels. The number of subchannels is

determined by the rank of the channel matrix. The rank of the channel matrix is given by:

rank(H) = k& < min{ny, ng} (2.21)

DEPARTMENT OFELECTRICAL, ELECTRONIC & COMPUTERENGINEERING 15
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From Equation 2.21 as well as the fact that the determinant of a unitary neggual to 1,

Equations 2.17 and 2.19 can be respectively expressed as:

k
C < Eg {Zlog2(1 + nﬁAi)} (2.22)
:1
— By {Zlog2(1 + nﬁaf)} (2.23)
— T

where \; represents theigenvalues of the diagonal matrix and o? represents the squared
singular values of the diagonal matx Thus the maximum capacity of a MIMO channel is
reached when each of the- transmitted signals is received by the same setpaintennas

without interference.

Finally, by optimally combining at the receiver, the channel matrix follows a chi-squared

distribution of2n; degrees of freedom and the capacity can be expressed as follows:

C—Ey {nT og, {1 + nﬁx;m] } (2.24)
T
Thus far it has been shown mathematically how the capacities of a MIMO system are
achieved. Figure 2.7 compares SISO capacity with Shannon’s capacity. Figure 2.8 does
the same but with MIMO capacity. Performance gains of the MIMO system is greater
than that of the SISO system. From Equation 2.21 it is evident that capacity scales linearly

with min{ny, ng}, Figure 2.9 shows an increase in capacity as the number of antennas increase.

As seen from the capacity equations in this section, the properties of the channel matrix play
an important part in the performance of the MIMO system. The channel matrix in turn can be
influenced by the following [22]:

1. array size and configuration,

2. mutual coupling,

3. antenna impedance matching,

4. element pattern and polarization properties, and

5. multipath propagation.
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FIGURE 2.8: Ergodic capacity of a MIMO channel.

Consideringthat this study involves the use of polarized antennas, the factor “element pattern
and polarization” will be discussed in more detail in the next section.
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FIGURE 2.9: CCDF of the capacity of an incremental MIMO system in Rayleigh fading.

2.3 POLARIZATION DIVERSITY

Antenna diversity aims to achieve fading at each antenna, independent of the other antennas,
so as to minimize the likelihood of all signals fading identically. Independent fading can be

achieved by doing the following:

e Spacing antennas far apart (spatial diversity), this is especially useful for signals coming

from far away.

¢ Pointing antennas in different directions or using antennas with different patterns (pattern

diversity), thus signals on different paths can be received on each antenna.

e Using different polarizations (polarization diversity), because orthogonal polarizations

have independent fading.

Spatial multiplexing ensures a large diversity gain. However, with increased numbers of
antennas being implemented in mobile phones and similar devices where space is highly
limited, it places a restriction on the number of antennas that can be used on such devices.

Achieving antenna spacings of several tens of wavelengths at the receiver and up to a
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wavelength at the transmitter is also expensive [23].

Polarization drersity is both a cost and space effective alternative where two spatially separated
single polarized antennas can be replaced by a single antenna structure employing orthogonally

polarized elements.

The polarization of an antenna is determined by the electric field of the energy radiated by the

antenna. Three types of polarizations can be defined [24]:

e Elliptical polarization: the electric field has two linear components, orthogonal to each
other, and at any point along the direction of propagation the total electric field traces out

an ellipse as a function of time.

e Circular polarization: consists of two linear polarized electric fields that are orthogonal

and of equal amplitude, bat° out of phase.

e Linear polarization: consists of a single electric field component and the propagation

wave is traced out as a straight line.

Several polarization diversity configurations have been developed to enhance signal reception,

namely [25]:

e an array of dual-polarized elements;
e an array of spatially separated orthogonally polarized elements (hybrid); and

e an array of circularly polarized elements.

The configurations mentioned above take advantage of the fact that many linearly polarized
multipath signals with different orientations exist and consequently they have a better chance
of receiving more total signals than a single linear polarized antenna. Since the system used in

this study is dual-polarized, a brief description thereof will follow.

The MIMO channel matrix of a dual-polarized system in Figure 2.10 can be represented as

follows:
H H
H— \A% HV (225)
HVH HHH
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FIGURE 2.10: Dual-polarized co-located antennas.

whereHyj is a sub-channel matrix consisting of the polarizatioand J at the Rx and Tx

respectivelyHy; can be further represented as:

Hy; = [hy,y;] 4, € {M,N} (2.26)

whereh;, ;; is the narrowband radio channel from a single antenna port at the transijtter,
a single antenna port at the receivéras shown in Equation 2.27.

thVl thHl hV1V2 hVlH2 cee thVn thHn
hHlVl hH1H1 hH1V2 hH1H2 cee hHan hHlHn
H- (2.27)
thVl thHl thV2 thH2 eee thVn thHn
hHmVl hHmHl hHmV2 hHmH2 vee hHmVn hHmHn

By multiplexing data streams not only over the spatially separated antenna elements, but also
over the two branches of the dual-polarized antennas, the number of subchannels in a MIMO
communication system increases [26]. The achievable separation of the data streams at the

receiver depends on the available polarization diversity, which is also dependent on the cross
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polarization discrimination factor (XPD).

Multiple reflectionsbetween the transmitter and the receiver lead to the depolarization of radio
waves, coupling some of the transmitted signal energy into the orthogonal polarized wave. As a
result of this, vertically/horizontally polarized transmitted waves can also have a horizontal/
vertical component. In the case of insufficient depolarization, significant power imbalance
between the average power of the co-polarized and cross-polarized signals can make the whole
diversity system worthless. The parameter that indicates this power difference is denoted as
XPD. High XPD values lead to significant degradation of the system’s performance, i.e. lower

diversity gain. The XPD of the vertical and horizontal polarizations can be given as follows:

E{|hvv|’}

XPDy = ——+ 71 2.28
E {|huu|?}

XPDy = —— L 2.29
E {|hva|*} 229

Due tosymmetryXPDy andXPDy are often assumed to be equal. However this is dependent

on the environment and the antenna patterns of the vertical and horizontal elements [25].

Dual-polarization MIMO communication ensures that orthogonally polarized elements can be
co-located which can lead to more compact antenna designs and as a result of this, various
studies have been conducted to investigate the performance of this polarization diversity

scheme.

Early work in this area showed that for a fixed SNR, dual-polarized antennas provide higher
capacity than single-polarized antennas [27, 28]. However when that transmit power is fixed
there is approximately a 3 decibel (dB) loss in receiver power, due to the limited level of

depolarization for most propagation environments.

In a separate experimental analysis conducted by [29], it was demonstrated that capacity
gains of around 10-20% were acheived from using dual-polarization over single polarization
in an indoor environment. Monte Carlo simulations by [30] have also found that indoor
MIMO capacity, using dual-polarization, results in higher capacity and that the channel

capacity increases linearly with SNR. In [31], polarization diversity performances o
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MIMO systems under Rayleigh-fading environments is evaluated thrgimghlations and
measurements. True polarization diversity was found to be as significant as spatial diversity at

improving diversity gain, and hence MIMO system capacity.

The performance of a dual-polarized MIMO system using LOS (Line-of-Sight) and NLOS
(Non-Line-of-Sight) measurements was investigated by [32]. Capacity was compared for
constant transmit power and constant SNR betwedrx & horizontally polarized (H-pol),
vertically polarized (V-pol) and a hybrid MIMO system. Measurements were taken in a
two-storey building, where the outside walls are made of glass and the inside walls of wood
and wallboard. Different polarizations result in different reflection coefficients. The floor
and the ceiling can be represented as a conducting material thus the reflection for both the
H-pol and V-pol is high. Walls are dielectric materials and consequently waves parallel to
the wall (the H-pol) undergo a Brewster arfgfghenomenon and penetrate the walls without

any reflection. Waves perpendicular to the wall, like the V-pol, do not undergo this phenomenon.

The LOS measurements were conducted in the hallway, where there is little local scattering
and the angular spread is minimal. The power of the H-pol waves decay faster than the power
of the V-pol waves and the XPD is about -15 dB. For both constant SNR and constant power,
the hybrid system performs better than the H-pol or V-pol systems. At constant power, H-pol
achieves lower capacity than V-pol, because it has lower received power. Coupling between the
polarizations is due to scattering from indoor clutter and oblique incidence on the wall. The
NLOS measurements were carried out in the laboratory (lab), where there is more scattering
and the angular spread is greater. The power of the H-pol and V-pol waves are similar and XPD
is 0 dB. H-pol and V-pol systems achieve similar capacities because both have the same average
received powers. The hybrid system only performs slightly better as a result of co-polarization

coupling for rich scattering.

In [25] measurements were conducted again in LOS (in a corridor lined with offices on one
side and a lab on the other) and NLOS (in a lab) environments, taking into consideration the
Ricean K-factor, XPD, and inter-element spacing. Capacity comparisons are made between
single polarized, dual-polarized and hybrid-polarized systems. In the LOS scenario for small

inter-element spacing, polarization-based configurations achieved lower channel correlations

6 The angleof incidence that producesya’ angle between the reflected and refracted ray.
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than spatial configurations, which resulted in higher capaky.higher inter-element spacing,
spatial configurations tend to suffer less power loss and they have lower spatial correlation
which results in higher capacities than hybrid- or dual-polarized systems. These systems
suffer from subchannel power losses because of high XPD values and horizontally polarized
transmissions. In the NLOS scenario with limited depolarization, dual-polarized and hybrid
configurations achieved lower capacities when compared to their spatial counterparts. In
scenarios where channels have a low K-factor but a high XPD, polarized MIMO systems
tend to suffer a loss in SNR and diversity when compared to single polarized configurations.
Therefore if space is not a constraint, then spatial configurations should be chosen over dual-

or hybrid-polarizations.

Linear polarized transmitting and receiving antennas provide higher capacity when they are
polarization matched. When the orientation of the antennas is not fixed (such as on a handset),
the lost power can be largely due to misalignment and limited depolarization, in which case
dual-polarized elements have higher capacity than single-polarized elements [32—-34]. In [35] it
was found that polarized elements offer good decorrelation and lower, but more stable, received
powers. Linear polarized elements offer better receiving powers when the elements at both
ends of the link are co-oriented, while cross-polarized elements result in better decorrelation
and resilience for orientation.

Patch antennas provide a good degree of isolation, making them adequate for dual-polarization.
However, the hemispheric pattern of the patch antenna, can result in a smaller radiation pattern
with fewer multipath components being received, as well as a reduction of rich scattering that is
required for high capacity gains. Patch antennas are also shown to have a limited XPD in [36].
Dual-polarized MIMO systems, using patch antennas as investigated in [37], were shown to
achieve mean capacities of 21 bits/use.

Most of the studies have shown that there is an advantage to using dual-polarized MIMO
systems. However, as indicated above and in studies by [23], the performance of dual-polarized
systems are sensitive to:

e antenna spacing,

e angle spread,
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e XPD, and
e antenna slanffset angles.

Furthermore, as indicated by [32], there are environments where the antenna placement and/or
polarization is not the limiting factor in the capacity behavior of the system, but rather the

channel itself is.

2.4 CHAPTER SUMMARY

This chapter firstly provides a background to MIMO technology. Wireless communication
systems utilizing multiple antenna structures have been shown to take advantage of multipath
signals to increase system capacity. Three groups of multiple antenna structures have been
identified: SIMO, MISO, and MIMO. Applying “smart” signal processing to these antenna
structures improves the performance of the wireless system. However, considering that only
one data stream per channel is transmitted, capacity improvements of only 1 b/s/Hz or 2 b/s/Hz
are offered.

On the other hand MIMO systems make smart antennas multi-dimensional, enabling multiple
data streams to be transmitted and as a result more information can be transmitted in the
same channel. This in turn results in a linear increase in capacity. Improvements in MIMO
performance can be attributed to either array gain, diversity gain, spatial multiplexing gain,
or interference reduction. It is not possible to use these enhancements simultaneously due to
conflicting demands on the number of antennas used, and the degree to which these conflicts

are resolved depends on the signaling scheme and the transceiver design.

The capacity gains achieved by using MIMO have been enormous that even 1 Gb/s rates are
becoming possible. Comparison of the Rayleigh MIMO and SISO capacities with Shannon’s
capacity, as shown in Figure 2.7 and Figure 2.8, shows the performance gain of the MIMO
system. Figure 2.9 indicates how the capacity of a MIMO system increases with increasing

antenna size.

This chapter also focused on the use of polarization diversity with MIMO systems. Antenna

diversity can be divided into three groups: spatial diversity, pattern diversity and polarization
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diversity. Spatial diversity places a restriction on the numberanfennas that can be
implemented, especially on devices where space is highly limited. Polarization diversity offers
an additional decorrelated channel, providing a polarization state orthogonal to the existing
state, and thus lifting the restriction on the number of antennas that can be implemented.

Polarization of an antenna is determined by the electric field of the energy radiated by
the antenna and three types of polarization were defined: elliptical, circular, and linear
polarizations. Linear dual-polarized antennas have been gaining popularity for use with
MIMO systems, and by multiplexing data streams, not only over the spatially separated
antenna elements, but also over the two branches of the dual-polarized antennas, the number
of subchannels in a MIMO communication system increases. The key advantage of using
two polarizations is that, regardless of the environment, at least two parallel channels are
enabled, each carrying different information. Measurement studies that were conducted using
dual-polarized MIMO systems have shown that there is an advantage to using dual-polarized

antennas over single polarized antennas.
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MIMO MODELS AND MEASUREMENTS

Assessing the performance of MIMO systems in realistic environments requidesailed
description of the multipath channel [22]. This can be achieved through channel matrix
measurements and/or channel modeling. Various channel models and channel measurement
techniques that are found in literature are discussed below.

3.1 TRANSFERMATRIX MEASUREMENT

Transfer matrix measurement [38—46] is a direct way of measuring the channel matrix

(H). The measurement campaign involves setting up a physical communication link to measure
the impulse responses between the transmitter and receiver. Results from such measurement
campaigns include channel capacity, the signal correlation structure, the channel matrix rank,
path loss, delay spread, etc. Antenna arrays that are deployed in these measurements can be
categorized into three types [3,22], and are listed below.

e True or real array systems as shown in Figure 3.1: simultaneous measurements take place
at all antenna elements. These systems closely model real-world MIMO communication
and can accommodate channels that vary with regards to time. However mutual coupling
can occur between antenna elements and the costs of parallel transmitting and receiving
electronics are high.

e Switched or multiplexed array systems as shown in Figure 3.2: a single Tx and Rx antenna
element is used to measure the transfer function with high speed switches sequentially

connecting array elements to electronics. The switching times with these systems are
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FIGURE 3.1: The real array system as taken from [3].
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FIGURE 3.2: The switched array system as taken from [3].

generallyfast, therefore measurement over all antenna pairs can be conducted before the

channel changes appreciably.

¢ Virtual array systems as shown in Figure 3.3: a single antenna element is rotated precisely
to prescribed locations. This technique is able to eliminate mutual coupling. However,
a complete channel matrix measurement takes several minutes or seconds and it requires

that the channel be stationary for a long time.

Although direct measurement techniques are able to capture real-world MIMO characteristics,

the setting up of this measurement equipment can be time consuming, complex, and expensive.
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FIGURE 3.3: The virtual array system as taken from [3].

Physical models have thus been developed to characterize the physical multipath propagation
between the transmitter and the receiver. They explicity model radio wave propagation
parameters such as DoA (Direction of Arrival), DoD (Direction of Departure), multipath
component delay, etc. and are independent of antenna configurations such as antenna radiation
patterns, antenna geometry, and system bandwidth. Physical models can be categorized into:
deterministic, geometry-based stochastic and non-geometrical models. These models are

discussed below.

3.2 DETERMINISTIC MODELS

Deterministic models reproduce the actual physical radio propagation process for a given
environment. The geometric and electromagnetic characteristics of the environment and
radio link can easily be stored in computer files. The corresponding propagation process
can then be simulated through computer programs and represented as two-dimensional (2-D)
or three-dimensional (3-D) models. The ray-tracing method is the most popular of the

deterministic models and is discussed below.

3.2.1 The Ray-tracing Method

In this method the theory of geometrical optics is used to treat reflection and transmission on

plane surfaces and diffraction on rectilinear edges [4]. The geometrical optics are based on
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what is termed “ray approximation”, which assumes that the wavelaaghfficiently small
compared to the dimensions of the obstacles in the environment. Electromagnetic fields are thus
represented as a set of rays, each corresponding to a path connecting two terminals and each
corner in the path represents an interaction with an obstacle (for example reflection off a wall).
The ray-tracing method is able to show channel parameters such as spatial signal variation with
small-scale movement, capacity variation with array location and antenna spacing, and angular

clustering of multipath arrivals.

The following steps are applied with the method as presented in [4]:
e first the Tx and Rx positions are specified,;

¢ all possible paths from the Tx to the Rx are then determined according to geometric

considerations and rules of geometric optics;

e avisibility tree as shown in Figure 3.4 is then created to capture the individual propagation

paths and is built in a recursive way; and

e finally a backtracking procedure is applied to determine the path of each ray by traversing
the tree upward toward the root node, and applying the appropriate geometric optics rules
at each traversed node.

The ray-tracing method has demonstrated reasonable accuracy [22] and, as already stated,
can be used in place of more difficult and time-consuming direct measurement techniques.
The method is site specific and over-simplification of the geometrical scenario that has been
represented can lead to underestimation of the MIMO channel capacity. The computational

costs of the ray-tracing simulations are also very high.

3.3 CGEOMETRY-BASED STOCHASTIC CHANNEL MODELS

Geometry-based stochastic models (GBSM) model scatterers as discreet objects located about
the transmitter and/or receiver in a stochastic (random) fashion and according to a certain
probability distribution [47]. The channel impulse response is then found by the ray-tracing
method.

Scatterers can be modeled in two ways as identified in [4], namely:
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FIGURE 3.4: The ray-tracing visibility tree as taken from [4].

e Singlebounce scattering: scatterers are randomly placed around the Tx or Rx and only a
single scattering occurs (i.e. there is only one interacting object between the Tx and Rx).
All paths thus consist of two sub-paths connecting the scatterer to the Tx and Rx, and the
propagation is then modeled through the ray-tracing method. It is, however, restrictive in
that the position of the scatterer completely determines the DoD, DoA, and the delay of

the multipath component (MPC) that propagate via near scatterers.

e Multiple bounce scattering: this relates to real environments where radio waves undergo
multiple reflection and diffractions and the DoA, DoD, and the delay are decoupled as
shown in Figure 3.5.

The above-mentioned scatterings would not realistically represent a MIMO system and thus

two other models have been proposed, which are discussed below.

3.3.1 The Double Scattering Model

In the model proposed by [5], double scattering occurs (i.e. there are scatterers around the Tx

and Rx as shown in Figure 3.6), and coupling between the scatterers around the Tx and Rx are
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FIGURE 3.5: Multiple bounce scattering of the GBSM as taken from [4].

establishedby an illumination function (DoD spectrum relative to the scatterer).

The double scattering model moves away from the perception of existing models that the
DoA and DoD are separable because waves can propagate from each Tx scatterer to each Rx
scatterer with equal probability. This may be possible in macrocells (which provide the largest
area of coverage for wireless communication), but not so for most microcells (which provide
additional coverage area within a macrocell) and picocells (which provide coverage within

a microcell) environments with specular reflection (mirror-like reflection of a wave from a
surface) [5]. In this case, each scatterer near the Tx will only illuminate a few scatterers near
the Rx, essentially with a certain angular spread that will depend on the surface roughness of
the scatterers. Thus with this model, for each Tx scatterer, an angular distribution function
and an angular spread that determines the number of scatterers that are illuminated by each
Tx scatterer are defined. The model in [5] also includes clusters of far scatterers, waveguide

propagation and diffraction.

The double scattering model provides a complete generic MIMO model taking many factors into
consideration. However, a considerable number of parameters are needed and the establishment

of the statistical distributions of these parameters is time consuming.
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FIGURE 3.6: Scattering around the Tx and Rx as taken from [5].

3.3.2 The Distributed Scattering Model

This is a generic stochastic model, as shown in Figure 3.7, that separately captures the diversity
and rank properties of the MIMO channel [6]. The propagation path between the arrays is
obstructed on both sides of the link by a set of significant near-field scatterers, such as buildings
and large objects. The model is mainly used for outdoor MIMO channels.
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FIGURE 3.7: The distributed scattering model as taken from [6].
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3.4 NON-GEOMETRICAL STOCHASTIC MODELS

Non-geometrical stochastic models describe paths from the transmitter to the receiver by
statistical parameters only, without reference to the geometry of the physical environment. Two

categories of the model are discussed below.

3.4.1 The Extended Saleh-Valenzuela (ESV) Model

This model uses the principle of grouping multipath components into clusters as in [48], where
a single cluster of arrivals might correspond to a single scattering object and the arrivals within
the cluster arise due to small object features. The model was then extended as in [27] to also
include directional information. The ESV model is based on the assumption that DoA and DoD
statistics are independent and identically distributed (i.i.d.) therefore the assumption allows for
the characterization of spatial clusters in terms of the mean cluster angle and the cluster angular

spread.

The ESV model can offer highly accurate statistical channel representation, provided that the
underlying statistical distributions are properly specified [27]. The ESV model has also shown
good agreement with measured data based on channel capacity probability density function
(PDF).

3.4.2 The Zwick Model

Unlike the ESV model where the MPCs are treated as clusters, the MPCs in the Zwick model
are treated individually [38]. The reason for this is that for indoor channels, clustering and
multipath fading do not occur when the sampling rate is sufficiently large. Phase changes
of the MPCs are however incorporated into the model which geometrically describes the
Tx, Rx, and scatterer motion [4]. The geometry of the scenario also takes into account
the “birth” and “death” of clusters due to the movement of the subscriber [22]. For NLOS

MPCs the effect is modeled using a Poisson process while for LOS it is added in a separate step.

As already explained above, physical models take into account the propagation of the radio wave
in a MIMO channel, without any direct measurements. Analytical models also characterize

the channel transfer function without measurements in a mathematical way. Several analytical
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methods are discussed below.

3.5 ANALYTICAL CHANNEL MODELS

Analytical models are MIMO channel models which provide analytical expressions, which in
turn describes the transfer matrix of the channel between elements of the antenna arrays, i.e.

the impulse response between the receiver and the transmitter.

Analytical models can be categorized into correlation-based analytical models and

propagation-motivated analytical models [4], both of which are described below.

In this section, and in the sections to follow the veapgrator stacks the columns of a matrix

into one vector and the tr(gperator denotes the trace of a matrix. The supersdfripts(.)Y,

and(.)* denote the matrix transpose, conjugate matrix transpose, and the complex conjugate
respectively.

3.5.1 The Correlation-based Analytical Model

These models characterize the MIMO channel matrix statistically in terms of the correlations

between matrix entries.
Thenmxmn matrix is given by Equation. 3.1 below:

Ry = E{HH"} (3.1)

whereRy is known as the full correlation matrix and contains the correlations of the channel
matrix elements describing the spatial MIMO channel statistics. The realizations of the MIMO

channel can then be obtained by Equation 3.2:

H= unvec{RIl{/Qg} (3.2)

WhereRII{/2 denotes the square root of the full correlation matrix, gnd annmx1 vector

with i.i.d. Gaussian elements with zero mean and unit variance.
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The realization of Equation 3.2 above involves the usénofi)? real-valuedparameters. In
order to reduce the large number of parameters several different models, which are described

below, were proposed to impose a particular structure on the MIMO correlation matrix.

3.5.1.1 The Gaussiani.i.d. Model

This is the simplest, yet most idealistic, analytical model wige= p>1. Thus all elements of
the MIMO channel matrix are uncorrelated (therefore also statistically independent) and have
an equal variance of*. The Rayleigh channel model for the channel matrix can be expressed

as follows [16]:

H;; = Normal(O,l/ﬁ)—i—\/—_l : Normal(O,l/\/ﬁ) (3.3)

whereH,; has i.i.d.complex, zero mean, and unit variance entries.

The physical interpretation of this model corresponds to a spatially white MIMO channel
which occurs in a rich scattering environment characterized by independent MPCs uniformly
distributed in all directions.

3.5.1.2 The Kronecker Model

In [49, 50] it was claimed that the correlation between the powers of two subchannels can be
modeled by the product of the correlations as seen from the transmitter and receiver under the
Rayleigh assumption. The focus of the Kronecker model is on the second-order moments of
the MIMO channel, describing the covariance structure. The channel model is based on the
assumption that correlation at the transmitter and receiver are independent of each other, and as
such, the full correlation matrix can be separated into the Kronecker product of the transmitter

and receiver covariance matrix [42,51]:

Ry = R @ R (3.4)
whereR ¥ andRE* are the covariance matrices at the transmitter and receiver sides respectively

and® is the Kronecker product matrix. As already mentiorigg,is the full channel covariance

matrix. The covariance matrices can be defined as:

N
1 *
Ry = N gl [vec(H(r))vec(H(r))"] (3.5)
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1 N

R = ~ ; H(r)H*(r) (3.6)
Tx __ 1 Y * T
Ry =+ Z (H*(r)H(r)) (3.7)

whereN is the number of channel realizations.

Assuming that the MIMO channel coefficients are complex Gaussian, the channel model can be
modeled, as in [42,43,51], as:

1
Vir{Rex}
where G is the Gaussian i.i.d. matrix with zero-mean complex normal entries with unit
variance,\/tr{Rg.} = /tr{Rr.} = Py, thetotal energy of the channel, arig'/? is defined
such thaR'/? (R'/?)" = R.

Hyon = RyIG(RY)T (3.8)

This model is very popular because of its simple analytical treatment of the MIMO channel
and it allows for independent array optimization at the transmitter and receiver. However, the
separation of the channel into independent link ends does not accurately describe measured
MIMO channels, and some deficiencies of the model have been reported [52, 53]. The
inaccuracy becomes more significant with an increase in array size. To overcome the deficiency
of the Kronecker model, the Weichselberger model (described next) was developed using
eigenmodes.

3.5.1.3 The Weichselberger Model

Unlike the Kronecker model, this model separates the eigenstructure of the full channel

covariance matrix, and not the matrix itself, into independent transmitter and receiver sides.

The eigenvalue decompositions of the full channel correlation matrix and the receiver and

transmitter covariance matrices are given below:

Ry = UgpAru UL, (3.9)
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Rix = UnxArxUpy, (3.10)
and
RTX = UTXA-TXU%X (311)

whereUry, UgrandUr, are the spatial eigenbases of the full channel correlation matrix, and

the receiver and transmitter covariance matrices respectively.

The eigenbases of the full channel correlation matrix can then be represented by the eigenbasis

at the receiver and transmitter as follows:

Urn = Upx ® Upy (3.12)

The purpose of this model as described in [7], is to:

1. Describe the spatial structure of the channel jointly, as done with the Virtual Channel

Representation (VCR) model, which is described in the next section.

2. Like the Kronecker model, adopt spatial eigenbases to the channel and the array
configuration (which includes array geometry, element characteristics, and element

polarization).

3. Formulate a model that includes the Kronecker and VCR models as special cases.

The Weichselberger model thus aims to combine the advantages of the Kronecker and VCR

models and overcome their deficiencies, and can be represented as follows:

Hycichset = Urx (ﬁ ©) G) Uq, (3.13)

whereG is a random matrix with i.i.d. zero-mean complex normal entries with unit variance,
® is the element-wise product of two matrices (or the Hadamard product)aisithe

element-wise square root of the coupling mafxgiven by:

2,0 = B { [, Hu | (3.14)
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whereugy ., IS the mth eigenvector of the receiver and,, is the nth eigenvector of the

transmitter.

Therefore the parameters needed for modeling the channel, as shown in Figure 3.8, are:

¢ the spatial eigenbasis at the RX,
¢ the spatial eigenbasis at the Tx, and

¢ the average energy of the virtual SISO channel between each eigenmode of the Rx and

each eigenmode of the T, linking the correlation properties of both ends.

side A side B
L ] [ ]
[ ] L ]
U, : : U,
L ] [ ]

FIGURE 3.8: Theparameters of the Weichselberger model as taken from [7], where A and B
represent Tx and Rx respectively.

When extracting the model parameters from the measured data, the eigenbases are obtained
by the eigenvalue decomposition [54] of the transmitting and receiving correlations matrices in

Equation 3.7 and Equation 3.6 above. The estimated power coupling matrix is obtained by:

1 N
Queichsel = NZ (r)Ur,) © (Ug,H(r)Ur,) (3.15)

whereN is the number of channel realizations.

When looking at the physical interpretation of the model, the spatial correlation of the
transmitting weights determine how much power is radiated into which directions and
polarizations. The spatial eigenbases are not affected by the transmitting weights and they
reflect the radio environment only, i.e. the number, positions, and strengths of the scatterers.
The eigenvalues show how the scatterers are illuminated by the radio waves propagating from
the transmitter, and thus they are dependent on the transmitting weights. The coupling matrix
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shows the spatial arrangement of the scattering objects and it influgreeapacity as well

as the number of parallel data streams that can be multiplexed. The coupling matrix also

influences the degrees of diversity that are present at the transmitter and receiver. A non-zero
element of the coupling matrix establishes a link between the respective eigenmodes. A

zero-element of the coupling matrix means that the respective eigenmodes do not couple with
each other.

As can be see from Equation 3.13 and Equation 3.16, the Weichselberger and VCR models
differ only in the choice of basis matrices where the eigenbases provide a partitioning matched
to the radio environment and antenna configurations. Eigenbases are also the only possible basis
matrices resulting from independent fading of the bin amplitudes [7]. It should also be noted
that the Kronecker model is a special case of the Weichselberger model as it employs rank one

coupling.

3.5.2 Propagation-motivated Analytical Models

These models characterize the MIMO channel in terms of propagation parameters.

3.5.2.1 The Virtual Channel Representation (VCR) Model

This model bridges the gap between physical modeling, which describes realistic scattering
environments via angles and gains associated with different propagation paths, and stochastic
modeling which provide geometric representations of the scattering environment [8]. It
captures the essence of the physical model and it provides a linear channel characterization.
The VCR model also provides a simple interpretation of the effects of scattering and array

characteristics on channel capacity and diversity.

The VCR model, models the MIMO channel in the beamspace instead of the eigenspace
and it models the joint spatial behavior of the channel. As shown in Figure 3.9, the angular
range of the receiver or transmitter is divided intoRx or m Tx discrete angular bins (where

m is the number of transmitters or receivers). The spatial propagation of the environment
between the transmitter and the receiver is partitionedinRx x m Tx virtual DoD-DoA bins.

Mathematically the model can be written as shown in [7]:
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FIGURE 3.9: The virtual channel model as taken from [8].

Hvirtual - ARX (Qvirtual ®© G) A$x (316)

whereG is a random matrix with i.i.d. zero-mean complex normal entries with unit variance,
Q. iriual iS the element-wise square root of the coupling matrix givefby;..;, whose positive
read-valued elements determine the average power-coupling betwegh trensmitting and

jth receiving direction, and\r, and A, are the steering matrices. The Hadamard product,
Qv © G, represents the “inner” propagation environment between virtual Tx and Rx
scatterers.

The coupling matrix can then be calculated as follows:

N
1
Qyirtual = N Z Agx A:er) O] (AEXH<T)A'TX) (317)

whereN is the number of channel reallzatlons.

This model is restricted to single polarized uniform linear arrays (ULAS), because if dual
polarized antenna configuration is used, the correlation between the two polarizations would
have had to be defined a priori in order to be able to specify the steering vectors. Due
to the predefined virtual directions, represented by the steering vectors, the assumption of
uncorrelated bins becomes an issue [7]. However, with an increase in the number of antenna
elements, different DoD-DoA bins see different scatterers [8], which are assumed to fade

independently. However, regardless of the number of antenna elements, the angular pattern

DEPARTMENT OFELECTRICAL, ELECTRONIC & COMPUTERENGINEERING 40
UNIVERSITY OF PRETORIA



o
IVERSITEIT YAN PRETORIA
VERSITY OF PRETORIA
IBE

g un
’ UNIVE
YUNIBESITHI YA PRETORIA

CHAPTERTHREE e viiMO M ODELS AND MEASUREMENTS

of the steering vector shows significant side-lobes in the neighboring Bitatterers will

thus lie between the virtual directions, resulting in significant contributions of a scatterer in
neighboring DoD-DoA bins. Thus the fading amplitudes of neighboring DoD-DoA bins will,
in general, be correlated.

Figure 3.10 shows a comparison between the Kronecker, Weichselberger, and VCR models in

a study done by [7]. The results of this study will be referred to in Chapter 6.

~ o Kronecker | : ’
L x newmodel|
240« Sayeed
B, : f
9 :
B BB L g s s 8 i
£ :
O :
c :
e :
£ 30t
S ;
: '
R :
© o5t X
E ;
£ . :
£ -~ o
%20_. ,’," .4 ]
E l'.’ 2
20 25 30 35 40

mutual information of measured channel [bits/s/Hz]

FIGURE 3.10: Comparisonf the Kronecker, VCR and Weichselberger Models. As taken from

[7].

3.5.2.2 The Finite Scatterer Model

The assumption made in this model is that propagation can be modeled in terms of a finite
number of multipath components, and for each component a DoD, DoA, complex amplitude,

and delay are specified [55].

As shown in Figure 3.11, the model allows for single-bounce and multi-bounce scattering. It

also allows for “split” components, which have a single DoD but subsequently split into two or
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more paths with different DoAs (or vice versa). The split can be treadedultiple components

having the same DoD (or DoA).

FIGURE 3.11: The finite scatterer model with single-bounce scattering (solid line),
multiple-bounce scattering (dashed line), and split components (dotted line) as taken from [4].

3.5.2.3 The Maximum Entropy Model

In this model the distribution of the MIMO channel is determined based on a priori information
which includes properties of the propagation environment and system parameters such as
bandwidth, DoAs [56], etc. The principle of the model is justified by the objective to avoid any
model assumptions not supported by the prior information. It was also shown in [56] that the
target application for which the model has to be consistent can influence the proper choice of
the model. To maintain consistency, the following axiom was enforced: if the prior information
I;, which is the basis for channel modHl,, is equivalent to the prior informatiok, of the

channel modeH,, then both models must be assigned the same probability distribution.

The model is able to translate in a simple way an increase or decrease of prior information into

the channel distribution model in a consistent fashion.

3.6 STANDARDIZED MODELS

Table 3.1 gives an overview of all current MIMO standards and their technologies [17].
Standardized models have been defined by various organizations with the intention of being
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able to compare different MIMO systems and algorithms to enhance caatymprove

performance. Some of these models are discussed below.

TABLE 3.1: MIMO Standards and the corresponding technology.
Standard Technology

WLAN 802.11n OFDM
WIMAX 802.16-2004| OFDM

WiIMAX 802.16e OFDM

3GPP Releasé WCDMA

3GPP Releasg OFDM
802.20 OFDM
802.22 OFDM

3.6.1 3GPP Spatial Channel Model (SCM)

This modelwas developed by 3GPP/3GPP2 to be a common reference for evaluating different
MIMO concepts in outdoor environments at a center frequency of 2 GHz and a system
bandwidth of 5 MHz. The SCM consists of two parts [57].

3.6.1.1 Link Level Simulations

This is a simple calibration model which is used to compare the performance results of different
implementations of a given algorithm. Comparing the performance of the algorithm enables
one to determine whether two implementations are equivalent. The calibration model can be
implemented as either a correlation model or a ray-tracing model. The SCM parameters that are
used to characterize the path include angle spread, AoA (Angle of Arrival) of the Rx, the power
azimuth spectrum, antenna pattern, the Tx AoD (Angle of Departure), and Doppler spectrum.
The model assumes a single Tx and single Rx.

3.6.1.2 System Level Simulations

This is a physical model that is used for performance simulation. The model distinguishes
between three different types of environments: suburban macrocell, urban macrocell, and urban

microcell. The model structure and methodology are the same for the three environments, but
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the parameters are different. The simulation of the system behawarried out as a sequence

of “drops”, where a “drop” is defined as one simulation run over a certain time period. For each
drop, channel parameters are drawn according to distribution functions. The model is antenna
independent. When all the parameters and antenna effects are defined, analytical formulations
can be extracted from the physical model, where each drop results in a different correlation

matrix for the analytical model.

3.6.2 The TGn Channel Model (IEEE 802.11n)

The TGn channel model [58] was developed for indoor Wireless Local Area Networks (WLAN)
environments. The model first defines three models which were initially used for SISO WLAN
models, and then three additional models are defined with distinct clusters. Each cluster consists
of a tap, the power of which is determined so that the overlapping taps which correspond to
different clusters, correspond to the sum of the powers of the original power delay profile.
The parameters: angular spread, AoA, and AoD are assigned for each tap and cluster using
statistical methods. The channel matrix is then determined. Each MIMO channel tap is modeled
according to the Kronecker model. The Rx and Tx correlation matrices are determined by the
power azimuth spectrum and by array geometry. The TGn model represents six different small

environments with different delay spreads.

3.6.3 The COST (European Cooperation in the Field of Scientific and
Technical Research) 259 and 273 Models

The COST models are the most general models discussed thus far and the 3GPP and 802.11n
models can be viewed as subsets of this model. The two categories of COST models are
described below.

3.6.3.1 The COST 259 Directional Channel Model (DCM)

This model is a physical model that gives a model for the delay and angle dispersion at the Tx
and Rx for different radio environments [12]. It looks at the relationship between the Tx-Rx
distance, delay dispersion and angular spread, etc. It is also defined for different environments
(typical urban, bad urban, open square, indoor office, indoor corridor, etc.) which include

macrocellular, microcellular, and picocellular scenarios. The modeling approaches for the three
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scenarios are different.

Each emironment is described by external parameters, such as the Tx position, frequency used,
average Tx and Rx height etc., and global parameters which are sets of probability density
functions and/or statistical moments characterizing a specific environment. The determination
of the global parameters is partly geometric and partly stochastic. The Rx is placed randomly in
a cell and a number of scatterer clusters are placed geometrically in the cell. From the positions
the relative delay and mean angles of the different clusters that make up the double-directional
impulse response can be determined, although the angular spread, delay spread, and shadowing

are determined stochastically.

The local parameters are randomly-generated realizations of the global parameters and describe
the instantaneous channel behavior. The double-directional channel impulse response is then

obtained, from which the channel transfer function is obtained.

The model can handle the continuous movement of the Rx over several propagation
environments and also across different environments. Scatterers are however considered
stationary, thus channel time variations are only due to Rx movements, and consequently
environments where people are moving around are excluded. Further delay attenuations are
modeled as Gaussian random variables, which require a sufficiently large number of MPCs

within each delay bin, also a condition which is not met in all cases.

3.6.3.2 COST 273

Even though the two COST models are similar there are a few important differences. Firstly, a
number of new radio environments and parameters have been defined. The modeling approach
for the macrocells, microcells, and picocells are all the same. However the modeling of the
distribution DoAs and DoDs is different. Two representations of the cluster are defined: one as
seen from the Tx and the other as seen from the Rx. Both cluster representations look identical
and are linked via a stochastic cluster link delay, which is the same for all scatterers inside a
cluster. The link delay ensures realistic path delays as per measurement campaigns, but the
placement of the cluster is determined by the angular statistics of the cluster as observed from

the Tx or Rx respectively.

DEPARTMENT OFELECTRICAL, ELECTRONIC & COMPUTERENGINEERING 45
UNIVERSITY OF PRETORIA



O-i8

UNIVERSITEIT YAN PRETORIA
UMNMIVERSITY OF PRETORIA
H YUNIBESITHI YA PRETORIA
CHAPTERTHREE viiMO M ODELS AND MEASUREMENTS

3.7 CHAPTER SUMMARY

This chapter looked at MIMO channel models and measurement techniques. Transfer matrix
measurements are a direct way of measuring the channel matrix. The measurement campaign
involves setting up a physical communication link to measure the impulse responses between
the transmitter and receiver. Although direct measurement techniques are able to capture
real-world MIMO characteristics, the setting up of measurement equipment can be time

consuming, difficult, and expensive.

Physical models have thus been developed to characterize the physical multipath propagation
between the transmitter and the receiver and can be categorized as deterministic,
geometry-based stochastic and non-geometrical stochastic models. Deterministic models
reproduce the actual geometrical and electromagnetic characteristics of an environment. The
ray-tracing method is the most popular of these models. Although the ray-tracing method
is a reasonably accurate method, it is site specific and simplification of the geometry of the
environment that is represented can lead to underestimation of the MIMO channel capacity.

The computational costs of the ray-tracing simulations are also very high.

Geometry-based stochastic models model scatterers around the transmitter and the receiver
in a stochastic fashion according to a certain probability distribution function. The double
scattering model and distributed scattering model are examples of the geometry-based model.
Non-geometrical stochastic models describe paths from the transmitter to the receiver by
statistical parameters only, without reference to the geometry of the physical environment.
The extended SVM and the Zwick model are two examples of this type of model. Another
type of model that characterizes the channel transfer function in a mathematical way, without

measurements, is the analytical model.

Analytical models can be categorized into correlation-based analytical models and propagation
motivated analytical models. Correlation-based models characterize the MIMO channel
matrix statistically in terms of the correlations between matrix entries. The Gaussian i.i.d.
model, the Kronecker model and the Weichselberger model are examples of such a model.
The propagation-motivated models characterize the MIMO channel in terms of propagation

parameters. The virtual channel representation, the finite scatterer model, and the maximum
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entropy models are examples of such a model.

Finally, standardized models have been established by using some of the models described
above so that these models were agreed on by different organizations. Examples of these models
include 3GPP SCM, link level simulations, system level simulations, IEEE 802.11n, and the
COST 259 and 273 models.
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e FOUR

MEASUREMENT CAMPAIGN

This chapter describes the environment in which the MIMO systeas wsed to take
measurements. As this study does not involve the actual measurement of data, only a brief
description of the system is given. The various steps involved in the analysis of the data are also

discussed.

4.1 MEASUREMENTENVIRONMENT

MIMO transfer matrix measurements were carried out at different locations in an industrial and

office environment as described below.

The measurements in the industrial environment were carried out at the Heavy Machinery
Lab (HML) at the University of Pretoria. As shown in Figure. 4.1, the transmitter (Tx) was
placed at the entrance of the room and the receiver (Rx) was placed at six different locations

within the room. Actual measurement pictures at various locations are given in Figures 4.2 - 4.4.

The HML environment is mainly comprised of brick walls, concrete floors, wooden doors
(except for the entrance which consists of a glass door), and fluorescent lights. The equipment
in the lab comprises machinery, a Gaussian cage, and metallic work benches with rubber

surfaces.

The office measurements were carried out at the Carl and Emily Fuchs Institute of
Microelectronics (CEFIM) also at the University of Pretoria. As shown in Figure 4.5,

the Tx was placed at a single fixed position in the corridor and the Rx was placed at eleven
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FIGURE 4.1: TheHML layout showing the transmitter and the receiver. Rx efer to the
locations where the receiver was placed. Arrows show the orientation of the arrays for the
different cases.

FIGURE 4.2: Thereceiver at location 3 with orientation B, with the transmitter (encircled)
shown in the background near the entrance of the lab.
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FIGURE 4.4: The receiver at location 6 with orientation B.
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FIGURE 4.5: TheCEFIM layout showing the transmitter and the receiver. Rxrefer to the
locations where the receiver was placed.

FIGURE 4.6: The location of the transmitter along the corridor in CEFIM.
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FIGURE 4.8: The position of the receiver at location 5.
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FIGURE 4.9: 1. The orientation of the Rx in relation to the Tx in HML. 2. The orientation of
the Tx in relation to the Rx in CEFIM.

different office and laboratory locations. Actual measurement pictures at various locations are
given in Figures 4.6 - 4.8.

The CEFIM environment typically consists of drywall partitioning, carpeted floors, wooden
doors, and fluorescent lights. The corridors are lined with laminated posters, metallic bins, and
chairs. All rooms contain furniture, whiteboards, air conditioners, steel air vents, computer
equipment, and large windows covering the width of the room.

In the HML, two Rx orientations were considered €nd9o0° relative to Tx), and in CEFIM, two

Tx orientations were considered @nd90° relative to Rx). These two orientations are referred

to as Set A and B respectively (see Figure 4.9). Both the 2.4 GHz and 5.2 GHz measurements
were taken at the same positions.

4.2 MEASUREMENTSYSTEM AND DATA REPRESENTATION

The measurement campaign was carried out with a wideband channel sounder, as explained
in [59, 60], which is able to probe microwave bands from 2 GHz to 8 GHz using 80 MHz
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FIGURE4.10: Dual-polarizeghatch array employed for measurements. Each element has ports
to excite linear vertical (V-pol) and horizontal (H-pol) polarization.

of instantaneous bandwidth with eight transmitters and eight receivers in a switched antenna
architecture. The measurements were taken at 2.4 GHz and 5.2 GHz using dual-polarized
linear patch arrays, with /2 inter-element spacing at both the transmitter and the receiver.

This is shown schematically in Figure 4.10.

The channel data obtained from the measurements can be represented in matrix format as
H(1:f,1:ng,,1:n71:ng,1:ngn,,) and the size of each of the elements is represented
asH(1:81,1:8,1:8,1:2,1:20). Considering that such a five-dimensional (5-D) matrix
would be too complex to perform calculations on, and based on several factors which are

discussed below, a sub-matrix of the channel matrix is extracted.

Two different signal sequencess, are used to carry out the measurements. It was however
found that the data from both sequences were similar, thus only one of the sequences is used
in the calculations. The frequency bif),is a one-to-one representation of the instantaneous
bandwidth. Although the measurement system is capable of probing channels with 80 MHz of
instantaneous bandwidth, only 30 MHz of bandwidth is used in this study. This is consistent
with the limited operation of the narrowband patch elements and therefore only 31 frequency
bins are used for the calculations. Ting, andnr, elements represent the number of receivers

and transmitters. At each location in the two environments, 20 channel snapshgisare
recorded with 200 ms between snapshots. However, as was reported in [59], very little change is
noticed over the 4 s acquisition time because the Tx and Rx are stationary during measurements,

thus for calculation purposes only a single snapshot is considered. The sub-matrix of the
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channel used for calculations is givenHsl : 31,1 :8,1: 8,1, 10).

4.3 DATA PROCESSING ANDANALYSIS

The various steps involved in the data processing and analysis are shown in Figure 4.11 and are

discussed in greater detail below.

4.3.1 Extraction of the Polarization Subsystems

Considering the measurements were taken using dual-polarized antennas at the receiver and
transmitter, the&x8 channel matrix can be represented as:
H H
H=| 7V % (4.1)
I_IVH I_IHH
whereHyj is a subchannel matrix consisting of the polarizatioand J at the Rx and Tx,

respectively.

For the purpose of analyzing systems employing different polarizatibrd, subsets are
extracted from the full8x8 channel matrix. The response of a V-pol or H-pol system
is given directly by Hyy and Hgg, which use antenna elemen{dy,2y,3y,4y} or
{1x,2u,3m,4} respectively. The dual-pol system can be analyzed using either the outer
elements{1y,1y,4y,4v}, or the inner element§2y, 2y, 3y, 3y }. For the purposes of this

study the outer elements were chosen.

4.3.2 Channel Normalization

In order to preserve changes in the received power with position, channels are normalized to
ensure average unit SISO gain for the complete environment (but not for each location). Entries
in the channel matrix corresponding to a different polarization than the transmitted polarization
will be weaker than entries corresponding to the transmitted and received entries of the same
polarization. Thus, to retain the relative power of the various polarizations, co-polarized

matrices, and not cross-polarized matrices, are used for the normalization [25, 61].

The normalization is computed &™) = o~1/2H(™n) with
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FIGURE 4.11: A flowchart of the measurement data processing.
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2
+ HHHH(m’n)
F

Ny Ny
1 2
- Hy+ 7 2 4.2
¢ NTNthNl;;(H vV F>/ (4-2)

where H™™ and H™™ are the respective measured and normalized channel matrices for
the mth frequency bin at location, |-|| is Frobenius norm, and/,., N;, N; and N, are the

number of receivers, transmitters, frequency bins, and locations respectively.

An example of normalized, 4 x4 dual-pol, V-Pol and H-Pol subsystems is given below:

1.0046 + 0.65311  —0.0425 — 0.56201  0.9368 — 0.11101  —0.2182 — 0.62261
~ —0.6248 — 0.77261 —2.3897 — 0.94461 0.0357 — 0.39511 —1.4581 — 1.1387i

Hirv = —0.0956 + 0.33281 —0.9051 + 0.16781 —0.5259 — 0.54871 —0.8710 — 0.4271i
| —0.7315—0.04791 —2.6781 — 0.59561 —0.4560 — 0.12121 —2.1479 + 1.1832i |
[ 1.0046 +0.65311  —0.0291 — 0.36391 —0.5530 + 0.5371i  0.9368 — 0.1110i ]
iyy — 0.0095 —1.20131 —0.6571 +0.86761  1.4872 + 0.11051 —0.6274 — 1.08701
—0.8615 + 0.34881  0.1505 — 0.59171  —0.3709 — 0.03141  0.6100 + 0.5492i
| —0.0956 +0.33281 —0.1126 + 0.71061  0.5596 — 0.20221  —0.5259 — 0.54871 |
[ 2.3807 — 0.9446i  1.0443 +3.11631  1.4775 —2.02831 —1.4581 — 1.13871 ]
g — 0.6269 + 2.61201  1.5041 — 2.02631 —2.2670 4+ 0.06571  0.8975 4 1.2177i
1.7680 — 1.70211  —2.0301 — 0.32431  0.9341 + 1.56811  0.4514 — 1.2883i
| —2.6781 —0.59561  0.8563 4 2.60421  0.8501 —2.38481 —2.1479 + 1.1832i |

4.3.3 Channel Capacity
This study focuses on the performance of the MIMO system, thus uninformed transmit channel
capacity is computed as [16]:

C = log, det {1 + %ﬁﬁﬂ , (4.3)

t
wherel is the identity matrix, p is the assumed average SISO SNR,is the normalized

channel matrix, and.)! is the conjugate matrix transpose. A reference SNR of 20 dB is used
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in the calculations.

For thepurposes of this study, the average capacity is used as a performance metric. Two types
of average capacities are considered: average capacity at each location and average capacity
of the entire environment (which will hereon be referred to as the bulk average capacity).
These capacities are calculated for the three polarization subsystems at the different center

frequencies and for the two different orientations.

The total capacity of a location is calculated as the sum of the capacities overftequency

bins at that location:

Ny
C’Loc == Z C(m)
m=1
Ny
= log, det [I + NﬁtH§3”>(H§T>)H (4.4)
m=1
wheref{%") represents the dual-pol, V-Pol or H-Pol channel matrices forithefrequency bin.

The average capacity at each location is determined by Equation 4.5 and the bulk average
capacity is determined as in Equation 4.6:
Val C’Loc

= 4,
C'Loc Nf ( 5)

N
oy
1

n=

(4.6)

C’Environment -

N

4.3.4 Eigewalue Analysis and Subsystem Robustness

To further advance the comparisons between the polarization subsystems, the eigenvalue
distribution and robustness are determined.

4.3.4.1 Eigenvalue Distribution

The singular value decomposition of the channel matrix is given as follows:
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H=UxV" (4.7

whereU andV are therespective unitary matrices of the left and right singular vectors>and

is a triangular matrix withi singular values on the main diagonal, where min{N,., V; }.

The eigenvalues in dB of the channel are computed as the squares of the singular vBlues of

as follows:

A = 201log((X) (4.8)

where ) contains! eigenvalues. In [41] th&h eigenvalue was shown to represent the power
gain of thelth channel.

The rank of the channel is determined by the number of non-zero singular ¥aldsslosing
how many parallel data streams (or subchannels) the channel consists of. The rank of the

channel matrix is given by:

rank(H) = £ < min{NV;, N,.} (4.9)

It has been noted that a rich scattering environment results in high channel rank [6].

When implementing the above equations in this study, the singular values of the channel
matrices at each location are found through the singular value decomposition of the channel

matrices over then frequency bins:

=M = svd(H™) (4.10)

WhereE(L’Z) containg singular values at eachth frequency bin.

C

The eigenvalues at each location and for eath frequency bin is calculated as follows:

A — 20 10g (2™ (4.11)

Loc Loc

where)\(L’Z}C) consists of eigenvalues.
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Each of thel eigemalues is plotted by finding the cdf of the bulkeigenvalues in the
environment. Théth eigenvalue is determined across each of the locations and frequency bins:

A = res(A 1, N,N) (4.12)

Environment

where the res(Ayeturns, in this case, a 1xN; matrix B whose elements are taken
column-wise from A. Only the two dominant eigenvalues are plotted for analysis purposes.
Examples of the singular value decomposition and the corresponding eigenvaluediafthe

subsystem, shown previously, are given below:

[ 3.3315
1.3629
0.3222

| 0.1942

24.0685
6.1930
—22.6497
| —32.7771 |

4.3.4.2 Robustness

In [62] it was stated that decorrelated antenna elements make MIMO systems more robust. It
was also found that when antenna correlation is low, eigenvalues of the channel are almost
equal. To determine the equality of the eigenvalues, the eigenvalue ratio [63] or eigenvalue

spread [64] is determined:

A1’1’134)(
EV Ratio = . (4.13)
EV Spread = Ayax[dB] — Ain[dB] (4.14)

where,..., and\,;, are the largest and smallest eigenvalues of the channel. If the eigenvalue

spread or ratio is small the signals are approximately uncorrelated.
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In this study a robust system can be defined as one that can provestatwo subchannels

(as only the two dominant eigenvalues are taken into consideration for analysis purposes) of
almost equal gain. The robustness of the subsystems is determined by the ratio of the first two
dominant eigenvalues at theth frequency bin, as given by:

- (m)
Ao spacing = 101og(M /&gw> (4.15)

Thus the lower the spacing, the more robust the system is. The cdf of the bulk ratios is found

similar to Equation 4.12.

4.3.5 Correlation of the Center Frequency Capacities

The effect of center frequency compares the performance of the systems at the two center
frequencies namely 2.4 GHz and 5.2 GHz. It also determines whether frequency scaling can be
applied.

As part of the frequency scaling study, the similarity of the capacities at 2.4 GHz and 5.2 GHz
is evaluated by calculating the correlation coefficient of the capacities at the two frequencies as

follows:
L) (m) =
. Nmz_l (5 02;) (jm Cs.) } -
\/ (e -] |2 (e - T

wherep is thecorrelation coefficient)V; is the number of locations in each environmdhﬂ)
is the average capacity for each location at 2.4 G(Eég) represents the average capacities at

5.2 GHz, and”,, andC'; , refers to the average capacity oversllocations.

This study also involves the comparison of the measured data with the Kronecker and
Weichselberger models. However, the channel matrix data used in the model evaluation are
different from the data used in the above equations, thus analysis of the models will be discussed

in Chapter 6.
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4.4 CHAPTER SUMMARY

This chapter focuses on the measurement activities of this study. As the actual measurement
campaign is part of another study, only a brief description of the measurement equipment and
the measurement campaign was provided. 84 dual-polarized MIMO system, employing

linear patch antennas, was used to carry out measurements in an office and industrial

environment.

The office measurements were conducted in CEFIM by placing the transmitter at a fixed
position along the corridor and placing the receiver at eleven different positions throughout the
building. The environment typically consists of drywall partitioning, carpeted floors, wooden

doors, and fluorescent lights. The corridors are lined with laminated posters, metallic bins, and
chairs. All rooms contain furniture, whiteboards, air conditioners, steel air vents, computer

equipment, and large windows covering the width of the room.

The industrial measurements were conducted in HML by placing the transmitter at a fixed
location at the entrance of the lab, and the receiver at six different locations within the lab. The
environment is mainly comprised of brick walls, concrete floors, wooden doors (except for
the entrance which consists of a glass door), and fluorescent lights. The equipment in the lab

comprises machinery, a Gaussian cage, and metallic work benches with rubber surfaces.

The dual-polarized channel matrix was extracted from the 5-D measured data was represented
asH(1:f,1:np,1:n7y,1:ng,1:ngn,p), Wheref, is the number of frequency binsg, and

nry represent the number of receivers and transmittesds the signal sequence used; and
Nsnap 1S the number of snapshots. The channel matrix was then normalized across the entire
environment from which the measurements were taken using the co-polarized (single-pol)
matrix entries, as was shown in Equation 4.2. For comparison, thrdesubsystems were
extracted from the channel matrices i.e. H-pol, V-pol and Dual-pol. Considering that the
focus of the study is on the performance of the MIMO system, the capacity was computed
as in Equations 4.4 - 4.6. The eigenvalue analysis was performed using Equations 4.10 - 4.12.
Robustness was determined with Equation 4.15. The effects of frequency scaling were studied

using Equation 4.16.
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The results from the measurement campaign described in Chagredéscussed in this section.

5.1 AVERAGE CAPACITIES AT CEFIM AND HML

The bulk average capacities of the measurement MIMO system in the HML and CEFIM
environment are given in Table 5.1 and Table 5.2 respectively. The capacities are represented

in terms of the center frequency, polarization, and antenna orientation.

None of the bulk average capacities achieved the ideal capacity4ofdai.i.d. Gaussian
channel (27 bits/s/Hz), but rather only provided 45% to 70% of this maximum value. For
the single V-pol and H-pol cases, the reduced capacity indicates limited multipath and higher
spatial correlation. Although the dual-pol array increases the conditioning of the channel (as
will be shown later), the capacity level is not significantly different from the single-pol cases
due to the reduced receiving power gain, which is a result of the weak cross-pol subchannels.
In other words, when using dual-polarization, the increase in rank and the reduction in power

appear to approximately cancel one another out.

The capacity performances of HML and CEFIM are similar, however the main difference
occurs with frequency dependence. Performance at 5.2 GHz is better than performance at 2.4
GHz for HML, and performance at 2.4 GHz is better than performance at 5.2 GHz for CEFIM.
This could partially be due to the different nature of propagation in the two environments. In
CEFIM, transmission through walls should be significant and transmitted waves would likely

suffer more attenuation at 5.2 GHz, which could perhaps lead to less total multipath at the
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Table 5.1: Bulk average capacities in HML with respect to antenna polarizatgorientation,
and carrier frequency.

2.4GHz [b/s/Hz]| 5.2GHz [b/s/HZz]
Dual-Pol| Set A 15.0 17.1
SetB 16.9 17.9
V-Pol | SetA 14.3 13.9
SetB 14.4 14.9
H-Pol | SetA 15.0 16.6
SetB 17.0 18.9

Table 5.2: Bulk average capacities in CEFIM with respect to antenna polarizatidn
orientation, and carrier frequency.

2.4GHz [b/s/Hz]| 5.2GHz [b/s/Hz]
Dual-Pol| Set A 18.1 14.8
SetB 18.0 15.0
V-Pol | SetA 16.7 12.6
SetB 16.2 11.8
H-Pol | SetA 18.9 16.0
SetB 18.0 16.1

receiver. In HML, on the other hand, propagation mainly consistefécted and diffracted
waves. This is because of the large metal obstacles which remove any differences due to

frequency-dependent transmissions through the walls.

The average capacities at each of the the six locations for HML is given in Table 5.3 and
Table 5.4 for measurements at 2.4 GHz and 5.2 GHz respectively. The average capacities at
each of the eleven locations for CEFIM is given in Table 5.5 and Table 5.6 for measurements
at 2.4 GHz and 5.2 GHz respectively.

Observing the channel rank for both CEFIM and HML as shown in Figure 5.1 at locations
where high capacity is attained, it can be observed that a channel rank of up to 3 can be

achieved. However, at locations of low capacity, as shown in Figure 5.2, a channel rank of
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TABLE 5.3: Average capacities at each of the six locations in HML at 2.4 GHz.

Location | Dual-Pol [b/s/Hz]| V-Pol [b/s/Hz] | H-Pol [b/s/Hz]
1 15.06 13.84 14.10
2 13.46 10.71 11.05
3 18.72 17.62 18.19
4 13.15 9.95 14.38
5 14.95 15.07 17.06
6 23.09 18.91 21.44

TABLE 5.4: Average capacities at each of the six locations in HML at 5.2 GHz.

Location | Dual-Pol [b/s/Hz]| V-Pol [b/s/Hz] | H-Pol [b/s/Hz]
1 12.07 9.87 11.91
2 14.59 8.99 12.06
3 21.30 19.10 22.05
4 15.59 14.89 16.37
5 18.59 16.25 23.73
6 22.87 17.41 20.47

only 1 can be attained. The rank of the channel is determined by the nuhbrenvalues,
disclosing how many parallel data streams (or subchannels) the channel consists of and what

the power gains of these subchannels are.

Although the capacities achieved in both CEFIM and HML are not very high, channel ranks of
up to 3 can be achieved. This suggests that the MIMO system is suitable for use in both office

and industrial environments.

5.1.1 Antenna Polarization and Orientation

The bulk average capacity values for HML in Table 5.1 suggest that the systems can be ranked
in order of decreasing performance as H-pol, dual-pol, and V-pol. The same ranking is also
found for CEFIM. These results are somewhat opposite to previous work [25, 32], where it has

been found that the V-pol suffers less attenuation and exhibits higher capacity. It is likely that
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TABLE 5.5: Average capacities at each of the eleven locations in CEFIM at 2.4 GHz.

Location | Dual-Pol [b/s/Hz]| V-Pol [b/s/Hz] | H-Pol [b/s/Hz]
1 14.59 13.83 15.30
2 17.69 16.71 17.93
3 18.12 17.10 19.19
4 25.78 21.54 24.67
5 16.53 14.84 14.26
6 16.76 15.95 15.82
7 16.36 12.23 17.74
8 18.92 15.71 18.65
9 20.12 18.21 20.57
10 18.13 18.10 21.27
11 16.64 16.96 17.87

TABLE 5.6: Average capacities at each of the eleven locations in CEFIM at 5.2 GHz.

Location | Dual-Pol [b/s/Hz]| V-Pol [b/s/Hz] | H-Pol [b/s/Hz]
1 4.65 4.68 4.78
2 15.16 12.61 14.07
3 18.13 16.07 22.42
4 24.31 20.75 26.10
5 14.07 10.86 13.96
6 12.24 13.87 8.22
7 19.62 12.94 20.93
8 18.34 12.66 18.87
9 11.18 8.45 14.02
10 9.19 7.44 11.73
11 17.24 14.24 19.16

the difference stems from the radiation patterns of the antennasth& square patches that
were employed, H-pol elements have a wider 3 dB beamwidth°}li20the azimuthal plane

than V-pol (90°) elements, meaning that the amount of multipath and total collected power for
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CDF of the eigenvalues for Dual-Pol in HML at 2.4GHz [Set B — Loc 6]
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FIGURE 5.1. Thechannel rank of locations, in HML and CEFIM respectively, with high
capacity.

H-pol should be higher, if any differences due to polarization-dependent effects of the channel,

are ignored.
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CDF of the eigenvalues for H-Pol in HML at 2.4GHz [Set A - Loc 2]
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CDF of the eigenvalues for V-Pol in CEFIM at 5.2GHz [Set B — Loc 1]
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FIGURE 5.2: Thechannel rank of locations, in HML and CEFIM respectively, with low
capacity.
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Since the average capacity values are not sufficient indicatosaggest which polarization
system is more suitable in either environment, the eigenvalue distributions were obtained, as
depicted in Figures 5.3 - 5.4 for HML and Figures 5.5 - 5.6 for CEFIM, in order to further
analyze the polarization systems and their effect on capacity. Only the first two eigenvalues
are shown, since the other eigenvalues are quite weak and are considered not to significantly

contribute to the capacity.

It is evident from the figures that the dual-pol system suffers from a power loss relative to the
single polarizations in both HML and CEFIM. The power loss is also evident from the 10%
(indicates 10% outage performance) and 50% (indicates on average which system performs
better) CDF levels as shown in Tables 5.7 - 5.8. This power loss is to be expected, because
most indoor environments exhibit depolarization ratios (defined here as the ratio of the average

receiving power of same-pol to cross-pol) in the order of 3 to 10 dB.

Table 5.7: The 10% and 50% levels for the dominant eigenvalue for HML at 2.4 GHz and
5.2 GHz respectively.

2.4GHz 5.2GHz
10% [dB] 50% [dB]| 10% [dB] 50% [dB]

Dual-Pol| Set A 3 11 4 13
SetB 4 12 7 18

V-Pol Set A 1 15 4 17

SetB 3 17 3 16

H-Pol | SetA 11 38 11 25

SetB 12 22 15 26

Thus far the H-pol system still performs better on average and the dualpt@m appears to

not offer an advantage over the single-pol systems. To take the eigenvalue investigation one
step further, the robustness of the systems is also determined. In the present context, a robust
MIMO system is one that can provide at least two parallel subchannels that have almost equal
quality (equal gain), almost all of the time. To study this idea concretely, the ratio of the first

two channel eigenvalues in dB is computed, which is referred to as the “eigenvalue spacing.”
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Dominant eigenvalues in HML at 2.4GHz [Set A]
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FIGURE 5.3: Theperformance of the V-Pol, H-Pol and Dual-Pol channels in HML at 2.4 GHz
for Set A and Set B, respectively.

DEPARTMENT OFELECTRICAL, ELECTRONIC & COMPUTERENGINEERING 70
UNIVERSITY OF PRETORIA



CHAPTERFIVE e MIMO SYSTEM PERFORMANCE

Dominant eigenvalues in HML at 5.2GHz [Set A]
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FIGURE 5.4: Theperformance of the V-Pol, H-Pol and Dual-Pol channels in HML at 5.2 GHz
for Set A and Set B, respectively.
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Dominant eigenavlues in CEFIM at 2.4GHz [Set A]
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FIGURE5.5: Theperformance of the V-Pol, H-Pol and Dual-Pol channels in CEFIM at 2.4 GHz
for Set A and Set B, respectively.
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Dominant eigenvalues in CEFIM at 5.2GHz [Set A]
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FIGURE 5.6: Theperformance of the V-Pol, H-Pol and Dual-Pol channels in CEFIM at 5.2 GHz
for Set A and Set B, respectively.
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Table 5.8: The 10% and 50% levels for the dominant eigenvalue for CEIR14 GHz and
5.2 GHz respectively.

2.4GHz 5.2GHz
10% [dB] 50% [dB]| 10% [dB] 50% [dB]
Dual-Pol| Set A 6 17 -10 11
SetB 8 16 0 11
V-Pol | SetA 9 19 -12 11
SetB 9 20 -4 9
H-Pol | SetA 14 27 -2 20
SetB 13 23 -4 25

Note that in the results that follow, lower eigenvalue spacinipusd to be better, indicating
more similar channel gains. CDFs of the eigenvalue spacing for the different antenna systems

are plotted in Figures 5.7 - 5.10 for the two environments.

In each CDF, the 50% level roughly indicates which system has lower spacing on average,
while the 90% level indicates which system has lower spacing most of the time, since only

10% of the cases would have higher (worse) eigenvalue spacing. The 50% and 90% levels
are tabulated in Tables 5.9 and 5.10, showing that the dual-pol system offers a 10-20 dB
improvement in eigenvalue spacing both on average and for low outage levels. This result
suggests that dual polarization is more robust with respect to the operating environment, as

long as the somewhat reduced average power gain can be tolerated.

The effect of the orientation of the transmitters and receivers is investigated to determine
whether more scattering occurs in one orientation than in another. When looking at the effect
of the Set A and Set B orientations on the capacities attained in both environments, it can be
seen from Table 5.1 and Table 5.2 that Set B capacities appear to be slightly higher than the Set
A capacities. However, as with the polarizations above, the difference is not significant enough
to favor one orientation over another. The eigenvalue analysis as depicted in Figure 5.11 further

confirms this.

The capacities of the orientations and polarizations in both HML and CEFIM appear to not be
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Eigenvalue ratio in HML at 2.4GHz [Set A]

09

0.8

= Abscissa]
o o
(&) (o))
T T

Pr [Eig <
o
i
.

o
w
T

0.2

H-pol Channel
0.1r V-pol Channel
—O©— 4x4 Dual-Pol Channel

0 1 1 1 1 J
0 10 20 30 40 50 60

Eigenvalues [dB]

Eigenvalue ratio in HML at 2.4GHz [Set B]

0.9

T

0.8

0.7F

= Abscissa]
o o
(&) (o]
T T

Pr [Eig <
o
SN
T

o
w
T

0.2

H-pol Channel
01r V-pol Channel
—©— 4x4 Dual-Pol Channel

0 i i i I I i
0 10 20 30 40 50 60

Eigenvalues [dB]

FIGURE 5.7: CDFof the spacings between the dominant eigenvalues for HML at 2.4 GHz for
Set A and Set B respectively.
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Eigenvalue ratio in HML at 5.2GHz [Set A]
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FIGURE 5.8: CDFof the spacings between the dominant eigenvalues for HML at 5.2 GHz for
Set A and Set B respectively.
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Eigenvalue ratio in CEFIM at 2.4GHz [Set A]
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FIGURE 5.9: CDFof the spacings between the dominant eigenvalues for CEFIM at 2.4 GHz for
Set A and Set B respectively.
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Eigenvalue ratio in CEFIM at 5.2GHz [Set A]
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FIGURE 5.10: CDFof the spacings between the dominant eigenvalues for CEFIM at 5.2 GHz
for Set A and Set B respectively.
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FIGURE 5.11: Comparison of Set A and Set B eigenvalues in HML and CEFIM respectively.
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Table 5.9: The 50% and 90% levels of the spacing between the fostityenvalues for HML
at 2.4 GHz and 5.2 GHz respectively.

2.4GHz 5.2GHz
50% [dB] 90% [dB] | 50% [dB] 90% [dB]

Dual-Pol| Set A 8 16 9 13
Set B 10 17 9 19

V-Pol | SetA 20 35 19 45
SetB 16 28 18 32

H-Pol | SetA 25 36 22 51
SetB 23 35 16 34

Table 5.10: The 50% and 90% levels of the spacing between the fosigi@nvalues for CEFIM
at 2.4 GHz and 5.2 GHz respectively.

2.4GHz 5.2GHz
50% [dB] 90% [dB]| 50% [dB] 90% [dB]
Dual-Pol| SetA| 12 21 9 15
SetB| 14 25 11 20
V-Pol | SetA| 14 34 14 24
SetB| 19 40 17 25
H-Pol | SetA| 19 29 17 26
SetB| 21 25 17 29

significantly different. Considering also that channel ranks ofoup can be achieved in some

of the locations, it could suggest that both environments are sufficiently richly scattered.

5.1.2 Center Frequency and Frequency Scaling

As already mentioned above, HML capacity performance at 5.2 GHz is better than at 2.4 GHz
(Figure 5.12) and for CEFIM performance at 2.4 GHz is better than at 5.2 GHz (Figure 5.13).

Frequency scaling is investigated to determine whether the characteristics of the system at
one frequency can be estimated at another frequency. In [65] frequency scaling of the spatial
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FIGURE 5.12: Comparisonf the eigenvalues at 2.4 and 5.2 GHz in HML for Set A and Set B

respectively.
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FIGURE 5.13: Comparisomwf the eigenvalues at 2.4 and 5.2 GHz in CEFIM for Set A and Set
B respectively.
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Table 5.11: Correlation of capacities at 2.4 GHz and 5.2 GHz and the statheldedion of a
linear fit for HML with respect to antenna polarization and array orientation.

Correlationp | Standard Devo
Dual-Pol | Set A 0.91 1.74
SetB 0.42 3.85
V-Pol | SetA 0.70 2.56
SetB 0.53 4.50
H-Pol | SetA 0.93 1.69
SetB 0.60 3.94

Table 5.12: Correlation of capacities at 2.4 GHz and 5.2 GHz and the statheldedion of a
linear fit for CEFIM with respect to antenna polarization and array orientation.

Correlationp | Standard Devo
Dual-Pol | Set A 0.05 5.65
Set B 0.56 4.63
V-Pol | SetA 0.16 491
SetB 0.50 3.62
H-Pol | SetA 0.50 0.58
SetB 0.54 5.90

correlation coefficients is discussed. An exponential correlation medelfound to describe

the measurements collected at both 2.4 GHz and 5.2 GHz, and a simple linear dependence
was found to exist between the decorrelation at the two center frequencies. The study in this
dissertation looks at the relationship between the capacities at the two center frequencies. From
Table 5.11, only in the Set A orientation for HML does there appear to be a good correlation
between the two frequencies. In CEFIM though, as shown in Table 5.12, neither orientations
show a good correlation. Figure 5.14 depicts the correlations between the two frequencies in
the two environments.

As already mentioned above, work done in [59] and [65] using 8-element linearly polarized
monopole arrays in the CEFIM environment showed that frequency scaling could be achieved.

However the low correlation between the two center frequencies in this study suggests that
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Capacities at 2.4GHz and 5.2GHz in HML [Set B — Dual-Pol]
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respectively.
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frequency scaling cannot be applied to either the HML or CEFIM environmesitg) patch
antennas. This could indicate that the type of antenna used plays a factor in achieving frequency

scaling.

5.2 CHAPTER SUMMARY

This chapter covered the results of the measurement analysis carried out in the HML and
CEFIM environment, based on the capacities attained, the effect of polarization, orientation,

and center frequency.

In terms of the average capacities achieved, both CEFIM and HML yielded capacities that are
between 40% and 75% of the maximum ideal. In locations where high capacity was attained,
channel ranks of 3 exist, whereas for locations where low capacity is achieved, a channel rank

of only 1 exists.

Studying the polarization systems, it was seen that the dual-polarization system does not offer
a significant performance advantage over the single-pol systems. Analyzing the 10% and 50%
CDF levels of the eigenvalue distributions, it was seen that the dual-pol system suffers from a
power loss relative to the single-pol systems. However, when observing the 50% and 90% of
the ratio of the dominant eigenvalues, it was seen that the dual-pol system is more robust than

the single-pol systems.

The orientation of the receiver relative to the transmitter in HML, or the orientation of the
transmitter relative to the receiver in CEFIM, did not have a significant effect on the capacities
attained. This result, along with the effect of the polarization effect on capacity, and the high

channel ranks achieved in certain locations, suggest that the environments are richly scattered.

The HML environment was found to be more reflective because performance at 5.2 GHz was
slightly better than that at 2.4 GHz, while the CEFIM environment was found to be more

absorptive because performance at 2.4 GHz was slightly better than that at 5.2 GHz. The low
correlation between the two frequencies in both environments suggests that frequency scaling

cannot be applied using patch antennas.
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The results from the comparison of the measured data with that of.itde Gaussian,
Kronecker and Weichselberger models are presented in this chapter.

The Kronecker and Weichselberger models have been discussed in Chapter 2. However, they

will be briefly described here again.

6.1 THE KRONECKERMODEL

The Kronecker model is based on the second-order moments of the MIMO channel, describing

the covariance structure [51], and can be described as [42, 49]:

Ry = R @ R (6.1)

whereR* andRE* are the respective covariance matrices at the transmitter and receiver side
and Ry is the channel covariance matrix. Any transmit signal results in one and the same
receiving correlation.

The covariance matrices can be defined as shown below:

Ry — %Z vec(E(r))vec(H(r))] (6.2)
Ri = - > H(H' (1) (6.3)
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1 = * T
R = Ezj (HC (r)HL(r) (6.4)

whereN is the number of channel realizations.

The channel can be modeled [42,43,50] as:

1

H ron — T ——
B iR )

whereG is the Gaussian i.i.d. matrix with zero-mean complex normal entries with unit variance.

RYZG(RY)T (6.5)

6.1.1 Implementation of the Kronecker Model

As shown in Chapter 4, the channel data in this study is represented as
H(1:31,1:8,1:8,1,10). For the modeling purpose the entire 8x8 channel matrix

consisting of both co- and cross-polarized elements is used.

The first step of the implementation involves finding the full channel correlation matrix for each

location and at thenth frequency bin. The 8 x8 channel matrix is reshaped into a 1 x 64 matrix:

aH™ = res(H™ 1,64) (6.6)

Loc

The full channel correlation matrix is then calculated as follows:

R{™ = H™ @M1 (6.7)

Loc Loc

whereRg,m) represents the 64 x64 correlation matrix for théh frequency bin.

Unlike in Equation 6.3 and Equation 6.4, the 8 receiver and transmitter covariance matrices

are found through the decomposition of the full correlation matrix:

RN = ZR (i + Ny(j — 1), + Ny(k — 1)) 6.8)
R{ . = Z R{" — 1), k+ Ny (k—1)) (6.9)
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wherel < j <8andl <j <8.

The Kronecler channel matrix for each location and at eadi frequency bin is calculated,
with reference to Equation 6.5, as:
rr(m 1 m m
H%(r()Jn,Loc = —(RgbgLoc)I/QG((R(TXELOC)I/2)T (610)
tr{ R Lo }
Once theKronecker channel matrix has been determined the capacity of the channel can be

found as follows:

Kron_Loc N, Kron_Loc Kron_Loc

cim -~ log, det {I+£I~{(m) (H™M | H (6.11)
t

Plots ofthe cdfs of the capacities of the models are used to see how well they fit the measured

data. To obtain the cdf, the capacities are first reshaped into a ¥ xatrix :

CEnvironment = reS(C(m) 1, Nl Nf) (612)

Kron_Loc?

The hulk average capacity is used to compare the performances of the different models. First
the average capacity for each location is determined :

Ny
ZI C]E((To)n,Loc

C’Kron,Loc = Nf (613)
The hulk average capacity is then calculated as follows:
N,
~(n)
o ~ C’Kron,Loc
C(Kron,Environment - TL_T (614)
6.2 THE WEICHSELBERGERMODEL
The Weichselberger channel model [7] can be written as
Hyeichsel = Ua (Q ©) G) Ug (6.15)

whereG is a random matrix with i.i.d. zero-mean complex normal entries with unit variance,
U, and Uy, are the spatial eigenbases of side A and side B respectf¥atythe element-wise
square root of the coupling matrf given by
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(@, = B { Juf, Fu [ (6.16)

whereu, ,, is themth eigenvector of side A andl ,, is thenth eigenvector of side B.
The spatial eigenbases can be obtained as follows:

RRX = URXARXUEX (6 17)

RTX = UTXATXU¥X (6 18)

and the estimated power coupling matrix is obtained by

1 N
QWeichsel = N Z (UgXH<T)UTI‘X) ®© (UEXH(T)UTX) (619)
r=1

whereN is the number of channel realizations.

6.2.1 Implementation of the Weichselberger Model

The 8x8 co-and cross-polarized channel matrix is also used in the Weichselberger model. The
transmitter and receiver covariance matrices computed in the section above are also used for

computations in this section.

First the spatial eigenbases of the transmitter and receiver, for each location and at each
frequency bin, are obtained from the eigenvalue decomposition of the transmitter and receiver

covariance matrices:

U = eig(REYL,.) (6.20)

Rx_Loc

U = eig(RYY,.) (6.21)

Tx_Loc

whereeig(.) performs the eigenvalue decomposition.

The coupling matrix is then calculated as follows:
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S_Z\/Veichsel‘Loc(m> - ( (Ul(:{m:Loc ) HI‘:I (m) (U’(I‘mx?Loc ) *> © < (Ug;?Loc ) Tﬁ(m) (USFT:?LOC ) ) (6 . 22)

The element-wissquare root of the coupling matrix is given by:

A (m) _ (m)
QWeichseLLoc - QWeichseLLoc (623)
The Weichselberger channel matrix is then calculated as follows:

HWeichseLLoc(m> = U(m) (ﬁ%)ichsel,Loc © G) (U(m) )T (624)

Rx_Loc Tx_Loc

From thechannel matrix above the capacity for the Weichselberger model can be calculated:

m P +x(m ‘r(m
C\(chchscl,Loc = 10g2 det |:I + EHgVO)iChSCLLOC (H'ENc)ichsclLoc)H:| (625)

The cdfof the bulk capacities and the bulk average capacities are calculated as in Equations
6.12 - 6.14 the section above.

6.3 AVERAGE CAPACITIES OF THEKRONECKER ANDWEICH-

SELBERGER MODELS

Unlike with the polarization and robustness evaluations discussed in the previous chapter,
the individual polarization systems were not used. Instead the entire measusetlal-pol
channel matrix was utilized. The Kronecker and Weichselberger models were compared with
CDFs of the average capacities of the measured data and with &ni.d. Gaussian model.

As can be seen from Figures 6.1 - 6.4, the Weichselberger model performs better than the
Kronecker model. However, both underestimate the measured data, and the Gaussian model
outperforms the models as well as the measured data.

The average capacities attained for the measured data and the models for HML are shown in
Table 6.1, and for CEFIM it is shown in Table 6.2. The capacity for an igled8IMIMO system

is 53.3 b/s/Hz and the average capacity of the measured data was found to be between 45%
and 60% of this value. The capacities for the Weichselberger model are on average 5 b/s/Hz

lower than the measured average capacities, while the capacities for the Kronecker model are
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Table 6.1: Average capacities in HML for the different models with respecantenna
polarization and orientation, and carrier frequency.

2.4GHz [b/s/Hz]| 5.2GHz [b/s/Hz]
Measured data SetA 25.5 26.6
SetB 28.0 29.8
KroneckerModel SetA 16.0 17.6
SetB 18.2 18.6
WeichselbergeModel | Set A 20.7 21.7
SetB 23.0 24.6

Table 6.2: Average capacities in CEFIM for the different models wébpect to antenna
polarization and orientation, and carrier frequency.

2.4GHz [b/s/Hz]| 5.2GHz [b/s/Hz]
Measured data | SetA 31.3 24.7
SetB 29.9 23.8
KroneckerModel Set A 20.5 16.6
SetB 19.3 15.4
WeichselbergeModel | Set A 26.0 20.0
SetB 24.7 19.1

Table 6.3: Root Mean Square Errors of the models with respect to the meadstiasd HML.

2.4GHz [b/s/Hz]| 5.2GHz [b/s/Hz]
Kronecker Model | Set A 6.63 6.64
SetB 5.74 6.03
WeichselbergeModel | Set A 2.84 3.92
SetB 3.49 4.60

on average 9 b/s/Hz lower. The results hold for both the CEFIM and léMlironments.

The comparisons of the capacities for the measured data and models are shown in Figures 6.5
- 6.8. Once again the results show that the Weichselberger model performs better than the
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Table 6.4: Root Mean Square Errors of the models with respect to the medstmed CEFIM.

2.4GHz [b/s/Hz]| 5.2GHz [b/s/Hz]
Kronecker Model | Set A 7.07 7.02
SetB 7.24 6.81
WeichselbergeModel | Set A 4.31 4.76
SetB 4.10 4.35

Kronecker model, and the Weichselberger model fits the measuretiettea

To further measure how well the models fit the measured data, the Root Mean Square Error
(RMSE) is calculated. The RMSE is a measure of the differences between values predicted by
a model and the actual values under observation and is measured in the same units as the the
data. The RMSE is calculated as follows:

N

RMSE =+ (62 = Cihus..) (6.26)

whereC, refers tothe average capacity at each location for the measured or modeled data.

The RMSE of the Kronecker and Weichselberger models with respect to the measured data
capacities in HML and CEFIM are given in Table 6.3 and Table 6.4, respectfully. The lower
the error, the better the fit.

In [7] and as shown by Figure 3.10, the Weichselberger model fits the measured data almost
exactly. The results here show that although the Weichselberger model performs better than the
Kronecker model, it does not fit the measured data exactly. This could partly be attributed to
parts of the channel not fading enough, so much so that the zero-mean Gaussian assumption
is not valid. The performance of the Kronecker model is as expected for large antenna array
sizes [51].
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6.4 CHAPTER SUMMARY

This chapter looked at the capacities of the Kronecker and Weichselberger models and their

relation to the measured data.

For the evaluation of the models, the entive’ dual-pol measured channel matrix was utilized.

The Weichselberger model performed better than the Kronecker model, although it still fits the
measured data poorly. Kronecker models have been known to perform poorly for large antenna
sizes. The performance of the Weichselberger model could be attributed to certain parts of the

channel not fading enough and thus the zero-mean Gaussian assumption does not hold.
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FIGURE 6.1: TheCDF of the capacities for the models in HML at 2.4 GHz for Set A and Set B
respectfully.
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Capacity for the models and data at 5.2GHz in HML [Set A]
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FIGURE 6.2: TheCDF of the capacities for the models in HML at 5.2 GHz for Set A and Set B
respectively.
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FIGURE 6.4: TheCDF of the capacities for the models in CEFIM at 5.2 GHz for Set A and Set
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DEPARTMENT OFELECTRICAL, ELECTRONIC & COMPUTERENGINEERING 97
UNIVERSITY OF PRETORIA



IT YAN PRETORIA
Y OF PRETORIA
HI YA PRETORIA

CHAPTER SIX ANALYTICAL MIMO M ODELS

Capacity for the models and measured data at 2.4GHz in HML [Set A]
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FIGURE 6.5: Average capacities for the models in HML at 2.4 GHz for Set A and Set B
respectively.
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Capacity for the models and measured data at 5.2GHz in HML [Set A]
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FIGURE 6.6: Average capacities for the models in HML at 5.2 GHz for Set A and Set B
respectively.
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FIGURE 6.8: Average capacities for the models in CEFIM at 5.2 GHz for Set A and Set B
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CONCLUSION

The study in this dissertation involved using the data of a measurement cartgpelgmacterize
the MIMO channel in two distinct environments.

An 8 x8 dual-pol MIMO system employing patch antennas was used to carry out measurements
at 2.4 GHz and 5.2 GHz in an office and industrial environment at the University of Pretoria.
The office measurements were conducted in CEFIM (Carl and Emily Fuchs Institute of
Microelectronics), while the industrial measurements were conducted in HML (Heavy
Machinery Lab). In CEFIM, the measurements were taken at eleven receiver locations, while
in HML, measurements were taken at six receiver locations. The channel matrices from the
measurements, within a 30 MHz bandwidth and with a reference SNR of 20 dB, were used for

the capacity computations.

The channel matrices were normalized for the entire environment (of a specific environment)
using the co-polar channel matrices. To determine the suitability of the dual-pol MIMO
system in both environments, thrdec4 subsystems were extracted from the8 channel

matrix represents the single-polarization matrices namely H-pol and V-pol, and the dual-pol
matrices. The capacities for each of the subsystems in both environments were determined. The
eigenvalues of the channels were also analyzed and to determine the robustness of the systems,
the ratio between the dominant eigenvalues were determined. Considering that measurements
were taken at two center frequencies, the relationship between the capacities between the two
frequencies were established to determine whether frequency scaling could be applied. The
final analysis of the study involved modeling the data using two analytical models namely the
Kronecker and Weichselberger models.
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The summary of the results of the above-mentioned campaign is discussed belo

7.1 SJUMMARY OF THE RESULTS

The average capacities in CEFIM and HML were found to be between 45% and 70% of the
ideal maximum, indicating somewhat reduced channel quality compared to an ideal i.i.d.

Gaussian channel. The results were similar for both CEFIM and HML.

In terms of increasing average capacity performance, the subsystems could be ranked as: H-pol,
dual-pol, and V-pol. The dual-pol system does not perform better than the single-pol systems,
as would have been expected. This could possibly be attributed to the fact that when analyzing
the eigenvalue distributions, the dual-pol system exhibits a power loss relative to the single-pol

system, basically offsetting the increased capacity from improved channel conditioning.

The robustness of single- versus dual-pol systems with respect to a changing environment
was studied by looking at the eigenvalue spacing of the first two channel eigenvalues. Results
indicate a 10-20 dB reduction in the spacing when dual polarization is employed, suggesting

that dual-polarization does offer an advantage over single-pol systems, and is a good candidate

for demanding industrial applications.

The capacities of the orientations and polarizations in both HML and CEFIM appear to not be
significantly different. Considering also that channel ranks of up to 3 can be achieved in certain

locations, it could suggest that both environments are sufficiently richly scattered.

Although capacities in both CEFIM and HML were found to be similar, the results of the
capacities at 2.4 GHz and 5.2 GHz suggest that the nature of the scattering is important. The
HML environment was found to be more reflective because performance at 5.2 GHz was
slightly better than that at 2.4 GHz, while the CEFIM environment was found to be more
absorptive because performance at 2.4 GHz was slightly better than that at 5.2 GHz. The low
correlation between the two frequencies in both environments suggest that frequency scaling
cannot be applied using linear dual- or single-polarized patch antennas and is dependent on the

antenna type used.
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The Weichselberger model performed better than the Kronecker nmodetms of average
capacity, but it also fits the measured data poorly. The Kronecker model has been known to
perform poorly for large antenna sizes [51]. The performance of the Weichselberger model
could be attributed to certain parts of the channel not fading enough and thus the zero-mean

Gaussian assumption does not hold.

7.2 HRJUTURE WORK

As this is the first work of this kind (to the author’'s knowledge), concerning the the use of
polarization diversity and the modeling of the channel using analytical models, conducted in
an industrial environment , the results that have been obtained cannot be generalized. Thus
more work needs to be done both in terms of measurement analysis and modeling of the indoor

industrial channel.

In terms of the work involved in this study, it was found that for the eigenvalue analysis of
the 4x4 subsystems, only two dominant eigenvalues existed. Perhaps more studies can be
done using2x2 subsystems, as there are only two “good” channels, and it could allow for
better averaging. In terms of the metrics that were looked at, the focus of the study was on
capacity. Therefore other metrics could be determined for both the comparisons between the

two environments and for the modeling.

7.3 CONCLUDING REMARKS

The analysis of the work done in this dissertation drew on work that already exists in literature.
However, investigation of the performance of the single- and dual-polarized MIMO systems in
the industrial environment, and consequently the comparison with the performances in the office
environment, provide new insights into the operation of MIMO systems in such environments.
The computation of actual capacities that can be attained and the modeling of the measured
data enable us to understand the nature of the scattering and propagation of the signals within
each environment. Considering that most previous measurement studies have been conducted
in indoor office environments, the results from this study will broaden the generalization of the

existing studies.
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