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Preface

With the ever-growing demand for higher data rates in wireless communication

services, recently, various techniques have been proposed to increase system capacity.

Among these techniques, multiple-input multiple-output (MIMO) transmission, as a

method for multiplying the capacity of a radio link using multiple transmit and re-

ceive antennas to exploit multi-path propagation, has attracted considerable attention.

It has been verified that, in an independent and identically distributed (i.i.d.) Rayleigh

flat-fading channel, the MIMO capacity increases linearly with the smaller of the number

of transmit and receive antennas. In practice, however, because of physical constraints,

the number of antennas on a user cannot be made arbitrarily large that may prevent the

realization of MIMO transmission.

Fortunately, using precoding techniques on a transmitter equipped with multiple cen-

tralized antennas, the required computational complexity and the number of antennas

on each user can be reduced because multiple users can demodulate the signals with-

out using any detection scheme while retaining the advantages of MIMO transmission.

Because of these merits, the sum rate of the so-called multi-user (MU) MIMO transmis-

sion has been widely studied over some simple channel attenuation models, such as i.i.d.

Rayleigh fading and i.i.d. shadowing models. However, since it is hard to average the

sum rate over the shadowing distribution and spatial correlations further complicates the

distribution, the theoretical analysis on MU-MIMO sum rate over correlated composite

fading channels (i.e., with both correlated Rayleigh fading and correlated shadowing)

has not been studied.

To bridge this gap, in the first part of our research, we concentrate on the sum rate

distribution of MU-MIMO systems employing linear zero-forcing precoding, accounting

for both Rayleigh fading and shadowing effects, as well as spatial correlation at the

transmit and receiver sides. In particular, we consider the classical spatially correlated

lognormal model and propose closed-form bounds on the distribution of the achievable

sum rates in MU-MIMO systems. With the help of these bounds, we derive a relationship

between the inter-user distance and sum rate corresponding to 10% of the cumulative

distribution function. A practical conclusion, for instance, is that the effect of spatially

correlated shadowing can be considered to be independent when the inter-user distance

is approximately five times the shadowing correlation distance.
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On the basis of the above analysis results, a distributed antenna system (DAS) con-

sisting of multiple geographically distributed antennas has been proposed to further de-

crease the access distance and spatial correlations. To verify the sum rate improvement

in MU-MIMO DASs, in the second part of our research, we investigate and compare the

characteristics of sum rates in both centralized antenna systems (CASs) and DASs under

the effects of correlated composite fading channels and inter-cell interference. In this part,

we introduce two different types of functions to model the shadowing, auto-correlation

and cross-correlation, and a typical exponential decay function to model the Rayleigh

fading correlation. One of the computer simulation results indicates that the DAS can

significantly improve the performance of the sum rate compared to the traditional CAS

in the case under the consideration, therefore confirms the speculation.

Finally, combining MU-MIMO transmission and DAS with precoding techniques,

the advantages of both MIMO and DAS can be achieved. However, by establishing

a wide service area, i.e., a large-scale MU-MIMO DAS, to increase multiplexing gain,

the use of a dynamic clustering scheme (CS) is necessary to reduce computation in

precoding. In the last part of our research, we propose a simple multi-carrier based

method for dynamic clustering to establish a large-scale MU-MIMO DAS and investigate

its performance. We also compare the characteristics of the proposal to those of other

schemes such as exhaustive search, traditional location-based adaptive CS, and improved

norm-based CS in terms of sum rate improvement. Additionally, to make our results more

universal, we further introduce spatial correlation to the considered system. Computer

simulation results indicate that the proposed CS for the considered system provides

better performance than the existing schemes and can achieve a sum rate close to that

of exhaustive search but at a lower computational cost.
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Chapter 1

Introduction

1.1 Background

1.1.1 Radio Propagation

Radio propagation is the behavior of radio waves when they are transmitted, or propa-

gated from one point on the Earth to another, or into various parts of the atmosphere.

As a form of electromagnetic radiation, like light waves, radio waves are affected by the

phenomena of reflection, refraction, diffraction, absorption, polarization and scattering.

Understanding the effects of varying conditions on radio propagation has many prac-

tical applications, from choosing frequencies for international shortwave broadcasters, to

designing reliable mobile telephone systems, to radio navigation, to operation of radar

systems. In our research, we first consider that a radio propagation between the trans-

mit and receive antennas consists of path loss, shadowing and fading. Then, we simply

introduce some concepts and propose some kinds of models for the radio propagation in

wireless communications.

1.1.1.1 Path Loss

Path loss is the reduction in power density of an electromagnetic wave as it propagates

through space. It is a major component in the analysis and design of the link budget of

a telecommunication system. This term is commonly used in wireless communications
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and signal propagation. Path loss may be due to many effects, such as free-space loss,

refraction, diffraction, reflection, aperture-medium coupling loss, and absorption. Path

loss is also influenced by terrain contours, environment (urban or rural, vegetation and

foliage), propagation medium (dry or moist air), the distance between the transmitter

and the receiver, and the height and location of antennas.

In the study of wireless communications, path loss can be represented by the path

loss exponent, whose value is normally in the range of 2 to 4 (where 2 is for propagation

in free space, 4 is for relatively lossy environments and for the case of full specular

reflection from the earth surface, the so-called flat-earth model). In some environments,

such as buildings, stadiums and other indoor environments, the path loss exponent can

reach values in the range of 4 to 6; on the other hand, a tunnel may act as a waveguide,

resulting in a path loss exponent less than 2. Path loss is usually modeled by the power

law

D = d−ζ , (1.1)

where D is the path loss, d is the distance between the transmit and the receive antennas,

usually measured in meters, ζ is the path loss exponent [1].

1.1.1.2 Fading

In wireless communications, fading is deviation of the attenuation affecting a signal

over certain propagation media. The fading may vary with time, geographical position

or radio frequency, and is often modeled as a random process. A fading channel is a

communication channel comprising fading. In wireless systems, fading may either be

due to multi-path propagation, referred to as multi-path fading.

Multi-path fading channel models are often used to model the effects of electromag-

netic transmission of information over the air in cellular networks and broadcast com-

munication. Mathematically, this fading is usually modeled as a time-varying random

2
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change in the amplitude and phase of the transmitted signal, for instance, the Rayleigh

fading model which is most applicable when there is no dominant propagation along

a line of sight (LOS) between the transmitter and receiver, and the Nakagami-Rician

fading model which may be more applicable if there is a dominant LOS. In our research,

we mainly employ the Rayleigh fading model because of its universality.

Rayleigh fading is a reasonable model when there are many objects in the environment

that scatter the radio signal before it arrives at the receiver. The central limit theorem

holds that, if there is sufficiently much scatter, the channel impulse response will be

well modeled as a Gaussian process irrespective of the distribution of the individual

components. If there is no dominant component to the scatter, then such a process will

have zero mean and phase evenly distributed between 0 and 2π radians. The envelope

of the channel response will therefore be Rayleigh distributed [1].

Calling the envelope and phase random variable Re and Rp, their probability density

function (PDF) can be expressed as

PDFRe(re) =
re
σ2Re

exp

(
− r2e
2σ2Re

)
(1.2)

and

PDFRp(rp) =
1

2π
, (1.3)

where σ2Re
denotes the variance [1]. Often, the gain and phase elements of a channel

distortion are conveniently represented as a complex number. In this case, Rayleigh

fading is exhibited by the assumption that the real and imaginary parts of the response

are modeled by independent and identically distributed (i.i.d.) Gaussian processes whose

mean is zero variance is σ2Re
, so that the amplitude of the response is the sum of two

such processes.
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Figure 1.1: Shadowing by a building.

1.1.1.3 Shadowing

Fading, created by the superposition of different multi-path components, changes rapidly

over the spatial scale of a few wavelengths. If the field strength is averaged over a small

area (e.g., ten by ten wavelengths), we obtain the small scale average field strength, i.e.,

shadowing attenuation values. In a small spatial scale, the shadowing attenuation values

can be treated as a constant. In fact, however, it varies when considered on a large

spatial scale.

Fig. 1.1 presents two radio propagation paths that experience two different shadowing

attenuation values S1 and S2. Many experimental investigations have shown that the

shadowing values S plotted on a logarithmic scale, shows a Gaussian distribution around

a mean µS. Such a distribution is known as lognormal, and its PDF can be expressed as

PDFS(s) =
20/ ln 10

sσS
√
2π

exp

(
−(20 log10(s)− µS)

2

2σ2S

)
, (1.4)

where σS is the standard deviation of s, and µS is the mean of the values of s expressed

in decibel. Typical values of σS are 4 to 10 dB [1].
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In many studies, the spatial correlation between the two shadowing attenuations S1

and S2 be considered as independent, in fact, however, the correlation exists widely

in our realistic environment and should not be ignored. Fig. 1.2 and Fig. 1.3 show an

example of spatially independent shadowing and an example of correlated shadowing

plotted on logarithmic scale. From these figures, we can clearly understand how different

they are, that is why analyze the characteristics of correlated shadowing in wireless

communications is also very important. In spite of this, theoretical analysis works about

that is not so simple because the sum of correlated lognormal random variables dose not

have a closed-from. Fortunately, an interesting property of the lognormal distribution

is that the sum of log normally distributed values is also approximately log normally

distributed. With the help of this property, in our research, we successfully presented

some useful results described in other chapters.

1.1.2 Multi-user MIMO

1.1.2.1 System Description

In radio, multi-user (MU) multiple-input and multiple-output (MIMO) is a set of ad-

vanced MIMO technologies [2] where the available antennas are spread over a multitude

of independent base stations (BS) and independent radio terminals each having one

or multiple antennas. In contrast, single-user (SU) MIMO considers a single multi-

antenna transmitter communicating with a single multi-antenna receiver. To enhance

the communication capabilities of all terminals, MU-MIMO applies an extended version

of space-division multiple access to allow multiple transmitters to send separate signals

and multiple receivers to receive separate signals simultaneously in the same band.

MU-MIMO can be thought of as an extension of MIMO applied in various ways as a

multiple access strategy. A significant difference is that the performance of MU-MIMO

relies on precoding capability so that if the transmitter does not use precoding, the

performance advantage of MU-MIMO is not achievable.
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Figure 1.2: An example of spatially independent shadowing in decibel with µS = 0dB
and σS = 8dB.

In Fig. 1.4, we consider a classical downlink MU-MIMO communication system with

Nt transmit antennas at the BS and K users each connected to Nr receive antennas.

Through the radio propagation channels that we described before, the received signal at

kth user can be expressed as

yk = hkx+ nk, (1.5)

where hk ∈ CNr×Nt is the channel matrix between the BS and kth user. nk ∈ RNr×1 is

the noise vector at user k. The vector x ∈ CNt×1 is precoded signal transmitted from

BS and can be expressed as

xk =

K∑
k=1

√
qkwksk, (1.6)

where sk ∈ CNr×1, wk ∈ CNt×Nr and pk represent the desired data symbol, precoding

weight and transmit power scaling factor for user k, respectively. Then put (1.6) into
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Figure 1.3: An example of spatially correlated shadowing in decibel with µS = 0dB and
σS = 8dB.
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Figure 1.4: An example for MU-MIMO system.

(1.5), we can get another expression for yk that is

yk =
√
qkhkwksk +

K∑
i=1,i ̸=k

√
qihkwisi + nk, (1.7)

where the second term on the right hand side of the equality is so-called inter-user
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interference, that directly affects the strength of the received signal yk. Therefore, we

should reduce or cancel these effects by selecting the suitable precoding matrix wk. That

is the reason why the performance of MU-MIMO relies on precoding capability.

1.1.2.2 Zero-forcing Precoding

Zero-forcing (ZF) precoding is a spatial signal processing by which the multiple antenna

transmitter can null inter-user interference signals (i.e., the second term of equality 1.7)

in wireless communications. There is a key problem for applying the ZF precoding on

transmit side, is acquisition of channel state information (CSI), i.e., hk ∀k.

If the transmitter knows the downlink CSI perfectly, ZF precoding can achieve almost

the system capacity when the number of users is large; on the other hand, with limited

channel state information at the transmitter (CSIT) the performance of ZF precoding

decreases depending on the accuracy of CSIT. ZF precoding requires the significant

feedback overhead with respect to signal-to-noise-ratio (SNR) so as to achieve the full

multiplexing gain. Inaccurate CSIT results in the significant throughput or sum rate loss

because of residual inter-user interferences. Inter-user interferences remain since they can

not be nulled with beams generated by imperfect CSIT.

Here we assume the transmitter, i.e., BS, knows the downlink CSI hk perfectly, and

also consider that each user equipped with single antenna. Under the consideration case,

the precoding matrix W can be obtained by using ZF precoding and expressed as

W = H† = HH
(
HHH

)−1
, (1.8)

where the ZF precoding matrix W = (w1, · · · ,wK), the channel matrix consists of total

users H = (hH
1 , · · · ,hH

k )
H. The symbols (·)† and (·)H represent the pseudo-inverse and

Hermitian transpose of a matrix, respectively,
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Figure 1.5: An example for MU-MIMO system with inter-cell interference.

By using (1.8), the inter-user interference can be nulled with prefect CSIT. In fact,

several advanced precoding technology, for instance, block-diagonalization (BD) algo-

rithm [3] has been applied for MU-MIMO systems in which the numbers of antenna

at each user is not necessary to be limited to one. The details about other precoding

technology can also be found in [1].

1.1.2.3 Inter-cell Interference

In previous section, we only considered a MU-MIMO system in a single cell and described

the interferences come from total users. However, in cellular system, interference not only

come from users who are distributed in the same cell, but also come from other cells,

that degrades the performance of system more.

In Fig. 1.5, we consider a multi-cell MU-MIMO system communicates using the same

frequency. The cell 0 is interested cell and cell ncell ∈ {1, · · · , Ncell} is interference cell.

We use K, Nt and Nr to denote the number of users, BS antennas and user antennas, and

assume that all of cell have the same number of these variables. Under this consideration

9



Chapter 1. Introduction

and invoking (1.7), the receive signal at user k in interested cell 0 can be expressed as

yk =
√
qkhkwksk+

K∑
i=1,i ̸=k

√
qihkwisi+

Ncell∑
ncell=1

hk,ncell

K∑
k=1

√
qk,ncell

wk,ncell
sk,ncell

+nk, (1.9)

where the matrix hk,ncell
∈ CNr×Nt is the interference channel matrix from cell ncell to

interested user k. sk,ncell
∈ CNr×1, wk,ncell

∈ CNt×Nr and pk,ncell
represent the desired

data symbol, precoding weight and transmit power scaling factor for user k who belongs

to cell ncell, respectively.

The third term on the right hand side of the equality (1.9) is so-called inter-cell

interference. In fact, our challenge is how to effectively reduce or cancel the effects of

inter-cell interference, certainly, including the inter-user interference.

1.1.3 Distributed Antenna Systems

A distributed antenna system, or DAS, is a network of spatially separated antenna nodes

connected to a common source via a transport medium that provides wireless service

within a geographic area or structure. Fig. 1.6 shows a comparison of classical centralized

antenna systems (CAS) and DAS in a single cell.

As illustrated in the figure, the idea is to split the transmitted power among several

antenna elements, separated in space so as to provide coverage over the same area as a

single antenna but with reduced total power and improved reliability. In Fig. 1.6, a CAS

(a) is replaced by a group of less-number antennas to cover the same area (b). These

antennas have recently been employed by several service providers in many areas. DAS

is often used in scenarios where alternate technologies are infeasible due to terrain or

zoning challenges.

The idea of DAS works because less power is wasted in overcoming penetration and

shadowing losses (see 1.1.1.3), and because a LOS channel is present more frequently,

leading to reduced fade depths (see 1.1.1.2) and reduced delay spread. Some discussions

and comparisons of system performance about CAS and DAS can be also found in [4–8].
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(a) CAS (b) DAS

Figure 1.6: An example for centralized and distributed antenna systems.

1.1.4 Multi-carrier Based Clustering

Clustering using multiple carriers, or frequencies, can be considered arbitrary resource

allocation among receivers, transmitters and carriers, so that a cluster is formatted by

the selected receivers and transmitter communicating with the allocated carrier. Note

that, the clusters can be overlapped, in other word, some receivers and transmitter can

use multiple carriers for communication. In the present research, in order to reduce

system complexity, we consider the case that the multiple clusters are not overlapped.

In general, clustering can be divided into two types, one is called the static cluster-

ing and the other one is called dynamic clustering. One of the characteristics of the

static clustering is the clusters are not changed with channel realizations; on the other

hand, the dynamic clustering strongly depends on each channel realization. For better

understanding, in Fig. 1.7, we show an illustration of three different clustering methods.

In Fig. 1.7 (a), the static clustering which depends on the locations of receivers and

transmitters, has been proven to improve the efficiency of the frequency spectrum [9,10].

In this method, the geographical area is divided into a fixed cluster structure with each

cluster having a unique, fixed carrier. Any receiver and transmitter located in a given

cluster will communicate on the carrier associated with that cluster, and are not changed
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Figure 1.7: Illustration of three different clustering methods and each one is shown over
Nreal channel realizations. Clusters are represented by the shaded or blank areas. (a)
Static clustering, (b) LOCA dynamic clustering, (c) Generally dynamic clustering.

with each channel realization. The limitation of this static clustering, however, is a lack

of diversity with respect to changing channel conditions, because the clusters are static.
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In order to improve the above-described method, an advanced so-called location-

based adaptive (LOCA) dynamic clustering method shown in Fig. 1.7 (b) was considered

in [11]. In this method, the carrier associated with its cluster may be changed for

every channel realization, and can be dynamically allocated to the appropriate cluster.

Although this method can achieve a frequency diversity gain, its limitation is also a lack

of space diversity because of the fixed cluster structure.

The generally dynamic clustering is the one that the selections of receivers, transmit-

ters and carriers are dynamic, are changed with channel realizations, as shown in Fig. 1.7

(c). Obviously, the optimal selection among the receivers, transmitters, and carriers for

dynamic clustering is obtained by exhaustively searching all possible assignments for each

channel realization and selecting the one that yields the maximum capacity, minimum

bit error rate, or other objectives. However, it can be speculated that such an method

is not practically feasible because the computational cost considerably increases as the

number of receivers, transmitter and carriers increases.

Certainly, there are some algorithms to reduce the computational cost by dynamically

selecting the receivers and transmitters, dynamically allocating the carriers to receivers

or transmitters. Unfortunately, there have been few studies on achieving synchronously

and dynamically allocating among all of receivers, transmitters, and carriers. Therefore,

the topic on multi-carrier based clustering is a important issue in our research.

1.2 Outlook on Large-scale MU-MIMO DASs

With the ever-growing demand for higher data rates in wireless communication services,

recently, various techniques have been proposed to increase system capacity. Among

these techniques, MIMO transmission has attracted considerable attention because it can

provide high data rates and link reliability without the need for additional bandwidth or

power [12, 13]. In practice, however, the number of antennas on the user side cannot be
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made arbitrarily large because of physical constraints that may prevent the realization

of MIMO transmission. Another well-known technique is to use a DAS, which decreases

the access distance and spatial correlation by geographically distributing the antennas,

thereby providing macro-diversity and enhanced system capacity [4, 5, 14,15].

By combining MU-MIMO transmission and DAS with a precoding technique [16,17],

the required computational complexity and the number of antennas on the user side can

be reduced because users can demodulate the signals without using any MIMO detec-

tion scheme while retaining the advantages of DAS and MIMO. However, to establish a

wide service area, i.e., a large-scale MU-MIMO DAS, the transmit side requires a large

amount of CSI [18]. More importantly, the complexity of the process of obtaining precod-

ing weight matrices, for instance, running the pseudo-inverse transpose of the channel

attenuation matrix under the ZF precoding scheme, increases with an increase in the

number of users and BSs. Therefore, creating a large-scale MU-MIMO DAS service in a

realistic environment remains a challenging problem.

As an example for our research, consider a DAS covering a wide range of urban

area through multiple cells. In each cell, multiple BSs are spatially separated and try to

simultaneously communicate with multiple users by employing a MU-MIMO transmission

scheme. However, according to the previous discussion, it is hard to establish these

transmissions when the number of users and BSs becomes large. In addition, to suppress

the effect of inter-cell interference caused by the use of the same carrier, a problem of

coordinated precoding design [19] for sum rate optimization with BS transmit power

constraints in this system cannot be also avoided.

Fortunately, clustering schemes (CSs) are considered to be effective approaches for

solving existing problems, mainly because the precoding techniques can be performed

independently for each orthogonal carrier assigned to each cluster [20,21]; in this way, for

each carrier in each cell, the precoding weight matrix can be obtained at low complexity.
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Figure 1.8: An illustration of the multi-cell MU-MIMO DAS using orthogonal carriers
based CS. Clusters are represented by the shaded or blank areas, and in each cluster,
the MU-MIMO transmission is performed.

An illustration of the considered multi-cell MU-MIMO DAS using orthogonal carriers

based CS is presented in Fig. 1.8. In this system, each cell is separated into different

clusters based on multiple carriers, and MU-MIMO transmissions are performed in each

cluster. BSs in each cell are connected to a local sub-processor (SP) and the SPs are

connected to a central processor (CP), which works as a centralized controller and is in

charge of the resource management task of the system.

To successfully establish the MU-MIMO transmissions in the large-scale DAS with

multi-carrier, such as in Fig. 1.8, there are still some technical problems waiting to be

verified and solved. For instance,

• The effects of composite fading channel with correlation on the performance of sum

rate in MU-MIMO systems should be theoretically analyzed because transmit and

receive antennas are located in a quite complicate attenuation environment where

the correlation cannot be ignored in most cases;
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• Compared to MU-MIMO transmission used in traditional CASs, it should be ver-

ified and clarified that if the MU-MIMO DASs can significantly improve the per-

formance of sum rate even if we employ the correlated composite fading model and

consider the inter-cell interference;

• A scheme to format multiple clusters with low computational cost and satisfactory

performance for each cell in the considered system as shown in Fig. 1.8 should be

explored.

In addition, because the effect of inter-cell interference cannot be ignored due to the

same carrier may be used in different cells, studies on the coordinated precoding for

the optimization of system sum rate becomes also necessary. Moreover, since the large

amounts of CSI can be only transferred over limited rate channel, how to reduce the

feedback rate while maintaining good performance of system is also one of the valuable

topics in future works.

As the most important part of the big picture, in this research, we try to solve the

above listed topics. Here, the orthogonal carriers can be (more concretely) considered

as, for instance, multiple subcarriers in orthogonal frequency division multiple (OFDM)

systems or multiple component carriers (CCs) in long term evolution (LTE) advance

systems [20–24].

Note that, in the latter systems, the CCs may be full overlapped, partial overlapped

or orthogonal. Although orthogonal CCs cannot realize maximum capacity under a

limited frequency bandwidth (as compared to other overlapped CCs), the transmission

performances of users who are located at the boundary of clusters can be preferably

improved because there is no inter-cluster interference [22]. Because each user may be

positioned at the cluster edges (because clustering is dynamic), the orthogonality of CCs

should be used to solve the existing problems. In our research, for better understanding,

the orthogonal carriers are defined more broadly, without any loss of generality.
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1.3 Thesis Outline and Contributions

In order to solve the existing problems, in particular, the above listed ones, in Chapter

2, we conduct a detailed theoretical analysis of ZF precoding over Rayleigh/lognormal

(RLN) fading channels in MU-MIMO systems considering the effects of spatial correlation

in both shadowing and Rayleigh fading at the transmit and receiver sides. This scenario

can occur when, for instance, a multi-antenna BS transmits data to users who are each

equipped with a single antenna.

In Chapter 3, we investigate and compare the characteristics of system sum rates in

both CASs and DASs under the effects of path loss, spatially correlated shadowing, cor-

related Rayleigh fading, and inter-cell interference. In this chapter, we introduce two dif-

ferent types of functions to model the shadowing, auto-correlation and cross-correlation,

and a typical exponential decay function to model the Rayleigh fading correlation. Thus,

we obtain the distribution of the system sum rate and investigate the characteristics in

MU-MIMO DASs.

In Chapter 4, we explore and propose a simple scheme to dynamically format multiple

clusters at a reduced computational cost for the DASs with correlated composite fading

attenuations. In contrast to the previous studies, in each cluster, MU-MIMO trans-

mission is performed using a carrier selected from among several alternative carriers.

Moreover, the proposal can further achieve dynamic allocation for all users (receivers),

BSs (transmitters), and carriers at the same time so as to maximize the system sum rate.

Our method starts with several empty sets over all carriers and then adds one user and

one BS per step to the set corresponding to the carrier used. In each step, the user and

BS with the highest contribution to the sum rate from among all clusters is added to

the appropriate set. We expand this method and use it to solve the existing clustering

problems.
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The contributions of our research can now be summarized as follows:

• We use generic bounding techniques to derive closed-form bounds on the sum rate

distribution of the traditional MU-MIMO CASs with ZF precoding operating over

RLN fading channels and experiencing correlation in both shadowing and fad-

ing [25]. The proposed bounds apply for any finite number of antennas, are partic-

ularly tractable, and allow for fast and efficient computation. With the help of the

proposed bounds, for instance, we obtain a relationship between the inter-user dis-

tance and sum rate corresponding to 10% of the cumulative distribution function

(CDF) under different environmental conditions.

• The proposed bounds suggest implications for the model parameters on the achiev-

able sum rate distribution. For instance, the effects of the number of antennas,

SNR, and spatial correlation are assessed in detail. Our analytical results are also

informative and insightful; for example, they allow the characterization of the ef-

fects of spatially correlated shadowing and correlated fading, as well as path loss,

on the sum rate distribution [25].

• Based on the above theoretical analysis results, we verify and clarify the improve-

ment on the performance of sum rates in MU-MIMO DASs by investigating and

comparing the characteristics in both CASs and DASs under the effects of com-

posite fading and inter-cell interference [4]. We also introduce spatial correlation

to the well-known channel attenuation models, e.g., i.i.d. shadowing and/or i.i.d.

Rayleigh fading on both transmit and receiver sides, thus improve the understand-

ing of channel attenuation in a realistic environment.

• With the help of the previous results, we propose a clustering method using multiple

orthogonal carriers to establish the large-scale MU-MIMO DASs with considering
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the effects of correlated composite fading [26]. To verify its validity, we also in-

vestigate the performance of proposal by observing the CDF and the expectation

value of the system sum rate, and compare the characteristics of the proposal to

those of other methods such as exhaustive search.
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Chapter 2

Theoretical Analysis on Sum Rate
in MU-MIMO Systems

In this chapter, as the beginning of our research, we theoretically analyze the sum rate

distributions of MU-MIMO transmissions in traditional CASs. We also conduct a de-

tailed analysis of ZF precoding over Rayleigh/lognormal fading channels in this kind of

systems with considering the effects of spatial correlation in both shadowing and Rayleigh

fading at the transmit and receiver sides, to further understand the effects of correlated

composite fading channel on the performance of system sum rates.

The introduction of this chapter is described in Sect. 2.1. The MU-MIMO systems

under consideration are described in Sect. 2.2. In Sect. 2.3 and 2.4, we provide new

analytical distribution bounds on the sum rate of MU-MIMO systems with ZF precoding.

In Sect. 2.5, we present the analysis results and summarize the key findings. Concluding

remarks are found in Sect. 2.6.

Notations: In this study, we use uppercase and lowercase boldface to denote matrices

and vectors, respectively. The n × n identity matrix is denoted by In, and the n × m

matrix whose elements are all 0 or 1 is written as 0n×m or 1n×m. The (i, j)th element

of a matrix is denoted by [A]ij . We write the (i, j)th minor of a matrix as Aij , and

Ai is A with the ith row removed. We let E{·} represent the expectation and use
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subscript R to identify the expectation of the Rayleigh fading random variables (RVs).

The matrix determinant is expressed as det(·). The symbols (·)† and (·)H represent

the pseudoinverse and Hermitian transpose of a matrix, respectively, and ⊗ denotes

the Kronecker product. The symbol ∼ CN (M ,Σ) denotes a complex Gaussian matrix

with mean M and covariance Σ. The notation ψ(·) represents the well-known digamma

function by Euler [27].

2.1 Introduction

MU-MIMO technique with ZF precoding allows for simultaneous transmission of multiple

data streams when each user or terminal has a single antenna. By locating multiple

antennas with independent radio users or terminals that are geographically separated,

these systems can combine the well-known benefits of MIMO spatial multiplexing with

macrodiversity gains [28]. Contrary to SU-MIMO systems, each radio link experiences

different path loss and shadowing effects due to the different propagation paths, which

makes the performance analysis of MU-MIMO mathematically difficult. The problem

of averaging the channel eigen-statistics over the shadowing distribution means that

scant analytical work has investigated the effects of composite channels (i.e., with both

Rayleigh fading and shadowing) on the performance of MU-MIMO systems.

In [29], the capacity upper and lower bounds of sem-icorrelated1 MIMO Rayleigh

channels were proposed, and a characteristic function (c.f.) of the capacity for MIMO

Rayleigh fading channels in concise closed form with arbitrary correlation among the

transmitting elements or among the receiving elements was documented in [30]. In [31],

three novel bounding techniques for the achievable sum rate of MIMO ZF receivers were

presented. The derived bounds are generic because they apply to several fading models of

1The terminology “semi-correlated” was used in [29,32] for the scenario in which correlation exists at
either the transmitter or receiver.
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interest. In general, the capacity bounds of Rayleigh correlated or uncorrelated channels

have been widely studied. As previously described, however, it is difficult to average the

channel capacity over the shadowing distribution; thus, the effect of shadowing was not

considered in these papers.

Fortunately, there have been several works that study the ergodic capacity or sum rate

bounds over shadowing and multipath fading or other channel models, mainly motivated

by the need to quantify the effect of composite channels [8,32–35]. In [8], a large system

capacity analysis was performed that took into account the effects of spatially correlated

fading and i.i.d. shadowing, and closed-form expressions for the mean ergodic capacity

bounds over this composite channel attenuation were recently formulated in [33]. In

[34], the authors considered a SU-MIMO system operating in Rayleigh/lognormal (RLN)

fading and approximated the sum rate numerically via Gauss-Hermite polynomials. In

[32, 35], the ergodic uplink capacity of MU-MIMO system was explored with the aid of

majorization theory by deriving several upper and lower capacity bounds. However, a

common characteristic of these works is that they did not consider the effect of spatially

correlated shadowing.

In fact, the effect of spatially correlated shadowing can be considered as the sum of

correlated lognormal RVs, and this generally appears in wireless communications [33,36].

Although using moment matching or cumulant matching can approximate the sum of

correlated lognormal RVs and hence obtain the value of correlated shadowing, a closed-

form expression for the distribution of a lognormal sum does not exist. This highlights

the difficulty of the task facing us. To the best knowledge of the authors, there has been

no previous study on the bounds of the sum rate distribution for MU-MIMO systems

under correlated shadowing and correlated Rayleigh fading. In light of this, we have tried

to bridge this gap by analytically investigating the sum rate distribution of MU-MIMO

systems with ZF precoding.
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Figure 2.1: Schematic illustration of a MU-MIMO system with a multi-antenna BS simul-
taneously transmitting data to K single antenna users using the same carrier frequency.

2.2 MU-MIMO Systems with ZF Precoding

We consider a downlink single cell MU-MIMO communication system with Nt transmit

antennas at the BS and K users, each equipped with one receiver antenna, which simul-

taneously communicates with the BS using the same carrier frequency. Further, users

are uniformly distributed in the cell. In this system, to achieve a total number of spatial

degrees of freedom (DOF) of K using ZF precoding, we assume that Nt ⩾ K [37]. The

radius of this cell is Rcell, and the distance between the ith and jth users is defined by

Lij . A schematic illustration of the system under consideration is depicted in Fig. 2.1.

The channel matrix from the BS to K users is expressed as

H = D
1
2S

1
2
corRcor, (2.1)

where the entries of the diagonal matrix D ∈ RK×K represent the distance-dependent

path loss effects. Thus, D = diag{Dζ
k}

K
k=1, where Dk denotes the distance between the

kth user and the BS, and ζ is the path loss exponent.
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The small scale multi-path fading is captured by the random matrix Rcor ∈ CK×Nt ,

which follows a complex zero mean Gaussian distribution with correlation among every

row and column. Hence, we have Rcor = Θ
1
2
R,rRi.i.d.Θ

1
2
R,t, where the entries of Ri.i.d. ∈

CK×Nt are modeled as i.i.d. CN (0,1) RVs, and ΘR,t ∈ RNt×Nt and ΘR,r ∈ RK×K

represent the transmit and receiver correlation matrices, respectively. Note that the

fading correlation does not usually occur between antennas of different users, as the K

users are, in general, geographically separated. In special cases, however, when users

are distributed closely such as in the same vehicle, the fading correlation should not

be ignored when the inter-antenna distance is smaller than ten times the operating

wavelength [38]. Furthermore, as previously mentioned, in such a scenario, the fading

correlation can also occur when BS antennas are distributed closely [30,39,40]. Therefore,

to distinctly analyze the effects of spatial correlation on the sum rate distribution, we

consider that in some cases, fading correlation can occur in both the BS and user sides.

The entries of the diagonal matrix Scor ∈ RK×K represent the spatially correlated

shadowing matrix. Thus, Scor = diag{100.1Sk}Kk=1, where Sk ∈ N (µSk
, σ2Sk

)∀k is the cor-

responding Gaussian RV. We use ΘS ∈ RK×K to represent an arbitrary auto-correlation

matrix of RVs Sk with entries [ΘS]ij = Ωij , (i, j ∈ {1, · · · ,K}). In previous experiments

reported in [41], it was found that the spatial auto-correlated function of the shadow

process can be modeled using an exponential decay function, which is represented by

Ωij = exp

(
− Lij

dcor
ln 2

)
, (2.2)

where dcor represents the shadowing correlation distance, which depends on the environ-

ment, and corresponds to the distance at which the correlation drops to 0.5 [41]. Note

that the shadowing correlation that occurs between antennas of the BS can be consid-

ered completely because these antennas are, in general, closely distributed. Moreover,

our model embodies the assumption that the fading and shadowing can be considered
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as two independent random processes, as we can then investigate their mathematical

properties. This assumption was widely used in [8, 33] and other research.

Through these composite fading channels, the received signal at all users is expressed

as

y = HWP
1
2x+ n, (2.3)

where y ∈ CK×1 is the received signal vector, and x ∈ CK×1 is the vector of the transmit-

ted symbols drawn from a zero-mean Gaussian codebook with unit average power. The

complex noise term is zero mean with E{nnH} = N0IK , where N0 is the noise power.

W = {w1, · · · ,wK} is the precoding weight matrix with element wk ∈ CNt×1∀k, and

P = diag{p1, · · · , pK} is the transmit power scaling factor matrix.

We hereafter focus on the sum rate of an MU-MIMO system with ZF precoding.

We assume that the BS knows the channel state information (CSI) perfectly, and the

available average power Pt is distributed uniformly among all users. For the case under

consideration, the ZF precoding weight matrix is expressed as W = H† [16]. The

instantaneous received SNR at the kth (k ∈ {1, · · · ,K}) user is equal to [25]:

γk =
ρ [DScor]kk

K
[(
RcorR

H
cor

)−1
]
kk

, (2.4)

where ρ = Pt/N0 represents the total transmit SNR. The achievable sum rate is essen-

tially the sum of the throughputs contributed from all users and is expressed as

C =
K∑
k=1

log2 (1 + γk) , (2.5)

where the probability distribution of sum rate C is obtained over all channel realizations

of Rcor, Scor, and the channel is assumed to be ergodic. Our main challenge in analyti-

cally evaluating (2.5) is the lack of closed-form expressions for the CDF of C in the case

of correlation in both fading and shadowing.
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2.3 Closed-form Bounds on Sum Rate CDF in MU-MIMO
Systems with ZF Precoding

In this section, on the basis of the results of [31,33], we present closed-form bounds on the

sum rate distribution of MU-MIMO systems with ZF precoding. Although the results

of [31] apply for all types of SU-MIMO systems, their extension to MU-MIMO systems

is not straightforward because of the presence of shadowing. Although the results of [33]

can be extended to MU-MIMO uplink systems, shadowing was considered as an i.i.d.

random process. We begin by proposing the following bounds for correlated RLN MIMO

composite fading channels.

From (2.4) and (2.5), the sum rate C consists of fading and shadowing RVs Rcor and

Scor. In [33], it was shown that the effect of fading is asymptotically averaged out, and

the sum rate is only affected by the significantly more slowly varying shadowing. On the

basis of this result and previous assumptions described in Sect. 2.2, we first bound the

fading expectation of the sum rate C and then formulate the CDF of the sum rate with

shadowing RVs.

2.3.1 Rayleigh Fading Expectation of the Sum Rate

Theorem 1 The Rayleigh fading expectation of the achievable sum rate in MU-MIMO

systems with ZF precoding is bounded by CL ⩽ ER{C} ⩽ CU, where CU and CL have the

same form, which is expressed as

CU(L) =

K∑
k=1

log2 (A1,k +A2,k[DScor]kk)−A3. (2.6)

For the upper bound CU, elements A1,k, A2,k, and A3 are determined by

A1,k = E
{
det
(
Rcor,kR

H
cor,k

)}
A2,k =

ρ

K
E
{
det
(
RcorR

H
cor

)}
A3 =

1

ln 2

K∑
k=1

E
{
ln
(
det
(
Rcor,kR

H
cor,k

))}
;

(2.7)
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for the lower bound CL, elements A1,k, A2,k, and A3 are determined by
A1,k = 1, A3 = 0

A2,k =
ρ

K
exp

(
E
{
ln
(
det
(
RcorR

H
cor

))
− ln

(
det
(
Rcor,kR

H
cor,k

))})
.

(2.8)

Proof: Starting from (2.5), the expectation of the Rayleigh fading process is expressed

as

ER{C} = ER

{
K∑
k=1

log2

(
1 +

ρ [DScor]kk
K
[
W−1

]
kk

)}
(2.9)

=
K∑
k=1

ER

{
log2

(
det (W kk) +

ρ

K
det (W ) [DScor]kk

)
−

log2 (det (W kk))

}
, (2.10)

where we have used

W = RcorR
H
cor, (2.11)

and

[W−1]kk =
det(W kk)

det(W )
=

det(Rcor,kR
H
cor,k)

det(RcorR
H
cor)

. (2.12)

Once more, as log2(·) is a concave function, we apply the well-known Jensen’s inequality

on (2.10) to obtain the upper bound CU, which is expressed as

CU =
K∑
k=1

log2

(
E
{
det
(
Rcor,kR

H
cor,k

)}
+
ρ

K
E
{
det
(
RcorR

H
cor

)}
[DScor]kk

)
−

1

ln 2

K∑
k=1

E
{
ln
(
det
(
Rcor,kR

H
cor,k

))}
. (2.13)

For the lower bound, the proof relies on the general bounding technique, originally

proposed in [42] and later adopted by [31–33,35], for lower bounding the ergodic MIMO

capacity with optimal receivers. In particular, we can rewrite the Rayleigh expectation

of (2.5) according to

ER{C} =

K∑
k=1

ER

{
log2

(
1 +

ρ[DScor]kk
K

exp

(
ln

(
1

[W−1]kk

)))}
. (2.14)
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By exploiting the convexity of log2(1 + αexp(x)) in x for α > 0, and thereafter applying

Jensen’s inequality, we obtain the lower bound (2.15) via (2.12), which is expressed as

CL =
K∑
k=1

log2

(
1 +

ρ[DScor]kk
K

exp

(
E
{
ln
(
det(RcorR

H
cor)
)
−

ln
(
det(Rcor,kR

H
cor,k)

)}))
. (2.15)

Comparing (2.13) and (2.15), we conclude the proof.

2.3.2 CDF of the Sum Rate with Shadowing RVs

In this subsection, we present a general method that uses the Fenton-Wilkinson (FW)

method as a tool to approximate the CDF of the sum rate. The FW method computes

the mean and variance by exactly matching the first and second central moments of the

logarithm function. From the result of Theorem 1, (2.6) can be simplified to

CU(L) =

K∑
k=1

log2

(
1 +

A2,k

A1,k
[DScor]kk

)
+

K∑
k=1

log2A1,k −A3

= log2

K∏
k=1

(
1 +

A2,k

A1,k
Dζ

k10
Sk
10

)
+

K∑
k=1

log2A1,k −A3

= log2

K∏
k=1

(
1+10

(
λ
10

(
ζ lnDk+ln

A2,k
A1,k

)
+

Sk
10

))
+

K∑
k=1

log2A1,k −A3 (2.16)

= log2

K∏
k=1

(
1 + 10

Xk
10

)
+

K∑
k=1

log2A1,k −A3, (2.17)

where λ = 10/ ln 10. From (2.16) to (2.17), we clearly observed that the exponents

λ
(
ζ lnDk + ln

A2,k

A1,k

)
+ Sk in the first term of (2.16) can be considered as correlated

Gaussian RVs Xk ∈ N (µXk
, σ2Xk

) with{
µXk

= λ
(
ζ lnDk + ln

A2,k

A1,k

)
+ µSk

σ2Xk
= σ2Sk

,
(2.18)

and have an arbitrary correlation matrix ΘS that can be determined by (2.2).

Thereafter, we define a set G := {Xk|k ∈ {1, · · · ,K}}, and the set of all k-combinations

chosen from G is defined as Gk := {Gki|i ∈ {1, · · · ,
(
K
k

)
}}, where Gki is the subset of Gk,
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corresponding a k-combination of set G, and
(
K
k

)
= K!

k!(K−k)! . For instance, if K = 3,

G = {X1, X2, X3}, G1 = {G11,G12,G13} = {{X1}, {X2}, {X3}}, G2 = {G21,G22,G23} =

{{X1, X2}, {X1, X3}, {X2, X3}}, and G3 = {G31} = {{X1, X2, X3}}. Then in (2.17), the

product in the first term on the right-hand side is rewritten as

K∏
k=1

(
1 + 10

Xk
10

)
= 1 +

K∑
k=1

(Kk )∑
i=1

10
sum(Gki)

10 , (2.19)

where sum (Gki) denotes a sum operation over the elements of Gki.

The second term on the right-hand side of (2.19) can be considered as the sum of

correlated lognormal RVs. In fact, no exact closed-form expression for the distribution

of (2.19) is known. In [43], a simple closed-form expression for a lower bound of (2.19)

on the outage sum rate was evaluated. In [44], a limit distribution of the correlated

lognormal RVs was presented when the number of antennas was infinity. In [45], the

authors derived bounds for the CDF of a sum of two or three correlated lognormal RVs

with arbitrary correlation and of a sum of any number of equally correlated2 lognormal

RVs. Obviously, it is difficult to formulate a closed-form expression for the distribution

of (2.17). Fortunately, in order to solve this problem, several approximations have been

developed, such as moment matching [46] and cumulant matching [47], enabling us to

bound the distribution.

Theorem 2 The CDF of the sum rate C in MU-MIMO systems with ZF precoding is

bounded by FCL
⩽ FC ⩽ FCU

, where FCU
and FCL

have the same form, which is expressed

as

FCU(L)
(c) = FX̃

(
λ ln

(
2c−

∑K
k=1 log2 A1,k+A3 − 1

))
. (2.20)

2The terminology “equally correlated” means the correlation coefficient between any two summands
is equal. Note that this model is not exactly valid for many scenarios encountered in wireless communi-
cations. However, it can be used to describe the correlation among equally spaced (close) antennas.
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FX̃(x) is the CDF of the Gaussian distribution and takes the form of

FX̃(x) =
1

2

(
1 + erf

(
x− µX̃√

2σX̃

))
, (2.21)

where erf(x) is the well-known error function. µX̃ and σX̃ are functions of A1,k and A2,k

and can be calculated using Proposition 1. In addition, we can use (2.7) and (2.8) to

obtain FCU
and FCL

, respectively.

Proof: According to [46], the sum of lognormal RVs, i.e., the second term on the

right-hand side of (2.19) are accurately approximated by a new lognormal RV 100.1X̃ ,

where X̃ is a Gaussian RV with mean µX̃ and variance σ2
X̃
. The probability distribution

function (PDF) of X̃ takes the form of

fX̃(x)=
1

σX̃
√
2π

exp

(
−
(x− µX̃)

2

2σ2
X̃

)
. (2.22)

On the basis of this approximation, (2.17) can be successively approximated to

CU(L) ≈ log2

(
1 + 10

X̃
10

)
+

K∑
k=1

log2A1,k −A3. (2.23)

From (2.23), we can use (2.22) to easily conclude the proof after several simplifications.

Proposition 1 µX̃ and σX̃ are calculated by solving
E1 =

N∑
n=1

wn√
π
log2

(
1 + 100.1(

√
2σX̃an+µX̃)

)
E2 =

N∑
n=1

wn√
π

(
log2

(
1 + 100.1(

√
2σX̃an+µX̃)

))2
,

(2.24)

where E1 and E2 represent the first and second central moments of the first term on the

right-hand side of (2.17), respectively. N is the Hermite integration order (the weights

wn and abscissas an for N up to 20 are tabulated in [48]). These nonlinear equations in

µX̃ and σX̃ are solved numerically using standard functions such as fsolve in Matlab and
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NSolve in Mathematica. A detailed method for calculating the νth central moment Eν is

provided in Appendix. Note that, however, the solution of (2.24) does not always exist

because these equations are derived from the Gauss-Hermite formula (see Proof), which

is an approximation method, and the initial values, for example, those used in fsolve,

are uncertain, which may further lead to undesired solutions. Given this information,

we suggest increasing N and using the results of Proposition 2 as initial values of µX̃

and σX̃ to iteratively obtain an approximate solution for (2.24) with the help of standard

functions.

Proof: Our aim is to match the first and second central moments of the first term in

(2.17) and (2.23) according to [46], i.e., solving the following equations:
E1 =

∫ ∞

−∞
log2

(
1 + 100.1x

)
fX̃(x)dx

E2 =

∫ ∞

−∞

(
log2

(
1 + 100.1x

))2
fX̃(x)dx.

(2.25)

We can use the Gauss-Hermite formula to solve the expressions in (2.25) with an integra-

tion interval of (−∞,∞). Improved estimates of µX̃ and σX̃ are obtained by increasing

the Hermite integration order N ; on the other hand, reducing N decreases the compu-

tational complexity. We have found N = 12 to be sufficient to determine the values of

µX̃ and σX̃ .

In this subsection, we further consider the high-SNR regime, i.e., ρ→ ∞. Under this

condition, we can obtain the following straightforward result:

Proposition 2 In the high-SNR case (i.e., ρ→ ∞), µX̃ and σX̃ are calculated by
µX̃ =

K∑
k=1

(λζ lnDk + µSk
) + λ

K∑
k=1

ln
A2,k

A1,k

σ2
X̃

=
K∑
i=1

K∑
j=1

σSiσSjΩij .

(2.26)
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Proof: The proof for (2.26) follows by assuming a large value for ρ, and then (2.17)

and (2.23) are given asymptotically by

CU(L) = log2

K∏
k=1

(
10

Xk
10

)
+

K∑
k=1

log2A1,k −A3 +O

(
K∑
k=1

10−
Xk
10

)
(2.27)

and

CU(L) ≈ log2

(
10

X̃
10

)
+

K∑
k=1

log2A1,k −A3 +O
(
10−

X̃
10

)
(2.28)

after noting that Xk ∀k and X̃ are also large because they approach infinity as ρ → ∞.

O signifies big O notation. Thereafter, by eliminating the identity term, the matching

of the first term in (2.27) and (2.28) are rewritten as

log2

(
100.1

∑K
k=1 Xk

)
= log2

(
100.1X̃

)
. (2.29)

In the next step, we match the average and variance of
∑K

k=1Xk and X̃, i.e.,
µX̃ =

K∑
k=1

µXk

σ2
X̃

=
K∑
i=1

K∑
j=1

Cov (Xi,Xj) ,

(2.30)

where Cov(·) is the covariance. The second formula states that the variance of a sum

is equal to the sum of all elements in the covariance matrix of the components. This

formula is used in the theory of Cronbach’s alpha in classical test theory. Thereafter, we

perform several basic simplifications and conclude the proof.

In Fig. 2.2, the simulated achievable CDF of the sum rate in (2.6) along with the

proposed approximation of using (2.24) and (2.26) are plotted. We consider different

values of the shadowing correlation coefficient Ωij determined in (2.2) by keeping A1,k =

1 ∀k and A3 = 0, using several MIMO configurations, and increasing only A2,k ∀k.

This figure indicates that, as anticipated, both Propositions 1 and 2 become exact in

the high-SNR case. However, Proposition 2 cannot successively estimate the CDF in the
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Figure 2.2: Comparison of accuracy of CDF computed using Proposition 1, Proposition
2, and simulated methods for approximating the distribution of the sum rate, K = 2,
Sk ∈ N (0, 8)∀k. The effect of path loss has been removed.

low-SNR condition because (2.29) cannot be established. Furthermore, in the low-SNR

case, although Proposition 1 accurately approximates the large values of the CDF, it

loses its accuracy near the small values of the CDF, particularly for a large correlation

coefficient, because the distribution is no longer dominated by using a Gaussian RV as

a result of the high correlation among the summands. In spite of this, we can still use

Proposition 1 to successfully approximate the CDF both in the low- or high-SNR cases

and use Proposition 2 in the high-SNR case to reduce the computational complexity.

2.4 Formulation of the Sum Rate CDF with Different Fad-
ing Cases

From Theorems 1 and 2, to successfully derive the proposed bounds, elements A1,k, A2,k,

and A3 must first be determined from the expectation of the Rayleigh fading. Therefore,
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in this section, we mathematically analyze the sum rate CDF under different Rayleigh

fading cases.

2.4.1 Semi-correlated Rayleigh Fading

This is a scenario in which fading correlation only occurs between the users. This can

occur because of either limited receive angular spread or small interval spacings in the

user antenna. Under these circumstances, the channel matrix RcorR
H
cor is rewritten as

RcorR
H
cor = Θ

1
2
R,rRi.i.d.R

H
i.i.d.Θ

1
2
R,r (2.31)

because ΘR,t = INt .

Proposition 3 In the semi-correlated Rayleigh fading case, for the distribution of the

upper bound FCU
, elements A1,k, A2,k, and A3 are calculated by

A1,k =
det(ΘR,r,kk)Nt!

(Nt −K + 1)!

A2,k =
ρ det(ΘR,r)Nt!

K(Nt −K)!

A3 =
K

ln 2

K−1∑
k=1

ψ (Nt − k + 1) +

K∑
k=1

log2 det (ΘR,r,kk) ;

(2.32)

for the distribution of the lower bound FCL
, the element A2,k is calculated by

A2,k =
ρ

K
exp

(
ψ (Nt −K+ 1)− ln

[
Θ−1

R,r

]
kk

)
. (2.33)

Proof: The proof starts by analyzing the expectation of det(RcorR
H
cor), which is

expressed as

E
{
det
(
RcorR

H
cor

)}
= det (ΘR,r)E

{
det
(
Ri.i.d.R

H
i.i.d.

)}
, (2.34)

where we successively use the property of square matrices det(B1B2) = det(B1)det(B2)

to obtain this equality. Thereafter, we invoke the following results for an K ×Nt (with

Nt ⩾ K) central (zero-mean) Wishart matrix

E
{
det
(
Ri.i.d.R

H
i.i.d.

)}
=

Nt!

(Nt −K)!
(2.35)
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and

E
{
ln
(
det
(
Ri.i.d.R

H
i.i.d.

))}
=

K−1∑
k=0

ψ(Nt − k) (2.36)

which are obtained from [12, 31]. The elements in (2.7) for the upper bound and the

elements in (2.8) for the lower bound are directly inferred with the aid of (2.35) and

(2.36) after noting that

Rcor,k ∼ CN (0(K−1)×Nt
,ΘR,r,kk ⊗ INt), (2.37)

and further simplifications.

2.4.2 Doubly Correlated Rayleigh Fading

This is a scenario in which fading correlation occurs on both the BS and user sides. This

can occur because of either limited transmit and receive angular spread or small interval

spacings both in the BS antenna array and user distribution. Under these cases, the

RcorR
H
cor matrix is rewritten as

RcorR
H
cor = Θ

1
2
R,rRi.i.d.ΘR,tR

H
i.i.d.Θ

1
2
R,r. (2.38)

In general, this scenario of doubly correlated Rayleigh fading is not amenable to

tractable manipulations because the determinant of the random term (2.38) cannot be

further decomposed [49, 50]. That is the main reason for this scenario not being thor-

oughly addressed in the context of MIMO systems with ZF precoding. However, by using

several recent advances in random matrix theory as a starting point, from [31], we obtain

several results for the average value of det(Ri.i.d.ΘR,tR
H
i.i.d.) and its logarithm, allowing

us to then obtain the elements A1,k, A2,k, and A3.
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Proposition 4 In the doubly correlated Rayleigh fading case, for the distribution of the

upper bound FCU
, elements A1,k, A2,k, and A3 are calculated by

A1,k =
det(ΘR,r,kk)det(Ξ̂)(K− 1)!∏Nt

i<j(ηj − ηi)

A2,k =
ρ det(ΘR,r)det(Ξ)(K− 1)!∏Nt

i<j(ηj − ηi)

A3 =
K

ln 2

(∑Nt
m=Nt−K+2 det(Ψm)∏Nt

i<j(ηj − ηi)
+

K−1∑
k=1

ψ(k)

)
+

K∑
k=1

log2 det (ΘR,r,kk) ;

(2.39)

for the distribution of the lower bound FCL
, the element A2,k is calculated by

A2,k =
ρ

K
exp

(
ψ(K) +

det(ΨNt−K+1)∏Nt
i<j(ηj − ηi)

− ln
[
Θ−1

R,r

]
kk

)
, (2.40)

where ηi, i ∈ {1, · · · , Nt} are the real, positive eigenvalues of ΘR,t, and Ξ is an Nt ×Nt

matrix with entries

[Ξ]ij =

{
ηj−1
i j = 1, · · · , Nt −K

ηji j = Nt −K + 1, · · · , Nt.
(2.41)

The matrix Ξ̂ is directly related to Ξ and has entries

[Ξ̂]ij =

{
ηj−1
i j = 1, · · · , Nt −K + 1

ηji j = Nt −K + 2, · · · , Nt,
(2.42)

whereas Ψm is an Nt ×Nt matrix with entries

[Ψm]ij =

{
ηj−1
i j ̸= m

ηj−1
i ln ηi j = m.

(2.43)

Proof: This proof invokes results for semi-correlated Rayleigh fading with correlation

on the transmit side. The expectations of det(Ri.i.d.ΘR,tR
H
i.i.d.) and ln(det(Ri.i.d.ΘR,tR

H
i.i.d.))

are

E{det(Ri.i.d.ΘR,tR
H
i.i.d.)} =

K!det(Ξ)∏Nt
i<j(ηj − ηi)

(2.44)

and

E
{
ln
(
det
(
Ri.i.d.ΘR,tR

H
i.i.d.

))}
=

K∑
k=1

ψ(k) +

∑Nt
m=Nt−K+1 det(Ψm)∏Nt

i<j(ηj − ηi)
(2.45)
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which are obtained from [12,31]. To evaluate Rcor,kR
H
cor,k, we notice that

Rcor,k ∼ CN (0(K−1)×Nt
,ΘR,r,kk ⊗ΘR,t), (2.46)

which implies that we can directly employ (2.44) and (2.45). Combining these results

and using (2.7) and (2.8), after several simplifications, we conclude the proof.

2.5 Numerical Results

In this section, we present the CDF obtained from Monte Carlo simulations and the

proposed bounds. The CDF is necessary because we can investigate the expectation and

sum rate corresponding to a given value of the CDF. The results in this section illustrate

the effects of spatial correlation on the distribution of the sum rate. Another goal is to

verify that (2.23) is a good approximation to the exact sum rate distribution.

2.5.1 Effect of Spatially Correlated Shadowing

In this subsection, we consider that spatial correlation occurs only in shadowing. This

scenario exists when the inter-antenna distance of the BS and inter-user distance are

ten times greater than the operating wavelength, i.e., fading can be considered to be an

independent process (ΘR,t = INt and ΘR,r = IK). Hereafter, we first concentrate on the

effect of the number of transmit antennas and then summarize the effect of correlated

shadowing by analytically investigating the results.

In Fig. 2.3, the simulated CDF of the achievable sum rate and the proposed analytical

bounds are plotted. We normalize the correlation distance of shadowing by defining

ξ = dcor/Rcell ranging from 0 to ∞. We also consider different MIMO configurations by

keeping the user number K = 5 constant and increasing only Nt.

The figure indicates that, as expected, both the bounds remain sufficiently tight

across the entire sum rate range, which implies that the proposed methods can explicitly
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Figure 2.3: Simulated CDF of sum rate and the proposed analytical bounds with Rcell =
1, ζ = −4, K = 5, Sk ∈ N (0, 8)∀k, ξ = 0.2, and SNR = 10dB.

predict the exact sum rate distribution with a lower computational load. Furthermore,

the tightness of the upper bound improves with increasing Nt. In fact, at the limit of a

large number of transmit antenna, the bound becomes exact because of the law of large

numbers, which states that limNt→∞
Ri.i.d.R

H
i.i.d.

Nt
→ IK . These results are consistent with

those in [31].

To investigate the relationship between the inter-user distance L and sum rate corre-

sponding to a given value of the CDF and hence analyze the effect of spatially correlated

shadowing, in Fig. 2.4, the simulated sum rate corresponding to 10% of the CDF and

the proposed analytical bound are plotted against L over the range of 0 to 2Rcell. In

this case, we remove the effect of path loss, enabling the effect of correlated shadowing

to be clearly observed. Note that the sum rate corresponding to a low value of a CDF,

for instance, 10%, is not commonly used to evaluate communications systems. However,
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Figure 2.4: The simulated sum rate corresponding to 10% of the CDF and the proposed
analytical bounds against L with K = 2, Nt = 100, Sk ∈ N (0, 8)∀k, and SNR = 10dB.
The effect of path loss has been removed.

in this study, we can use it as a performance measure mainly because it is worth un-

derstanding how the shadowing auto-correlation affects the sum rate distribution when

the MIMO channel is poor. This measure also seems more intuitive when investigated

as a function of the inter-user distance or SNR, which can help us analyze the effects of

shadowing correlation more efficiently.

Figure 2.4 shows that the sum rate corresponding to 10% of the CDF approaches

higher values as L increases because the correlation of shadowing decreases. Moreover,

this sum rate decreases as the normalized correlation distance ξ increases. The reason for

this is the decrease in the number of DOFs in shadowing RVs. Thus, if the spatial area

can be considered completely correlated, the effect of shadowing will disappear. This

result is confirmed by the curve of ξ = ∞ in Fig. 2.4.
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Figure 2.5: Simulated and theoretical relative sum rate corresponding to 10% of the
CDF against L/dcor with K = 2 and Sk ∈ N (0, 8)∀k. The effect of path loss has been
removed.

Fig. 2.5 presents the relative sum rate corresponding to 10% of the CDF against the

ratio of the inter-user distance L to the shadowing correlation distance dcor with different

ξ, and we let this ratio range from 0 to 10. The relative sum rate corresponding to 10%

of the CDF Ĉ is defined as

Ĉ =
C − CCCS

Ci.i.d. − CCCS
, (2.47)

where Ci.i.d. and CCCS are the sum rate corresponding to 10% of the CDF in the i.i.d.

and completely correlated shadowing (CCS) models, respectively, i.e., in the ξ = 0 and

ξ = ∞ cases, respectively. Note that the effect of the path loss has also been removed.

From Fig. 2.5, we conclude that the shadowing is essentially independent when the

inter-user distance L is approximately five times greater than the shadowing correlation
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distance dcor. This validates recent results in the MIMO literature [51]. It is worth men-

tioning that shadowing attenuation and its spatial correlation depend on the parameters

of a realistic environment. In this study, however, we demonstrated a relationship be-

tween the i.i.d. and spatially correlated shadowing employing the lognormal function to

model the shadowing attenuation and exponential decay function to model its autocorre-

lation. Therefore, this result obtained from Fig. 2.5 is applicable only for the case under

consideration and may be possibly used in a realistic environment with indispensable

experimental support.

2.5.2 Effect of Correlated Rayleigh Fading

In this subsection, we consider that spatial correlation can occur in both shadowing and

fading. This scenario exists when the antenna array is sited at the BS, and users are

distributed closely. Hereafter, we first investigate the CDF of the sum rate under the

effects of composite fading and then concentrate on analyzing the sum rate corresponding

to 10% of the CDF. Note that, in this case, shadowing can be considered to be completely

correlated because fading correlation occurred in a small-scale spatial area.

In Figs. 2.6 and 2.7, the effects of composite fading on the CDF and sum rate corre-

sponding to 10% of the CDF are addressed, respectively. In this case, the transmit fading

correlation matrix ΘR,t and receiver fading correlation matrix ΘR,r are modeled via the

well-known exponential correlation model, and thus [ΘR,t]ij = β
|i−j|
t and [ΘR,r]ij = β

|i−j|
r

with βt, βr ∈ [0, 1) as the transmit and receiver correlation coefficient, respectively [52].

From these figures, we observe that the spatially correlated shadowing equally changes

the distribution by increasing the sum rate corresponding to high values of the CDF and

decreasing the sum rate corresponding to low values of the CDF. For average values of the

CDF, however, spatially correlated shadowing does not have any effect. We also easily

notice the diminishing effects of Rayleigh fading correlation on the CDF, which validates
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Figure 2.6: Simulated CDF of the sum rate and the proposed analytical bounds under
the effects of composite fading with Rcell = 1, K = 3, Nt = 10, Sk ∈ N (0, 8)∀k, and
SNR = 10dB.

several well-known results in the MIMO literature [8,29,30,39]. This is due to the reduced

transmit and receiver diversity because the spatial signatures of the wavefronts become

identical with a higher βt and βr, thereby decreasing the number of DOFs in the MIMO

channel.

In Fig. 2.8, comparisons of the effects of spatial correlation using the proposed bounds

and simulated methods for the sum rate corresponding to 10% of the CDF against the

SNR are evaluated. Three different pairs of Rayleigh fading correlation coefficients are

considered under the effect of CCS. This figure shows an interesting result, namely,

the loss of the sum rate corresponding to 10% of the CDF is more severe when fading

correlation occurs at the user side rather than at the BS side. In fact, from the third

expression in (2.39) and (2.40), the effect of ΘR,t is purely through its eigenvalues.

However, the relative effect of the transmit correlation not only depends on Nt but also
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Figure 2.7: Simulated sum rate corresponding to 10% of the CDF and the proposed
analytical bounds against the SNR under the effects of composite fading with Rcell = 1,
K = 3, Nt = 10, and Sk ∈ N (0, 8)∀k.

on K. This is in contrast to the effect of receiver correlation, which depends only on K.

A detailed theoretical analysis of the SNR power offset due to Rayleigh fading correlation

in MIMO minimum mean square error (MMSE) receivers is found in [53]; however, it

should be noted that the authors in [53] employed an SU-MIMO system using MMSE

detection, which is an inverse process to the ZF precoding technology employed in our

work.

2.6 Summary

In this study, a detailed analysis of the sum rate distribution in MU-MIMO systems with

ZF precoding was presented. Specifically, novel upper and lower CDF bounds were de-

vised, which can be applied for an arbitrary number of antennas and remain tight across
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Figure 2.8: Comparisons of effects of spatial correlation by using the proposed bounds
and simulated methods for the sum rate corresponding to 10% of the CDF against SNR,
Rcell = 1, K = 3, Nt = 10, Sk ∈ N (0, 8)∀k, and ξ = ∞.

the entire SNR range. In fact, the proposed lower bound becomes exact at high SNRs.

More importantly, the proposed bounds are generic because they encompass the com-

posite fading channel model consisting of spatially correlated shadowing and correlated

Rayleigh fading, which have practical interest, and can be very easily evaluated. With

the help of these bounds, we gained valuable insights into the effects of the composite

fading parameters on the performance of MU-MIMO systems. For instance, we derived

a relationship between the inter-user distance and sum rate corresponding to 10% of the

CDF. A practical conclusion from our results based on the considered system is that

the effect of spatially correlated shadowing can be considered to be independent when

the inter-user distance is more than five times the correlation distance of shadowing.

Moreover, we examined in detail the effects of spatial correlation under shadowing and
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fading, the number of antennas, and the SNR.
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Chapter 3

Performance Evaluation for
MU-MIMO DASs

In chapter 2, we mathematically analyzed the sum rate distribution in MU-MIMO CASs

and summarized that the increasing of inter-antenna distance on user side can decrease

the spatial correlations existing both in shadowing and Rayleigh fading, and thus im-

proves performances of system sum rates. In this chapter, in order to further verified

and clarified that the increasing of inter-antenna distance on BS side, i.e., a MU-MIMO

DAS, can also significantly improve the performances of sum rates under the effects of

correlated composite fading and inter-cell interference, we investigate and compare the

characteristics of system sum rates in both CASs and DASs under the effects of the

considered attenuation channels.

The introduction of this chapter is described in Sect. 3.1. In Sect. 3.2, we define the

system model for the CAS and DAS and derive an expression that can calculate the

system sum rate with inter-cell interference. In Sect. 3.3, we introduce and describe

the mathematical background for the channel model in which the spatial correlation is

considered. In Sect. 3.4, we present the simulation results and analyze the effect of spatial

correlation on the sum rate performance in a CAS and DAS, respectively. Concluding

remarks can be found in Sect. 3.5.
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Notations: In this study, we use upper- and lower-case boldface to denote matrices

and vectors, respectively. The n × n identity matrix is denoted by In, and the (i, j)th

element of a matrix is denoted by [A]ij . The expectation is given by E{·}, and the

matrix determinant is given by det(·). The symbols (·)† and (·)H represent the pseudo-

inverse and Hermitian transpose of a matrix, respectively, and “◦” denotes the Hadamard

product, i.e., [A ◦B]ij = [A]ij [B]ij . To distinguish the square root of a matrix A
1
2 , we

use A
1
2
◦ to denote the positive square root of A with respect to the Hadamard product

such that A
1
2
◦ ◦ A

1
2
◦ = A. The symbol ∼ CN (M,Σ) denotes a complex Gaussian RV

with a mean M and covariance Σ, and diag{·} and vec{·} represent a diagonal matrix

and a column vector consisting of their inside elements, respectively.

3.1 Introduction

Theoretical research has shown that a DAS has great advantages in capacity and coverage

improvement, and a comparison of CAS and DAS downlink channel capacities has been

also discussed in detail in many papers [5–8, 14, 15, 54, 55]. To exploit the performance

potential of a DAS, the authors in [5, 7, 14, 15, 54] studied the channel capacity of a

DAS considering the effects of path loss and fading that combines both the multi-path

fading and lognormal shadowing. In [8], the advantages of a DAS in correlated fading

scenarios were demonstrated via an asymptotic analysis, whereas the channel capacity

of DAS over-shadowed Nakagami-m fading channels was analyzed in [6]. In [55], the

authors derived a capacity expression for DAS over-shadowing and multi-path fading

attenuation in a frequency-selective channel using a Monte Carlo numerical computation

method. Although many studies consider these channel capacities assuming path loss,

shadowing, correlated or uncorrelated Rayleigh fading, and a frequency-selective or non-

selective channel, the shadowing attenuation was considered as i.i.d. lognormal RVs.
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In a well-known i.i.d. shadowing model, multiple antennas, as in a CAS, sited in the

same locale are assumed to experience the same shadowing attenuation; on the other

hand, multiple antennas, as in a DAS, are distributed among multiple widely separated

radio ports and experience mutually independent shadowing for each link between a user–

port pair. This independence yields an improvement in the channel ergodic capacity. In

particular, there have been several works that verified the improvement in the outage

capacity via this classical i.i.d. shadowing model [6–8,54,55].

Unfortunately, the spatial correlations consisting of the shadowing correlation and

multi-path fading correlation exist widely in realistic wireless communication systems;

therefore, the effects of these correlations should not be ignored if we try to make the

results more authentic. More specifically, in [25], as well as in the above chapter, we de-

vised novel upper and lower bounds for the distribution of the sum rate by employing a

MU-MIMO CAS with spatial correlation. As a result, we found that there is a significant

effect on the system sum rate corresponding to low values of the CDF due to the shad-

owing correlation and a diminishing effect on the average sum rate due to the Rayleigh

fading correlation. Regrettably, the effects of these correlations on the DAS were not

mentioned owing to the different propagation paths of each user–port pair, which makes

the theoretical analysis of the MU-MIMO DAS mathematically difficult.

In [56], we investigated and compared the characteristics of the MU-MIMO system

sum rate in a CAS and DAS under the effects of distance-dependent path loss, spatially

correlated shadowing, i.i.d. Rayleigh fading, and inter-cell interference. A statistical

analysis revealed that a DAS can improve the system sum rate performance compared

to a CAS for the case under consideration. However, this improvement would become

smaller with an increase in the shadowing correlation. Although the results in our study

[56] could be applied in wireless communication systems with a realistic attenuation

environment, the presented model loses generality because the fading correlation that
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usually occurred when the antennas are distributed within a small interval space was not

considered.

Furthermore, in the previous studies, we employed a typical peer-to-peer (P2P) sys-

tem model to analyze the performances of the CAS and DAS and modeled the shadowing

correlation on both the transmit and receiver sides by the same well-known exponential

decay function [41]. However, the shadowing correlation on the transmit side, i.e., the

BS side in the downlink transmission, should be modeled using another type of function

owing to the large difference in antenna heights on the transmit and receiver sides that

makes an extension of the conclusions obtained from the P2P systems to cellular wireless

communication systems not straightforward.

To the best of the author’s knowledge, there have been few previous studies on the

comparison of the channel capacity for a cellular CAS and DAS with spatial correlation

and inter-cell interference. On the basis of this fact, we have attempted to bridge this

gap by analytically investigating these sum rates by employing a more detailed spatial

correlation model for the DAS with MU-MIMO transmissions.

3.2 System Model and Sum Rate Expression

We consider the multi-cell CAS and DAS downlink system model in Fig. 4.1 in which

the radius of each hexagonal cell is Rcell. The system consists of J cells (indexed with

j ∈ {0, · · · , J − 1}), and there are Nt (indexed with n ∈ {1, · · · , Nt}) centralized or

distributed antennas in cell j. We define the generalized CAS as the one that has

centralized antennas spaced at a small distance, typically tens of wavelengths, and the

generalized DAS as the one in which all of distributed antennas are spaced at an inter-

antenna distance of 0.5Rcell, typically tens of hundreds of meters [38]. Optical fibers are

employed to transfer information and signaling between the antennas and the BS within

each cell, and all signals from the same cell are jointly processed in the corresponding BS.
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(a) Multi-cell CAS (b) Multi-cell DAS
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Figure 3.1: Illustration of a homogeneous cellular CAS and DAS consisting of J macro-
hexagon omni-cells with identical radii Rcell. Nt antennas are centrally or dispersedly
sited in each cell. The shaded and blank areas represent the interested and interference
cells, respectively. J = 7, Nt = 7.

(a) CAS

1st user

2nd user

kth user

(b) DAS

1st user

2nd user

kth user

Figure 3.2: Illustration of interested cell 0 with centralized and distributed antenna
schemes. K users, each equipped with one antenna, communicate with the BS and are
uniformly distributed in the interested cell.

In interested cell 0, as shown in Fig. 3.2, there areK (indexed with k ∈ {1, · · · ,K}) users,

each equipped with one antenna, that communicate with the BS using a carrier frequency

f . In general, we assume that the users within interested cell 0 are randomly deployed in
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the corresponding coverage area with an independent uniform distribution. Note that we

should use the same configuration on the user side to accurately compare the differences

in the sum rate in both the CAS and DAS because the primary difference between a

CAS and a DAS is that the BS locates antennas centrally or dispersely. Therefore, in

our model, we assumed that each user is equipped with one antenna to reduce the system

complexity.

Hereafter, we use ZF precoding to cancel the inter-user interference. ZF precoding is

the well-known linear precoding scheme that can be achieved, in which the BS transmits

signals in a way to isolate the users’ transmissions and thus decouples the multi-user

channel into multiple independent sub-channels, i.e., it nulls multi-user interference sig-

nals [57]. This scheme has been studied extensively in multi-user systems. In this study,

we combine the ZF precoding technique with our system and then concentrate on in-

vestigating the system sum rate in interested cell 0 considering the effects of inter-cell

interference and spatial correlation.

Through the composite fading channels (i.e., with both Rayleigh fading and shadow-

ing), the received signal vector of K users in interested cell 0 is expressed as

y = H̃WP
1
2x+ n, (3.1)

where the K × Nt combined matrix H̃ consists of each channel attenuation matrix

Hj ∈ CK×Nt∀j, Hj = (hT
j1, · · · ,hT

jK)T, and hjk ∈ C1×Nt∀j, k. W = (w1, · · · ,wK) is

the precoding weight matrix with the element wk ∈ CNt×1. P = diag{p1, · · · , pK} is the

transmit power scaling factor matrix. x ∈ CK×1 is the vector of the transmitted symbols

that are drawn from a zero-mean Gaussian codebook with a unit average power, i.e., the

entries of x are modeled as CN (0, 1) RVs. The block length of the codebook is sufficiently

long so that it encounters all possible channel realizations for ergodicity [37, 58]. The
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complex noise term n ∈ CK×1 has zero mean with E{nnH} = N0IK , where N0 is the

noise power.

Using the combined channel method that was proposed in [59] and applied in [56], the

matrix H̃ can be considered as a combination of interference channel matrices expressed

as

H̃ = Q− 1
2H0, (3.2)

where Q = diag{qk}Kk=1, and qk takes the following form:

qk = 1 +
J−1∑
j=1

ρj
Nt

hjkh
H
jk, (3.3)

where ρj = Pt, j/N0 is the transmit signal-to-noise ratio (SNR) in cell j, and Pt, j is the

total transmit power from cell j. In fact, the main idea of the combined channel method

described in [59] is changing the expression form of the mutual information (eq. 4 in [59])

by invoking the fact that det(I+AB) = det(I+BA) for the square matrices A and B.

On the basis of the results in [59], the authors suggest that we can directly consider the

combined channel matrix as a product of the matrix Q− 1
2 that includes the information

about the interference signals and the matrix H0 that includes the information about the

desired signals. Note that we assumed the inter-cell interference at each receive antenna

consists of mutually independent complex Gaussian RVs to obtain (3.3) [5, 60], and the

transmit power in each interference cell is uniformly allocated. In fact, a more generalized

method to analyze the characteristics of the system sum rate for multi-cell CASs and

DASs with the case under consideration is by solving the sum rate maximization (SRM)

problem via an efficient algorithm, e.g., the one proposed in [19]. In this study, the inter-

cell interference model can be simplified to (3.3) with the assumption that we mentioned

before because we mainly focus on the behavior of the sum rate changes in interested

cell 0 [56].
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Assuming that the channel-state information at the transmitter (CSIT) side is avail-

able, the average transmit power in interested cell Pt,0 is distributed uniformly among

all users. According to [25], the instantaneous received SNR at the kth user with the ZF

precoding weight matrix W = H̃
†
[16] is equal to

γk =
ρ0

K

[(
H̃H̃

H
)−1

]
kk

. (3.4)

By taking the expectation over the instantaneous received SNR with respect to the

combined channel matrix H̃, we have the ergodic system sum rate that is essentially the

sum of the throughputs contributed from all users:

C = E

{
K∑
k=1

log2 (1 + γk)

}
, (3.5)

where C is taken over all channel realizations. The main challenge is investigating the

characteristics of the CAS and DAS by (3.5) to obtain the sum rate C that depends on

different user patterns. Certainly, the effects of spatially correlated shadowing, correlated

fading, and inter-cell interference are considered.

3.3 Channel Model

The channel attenuation matrix Hj is not only affected by Rayleigh fading but also by

shadowing and path loss. For our scenario, Hj can be generated from the following

expression:

Hj = D
1
2
◦

j ◦ S
1
2
◦

cor, j ◦Rcor, j, (3.6)

where the entries of the matrix Dj ∈ RK×Nt represent the path loss. Thus, Dj =

(dT
j1, · · · ,dT

jK)T, where the vector djk ∈ R1×Nt has Nt elements, and the nth element

can be expressed as [djk]n = d−ζ
jkn, where djkn denotes the distance between the kth user

and the nth antenna at the BS site in cell j, and ζ is the path loss exponent.
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3.3.1 Spatially Correlated Shadowing

The entries of the matrix Scor, j ∈ RK×Nt represent the spatially correlated shadowing;

thus, Scor, j = (sTj1, · · · , sTjK)T with the identical auto-correlation matrix ΘS,r ∈ RK×K

among every row, where the vector sjk ∈ R1×Nt has Nt elements, and the nth element

can be expressed as [sjk]n = 100.1sjkn , where sjkn ∈ N (µsjkn , σ
2
sjkn

) is a Gaussian RV. In

this study, we consider a homogeneous1 cellular system; therefore, the shadowing RVs

for each propagation follow an identical distribution, i.e., sjkn ∈ N (µ, σ2)∀j, k, n. From

the previous experiments reported in [41, 61], it was found that the shadowing auto-

correlation (SAC), i.e., the correlation between the RVs sjkn and sjk′n, can be modeled

via an exponential decay function; therefore, the (l,m)th element of matrix ΘS,r can be

obtained from

[ΘS,r]lm = exp

(
− Llm

dcor,r
ln 2

)
, (3.7)

where Llm denotes distance between the lth user and the mth user, and dcor,r is the shad-

owing correlation distance on the user’s side. The terminology “shadowing correlation

distance” was used in [41], depends on the environment, and corresponds to the distance

at which the correlation drops to 0.5.

The spatial correlation between the RVs sjkn and sj′kn′ can be modeled using a

suitable shadowing cross-correlation (SCC) model2, which should incorporate two key

variables, i.e., the angle-of-arrival (AOA) difference that represents the angle between the

two paths from different BSs to the user and the relativity of the two path lengths [62,63].

When the AOA difference is small, the two path profiles share many common elements

and are expected to have high correlation. On the other hand, the longer path length

1The terminology “homogeneous” usually means describing a material or system that has the same
properties at every point in space; in other words, uniform without irregularities.

2The terminology “shadowing cross-correlation” means that the shadowing correlation occurs at a
given time instant when the links between a user and two different BSs are considered.
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Figure 3.3: An explanation of the shadowing cross-correlation model.

incorporates more elements that are not common to the shorter path as it increases;

therefore, the correlation decreases.

The verified SCC model in [62, 64] is taken into account in this study. In Fig. 3.3,

the SCC coefficient for two antennas at the BS sited in cell j and the BS sited in cell j′

with distances djkn and dj′kn′ (djkn < dj′kn′) from the user k and the AOA difference of

θjnkj′n′ in this model can be expressed as

ϵjnkj′n′ =


√

djkn
dj′kn′

0 ⩽ θjnkj′n′ < θcor,t(
θcor,t

θjnkj′n′

)κ√ djkn
dj′kn′

θcor,t ⩽ θjnkj′n′ ⩽ π,
(3.8)

where κ is referred to as a parameter determined in practice by the size and height of the

terrain and the height of the BS [64]. θcor,t corresponds to the threshold angle depending

upon the shadowing correlation distance dcor,t on the BS side and can be defined as

θcor,t = 2 tan−1

(
dcor,t
2djkn

)
. (3.9)

On the basis of these descriptions of the shadowing auto-correlation and cross-correlation,
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we first define the following matrix to generate the matrices Scor, j:

Scor =
(
vec
{
ST

cor, j

}J−1

j=0

)T
=(Scor,0, · · · ,Scor, J−1) (3.10)

that consists of Scor, j in decibels. Then, according to [65], the matrix Scor can be

obtained from

Scor=Θ
1
2
S,r · diag {si.i.d.,k}

K
k=1 · vec

{
Θ

1
2
S,t,k

}K

k=1

, (3.11)

where si.i.d.,k ∈ R1×JNt∀k has JNt mutually independent Gaussian RVs whose mean is

µ, and whose variance is σ2. The matrix ΘS,t,k ∈ RJNt×JNt∀k represents a joint SCC

matrix for user k. The (a, b)th element of ΘS,t,k with a = jNt + n and b = j′Nt + n′ is

the cross-correlation coefficient between the nth antenna in cell j and the n′th antenna

in cell j′ that can be calculated by (3.8).

3.3.2 Correlated Rayleigh Fading

The entries of the matrix Rcor, j ∈ CK×Nt represent the correlated Rayleigh fading.

On the basis of the same methods for generating the shadowing attenuation matrices de-

scribed in 3.3.1,Rcor, j can be generated by defining the matrixRcor = (Rcor,0, · · · ,Rcor, J−1),

and Rcor can be obtained from the following expression:

Rcor=Θ
1
2
R,r · diag {ri.i.d.,k}

K
k=1 · vec

{
Θ

1
2
R,t,k

}K

k=1

, (3.12)

where the entries of ri.i.d., k ∈ C1×JNt∀k are modeled as i.i.d. CN (0, 1) RVs. ΘR,r and

ΘR,t,k are Rayleigh fading correlation matrices on the user and BS sides. From previous

studies, the fading correlation can be modeled via two well-known correlation models:

exponential correlation with

ΘR,r = IK (3.13)
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and

[ΘR,t,k]ab =

{
β
|n−n′|
j j = j′

0 j ̸= j′,
(3.14)

where a = jNt + n, b = j′Nt + n′, and βj ∈ [0, 1)∀j [52]; and a recent model proposed

in [39]. The advantage of using the latter model is that the effects of the essential ele-

ments that affect the fading correlation, e.g., the AOA and inter-antenna distance, can

be clearly illustrated. However, more time should be used for the simulation owing to

the complexity. Therefore, we employ the first exponential correlation model to generate

the correlated fading considering that our main goal is to analyze the shadowing atten-

uation. It must be noted that the fading correlation matrix on the user side ΘR,r can

be considered as an identity matrix IK because K users are geographically separated in

general.

3.4 Simulation Parameters and Results

3.4.1 Simulation Parameters

In this simulation, a homogeneous cellular area consists of seven macro-hexagon omni-

cells with identical radii Rcell = 100m. The seven users are assumed to be uniformly

distributed in interested cell 0. The parameter κ in the SCC model (3.8) is set to 0.3,

and the BS antenna height is set to 15m [64]. The carrier frequency f = 2 × 109Hz.

On the basis of previous experimental reports in [64] and [41], the shadowing correlation

distance on the transmit and receiver sides can be set to 20m at a carrier frequency of

2× 109Hz. In fact, some results in [56] show that the effect of the shadowing correlation

is mainly dominated by the ratio of the correlation distance to the cell radius, i.e., the

normalized shadowing correlation distance. Therefore, we denote ξ as the normalized

shadowing correlation distance and use subscripts t and r to identify the state of the

transmit and receiver sides, respectively. It is worth mentioning that, according to (3.7),
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the correlation coefficient in the SAC model is a function of Llm/dcor,r; therefore, we can

reasonably consider that ξr = dcor,r/Rcell is the dominant parameter. This is because

dcor,r should also be normalized by the cell radius to ensure that the solution of (3.7)

remains the same if the distance between two positions, e.g., Llm, is normalized by the

cell radius Rcell and then used in the considered system. Moreover, once the locations

of the BS and user are fixed, the correlation coefficients then depend only on ξr. These

are the main reasons that the authors in [56] used ξr to analyze the performance of the

sum rate in their system. The same analysis and conclusion for ξt = dcor,t/Rcell in our

SCC model is also applicable because the correlation coefficient in (3.8) is a function

of the threshold angle θcor,t, which depends on the ratio of dcor,t to djkn. Some results

about the effects of ξt and ξr will be shown in next subsection. The detailed simulation

parameters are listed in Table 4.1.

3.4.2 Simulation Results

In this subsection, we compare the characteristics of MU-MIMO in a CAS and DAS via

the calculation of the CDF and expectation of the system sum rate via a Monte Carlo

numerical computation method. The CDF is necessary because we can investigate the

average and the sum rate corresponding to arbitrary values of the CDF. The results illus-

trate the effects of spatial correlation and inter-cell interference on the channel average

sum rate and its distribution. In particular, the effects of the shadowing correlation on

the BS and user sides are also demonstrated.

Figures 3.4 and 3.5 show comparisons of the CDF and average of the system sum

rate in a CAS and DAS under the effects of spatial correlation and inter-cell interference

employing the i.i.d. and spatially correlated shadowing models, respectively. To easily

analyze the characteristics of the system sum rate with interference, we assume that all
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Table 3.1: Simulation parameters.

Parameters Values

Radius of hexagon cell Rcell = 100m
Carrier frequency f = 2× 109Hz
BS antenna height 15 m
Number of interference cells J = 7
Number of user samples 1000
Number of transmit antennas Nt = 7
Number of users K = 7
Path loss exponent ζ = 4
Shadowing model spatially correlated
Shadowing mean value µ = 0dB [66]
Shadowing standard deviation σ = 8.0 dB [66]
Correlation distance on user side dcor,r = 20m [41]
Correlation distance on BS side dcor,t = 20m [64]
SCC parameter κ = 0.3 [64]
Number of shadowing samples 200
Rayleigh fading model spatially correlated
Fading correlation for CAS βj = 0.1∀j
Fading correlation for DAS i.i.d.
Fading correlation for MU i.i.d.
Number of fading samples 1000

of the BSs sited at interference cells have the same total transmit power Pt, j for j ∈

{1, · · · , J−1} and set their normalized transmit SNR equal to 0 and 10 dB, respectively.

From these figures, we find that the CDF and average of the system sum rate in a DAS

are improved significantly compared to those in a CAS, even under the effects of spatially

correlated shadowing and inter-cell interference. This improvement can be considered as

the contributions from reducing the access distance and shadowing correlation due to the

separation of the antennas and users that occurred. However, the gap between the CAS

and the DAS becomes smaller with increasing interference power. In fact, on the basis

of the result we found before, the DAS can enhance the desired signals by reducing the

access distance and shadowing correlation, which also means it enhances the interference

signals for the same reasons. Consequentially, the improvement in the system sum rate
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Figure 3.4: Comparison of the CDF of the system sum rate in a CAS and DAS under
the effects of spatial correlation and inter-cell interference for SNR = 20 dB.

for the DAS decreases gradually with increasing inter-cell interference.

Moreover, these figures notably show that the sum rate decreases slowly with increas-

ing interference power compared to the i.i.d. shadowing model in the case of correlated

shadowing. The reason can be elucidated via analyzing (3.2) and (3.3) and noting the

diminishing effects of the shadowing correlation on the inter-cell interference matrix Q,

which increases the eigenvalues of the matrix Q− 1
2 that directly affect the speed of sum

rate changes.

For illustrating the effect of shadowing correlation, in Fig. 3.6, we demonstrate some

relationships between the average system sum rate and the normalized shadowing cor-

relation distance (ξt and ξr) in a CAS and DAS without inter-cell interference. Note

that, in this simulation, ξt and ξr can range from 0 to ∞ by changing shadowing correla-

tion distance dcor,t and dcor,r, respectively, and the shadowing RVs become independent
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Figure 3.5: Comparison of the average system sum rate in a CAS and DAS under the
effects of spatial correlation and inter-cell interference.

when equal to 0; on the other hand, the shadowing RVs become completely correlated

when equal to ∞. In our correlated shadowing model, we assume ξt, ξr ∈ (0, 1], i.e.,

dcor,t, dcor,r ∈ (0, Rcell], to be practically sufficient. It is worth mentioning that the value

of the shadowing correlation distance depends on the parameters of a realistic environ-

ment. Therefore, the ranges of dcor,t and dcor,r in a realistic environment should be

obtained by a large number of experiments. However, we consider that both ranges of

dcor,t and dcor,r follow our assumption to generally analyze the effect of the shadowing

correlation distance on the sum rate changes.

Figure 3.6 shows that the average system sum rate in a DAS considerably decreases

because of the shadowing correlation. In contrast, there appears to be no change in the

CAS. Actually, in [25], we devised some novel upper and lower bounds for the distribu-

tion of the system sum rate in an MU-MIMO CAS and concluded that the shadowing
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Figure 3.6: The effects of SAC and SCC on the average system sum rate in a CAS and
DAS without inter-cell interference: SNR = 20dB.

correlation equally changes the distribution by increasing the sum rate corresponding to

high values of the CDF and decreasing the sum rate corresponding to low values of the

CDF; however, the shadowing correlation does not have any effect on the average sum

rate. The lower two curves in Fig. 3.6 also validate this conclusion. Furthermore, there

are two different types of sum rate changes in a DAS. The reason is that the shadowing

correlation distance on the BS side dcor,t only affects the threshold angle θcor,t in our

SCC model that can be formulated by (3.8) and (3.9). Consequentially, the change in

the system sum rate would tend to a fixed value at a particular point depending upon

the threshold angle. On the other hand, the parameter dcor,r directly affects the SAC

coefficients; therefore, the average sum rate would decrease with increasing ξr.
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3.5 Summary

In this study, we investigated the characteristics of the MU-MIMO system sum rate in

a CAS and DAS under the effects of distance-dependent path loss, spatially correlated

shadowing, correlated Rayleigh fading, and inter-cell interference via a Monte Carlo nu-

merical computation method. To generate the channel attenuation matrices, we first

introduced two different types of functions to model the SAC and SCC and a typical ex-

ponential decay function to model the Rayleigh fading correlation. Thus, we successfully

obtained the CDF of the system sum rate and its average. Computer simulation results

indicated that a DAS offers higher system sum rate performance than a comparable CAS

in the case under consideration. However, this improvement decreased with increasing

interference power. Furthermore, compared to the i.i.d. shadowing model, the decrease

in the system sum rate due to the increase in the interference power became slow under

the effect of shadowing correlation.
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Chapter 4

Exploration on Clustering Scheme
for Large-scale MU-MIMO DASs

In Chapter 2, we theoretically analyzed the effects of composite fading channel with

correlation on the performance of sum rate in MU-MIMO CASs, and then an impor-

tant conclusion for CASs has been verified that is the spatial correlation significantly

affects the system sum rate corresponding to low values of the CDF due to the shad-

owing correlation and a diminishing effect on the average sum rate due to the Rayleigh

fading correlation. However, the average sum rate does not seem affected by the shad-

owing correlation. In Chapter 3, we clarified that the MU-MIMO DASs can significantly

improve the performance of sum rate including the average value under the effects of

correlated composite fading and inter-cell interference. As the final step to achieve a

large-scale DAS with MU-MIMO transmission for the improvement of system sum rate,

in this chapter, we explore and propose a simple scheme to dynamically format multiple

clusters at a reduced computational cost.

The introduction of this chapter is described in Sect. 4.1. In Sect. 4.2, we define the

system model and describe the mathematical background for the channel attenuation

model in which the spatial correlation is considered. In the same section, we also derive

several expressions that can be used to calculate the sum rate and formulate the problems.
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In Sect. 4.3, a simple dynamic CS targeting to maximize the system sum rate is presented.

In Sect. 4.4, we compare the characteristics of the proposed and other dynamic CSs

using a simulation method. In Sect. 4.5, we analyze the complexity of the described CSs.

Concluding remarks are presented in Sect. 4.6.

Notation: We use upper- and lower-case boldface to denote matrices and vectors,

respectively. The n × n identity matrix is denoted by In, and the (i, j)th element of

a matrix is denoted by [A]ij . The expectation value operator is written as E{·}. We

use calligraphic font A to denote an integer collection and |A| to indicate the size of

this collection. The symbols (·)† and (·)H represent the pseudo-inverse and Hermitian

transpose of a matrix, respectively, and “◦” denotes the Hadamard product, i.e., [A ◦

B]ij = [A]ij [B]ij . To distinguish the square root of a matrix A
1
2 , we use A

1
2
◦ to

denote the positive square root of A with respect to the Hadamard product such that

A
1
2
◦ ◦A

1
2
◦ = A. The symbol ∼ CN (M,Σ) denotes a complex Gaussian random variable

with mean M and covariance Σ, and diag{·} and vec{·} represent a diagonal matrix and

a column vector, respectively.

4.1 Introduction

4.1.1 Review of Previous Works

In this study, we focus on solving the clustering problem in large-scale MU-MIMO DASs

with multiple carriers. In fact, clustering using orthogonal carriers in large-scale MU-

MIMO DASs can be considered arbitrary resource allocation among users, BSs, and

carriers. Initially, a static CS, which depends on the locations of users and BSs, has

been proven to improve the efficiency of the frequency spectrum [9, 10]. In this scheme,

the geographical area is divided into a fixed cluster structure, with each cluster having

a unique, fixed carrier. The limitation of this CS, however, is a lack of diversity with

respect to changing channel conditions, because the clusters are static.
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To improve the above-described CS, an advanced location-based adaptive (LOCA)

CS was considered in [11]. In this scheme, the carrier associated with its cluster may be

changed for every channel realization, and can be dynamically allocated to the appropri-

ate cluster. Although this scheme can achieve a frequency diversity gain, its limitation

is also a lack of space diversity because of the fixed cluster structure.

On the other hand, an optimal allocation among users, BSs, and carriers for dynamic

clustering is obtained by exhaustively searching all possible cluster formations1 for each

channel realization and selecting the one that yields the maximum capacity. However,

such an method is not practically feasible because the computational cost increases ex-

ponentially as the number of users and BSs increases.

To reduce the computational cost, several antenna selection methods [67, 68] have

been studied over the past decade. In particular, norm-based method [67] remain a

popular method because of their simplicity. The main drawback, however, is that they

may lead to a much lower capacity when some elements of the channel matrix are close

to being linearly dependent. In addition, these methods cannot be directly used in our

study, mainly because they only consider point-to-point MIMO system with a single

carrier (SC).

To format clusters, a clustering approach [69] for multi-cell cooperative processing

network with SC have been studied. Although this approach can dynamically select and

group BSs to format clusters with a less capacity loss, the users served by which BSs have

been already assigned before running their algorithm, and the number of cooperating BSs

in each cluster, i.e., the cluster sizes are also fixed. These facts restrict its use and make

an extension of the algorithm to our multi-carrier based systems not straightforward.

In recent years, several methods that concentrated on carrier allocation have been

studied, such as that in [23, 24]. Further, a highest-complexity method, i.e., exhaustive
1The terminology “cluster formation” is defined as a formatted cluster in which the cluster size,

allocated users and BSs, and carrier assigned to the cluster are decided.
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search over BSs and carriers, for dynamic clustering have been used in a recent study [21].

Additionally, an iterative algorithm has been proposed to maximize the capacity [24]. In

these studies, although the carriers can be selected and assigned to users or BSs so that

multiple clusters can be formatted, the system is still considered to use multiple point-to-

point transmissions, because the MU-MIMO transmission has not been performed in each

cluster. Moreover, due to the combinations of users and BSs in [21] or the combinations

of BSs and carriers in [24] are not considered, the concept of dynamic clustering over the

dimensions of transmitter, receiver, and carrier is not involved in these studies.

4.1.2 Our Study

Taking a general survey over the past decade, in particular, the past few years, we found

that there have been few studies on clustering for large-scale MU-MIMO DASs with

multi-carrier. In order to bridge this gap and contribute to our future works, in the

present study, we explore and propose a simple scheme to dynamically format multiple

clusters at a reduced computational cost for the considered system. In contrast to the

previous studies, in each cluster, MU-MIMO transmission is performed using a carrier

selected from among several alternative carriers. Moreover, the proposal can further

achieve dynamic allocation for all users (receivers), BSs (transmitters), and carriers at the

same time so as to maximize the system sum rate. Our method starts with several empty

sets over all carriers and then adds one user and one BS per step to the set corresponding

to the carrier used. In each step, the user and BS with the highest contribution to the

sum rate from among all clusters is added to the appropriate set. We expand this method

and use it to solve the existing problems.

Furthermore, to the best of the author’s knowledge, there have been also few studies

on clustering with spatially correlated channel attenuation, such as [23], and only a small

number of studies considering simplified correlation models, such as that in [24]. The
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shadowing in these kinds of studies, for instance, was considered to be either independent

or completely correlated in the same cluster, and either independent or correlated with

a constant value between the different clusters. As these methods are simple, they

cannot accurately simulate realistic environments, because the correlation distance, a

previously unmentioned parameter, plays an important role in channel models [4]. We

have attempted to make a connection by introducing suitable correlated models described

in Chapter 3.

Motivated by the previous discussion, to establish a large-scale MU-MIMO DAS, in

the present study, we first focus on a single cell DAS with spatial correlation and then

propose a CS using multiple orthogonal carriers to achieve MU-MIMO transmissions in

each cluster. We also investigate the performance of proposal by observing the CDF and

the expectation value of the system sum rate. Here, we refer to the calculation method

for sum rate proposed in [25] with the assumption that power is uniformly allocated

among all of the active users, so as to reduce the computational cost. Furthermore, we

compare the characteristics of the proposal to those of other CSs, such as exhaustive

search, traditional LOCA CS [11], and improved norm-based CS, which are described

below.

4.2 System Model and Problem Formulation

4.2.1 System Model

We consider a single cell MU-MIMO DAS using multiple orthogonal carriers. The system

consists of |B| (B := {1, · · · , B} indexed with b) distributed BSs, each equipped with a

single antenna connected to a sub-processor (SP), and |U| (U := {1, · · · , U} indexed with

u) users are distributed in a coverage area with length Rlen and width Rwid. We define

the generalized DAS as the DAS in which all BSs are symmetrically distributed in the

area [38], and the shortest distance between two adjacent BSs is defined as Rant. Optical
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Cluster 1

Cluster 2

BS User

Figure 4.1: Illustration of a single cell MU-MIMO DAS using multiple orthogonal carriers
in which |B| = 8 cooperating BSs, each equipped with a single antenna, simultaneously
serve |U| = 8 users. |J | = 2 clusters are represented by the shaded or blank areas.

fibers are used to transfer information and for signaling between the BSs and the SP. All

signals are jointly processed in this SP.

A downlink scenario in which |J | (J := {1, · · · , J} indexed with j) mutually or-

thogonal carriers can be allocated to |J | clusters is considered. In cluster j, |Bj | ⩽ |B|

(Bj ⊂ B) BSs cooperate under a linear precoding framework and simultaneously com-

municate with |Uj | ⩽ |U| (Uj ⊂ U) users using carrier j. To simplify our system model

and achieve a total number of spatial degrees of freedom (DOF) of |Bj | in cluster j using

a low-complexity MIMO linear precoding scheme, such as ZF precoding, we assume that

each user is equipped with one antenna and that |Uj | = |Bj | ∀j [37].

Note that, to further reduce the system complexity, we assume that each user or BS

uses at most one carrier; however, we allow more than one user or BS to share a carrier,

i.e., it follows that for each carrier j, if b ∈ Bj and u ∈ Uj , b /∈ Bj′ and u /∈ Uj′ for all

j ̸= j′. Furthermore, to achieve a higher spatial multiplexing gain [70] over all clusters,
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we ensure that all BSs are assigned during each clustering operation. An illustration of

the system is presented in Fig. 4.1.

4.2.2 Channel Model

In the present study, composite fading channels (i.e., with both Rayleigh fading and

shadowing) are considered. The channel matrix from |B| BSs to |U| users on the jth

carrier can be generated by

H (U ,B, j) = D
1
2
◦ (U ,B, j) ◦ S

1
2
◦

cor (U ,B, j) ◦Rcor (U ,B, j) , (4.1)

where the entries of the matrix D (U ,B, j) ∈ R|U|×|B| represent the path loss. Thus,

D (U ,B, j) = (d1, · · · ,dB) for all j, where the vector db ∈ R|U|×1 has |U| elements, and

the uth element can be expressed as [db]u = d−ζ
ub , where dub denotes the distance between

the uth user and the bth BS, and ζ is the path loss exponent.

The entries of the matrix Scor (U ,B, j) ∈ R|U|×|B| represent the spatially correlated

shadowing. Thus, Scor (U ,B, j) = (s1j , · · · , sBj) with the spatial autocorrelation matrix

ΘS,r ∈ R|U|×|U| among every row, where the vector sbj ∈ R|U|×1 has |U| elements, and

the uth element can be expressed as [sbj ]u = 100.1subj , where subj ∈ N (µubj , σ
2
ubj) is

a Gaussian random variable (RV). The relationship between Scor (U ,B, j) and ΘS,r is

expressed below.

Previous experiments [41,61] revealed that the shadowing autocorrelation (SAC), i.e.,

the correlation between the RVs subj and su′bj , can be modeled via an exponential decay

function. Therefore, the (u, u′)th element of matrix ΘS,r can be obtained from

[ΘS,r]uu′ = exp

(
− Luu′

dcor,r
ln 2

)
, (4.2)

where Luu′ denotes the distance between the uth and the u′th users, and dcor,r is the

shadowing correlation distance on the user’s side. The “shadowing correlation distance”
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[41] depends on the environment and corresponds to the distance at which the correlation

drops to 0.5.

The spatial correlation between the RVs subj and sub′j can be modeled using a suitable

shadowing cross-correlation (SCC) model, which should incorporate two key variables,

i.e., the angle-of-arrival (AOA) difference that represents the angle between the two

paths from different BSs to the user and the relativity of the two path lengths [62, 63].

When the AOA difference is small, the two path profiles share many common elements

and are expected to have high correlation. On the other hand, the longer path length

incorporates more elements that are not common to the shorter path as it increases;

therefore, the correlation decreases.

The verified SCC model in [62, 64] is taken into account in the present study. The

SCC coefficient for two BSs with distances dub and dub′ (dub < dub′) from the user u and

the AOA difference of θubb′ in this model can be expressed as

ϵubb′ =


√

dub
dub′

0 ⩽ θubb′ < θcor,t(
θcor,t
θubb′

)κ√
dub
dub′

θcor,t ⩽ θubb′ ⩽ π,
(4.3)

where κ is a parameter that is determined in practice by the size and height of the

terrain and the height of the BS [64]. Moreover, θcor,t corresponds to the threshold angle

depending on the shadowing correlation distance dcor,t on the BS side and can be defined

as

θcor,t = 2 tan−1

(
dcor,t
2dub

)
. (4.4)

Based on these descriptions of the SAC and SCC, according to the Kronecker model

[65], the matrix Scor(U ,B, j) can be obtained from

Scor(U ,B, j) = Θ
1
2
S,r · diag {si.i.d.,uj}

U
u=1 · vec

{
Θ

1
2
S,t,u

}U

u=1

, (4.5)
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where si.i.d.,uj ∈ R1×|B| ∀u, j has |B| mutually i.i.d. lognormal RVs, the logarithm of

which follows a normal distribution with mean µubj and variance σ2ubj . Moreover, the

vectors si.i.d.,uj ∀u are also mutually independent. The matrix ΘS,t,u ∈ R|B|×|B| represents

an SCC matrix for user u, and the (b, b′)th element of ΘS,t,u can be calculated by

[ΘS,t,u]bb′ = ϵubb′ , (4.6)

where ϵubb′ can be obtained from (4.3).

The entries of the matrix Rcor(U ,B, j) ∈ C|U|×|B| represent the spatially correlated

Rayleigh fading that can be obtained from the following expression:

Rcor(U ,B, j) = Θ
1
2
R,r ·Ri.i.d.(U ,B, j) ·Θ

1
2
R,t, (4.7)

where the entries of Ri.i.d.(U ,B, j) ∈ C|U|×|B| ∀j are modeled as i.i.d. CN (0, 1) RVs.

Moreover, ΘR,r ∈ R|U|×|U| and ΘR,t ∈ R|B|×|B| are Rayleigh fading correlation matrices

on the user and BS sides. Based on previous studies, the fading spatial correlation can

be modeled via exponential correlation with

[ΘR,r]uu′ = β|u−u′|
r (4.8)

and

[ΘR,t]bb′ = β
|b−b′|
t , (4.9)

where βr, βt ∈ [0, 1) [52].

Note that, the authors in [71] investigated the correlations of the shadowing and fad-

ing between the different frequency bands in urban environments through experimental

measurements. The results indicate that there is a high correlation for the shadowing co-

efficients between all frequency bands. Conversely, the correlation of the fading between

different frequency bands is very small.
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The reasons can be considered as that, shadowing is mainly caused by blockage from

obstacles, behaves in a very similar way for all frequency bands, thus causes very similar

attenuation for all frequencies; on the other hand, fading is due to the constructive and

destructive interferences between different multipath components. Multipath compo-

nents at different frequencies have very different path lengths (in terms of wavelengths),

and therefore have very different constructive and destructive interferences. Similar re-

sults and analysis can also found in [72].

Therefore, based on these considerations, and to reasonably simplify the channel

model, in the present study, we assume that the shadowing attenuations between dif-

ferent frequencies, i.e., the matrices diag{si.i.d.,uj}Uu=1 ∀j, are completely correlated. On

the other hand, the fading attenuations between different frequencies, i.e., the matrices

Ri.i.d.(U ,B, j)∀j, are mutually independent.

4.2.3 Sum Rate and Problem Formulation

In these composite fading channels, the received signal in cluster j is expressed as

yj = H (Uj ,Bj , j)W jP
1
2
j xj + n, (4.10)

where yj ∈ C|Uj |×1 is the received signal vector, and xj ∈ C|Uj |×1 is the vector of

the transmitted symbols that is drawn from a zero-mean Gaussian codebook with a unit

average power, i.e., the entries of xj are modeled as CN (0, 1) RVs. The block length of the

codebook is sufficiently that it encounters all possible channel realizations for ergodicity

[58, 73]. The complex noise term n ∈ C|Uj |×1 has zero mean with E{nnT} = N0I|Uj |,

where N0 is the noise power. W j = {w1j , · · · ,w|Uj |j} is the precoding weight matrix

with element wuj ∈ C|Bj |×1. The matrix P j = diag{puj}
|Uj|
u=1 ∈ R|Uj|×|Uj| is the transmit

power scaling factor matrix.

Hereafter, we focus on the sum rate in cluster j with ZF precoding. For the simpli-

fied series, we assume that carrier j ∈ J has a bandwidth that is much smaller than the
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coherence bandwidth of the channel, and that the instantaneous CSI for all carriers of all

of the user-BS pairs are known to the SP. In fact, only partial CSI can be obtained over

a limited rate feedback channel in realistic communication systems. Fortunately, tech-

niques to reduce the feedback rate while maintaining good performance by, for instance,

utilizing the frequency domain correlation of precoding vectors, have been proposed in

many recent studies [20,74,75]. In the present study, because we concentrate mainly on

the CS, we assume that channel estimation is prefect.

Hereafter, for the case under consideration, the ZF precoding weight matrix is ex-

pressed as W j = H (Uj ,Bj , j)
† [16]. Therefore, the sum rate with ZF precoding in

cluster j can be calculated by

Cj =

|Uj |∑
u=1

log2

(
1 +

puj
N0

)
(4.11)

with power constraint

|Uj |∑
u=1

puj |wuj |2 = Pt,j, (4.12)

where Pt,j is the transmit power in cluster j [16]. Then, the goal of the present study is

to find the best assignments for Uj and Bj for all j, such that the sum rate C of overall

clusters, i.e., C =
∑J

j=1Cj , is maximized for given total transmit power Pt =
∑J

j=1 Pt,j

(note that the inter-cluster interference can be ignored because of the orthogonality of

the carrier). Mathematically, we can formulate the problem as

Ûj , B̂j =arg max
Uj ,Bj

j∈J

C

=arg max
Uj ,Bj

j∈J

 J∑
j=1

|Uj |∑
u=1

log2

(
1 +

puj
N0

) , (4.13)

where the maximization is subjected to the constraint

Pt =
J∑

j=1

|Uj |∑
u=1

puj |wuj |2 . (4.14)
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CU =
J∑

j=1

|Uj |∑
u=1

log2

(
1 +

ρ∑J
i=1 |Ui|

[(
H (Uj ,Bj , j)H (Uj ,Bj , j)

H
)−1

]−1

uu

)
(4.15)

It is noteworthy that the sum rate in (4.13) with power constraint (4.14) can be

optimally solved using the well-known waterfilling algorithm, because of the assumption

of perfect CSI. However, more time should be used for the simulation because of the

complexity of calculating the Lagrange multipliers. Therefore, because our primary

task is to verify the effectiveness of the dynamic CS and to maintain the simulation

time at an acceptable level, we assume that the total transmit power Pt is uniformly

allocated among all active users. Thereafter, we can simplify the sum rate C to CU,

which can be expressed as (4.15), where ρ = Pt/N0 denotes the transmit signal-to-noise

ratio (SNR) [25]. Then, the optimization problem of (4.13) can be re-expressed as

Ûj , B̂j = arg max
Uj ,Bj

j∈J

CU. (4.16)

Note that, in several cases, not all carriers are used, because of bad channel conditions.

Therefore, the sum rate corresponding to unused carriers in (4.15) is set to zero to ensure

feasibility.

4.3 Dynamic CSs for Multi-carrier Systems

In this section, we mainly describe the proposed dynamic CS, which attempts to max-

imize the sum rate in the considered system. The problem of sum rate maximization

can be expressed mathematically as (4.16), where the probability distribution of sum

rate CU(Ûj , B̂j) j ∈ J is obtained over all channel realizations. The goal of this study

is to investigate the performance of the proposal by observing the CDF and expectation

value of this sum rate. We also provide some description of the exhaustive search and

the improved norm-based scheme to allow better understanding the proposed scheme.
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The exhaustive search first decides all possible sizes for each cluster with constraint∑J
j=1 |Bj | = |B|. Second, for each cluster size, an exhaustive search of all possible user

and BS combinations is performed to obtain all possible cluster formations. Finally, the

value that yields the maximum sum rate is selected from all possible cluster formations.

This method is not practically feasible because of its high computational cost.

Compared with the recent studies [21, 24] in which the clustering methods are re-

stricted in the dimensions of transmitter and carrier, the proposed CS breaks this re-

striction and achieves dynamic allocation among all of user, BS, and carrier resources.

To describe the selection mechanism, the algorithm starts by setting several empty sets

of user and BS for all carriers, then finds one user and one BS from full sets U and B

with the highest contribution to the system sum rate. Here, the system sum rate can

be calculated using (4.15). In next step, adds the selected user and BS to the set corre-

sponding to the carrier used and removes them from sets U and B. Finally, continues in

the same fashion until all of users and BSs are selected. The procedures are summarized

in Algorithm 1 to solve the clustering problem in large-scale MU-MIMO DASs.

It is noteworthy that, in several cases, all of the users and BSs communicate using the

same carrier, meaning they are assigned to one cluster. This occurrence contradicts our

initial motivation. However, noting that all of the CSs mentioned in this paper will use

the same formula (4.15) to calculate the sum rate, we can reasonably expect that these

cases are not common enough that they influence the effectiveness of the evaluation.

On the other hand, a norm-based method was used in [67] because of its simplicity.

However, it cannot be directly used in our study, mainly because it only solves allocation

between the users and BSs in point-to-point MIMO systems with SC. In the present study,

to extend the norm-based method to MU-MIMO DAS with multi-carrier based clustering,

we improve the scheme by selecting one user, one BS, and the carrier corresponding to
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Algorithm 1: Proposed scheme

1 Input: H(U ,B, j)∀j, ρ, |U|, |B|, |J |;
2 Output: Ûj , B̂j , ∀j;
3 Initialization: Set Ûj = ∅, B̂j = ∅, ∀j, and CU,max = 0;
4 Repeat:
5 for u = 1 to |U| do
6 if u /∈ Ûj ∀j then
7 for b = 1 to |B| do
8 if b /∈ B̂j ∀j then
9 for j = 1 to |J | do

10 Set Ui = Ûi, Bi = B̂i, i ∈ J ;
11 Add u and b to sets Uj and Bj ;
12 Calculate the sum rate using (4.15) and input the result to CU;
13 if CU > CU,max then
14 Let CU,max = CU;

15 Let û = u, b̂ = b, ĵ = j;

16 end

17 end

18 end

19 end

20 end

21 end

22 Add û and b̂ to sets Ûĵ and B̂ĵ ;

23 Reset CU,max, û, b̂, ĵ;
24 Until all users and BSs are selected.

the u, b, and j of an element in the channel matrix H(U ,B,J ) with the largest Euclidean

norm. Briefly, the improved norm-based CS created using Algorithm 2.

4.4 Simulation Parameters and Results

4.4.1 Simulation Parameters

In the simulation, two homogeneous2 areas, i.e., Rlen×Rwid = 400m× 200m and Rlen×

Rwid = 400m× 400m, are considered. As shown in Fig. 4.1 and Fig. 4.2(a), |B| = 8 and

|B| = 16 BSs are symmetrically distributed in these areas with a distance of Rant = 100m.

2When describing a material or system, the term “homogeneous” indicates having the same properties
at every point in space; in other words, uniform, without irregularities.
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Algorithm 2: Improved norm-based scheme

1 Input: H(U ,B, j)∀j, |U|, |B|, |J |;
2 Output: Ûj , B̂j ,∀j;
3 Initialization: Set Ûj = ∅, B̂j = ∅, ∀j, and ENmax = 0;
4 Repeat:
5 for u = 1 to |U| do
6 if u /∈ Ûj ∀j then
7 for b = 1 to |B| do
8 if b /∈ B̂j ∀j then
9 for j = 1 to |J | do

10 Calculate the Euclidean norm and input the result to EN, i.e.,

EN =
√

H(u, b, j)H(u, b, j)H;
11 if EN > ENmax then
12 Let ENmax = EN;

13 Let û = u, b̂ = b, ĵ = j;

14 end

15 end

16 end

17 end

18 end

19 end

20 Add û and b̂ to sets Ûĵ and B̂ĵ ;

21 Reset ENmax, û, b̂, ĵ;
22 Until all users and BSs are selected.

The parameter κ in the SCC model (4.3) is set to 0.3, and the BS height is set to 15m [64].

We consider a simplified MU-MIMO DAS with a center frequency of 2.000×109Hz with

1.000× 106Hz separation. According to experimental results reported in [76] and using

the assumption of two homogeneous areas, the shadowing parameters µubj and σubj at a

frequency band of 2.000× 109Hz with a path loss exponent ζ = 4 can be set at µ = 0dB

and σ = 9.6 dB for all u, b, and j. Furthermore, based on the previously reported

experimental results [41], [64], the shadowing spatial correlation distance on the user and

BS sides can be set to 20m in this frequency band. The detailed simulation parameters

are listed in Table 4.1. Note that, in the simulation, the fading spatial correlation that

occurs on both the user and BS sides can be considered to be independent because, in
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Figure 4.2: (a) Illustration of a MU-MIMO DAS using multiple orthogonal carriers, in
which |U| = 16, |B| = 16, and |J | = 4. (b) An example of CS using LOCA method with
|U| = 16, |B| = 16, and |J | = 4.

general, the |U| users and |B| BSs are geographically separated.

4.4.2 Simulation Results

In this subsection, we compare the performance of four different types of CS (namely,

exhaustive search, the proposed CS, the improved norm-based CS, and the traditional

LOCA CS) via calculations of the CDF and expectation value of the system sum rate

using a Monte Carlo numerical computation method.

The traditional LOCA method is an advanced version of CS (relative to the exist-

ing static CS). In the existing static CS, as mentioned in the introduction, carriers are

uniquely allocated to users and BSs based on their current location. The most significant

difference between these two method is that in the LOCA method, the carrier associated

with its cluster may be changed based on the particular channel realization. Therefore,

the SP can maximize the sum rate by dynamically allocating these carriers to appro-

priate clusters. Two examples of CS using the LOCA method are depicted in Fig. 4.3

80



Chapter 4. Exploration on Clustering Scheme for Large-scale MU-MIMO DASs

Table 4.1: Simulation parameters.

Parameters Values

Dimensions of area in Fig. 4.1 Rlen = 400m
Rwid = 200m

Dimensions of area in Fig. 4.2 Rlen = 400m
Rwid = 400m

The shortest distance between Rant = 100m
two adjacent BSs
Number of BSs |B| = 8, 16
BS height 15 m
Number of users |U| = 8, 16
Number of user samples 100

Number of carriers |J | = 2, 4
Center frequency 2.000× 109Hz
Frequency separation 1.000× 106Hz
Path loss exponent ζ = 4

Shadowing model spatially i.i.d. and cor.
Shadowing cor. in freq. domain completely correlated
Shadowing mean value µ = 0dB [66]
Shadowing standard deviation σ = 9.6 dB [76]
Cor. distance on user side dcor,r = 20m [41]
Cor. distance on BS side dcor,t = 20m [64]
SCC parameter κ = 0.3 [64]
Number of shadowing samples 200

Fading spatial cor. on user side i.i.d. (βr = 0)
Fading spatial cor. on BS side i.i.d. (βt = 0)
Fading cor. in freq. domain mutually independent
Number of fading samples 1000

and Fig. 4.2(b), where the coverage areas are divided into two and four square clusters,

respectively, with sizes of 200m× 200m.

Note that we should use the same distribution on the user side to accurately compare

the differences between the CSs. Noting the system configurations, in the simulation,

we assumed that users (and the same number of BSs) are uniformly distributed in each

square area. This assumption allows convenient comparison of the LOCA with other

CSs. In spite of this, in the present study, we emphasize that all users can be uniformly
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Figure 4.3: Example of CS using LOCA method with |U| = 8, |B| = 8, and |J | = 2.

distributed in the coverage areas, without loss of generality.

Figures 4.4 and 4.5 show the CDF and expectation values of the sum rates obtained

using an exhaustive search, the proposed CS, the improved norm-based CS, and LOCA

CS in the considered system with |U| = 8, |B| = 8 and |J | = 2 under the effects of

spatially independent and correlated shadowing. The CDF in Fig. 4.4 is plotted against

the sum rate, and the expectation value in Fig. 4.5 is a function of the average received

SNR.

These figures show that the results obtained using the proposed CS closest to those

obtained using an exhaustive search, which demonstrates that the proposal, described

in Sect. 4.3, is effective. Furthermore, these figures also show that spatially correlated

shadowing has a lower sum rate than spatially independent shadowing because of the

decrease in the number of DOFs in shadowing RVs [4].

To further verify the proposed CS, in Fig. 4.6 and Fig. 4.7, we show the CDF and

expectation values of the sum rates obtained using the above CSs (excluding the exhaus-

tive search) in the considered system with |U| = 16, |B| = 16 and |J | = 4 under the
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Figure 4.4: CDF of the sum rates obtained using the proposed CS, an exhaustive search,
the improved norm-based CS, and LOCA CS under the effects of spatially independent
and correlated shadowing for SNR = 20 dB, |U| = 8, |B| = 8 and |J | = 2.

effects of spatially independent and correlated shadowing. Simulation results indicate

that the proposed CS provides better performance than the existing schemes, and that

the spatially correlated shadowing considerably decreases the sum rates. These results

support our previous conclusions.

Note that, to maintain the simulation time at an acceptable level, in the simulations,

we considered 16 users and BSs as well as four carriers at most. In fact, there are no

special restrictions for the number of users, BSs, and carriers in our study. Furthermore,

the results obtained using the exhaustive search are not shown in Fig. 4.6 and Fig. 4.7,

primarily because its computational cost is very large, so that the exhaustive search can-

not be used with increasing values of |U|, |B|, and |J | in computer simulation. This fact

provides further proof that a dynamic CS with low computational cost and satisfactory

performance is necessary. A detailed analysis of the complexity of the mentioned CSs is
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Figure 4.5: Expectation values of the sum rates obtained using the proposed CS, an
exhaustive search, the improved norm-based CS, and LOCA CS under the effects of
spatially independent and correlated shadowing for |U| = 8, |B| = 8 and |J | = 2.

provided in the following section.

4.5 Complexity Analysis

The optimal search for dynamic CS in the considered system with all possible cluster

sizes |Bj | involves exhaustive searching over

∑
G

(
|B|
|B1|

)(
|B| − |B1|

|B2|

)
· · ·
(
|B| − · · · − |BJ−1|

|BJ |

)
×(

|U|
|B1|

)(
|U| − |B1|

|B2|

)
· · ·
(
|U| − · · · − |BJ−1|

|BJ |

)
=

|B|!|U|!
(|U| − |B|)!

∑
G

 J∏
j=1

(|Bj |!)

−2

(4.17)
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Figure 4.6: CDF of the sum rates obtained using the proposed CS, the improved norm-
based CS, and LOCA CS under the effects of spatially independent and correlated shad-
owing for SNR = 20 dB, |U| = 16, |B| = 16, and |J | = 4.

possible cluster formations for each channel realization, where G is a finite set of solutions

of equation
∑J

j=1 |Bj | = |B|, which can be written as

G :=

(|B1|, · · · , |BJ |)

∣∣∣∣∣
J∑

j=1

|Bj | − |B| = 0

 .

For each cluster formation, the sum rate in (4.15) must be calculated once. Therefore,

the complexity of the exhaustive search grows exponentially with the number of users and

BSs, and increases significantly as the number of carriers increases. This phenomenon is

evident from Stirling’s factorial approximation, according to which

X! ≈ XXe−X
√
2πX. (4.18)

Both the proposed and the improved norm-based CS must run

|J |
|B|−1∑
i=0

(|B| − i) (|U| − i) (4.19)

85



Chapter 4. Exploration on Clustering Scheme for Large-scale MU-MIMO DASs

−20 −15 −10 −5 0 5 10 15 20 25 30
0

50

100

150

200

250

300

S
u

m
 R

a
te

 i
n

 b
p

s
/H

z

SNR in dB

Norm-based CS (i.i.d.)

Proposed CS (i.i.d.)

LOCA CS (i.i.d.)

Proposed CS (cor.)

Norm-based CS (cor.)

LOCA CS (cor.)

Figure 4.7: Expectation values of the sum rates obtained using the proposed CS, the
improved norm-based CS, and LOCA CS under the effects of spatially independent and
correlated shadowing for |U| = 16, |B| = 16, and |J | = 4.

loops for each channel realization. In the proposed CS, the calculation of sum rate in

(4.15) should be executed during each loop; on the other hand, in the improved norm-

based CS, the calculation of the Euclidean norm should be executed instead of the

calculation of sum rate. In fact, the calculation of sum rate is more complex than the

calculation of the Euclidean norm; therefore, the proposed CS has a higher computational

cost than the improved norm-based CS, even though they have the same number of loops.

In the traditional LOCA CS, the SP dynamically allocates |J | carriers to |J | clusters,

which have been constructed based on the location of users and BSs; therefore, there are

|J |! possible cluster formations, and for each one, the sum rate must be calculated once.

Therefore, the complexity of this CS grows exponentially only with the number of carriers

|J |. Table 4.2 presents a comparison of the number of running sum rate operations for

the exhaustive search, the proposed CS, and LOCA CS. The proposed CS is shown to
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Table 4.2: Comparison of computational cost for different CSs.

(|U|, |B|, |J |) (8,8,2) (16,16,2) (16,16,4)

Exhaustive search 12870 6.0× 108 1.0× 1017

Proposed CS 408 2992 5984
LOCA CS 2 2 24

be much faster than the exhaustive search.

4.6 Summary

To establish a wide service area for MU-MIMO DASs, the use of a dynamic CS is nec-

essary to reduce the enormous amount of computation required for precoding. In the

present study, we first explored and proposed a simple method for dynamic clustering

in a single cell MU-MIMO DAS and investigated its performance by observing the CDF

and expectation value of the system sum rate. We also compared the characteristics of

the proposal to other classical CSs (such as the improved norm-based CS and LOCA CS)

in terms of sum rate improvement. To make our results more universal, we introduced

the spatial correlation in the considered system, in particular, the spatial correlation in

shadowing, which should not be ignored in DASs. Computer simulation results indicated

that the proposed CS provides better performance than the existing schemes and can

achieve a sum rate that is close to that of an exhaustive search but at a lower compu-

tational cost. The results also verified that the proposal can be successfully used into

the single cell MU-MIMO DASs. Next step, by taking the inter-cell interference into

account and introducing the coordinated precoding, we will expand and use the proposal

to further solve the clustering problems in multi-cell DASs, and we are willing to believe

that the results obtained from the present study can support our future works.
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Concluding Remarks

This thesis has focused on creating a large-scale multi-cell multi-user (MU) multi-input

multi-output (MIMO) distributed antenna system (DAS) with using multi-carrier based

dynamic clustering and considering the correlated composite fading attenuation which

consists of path loss, correlated shadowing and correlated Rayleigh. We theoretically

analyzed the effects of spatial correlation on the receiver side by the proposed upper and

lower bounds in the traditional MU-MIMO centralized antenna systems (CASs), and

then demonstrated the effect of the mentioned correlation on the transmitter side and

the effect of inter-cell interference to clarify the improvements of system performance by

the MU-MIMO DASs. We also proposed a simple dynamic clustering scheme (CS) using

multiple orthogonal carriers to achieve a large-scale DAS with MU-MIMO transmissions.

A detailed analysis of the sum rate distribution in MU-MIMO CASs with zero-forcing

(ZF) precoding was presented. Specifically, novel upper and lower cumulative distribu-

tion function (CDF) bounds were devised, which can be applied for an arbitrary number

of antennas and remain tight across the entire signal-to-noise ratio (SNR) range. In fact,

the proposed lower bound becomes exact at high SNRs. More importantly, the pro-

posed bounds are generic because they encompass the composite fading channel model

consisting of spatially correlated shadowing and correlated Rayleigh fading, which have

practical interest, and can be very easily evaluated.
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With the help of these bounds, we gained valuable insights into the effects of the

composite fading parameters on the performance of MU-MIMO CASs. For instance, we

found that the spatial correlation significantly affects the system sum rate corresponding

to low values of the CDF due to the shadowing correlation and a diminishing effect on the

average sum rate due to the Rayleigh fading correlation. However, the average sum rate

does not seem affected by the shadowing spatial correlation in the CAS. We also derived

a relationship between the inter-user distance and sum rate corresponding to 10% of the

CDF. A practical conclusion from our results based on the considered system is that the

effect of spatially correlated shadowing can be considered to be independent when the

inter-user distance is more than five times the correlation distance of shadowing.

In order to verify and clarify the improvements of system performance by the MU-

MIMO DAS which is defined as the one that has a base station (BS) with multiple

geographically distributed antennas, we investigated the characteristics of the MU-MIMO

system sum rate in a CAS and DAS under the effects of distance-dependent path loss,

spatially correlated shadowing, correlated Rayleigh fading, and inter-cell interference via

a Monte Carlo numerical computation method. To generate the channel attenuations, we

first introduced two different types of functions to model the shadowing auto-correlation

and shadowing cross-correlation, and a typical exponential decay function to model the

Rayleigh fading correlation. Thus, we successfully obtained the CDF of the system

sum rate and its average in DASs. Computer simulation results indicated that a DAS

with MU-MIMO transmission offers higher channel average sum rate performance than a

comparable CAS in the case under consideration. However, this improvement decreased

with increasing interference power because the inter-cell interference dominates the sum

rate changes in that case. Furthermore, compared to the i.i.d. shadowing model, the

decrease in the system sum rate due to the increase in the interference power became

slow under the effect of shadowing correlation.
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On the basis of the previous results, we clearly understand that DASs with MU-

MIMO transmissions can considerably improve the performances of systems mainly be-

cause of the decreases of access distance and shadowing correlation both in transmit and

receiver sides. Next, in order to create a large-scale multi-cell MU-MIMO DAS, we first

explored and proposed a simple dynamic CS for a single cell system and investigated

its performance by observing the CDF and expectation value of the system sum rate

with considering the effect of the spatial composite fading attenuation. To further verify

the effectiveness of the proposal, we also compared the characteristics of the proposal to

other classical CSs, such as the improved norm-based CS and location-based adaptive

CS in terms of sum rate improvement. Computer simulation results indicated that the

proposed CS provides better performance than the existing schemes and can achieve a

sum rate that is close to that of an exhaustive search but at a lower computational cost.

The results also verified that the proposal can be successfully used into the single cell

MU-MIMO DASs.

Certainly, in order to extend the current investigation towards much more compli-

cated real wireless communication networks, further extensive research is required, such

as to achieve our big picture that is creating a multiple cell network in where MU-MIMO

DASs are considered in each cell. As a future research direction, one target might be to

extend the proposed dynamic CS to a multi-cell model with noting that:

• The effect of inter-cell interference must be included in the calculation of system

sum rate, so that the coordinated precoding for the optimization of sum rate in

multi-cell system should be attracted more attention;

• The large amounts of channel state information due to a large number of users,

BSs, and carriers can be only transferred over limited rate channel, so that how to
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reduce the feedback rate while maintaining good performance of system is also one

of the valuable topics.

If we can, somehow, solve the mentioned issues, then the extension might be possible.

We are willing to believe that the results obtained from the present research can support

our future works.
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Appendix

Calculation about νth Central Moment of Lognormal Func-
tion

We consider the general case of M correlated Gaussian RVs X = {Xm}Mm=1, which have

an arbitrary correlation matrix Θ. The corresponding Gaussian RVs follow the joint

distribution

fX (X) =
1

(2π)
M
2

√
det(Θ)

exp

(
−(X − µ)HΘ−1 (X − µ)

2

)
, (1)

where µ = {µXm}Mm=1 is the vector of the means of the Gaussian RVs. The νth central

moment of a lognormal function, for example, the first term in (2.17), is then written as

Eν =

∫ ∞

−∞

1

(2π)
M
2

√
det(Θ)

(
log2

M∏
m=1

(
1 + 10

Xm
10

))ν

×

exp

(
−(X − µ)HΘ−1 (X − µ)

2

)
dX. (2)

When the decorrelating transformation X =
√
2Θ

1
2Z+µ is used, Xm is provided by

Xm =
√
2

M∑
j=1

gmjZj + µXm , (3)

where gmj = [Θ
1
2 ]mj is the (m, j)th element of Θ

1
2 . Therefore, (2) becomes

Eν =

∫ ∞

−∞
· · ·
∫ ∞

−∞

1

π
M
2

exp
(
−ZHZ

)(
log2

M∏
m=1

(
1+

100.1
(√

2
∑M

j=1 gmjZj+µXm

)))ν

dZ1 · · · dZM . (4)
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Performing the Gauss-Hermite expansion with respect to Z1 yields

Eν ≈
∫ ∞

−∞
· · ·
∫ ∞

−∞

1

π
M−1

2

exp

(
−

M∑
i=2

|Zi|2
)

N∑
n1=1

wn1√
π

×

(
log2

M∏
m=1

(
1 + 100.1

(√
2
∑M

j=2 gmjZj+
√
2gm1an1+µXm

)))ν

dZ2 · · · dZM . (5)

Proceeding in a similar manner for Z2, · · · , ZM , we obtain Eν expressed as

Eν ≈
N∑

n1=1

· · ·
N∑

nM=1

(
M∏

m=1

wnm√
π

)(
M∑

m=1

log2

(
1 + 100.1(

√
2
∑M

j=1 gmjanj+µXm)
))ν

. (6)

Note that improved estimates of Eν can be obtained by increasing the Hermite integration

order N .

94



Bibliography

[1] A. Goldsmith, Wireless Communications, Cambridge University Press, New York,

2005.

[2] D. Tse, and P. Viswanath, “MIMO I: spatial multiplexing and channel modeling,”

in Fundamentals of Wireless Communication, pp.290–331, Cambridge University

Press, United Kingdom, 2005.

[3] D. Lee, and K. Kim, “Reliability comparison of opportunistic scheduling and BD-

precoding in downlink MIMO systems with multiple users,” IEEE Trans. Wireless

Commun., vol. 9, no. 3, pp. 964–969, March 2010.

[4] O. Zhao, and H. Murata, “Sum-rate analysis for centralized and distributed antenna

systems with spatial correlation and inter-cell interference,” IEICE Trans. Commun.,

vol. E98-B, no. 3, pp. 449–455, Mar. 2015.

[5] W. Choi, and J. G. Andrews, “Downlink performance and capacity of distributed

antenna systems in a multicell environment,” IEEE Trans. Wireless Commun., vol.

6, no. 1, pp. 69–73, Jan. 2007.

[6] H. M. Chen, and M. Chen, “Capacity of the distributed antenna systems over shad-

owed fading channels,” Proc. IEEE Vehicular Technology Conference (VTC) ’09,

pp. 1–4, Barcelona, Spain, April 2009.

[7] H. Zhang, and H. Dai, “On the capacity of distributed MIMO systems,” Proc. CISS

’04, pp. 1–5, Princeton University, Princeton, March 2004.

[8] H. Dai, “Distributed versus co-located MIMO systems with correlated fading and

shadowing,” Proc. IEEE ICASSP ’06, vol. 4, pp. 1–4, Toulouse, France, May 2006.

95



BIBLIOGRAPHY

[9] S. Venkatesan, “Coordinating base stations for greater uplink spectral efficiency in

a cellular network,” in Proceedings of the 18th IEEE International Symposium on

Personal, Indoor and Mobile Radio Communications (PIMRC), pp. 1–4, Athens,

Greece, Sept. 2007.

[10] P. Marsch, and G. Fettweis, “Static clustering for cooperative multi-point (CoMP) in

mobile communications,” Proc. IEEE International Conference on Communication

Systems (ICC) ’11, pp. 1–6, Kyoto, Japan, June 2011.

[11] O. Zhao, and H. Murata, “A novel dynamic clustering scheme for multiuser MIMO-

OFDM transmission in distributed antenna systems,” IEICE technical report, vol.

114, no. 394, pp. 67–72, Jan. 2015.

[12] A. Goldsmith, S. A. Jafar, N. Jindal, and S. Vishwanath, “Capacity limits of MIMO

channels,” IEEE J. Sel. Areas Commun., vol. 21, no. 5, pp. 684–702, June 2003.

[13] J. H. Winters, J. Salz, and R. D. Gitlin, “The impact of antenna diversity on the

capacity of wireless communication system,” IEEE Trans. Commun., vol. 42, pp.

1740–1751, Feb./Mar./Apr. 1994.

[14] M. V. Clarb, T. M. Willis III, and R. S. Roman, “Distributed versus centralized

antenna arrays in broadband wireless networks,” Proc. IEEE VTC ’01, vol. 1, pp.

33–37, Rhodes, Greece, May 2001.

[15] L. Dai, S. Zho, and Y. Yao, “Capacity analysis in CDMA distributed antenna sys-

tems,” IEEE Trans. Wireless Commun., vol. 4, no. 6, pp. 2613–2620, Nov. 2005.

[16] T. Yoo and A. Goldsmith, “On the optimality of multiantenna broadcast scheduling

using zero-forcing beam forming,” IEEE Journal on Selected Areas in Communica-

tions, vol. 24, no. 3, pp. 528–541, March 2011.

[17] B. M. Hochwald, C. B. Peel, and A. L. Schwindlehurst, “A vector-perturbation

technique for near-capacity multiantenna Multiuser Communication–Part II: Per-

turbation,” IEEE Trans. Commun., vol. 53, no. 3, pp. 537–544, March 2005.

[18] S. Bhashyam, A. Sabharwal, and B. Aazhang, “Feedback gain in multiple antenna

systems,” IEEE Trans. Commun., vol. 50, pp. 785–798, May 2002.

96



BIBLIOGRAPHY

[19] M. G. Kibria, H. Murata, and S. Yoshida, “An efficient algorithm for weighted sum-

rate maximization in multicell OFDMA downlink,” IEICE Trans. Fund., vol. E97-A,

no. 1, pp. 69–77, Jan. 2014.

[20] J. Choi, and R. W. Heath, “Interpolation based transmit beamforming for MIMO-

OFDM with limited feedback,” IEEE International Conference on Commun., vol.

1, pp. 249–253, Paris, France, June 2004.

[21] E. A. Mohammed, M. Shaat, F. Bader, and T. Kaiser, “Interference alignment with

frequency-clustering for efficient resource allocation in cognitive radio networks,”

IEEE Trans. Wireless Commun., this article has been accepted for publication,

Aug. 2015.

[22] W. Lei, W. Hai, Y. Yinghui, and Z. Fei, “Heterogeneous network in LTE-advanced

system,” Proc. IEEE ICC, pp. 156–160, Nov. 2010.

[23] H. Tian, S. Gao, J. Zhu, and L. Chen, “Improved component carrier selection

method for non-continuous carrier aggregation in LTE- advanced systems,” Proc.

IEEE VTC ’11, San Francisco, United States, Sept. 2011.

[24] H. Seki, T. Kobayashi, and D. Kimura, “Selection of component carriers using

centralized baseband pooling for LTE-Advanced heterogeneous networks,” IEICE

Trans. Commun., vol. E96-B, no. 6, pp. 1288–1296, June 2013.

[25] O. Zhao, and H. Murata, “Sum rate analysis of MU-MISO systems with ZF beam-

forming over composite fading channels,” IEICE Trans. Fund., vol. E98-A, no. 2,

pp. 558–568, Feb. 2015.

[26] O. Zhao, and H. Murata, “A Study on Dynamic Clustering for Large-scale Multi-

user MIMO Distributed Antenna Systems with Spatial Correlation,” IEICE Trans.

Commun., vol. E99-B, no. 4, pp. 928–938, April 2016.

[27] I. S. Gradshteyn, and I. M. Ryzhik, Table of Integrals, Series, and Products, 7th ed.

San Diego, CA: Academic, 2007.

[28] I. E. Telatar, “Capacity of multi-antenna Gaussian channels,” Europ. Trans.

Telecommun., vol. 10, No. 6, pp. 585–595, Nov./Dec. 1999.

97



BIBLIOGRAPHY

[29] M. Kang, and M. S. Alouini, “Capacity of correlated MIMO Rayleigh channels,”

IEEE Trans. Wireless Commun., vol. 5, no. 1, pp. 143–155, Jan. 2006.

[30] M. Chiani, M. Z. Win, and A. Zanella, “On the capacity of spatially correlated

MIMO Rayleigh-fading channels,” IEEE Trans. Inf. Theory, vol. 49, no. 10, pp.

2363–2371, Oct. 2003.

[31] M. Matthaiou, C. Zhong, and T. Ratnarajah, “Novel generic bounds on the sum rate

of MIMO ZF receivers,” IEEE Trans. Signal. Process., vol. 59, No. 9, pp. 4341–4353,

Sept. 2011.

[32] M. R. McKay, and I. B. Collings, “General capacity bounds for spatially correlated

rician MIMO channels,” IEEE Trans. Inf. Theory., vol. 51, No. 9, pp. 3121–3145,

Sept. 2005.

[33] M. Matthaiou, C. Zhong, M. R. McKay, and T. Ratnarajah, “Sum rate analysis of

ZF receivers in distributed MIMO systems,” IEEE J. Sel. Areas Commun., vol. 31,

No. 2, pp. 180–191, Feb. 2013.

[34] M. Park, C. B. Chae, and R. W. Heath, “Ergodic capacity of spatial multiplexing

MIMO systems with ZF receivers for log-normal shadowing and Rayleigh fading

channels,” IEEE International Symposium on PIMRC, pp. 1–5, Athens, Greece,

Sept. 2007.

[35] M. Matthaiou, N. D. Chatzidiamantis, G. K. Karagiannidis, and J. A. Nossek, “On

the capacity of generalized-K fading MIMO channels,” IEEE Trans. Signal. Process.,

vol. 58, No. 11, pp. 5939–5944, Nov. 2010.

[36] J. Aitchison, and J. A. C. Brown, The Lognormal Distribution, Cambridge Univer-

sity Press, Cambridge, United Kingdom, 1957.

[37] D. Tse, and P. Viswanath, “MIMO IV: multiuser communication,” in Fundamen-

tals of Wireless Communication, pp. 448–471, Cambridge University Press, United

Kingdom, 2005.

[38] W. Roh, and A. Paulraj, “Performance of the distributed antenna systems in a

multi-cell environment,” Proc. IEEE VTC ’03, vol. 1, pp. 587–591, CA, United

States, April 2003.

98



BIBLIOGRAPHY

[39] D. S. Shiu, G. J. Foschini, M. J. Gans, and J. M. Kahn, “Fading correlation and

its effect on the capacity of multielement antenna system,” IEEE Trans. Commun.,

vol. 48, no. 3, pp. 502–513, March 2000.

[40] C. N. Chuah, D. N. C. Tse, J. M. Kahn, and R. A. Valenzuela, “Capacity scaling in

MIMO wireless system under correlated fading,” IEEE Trans. Inf. Theory, vol. 48,

no. 3, pp. 637–650, March 2002.

[41] Z. Y. Wang, E. K. Tameh, and A. R. Nix, “Joint shadowing process in urban peer-

to-peer radio channels,” IEEE Trans. Veh. Technol., vol. 57, no. 1, pp. 52–64, Jan.

2008.
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