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Abstract
The traffic volume in wireless communication has grown dramatically in the last
decade. Recent predictions indicate such data storm will be even more violent in the
short run. Potential solutions for accommodating the rapid traffic growth can be
summed up into three categories: broadening the available bandwidth, improving
the spectral efficiency, and densifying the infrastructure. In this thesis, we focus
on the densification dimension which has been proven to be the most effective
one in the past. The current gain of network densification mainly comes from cell
splitting, thereby serving more user equipment (UE) simultaneously. This trend
will decelerate as the base station (BS) density gets closer to or even surpasses
the UE density which forms an ultra-dense network (UDN). Thus, it is crucial
to understand the behavior and design operations of ultra-densification in future
networks.
An important question for future system design and operating strategy is which
element is more effective than others. To this end, we start from comparing the effectiveness of densification with spectrum expansion and multi-antenna systems in
terms of meeting certain traffic demand. Our findings show that deploying more BSs
provides a substantial gain in sparse network but the gain decreases progressively in
a UDN. Meanwhile, even with the same area throughput, different combinations of
individual throughput and UE density lead to different requirements for resources.
The diminishing gain appearing in UDNs makes us curious to know if there exists a terminal on the way of densification. Such uncertainty leads to the study on
the asymptotic behavior of densification. By incorporating a sophisticated bounded
dual-slope path loss model and practical UE densities in our analysis, we present the
asymptotic behavior of ultra-densification: the coverage probability and area spectral efficiency (ASE) have non-zero convergences in asymptotic regions unless the
UE density goes to infinity (full load). Our results suggest that network densification cannot always improve the UE performance or boost the network throughput.
Next, we shift our focus to the operations of UDNs. We first study BS cooperations in two UDN scenarios: homogeneous and heterogeneous UDNs which are
distinguished by BS types. In both cases, the cooperation rules become more complicated than those in traditional networks. Either channel state information (CSI) or
extra delay information needs to be acquired in order to obtain cooperation gains.
At last, we investigate the feasibility of applying random beamforming to initial
access in millimeter-wave (mmWave) UDNs. To our surprise, the simple method
can provide sufficient performance in both control and data plane, comparing with
the existing schemes. Therefore, it may be unnecessary to develop complex algorithms for initial access in future dense mmWave networks. The findings indicate
that UDN may complicate network operations while it may also facilitate the use of
simple schemes. Our work provides insights into the understanding of the network
densification and thus paves the way for the operational design of future UDNs.

Sammanfattning
Trafikvolymen inom trådlös kommunikation har ökat dramatiskt det senaste
årtiondet och de senaste prognoserna visar på en fortsatt kraftig ökning på kort
sikt. Potentiella lösningar för att kunna tillgodose den snabba trafikökningen kan
sammanfattas i tre kategorier: utöka den tillgängliga bandbredden, förbättra spektraleffektiviteten, och förtäta infrastrukturen. I denna avhandling fokuserar vi på
förtätning som historiskt har visat sig vara den mest givande lösningen. Prestandavinsten av nätverksförtätning kommer huvudsakligen från celldelning som tillåter
fler användarterminaler (UE) att tjänas samtidigt. Den här trenden bromsas dock
upp när basstationstätheten går mot eller till och med överstiger UE-tätheten och
formar ett ultratätt nätverk (UDN). Det är därmed viktigt att förstå beteendet av
ultraförtätning för framtida nätverkstillhandahållning.
En viktig fråga för framtida systemdesign och operativ strategi ligger i att
bestämma vilken komponent som är den mest effektiva. För detta ändamål jämför
vi verkningsfullheten av förtätning med spektrumutökning och multiantennsystem i
syfte att tillgodose vissa trafikkrav. Våra resultat visar att förlägga fler basstationer
(BS) ger en påtaglig förbättring i glesare nätverk som dock minskar progressivt
i UDN. Att inkludera fler basstationsantenner eller tillgodoräkna sig mer bandbredd blir då mer fördelaktigt än fortsatt förtätning i UDN. Inverkan av trafiktyp
diskuteras också. Även med samma dataflöde per areaenhet så leder olika kombinationer av individuella dataflöden och användartäthet till olika resurskrav. Den
minskande prestandavinsten i UDN leder till frågan huruvida det finns en ändpunkt
på vägen till förtätning. Denna osäkerhet leder oss till att studera asymptotiskt beteende av förtätning. Vi införlivar en sofistikerad tvådelad sträckdämpningsmodell
och praktiska UE-tätheter i vår analys. Med hjälp av stokastisk geometri härleder
vi uttryck för täckningssannolikhet för en typisk UE och areaspektraleffektiviteten
(ASE) för nätverket. Därutöver presenterar vi asymptotiskt beteende av ultraförtätning: täckningssannolikhet och ASE har en konvergens skild från noll i det asymptotiska fallet såvida inte UE-tätheten går mot oändligheten.
Därefter skiftar vi vårt fokus till verksamheten i ett UDN. Vi studerar BS
samarbete i två UDN-scenarier: homogen och heterogen UDN där olika typer av
BS-användare distribueras. I båda fallen blir samarbetsregeln mer komplicerat i
traditionella nätverk. Antingen kanalkännedom (CSI) eller extra fördröjningsinformation måste förvärvas för att få samarbetsvinst. Slutligen undersöker vi möjligheten att tillämpa slumpmässig strålformning till initial åtkomst i amillimetervåg (mmWave) UDN. Till vår förvåning kan den enkla metoden ge tillräcklig prestanda i både kontroll- och dataplan, jämföra med befintliga system. Därför kan det
vara onödigt att utveckla komplexa algoritmer för första åtkomst i framtida täta
mmWave-nätverk. Resultaten visar att UDN kan komplicera nätverksoperationer
medan det även kan underlätta enkla system. Vårt arbete ger insikt i förståelsen
av nätförtätningen och banar därmed vägen för driftdesign av framtida UDNs.
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Thesis Overview
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Chapter 1

Introduction
"The formulation of a problem is often more essential than its solution,
which may be merely a matter of mathematical or experimental skill."
Albert Einstein

1.1

Background

The volume of mobile data traffic has undergone an unprecedented growth during
the past decades. From 2012-2017, the overall mobile data traffic grew around eight
times [1]. Surprisingly, it is expected to grow at a compound annual growth rate
(CAGR) of 47 percent in the near future and reach 49 exabytes per month by 2021,
a sevenfold increase over 2017 [2]. As shown in Fig 1.1 [2], smartphones and tablets
will continue dominating mobile traffic (above 90 percent). Over 70 percent of the
traffic from the smart devices are contributed by mobile video, which are supported
by very high data rates. Meanwhile, machine-to-machine (M2M) category will gain
more share in the market. According to [1], around 20 billion internet-of-things
(IoT) devices are forecast, of which 1.8 billion will be with cellular connections.
The fourth generation (4G) networks have reached a mature level and their
limits. To accommodate such rapid traffic growth, the fifth generation (5G) of
wireless networks are expected to improve the network capacity by 1000 times
compared with that in 2010 [3] [4], which poses a tremendous challenge to wireless
research community. Fundamentally, the answer to the 1000 times capacity crunch
can be categorized within the following three paradigms as shown in Fig. 1.2:
• Spectrum Expansion, to seek more spectrum such as exploring millimeter
wave spectrum and/or the unlicensed bands;
• Spectral Efficiency Enhancement, to design advanced physical layer techniques to support high transmission rate, such as efficient modulation and coding schemes, cooperative transmissions and massive multiple-input-multipleoutput (MIMO);
3
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Figure 1.1: Mobile data traffic forecast

Hz
Spectrum expansion
Millimeter wave, unlicenced bands...
1000x
5G beyond 2020

1x
4G today
Cells/area

Further spatial reuse
Dense deployment, D2D...

Spectral efficiency enhancement
Massive MIMO, CoMP...
bps/Hz/cell

Figure 1.2: Resource requirement in different traffic demands.

• Spatial Spectrum Reuse, to improve the spectrum reuse per unit area by
densely deploying base stations (BSs), i.e., network densification.
Different from the other two elements implemented in the infrastructures, spectrum is considered as a ’virtual’ resource. In Shannon’s formula, the additional
bandwidth can lead to an almost linear increase in data capacity (especially in interference limited systems). However, the acquisition of more bandwidth is a very
costly solution, unless devices are authorized for spectrum sharing or operating in
unlicensed bands. In addition, transmitting in higher carrier frequencies suffers from
larger attenuation as well as lower penetration, and usually requires more expensive
equipments.
On the other hand, recent studies show that point-to-point link throughput is
close to the theoretical limits [5]. With this regard, multi-antenna or even massive
MIMO system is considered to provide extra capacity. By adding multiple antennas,
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it offers a spatial dimension in addition to time and frequency for communication
and yields a degree of freedom gain to accommodate more information data. With
massive MIMO, a performance improvement can be obtained with regard to reliability, spectral efficiency, and energy efficiency [6] [7]. Nevertheless, the performance
of massive MIMO may be limited by the finite and potentially correlated scattering
given the space constraints and pilot contamination issues [7]. Meanwhile, channel feedback/estimation for massive antennas is an inherent challenge. As a result,
massive MIMO is more favorable in time division duplex (TDD) systems.
Densely deployed small cells are motivated by increasing the reuse of spectrum
in the network area. It can decrease the number of user equipment (UE) at each
BS, thereby reducing the competition for resources. Compared with the other two
elements, network densification is considered more practical from regulatory and
technical perspective for the following reasons. First, the cost of small cell deployment is much lower than the other two options. Both capital expenditure (CAPEX)
and operational expenditure (OPEX) of deploying small cells are considerably low
compared to multi-antenna macro-BS deployment [8], where a significant portion of
the recurring cost comes from wired backhauling, power usage, and real estate [9].
Furthermore, small cells are energy efficient as they can be utilized intelligently
and opportunistically. Depending on the traffic demand, small cells can turn into
sleep mode so that the energy consumption and interference can be reduced. At
last, by deploying small cells over the macro-cell umbrella heterogeneously, cell edge
may become vague or even vanished. The ’poor cell edge UEs’ will experience good
throughput over the network.
According to Martin Cooper, the pioneer and visionary, the wireless capacity
has doubled about every two years and increased around 1,000,000 fold from 1950
to 2000, also known as ‘Cooper’s Law’. The 1 million gains are composed by 25x
improvement from wider spectrum, 25x improvement from advanced modulation
and coding schemes, and an astonishing 1600x improvement brought by deploying
more BSs and reducing cell size [10]. In this regard, network densification has made
significant contributions to the capacity improvement in the past and is anticipated
to play an important role in the future.

1.2

From Sparse to Ultra-Dense Networks

Network densification has been employed over several cellular generations [11],
which is roughly depicted in Figure 1.3. The first generation (1G) mobile networks in the 1980s, had cell radius on the order of tens of kilometers. Since then,
the cell sizes have been progressively shrinking. Later in the 1990s, an early type of
pico-cells with cell radius ranging from tens to around one hundred meters began to
emerge [12]. Such kinds of small cells were essentially a smaller version of the macro
BS, and required comparable planning, management and network interfaces. They
were mainly used as a complementary for offloading traffic from busy macro-cells
and providing connections to the coverage holes.

6
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(a) Traditional sparse network

(b) Small cell network

(c) Ultra dense network

Figure 1.3: Evolution from sparse network to ultra-dense network.

Since entering the 21st century, the demand for higher data rates in wireless
networks is unrelenting, which has triggered the design of new cellular architecture.
The concept of femto-cell represents a new thinking on the deployment and configuration of cellular systems which considers flexibility, energy and cost aspects.
Different from the traditional small cells, a femto-cell covers even smaller area but
is more autonomous and self-adaptive. Nowadays, networks are rapidly evolving
to include nested small cells such as pico-cells and femto-cells, as well as remote
unit head (RRH) and distributed antenna systems (DAS) [13–15]. The features of
different small cell types are summarized in Table 1.1, which is revised from [16].
Such small cells are equipped with agile antennas in replacing traditional bulky
transceiver units and can be installed arbitrarily for various scenarios [17].
Definition of Ultra-dense Network
To reach the high capacity demand for 5G, interest has lately been turning toward
ultra-dense BS deployment, an evolution of current small cell networks. So, what
is an ultra-dense network (UDN)? Qualitatively, UDN is a network with much

1.2. From Sparse to Ultra-Dense Networks
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Table 1.1: Different types of small cells.
Type of small cell

Deployment Scenario

Coverage

Pico-cells (fully functioning)

indoor/outdoor (planned)

up to 100 meters

Femto-cells (fully functioning)

indoor/outdoor (planned/unplanned)

10 - 30 meters

Delays (macro-extension)

indoor/outdoor (planned)

up to 100 meters

RRHs (macro-extension)

indoor/outdoor (planned)

up to 100 meters

DAS (macro-extension)

indoor/outdoor (planned)

up to 100 meters

higher density of radio resources than that in current networks, i.e., much denser
small cell network in terms of either relative density or absolute density of the
BSs. Quantitatively, the definitions of UDN vary among the literature, which are
characterized from different angles. In [18], the definition is given from an absolute
BS density perspective:
• The 5G systems should target the small cell networks with λ > λ1 as ultra
dense networks where λ1 appears to be around several 103 BSs/km2 .
This definition is interchangeable with the one proposed by the industrial community [19, 20], in which the interpretation depends on inter-site distance:
• UDNs are characterized as networks with very short inter-site distances ranging from a few meters in indoor deployments up to roughly 50 m in outdoor
deployments (every lamp post).
As densification goes further, some cells may have no UE inside and become idle
which is illustrated in Fig. 1.3. When the BS density is sufficiently large, there will
be a body of void cells in the network. The third definition of UDN comes from
such scenario, which describes the relative density of BS, as in [21]:
• A cellular network with BS density λb and active UE density λu is called a
UDN where ρ , λλub  1. The notation f  g implies f is sufficiently large so
that O(g/f ) is approximated by 0.
In general, the third definition should also be based on high BS density (short
inter-site distance) regime since we can barely call a network with 10 BSs and 1 UE
per km2 a UDN, though the density ratio is high enough. Therefore in this thesis,
we do not stick on a single UDN definition, but flexibly apply the aforementioned
concepts depending on different situations.
The differences between (ultra) dense networks and traditional networks is highlighted in Table 1.2, which is revised from [22]. By the comparison, it should be
clear that the definition of UDN and traditional cellular network differ significantly
in both engineering and business aspects. Thus, it is not likely that the successful
schemes for the traditional cellular paradigm will be successful on the UDN.
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Table 1.2: Comparison of traditional cellular and high-density system characteristics.

Traditional cellular

Ultra-dense network

Characteristic

Wide-area paradigm

High-density, short range

Propagation

Distance loss, shadowing, rich multipath

Mostly LOS, body shadowing

Interference

Interference sum of many components

Extremely varying interference

Engineering limitations

Range, interference, energy

Interference

Peak rate limitation
set by

Noise and interference

Equipment (very high SNR)

Cost limitations

Sites: acquisition, antennas, equipment, deployment, backhaul, spectrum licenses

Backhaul, deployment

Active UEs per BS

1-100

0.01-1

Available bandwidth

<0.5 GHz, licensed

>5 GHz, secondary sharing

Design paradigm

Industrial grade, centralized control,
"mandatory complexity"

Consumer grade, distributed control,
plug-and-play

Maintenance model

Single point of failure; 24/7 monitoring

Graceful degradation; replace when
time available

1.3

Literature Review

Based on the given definitions, lots of existing models and operations applied to
current macro cellular networks or even small cells may not hold in UDN scenarios
because the transmission distance is short and not all the BSs are transmitting
simultaneously. In this section, we give an overview of related prior work modeling
and evaluating the UDNs.

Modeling and Analysis of UDN
In order to understand the impact of network densification, quantitative as well
as scalable research is indispensable. A glance at the approaches in previous works
is illustrated in Fig. 1.4, in which the assumptions of propagation environment
and network load condition are the key distinctions. Starting from step (a), [23]
provides a comprehensive understanding on the impact of BS density in fully loaded
downlink cellular networks with a simple single-slope path loss model. It concludes
that BS densification does not change the coverage probability of individual UE
(in interference-limited networks), but linearly improves the area spectral efficiency
(ASE) defined as the sum average spectral efficiency of all active BSs achieving
the target threshold in a unit area sum rate. However, this conclusion may become
invalid in a UDN due to its over simplified signal propagation and load models.
To examine the impact of ultra densification, it is important to incorporate the
propagation characteristics of UDN properly. It is well known that the path loss
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Figure 1.4: Approaches in propagation and load modeling.

exponent is small (or large) when radio signals experience less (or more) absorption and diffraction losses. In a UDN environment, the probability for the desired
and interfering signals of experiencing different loss levels is quite high, resulting in
dissimilar path loss exponents. Furthermore, the probability of a link within an analytical reference distance, e.g. one meter, becomes high, and thus this phenomenon
cannot be neglected in the analysis. Consequently, a widely accepted unbounded
single-slope path loss model, i.e., G(d) = d−α , becomes dubious in a UDN. With
this regard, research in bounded as well as multi-slope path loss models becomes
necessary in such scenarios. Moreover, a non-negligible portion of BSs become inactive without interfering other cells in a UDN (Fig. 1.3(c)). In this case, a full load
model where BSs always transmit signals will overestimate the interference level.
A multi-slope path loss model is applied in [24] (step (d)), which shows that the
UE coverage probability is a decreasing function of BS density under such modeling. Meanwhile, [25] investigates the effect of bounded path loss model when BS
density is extremely large (step (c)). Both [24] and [25] show that the signal-tointerference-ratio (SIR) vanishes as BS density grows asymptotically. On the contrary, the conclusions of [26] and [27] indicates that the SIR keeps increasing as BS
density goes to infinity (step (b)). Such contradiction comes from the corresponding
models in the references. The bounded and multi-slope path loss models help to
prevent overestimating the signal power and underestimating the interference respectively, which decrease the SIR. Conversely, the partial load model can prevent
overestimating the interference density in the whole network, which increases the
SIR. Therefore, more consideration is required for the modeling of UDN.
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Operations of UDN
The BSs in UDN environments covers a small area and the inter-site distance would
be in the range of meters or tens of meters. This will create a more unpredictable and
less manageable interference environment. On one hand, each cell is surrounded by
many neighbors in its close proximity. On the other hand, short-range transmissions
have different features than long-range transmissions in traditional sparse wireless
networks. For instance, the line-of-sight (LOS) component of signals appears and
dominates, resulting in low signal power attenuates with distance. Therefore, drastic
interference will be generated from neighboring cells and become a limiting factor in
the system performance. Hence, interference management is unavoidable in a UDN.
The interference mitigation methods including interference avoidance, cancellation
and coordination schemes are investigated in [28–32].
Another major challenge is backhauling design because of the complex topology
in a UDN. Fiber-optic based backhauling is almost impossible for every small cell in
a UDN due to cost prohibitive and deployment difficulty. An easy and cost efficient
solution is needed to bridge the pervasive small cells in a UDN and the fiber-based
core network. Wireless backhauling are improving by leaps and emerging as a viable
solution. In wireless backhauling especially for high frequencies, LOS is a strict requirement which could be less challenging since the endpoints of the link are fixed.
The solution is termed as in-band or self-backhauling if it reuses the radio access
frequency. The advantages of such approach is increasing the resource utilization
and reducing CAPEX due to the reuse of hardware. However, it may create extra interference between backhauling and access links. The existing backhauling
schemes for dense networks are discussed in [33–37] and the references therein.
Since the coverage area of an individual UDN cell is small, a UE may cross
more cells along its trajectory path and stays for a short time inside each cell.
Handover executions thus occur more frequently in a UDN compared to conventional networks. In this case, the handover overhead increases significantly and the
UEs need to allocate more resources for the handover instead of data transmission
which substantially degrades their quality of service (QoS). Consequently, mobility
management in a UDN requires more intelligent handover schemes to overcome
these limitations. In [38], the authors study the handover process between a macro
and a small cell in heterogeneous networks. A handover scheme utilizing cooperation based cell clustering is proposed in [39]. The authors in [40] investigates the
mobility management of UDNs from an energy-efficiency (EE) point of view. Reference [41] and [42] introduced a handover skipping scheme in order to reduce the
handover rate.

1.4

Thesis Focus and Problem Formulation

Based on the literature review, we see that modeling and operations of a UDN are
fundamentally different from those of conventional cellular networks. This thesis
intends to focus on filling some research gaps in the aforementioned two aspects of
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UDN. In what follows, the specific research questions addressed in this dissertation
are defined.

Performance analysis
According to the background, there is a general agreement on the effectiveness and
powerfulness of network densification. It has been recognized as the single most effective way to increase network capacity in the past [43]. The glorious history owes
to the traditional cellular scenario in which the network capacity scales linearly
with the BS density because power-law path loss models (single-slope models) hold
and every BS serves at least one single UE [44]. According to the ‘theory’, keep
densifying endlessly, problem solved! Such ’myth’ has been dispelled by the new
recognition of further densification with more sophisticated models. However, the
conflicted conclusions in the literature implied that the real value of ultra densification is still not crystal clear to us. This rises the first high-level research question
(HQ) that we try to answer in this thesis:
• HQ 1: How much benefit can we get from ultra network densification?
Despite bringing the huge capacity increment in the past, densification is not
the only weapon when facing the 5G challenge, as always. The toolbox in Fig. 1.2
provides different choices and flexibilities to the mobile network operators (MNO).
Given the three elements therein, the MNOs need to make a strategic decision on
which direction to head to, for the purpose of efficiently deploying a network and
meeting a certain traffic demand. Different MNOs with different existing network
assets, customer market segmentation, financial means and technical expertise may
require different solutions. However, in spite of abundant research in each of the
three ingredients, there has been little knowledge on the relationship among them.
To this end, we will focus on the competence of network densification towards the
other two elements (spectrum and multi-antennas) in answering HQ1. Thus, the
following research question (RQ) should be addressed:
• RQ 1: What is the trade-off between densification and other resources in order to fulfill certain UE requirement?
Recently, the well-known Moore’s Law has hit a plateau, resulting in wide ranging ramifications beyond the semiconductor industry. The analogous Cooper’s Law
may face the similar problem sooner or later. As shown in previous works, the
conclusion of linearly increased capacity are drawn under very simple load and
propagation assumptions. A simple single-slope path loss model cannot capture the
distinction of LOS and non line of sight (NLOS) paths. Furthermore, a full load
model forces BSs to always transmit signals despite non-negligible portion of UE
void BSs, overestimating the interference. It is thus important to incorporate such
propagation and load characteristics in detail so as to examine the impact of ultra
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Figure 1.5: An illustration of JT in traditional fully-loaded network and partially-loaded
UDN.

densification. In this case, the ultimate gain of network densification is still unclear.
Therefore, a clear understanding of the asymptotic behavior of ultra-densification
incorporating more realistic load and propagation models is needed. With this regard, we aim to answer the following research question:
• RQ 2: What is the asymptotic behavior of ultra-densification?

Operational guidelines
UDN is not a simple downscaling of traditional macro-networks. The densely deployment affects not only the system performance but also the operational strategies. Thus, operations and schemes fitting for macro-networks may not be applicable
in a UDN. We have shown in the literature that most of the interference management, backhauling design and handover schemes are reconsidered or adapted for
UDN regimes. This triggers new thoughts on the design of operation guidelines of
a UDN, which coincides with our second HQ in the thesis:
• HQ 2: How should certain operations be adjusted in a UDN scenario?
The existing UDN studies mainly evaluate the performance of UEs under single
BS association without any coordination. According to the third definition of UDN,
there might be more BSs than UEs in a UDN scenario and the BSs without any UE
in their coverage area are considered stay in idle mode, in order to save energy and
reduce interference. These dormant BSs have the potential to provide extra capacity
for the active UEs through proper cooperative schemes. Thus, it is interesting to
investigate cooperation schemes fit for UDN scenarios.
Joint transmission (JT) is a potential solution since it allows multiple BSs to
jointly serve one user. In traditional fully loaded cellular networks, JT turns domi-
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Figure 1.6: Existing cell search schemes

nant interferers into useful signals while the other interferers remain the same. Thus,
the desired signal strength increases and the interference decreases simultaneously,
at the cost of reduced scheduling probability. It is known that JT enhances the
performance of cell-edge users in macro cellular networks [5] (Fig 1.5(a)). However,
interference nature is completely different in a UDN because turning on dormant
BSs will generate extra interference and energy consumption. In this case, if UEs
get assistance from nearby sleeping BSs, the interference will grow rapidly as well
as the desired signal power as shown in Fig. 1.5(b). Therefore, this thesis aims to
answer the following question:
• RQ 3: How to perform BS cooperations in UDN scenarios?
Millimeter wave (mmWave) networks rely on directional transmissions to overcome severe path loss in both control plane and data plane. Nevertheless, the use of
narrow beams complicates the initial access procedure where we lack sufficient information for beamforming. Current initial access schemes, summarized in Fig. 1.6 [45]
mainly focused on finding ’the best’ link quality. In [46], the authors analyzed various design options given different scanning and signaling procedures. The synchronization signals and the detection approach is such that time-frequency-spatial
synchronization occurs jointly. An iterative beam searching scheme, namely a twophase hierarchical procedure with multi-resolution codebook is discussed in [47].
As the networks are deployed denser progressively, the potential data rate of directional mmWave communications is rather high even when connecting with a BS
other than the ’best’ choice. Therefore, finding ’an acceptable’ link especially in a
dense network may be more preferable, as it may substantially reduce the dataplane establishment latency while satisfying the rate demands of the UEs. Fast
initial access becomes even more important for wireless sensor networks comprising
many wake-up radios in which the synchronization may take longer than the actual
data transmission, leading to a poor latency performance. Despite plenty of data
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plane analysis on mmWave dense networks, the impact of network densification on
control plane design has not been discussed, which prompts the following research
question:
• RQ 4: How does network densification affect the initial access in
mmWave networks?

1.5

Overview of Thesis Contributions

This section summarizes the main contributions of the thesis. To put our work into
the context of current research, an overview of the thesis contribution is listed as
follows:

Resource tradeoffs in UDN provisioning
In this part, we first study the resource trade-offs in network provisioning. We
introduce the microeconomics terminology ’technical rate of substitution’ (TRS)
[48] to illustrate the value of densification in terms of spectrum and antenna number
per BS. The substitutability of densification is discussed by calculating the TRS
between BS density and other elements in different scenarios. Furthermore, we also
demonstrate the importance of specifying demand types in the dimensioning of
wireless networks. We show that different resources are needed in different traffic
demand types even with the same area throughput. This section is based on the
following papers:
• Paper I (Paper A in the appendix): Y. Yang and K. W. Sung, "Tradeoff
between Spectrum and Densification for Achieving Target User Throughput,"
2015 IEEE 81st Vehicular Technology Conference (VTC Spring), Glasgow,
2015.
• Paper II (Paper B in the appendix): Y. Yang and K. W. Sung, "Technical
Rate of Substitution of Spectrum in Future Mobile Broadband Provisioning,"
2015 IEEE International Symposium on Dynamic Spectrum Access Networks
(DySPAN), Stockholm, 2015. (Best poster award).
• Paper III: A. Widaa, Y. Yang, K. W. Sung and J. Markendahl, "On the
Engineering Value of Spectrum in Dense Mobile Network Deployment Scenarios," 2015 IEEE International Symposium on Dynamic Spectrum Access
Networks (DySPAN), Stockholm, 2015.
The author of this thesis acted as the main author of Paper I and Paper II
and developed the simulation methodologies. The problem formulations are jointly
proposed with Dr. Ki Won Sung. The author of the thesis acknowledges Dr. Anders
Furuskär at Ericsson Research for his valuable suggestions and feedback. Paper III
was written in collaboration with Ashraf Widaa. The author of this thesis has
contributed to the analytical modeling and proofreading.
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Asymptotic behavior of UDN
On the next step, the asymptotic behavior of ultra-densification is studied. We combine step (b), (c) and (d) altogether, resulting in step (e) in Fig. 1.4, and investigate
their aggregate impact on the asymptotic SIR coverage behavior. To the best of
our knowledge, this is the first UDN work combining both the effect of UE density and a bounded multi-slope path loss model. We discuss the convergence of the
asymptotic behaviors depending on different load situations. Numerically tractable
integral-expression as well as closed-form bounds of coverage probability and ASE
are derived. Furthermore, the impact of UE density on coverage probability and
ASE are analyzed. This section is based on the following paper:
• Paper IV (Paper C in the appendix): Y. Yang, J. Park. and K. W.
Sung, "On the asymptotic behavior of ultra-densification under a bounded
dual-slope path loss model," European Wireless 2017; 23th European Wireless
Conference, Dresden, Germany, 2017.
The author of the thesis proposed the original problem, provided the derivations
and acted as the leading author of the paper. Dr. Jihong Park made contributions
by refining the structure and polishing the writing of the paper. Dr. Ki Won Sung
provided directions and valuable insights in the paper.

BS cooperation in UDNs
This section intends to provide insights of BS cooperation in two UDN scenarios:
homogeneous UDN where all the BSs are the same type and heterogeneous UDN
where different kinds of BSs are deployed. For the homogeneous UDN scenario, we
investigated two BS cooperation schemes: non-coherent JT without the assistance
of instantaneous channel state information (CSI) and coherent JT with full CSI
knowledge. For the heterogeneous UDN scenario, we study coordination between
Cloud-RAN (C-RAN) based BSs and independent operating BSs. In both scenarios,
we studied the effect of imperfect CSI on cooperation and categorized the conditions
which are favorable for cooperation. The findings are presented in the following
papers:
• Paper V (Paper D in the appendix): Y. Yang, K. W. Sung, J. Park S. L.
Kim and K. Kim, "Cooperative transmissions in ultra dense networks under a
bounded dual-slope path loss model," 2017 European Conference on Networks
and Communications (EuCNC), Oulu, 2017.
• Paper VI (Paper E in the appendix): D. Kim, Y. Yang, K. W. Sung,
and J. Kang, "Cooperation Strategies for Partly Wireless C-RAN," IEEE
Communications Letters, vol. 22, no. 6, pp. 1248-1251, June 2018.
The author of this thesis proposed the original problem formulation, implemented the simulation methodologies and acted as the leading author of Paper V.
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Dr. Jihong Park and Dr. Ki Won Sung offered valuable feedbacks on writing and
the structure of the paper. Prof. Seong-Lyun Kim and Prof. Kwang Soon Kim provided comments on the problem formulation. In Paper VI, the author of this thesis
refined the problem, developed simulation framework and provided proofreading.

Initial access design in mmWave UDN
We then turn our attention to the control plane design of mmWave UDN. In this
part, we design a low-complexity initial access scheme under random beamforming
in mmWave UDNs. A stochastic geometry based analytical framework for evaluation is developed. We investigated the effect of BS density, environmental blockage
and antenna beamwidth on initial access performance. Meanwhile, we characterize the tradeoff between failure probability and expected latency. Furthermore, we
compared our proposed scheme with the existing techniques in both control plane
and data plane performance. This section is based on the following papers:
• Paper VII (Paper F in the appendix): Y. Yang, H. S. Ghadikolaei, C. Fischione, M. Petrova and K. W. Sung, "Reducing Initial Cell-search Latency in
mmWave Networks," IEEE INFOCOM 2018 - IEEE Conference on Computer
Communications Workshops (INFOCOM WKSHPS), Honolulu, HI, 2018.
• Paper VIII: H.S. Ghadikolaei, Y. Yang, C. Fischione, M. Petrova, and K.
W. Sung. "Fast and Reliable Initial Cell-search for mmWave Networks", In
Proceedings of the 2nd ACM Workshop on Millimeter-Wave Networks and
Sensing Systems 2018 (mmNets’18).
• Paper IX (Paper G in the appendix): Y. Yang, H.S. Ghadikolaei, C.
Fischione, M. Petrova, K. W. Sung, "Fast and Reliable Initial Access with
Random Beamforming for mmWave Networks", submitted to IEEE Transactions on Wireless Communications.
The problems in this section were jointly proposed and formulated with Dr.
Hossein Shokri. The author of this thesis provided mathematical derivations, numerical results and acted as the leading author of Paper VII and Paper IX. Paper
VIII was drafted by Dr. Hossein Shokri while the author of this thesis contributed to
the numerical results and was involved in editing the paper. Prof. Carlo Fischione,
Prof. Marina Petrova and Dr. Ki Won Sung provided comments on the problem
formulation and insights in the direction of the papers.

1.6

Thesis Outline

The remainder of the thesis is organized in two parts: an overview of the thesis
(Chapter 1 to 4) and verbatim copies of the papers includes in this thesis. In Part
I, Chapter 2 introduces the modeling and methodology employed in this thesis. The
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key results of the thesis are present in Chapter 3. Finally, the concluding remarks
and future work are discussed in Chapter 4.

Chapter 2

Research Methodology and Models
"Essentially, all models are wrong, but some are useful."
George Box

This chapter describes the research methodologies and system models we used
throughout the thesis. We first introduce the stochastic geometry based analysis
and Monte Carlo simulation as our main methodology. Then, further details on
theoretical models in this thesis are present.

2.1
2.1.1

Research Methodology
Stochastic Geometry based Network Analysis

A wireless communication network can be viewed as a collection of points, which
can in turn represent transmitters or receivers. Accurate models are essential to the
development of standards and the evaluation of system performance or potential
schemes in wireless networks. The most widely used and accepted model is the
hexagonal grid model. It is frequently used in system-level simulations but is not
generally possible for analytical study [49] [50]. A popular analytical model for
multi-cell systems is the Wyner model [51] which assumes a unit gain from each
BS to its serving UE and equal channel gains to the two neighboring UEs in a
one-dimensional space. Such a model is reasonable in a system where other-cell
interference is approximated to a constant, such as the code division multiple access
(CDMA) uplink, but it is highly inaccurate in general and particularly for systems
with 1 or 2 dominant interferers, like an orthogonal frequency-division multiplexing
(OFDM) based 4G and beyond network [52].
Recently, a prominent approach has drawn attentions in academia, which uses
random spatial models from stochastic geometry to capture the real deployment.
Stochastic geometry is the theory of random sets, which forms random processes
of points, particles, fibres or surfaces in the Euclidean space [53]. Specifically, it
models BS and UE locations as realizations of spatial point processes on the two
19
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Figure 2.1: Network topology based on the PPP assumption

dimensional plane and enables the characterization of signal-to-interference-plusnoise-ratio (SINR) distribution and mean data rate. By this means, the theoretical
expressions can reveal the impact of system parameters on the key performance
metrics, thereby providing insights on system design and optimization. Therefore,
stochastic geometry is able to provide good tractablility for the analysis of homogeneous, heterogeneous and cognitive multi-tier cellular networks [54].
In stochastic geometry analysis, the network is abstracted to a point process
(PP) to model the positions of the network entities according to the network type
and/or the MAC layer behavior. The popular PPs include Poisson point process
(PPP), hard core point process (HCPP), Poisson cluster process (PCP) and etc.
Among these PPs, the PPP is the most popular because the assumption of independent BS locations allows substantial tools from stochastic geometry and provides
tractable analysis. The accuracy of the PPP model is validated by comparing with
the grid model and an actual 4G network [23].
Stochastic geometry analysis provides a good complement to exhaustive simulations, since a large subset of undesirable deployment parameters can be quickly
eliminated through the analytical expressions. The major drawback of stochastic
geometry modeling is the limitation of spatial averaging. Considering only spatial
averages may hide important details that affect the network performance. It will
limit the insights that can be obtained and the effect of the design parameters due
to the spatial randomness [55]. For instance, it is hard to capture the performance
of cell edge or lower 5 percentile UEs. Accordingly, we cannot design the network
where at least 95% of the UEs experience an outage probability less than 5% only
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with the spatial average of the outage probability. Thus, a combination of using
different tools is necessary for different purposes of analysis.

2.1.2

Monte Carlo Simulation

In Monte Carlo simulation, the entire system is simulated a large number (e.g.,
10000) of times. Each simulation is equally likely, referred to as a realization of
the system. For each realization, all of the uncertain parameters are sampled (i.e.,
a single random value is selected from the specified distribution describing each
parameter). The system is then simulated through time (given the particular set of
input parameters) such that the performance of the system can be computed. The
simulation provides a large number of separate and independent results, each representing a possible "future" for the system (i.e., one possible path the system may
follow through time). The results of the independent system realizations are assembled into probability distributions of possible outcomes. As a result, the outputs
are not single values, but probability distributions.
The main advantage of the comprehensive system level simulations is that it
can investigate any arbitrary network scenario to any detail. This is enabled by
implementing the desired network topology, wireless channel model, traffic model,
network protocols, and so on. Therefore, many key performance metrics of cellular
networks, including the SINR distribution and the data rate, can be accurately
determined through simulations. However, a major limitation of simulation is that
each desired scenario needs to be simulated separately using distinctive system
parameters. As the cellular network continues to evolve with more complicated
features and more system parameters to optimize, simulating all the scenarios of
interest can be very time-consuming. Due to the limited number of scenarios that
can be simulated, the corresponding design insights can also be quite restricted,
and hard to infer for the scenarios that are not simulated. Hence, for your system
to be sound, it is very necessary for a harmony between analysis and simulations.

2.2
2.2.1

System Models
Network Model

We consider a downlink cellular network in all of our works where the BSs and UEs
are modeled to be distributed according to two independent homogeneous PPPs,
Φb and Φu . The densities of BS and UE are denoted as λb and λu respectively. The
coverage area of each BS comprises a Voronoi tessellation as shown in Fig. 2.1. In
most cases (except Chapter 3.4), we assume closest association rule, i.e., the UEs
in the Voronoi cell of a BS are served by it. As the BS density increases, some BSs
may not contain any active UEs in its coverage area. In this case, the BS becomes
inactive without transmitting any signal. Each active BS has at least one UE in its
cell and will randomly choose one of them to serve. The probability of a BS being
active is derived in [56], given as:
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Table 2.1: Road sign of models applied in the thesis.
Model

Applied in Chapter

PPP based network

Chapter 3.1, 3.2, 3.3, 3.4

Single-slope path loss model

Chapter 3.1

Bounded dual-slope path loss model

Chapter 3.2, 3.3

Blockage based path loss model

Chapter 3.4

MRT beamforming model

Chapter 3.1, 3.3

Analog beamforming model

Chapter 3.4

3GPP NR model

Chapter 3.4

pa = 1 − (1 +

λu −3.5
)
.
3.5λb

(2.1)

Without loss of generality, we conduct analysis on the performance of a typical
UE located at the origin o and randomly selected by its serving BS, which is permissible in a homogeneous PPP according to Slivnyak’s theorem [57]. The SINR of
the typical UE served by BS xi is given by:

SINRxi =

P

Pt GBS GUE |hxi |2 `(|xi |)Sxi
,
Pt GBS GUE |hxj |2 `(|xj |)Sxj + W

xj ∈Φb \xi

where Pt and W denote the BS transmit power and the thermal noise; GBS and
GUE represent the antenna gain of the BS and UE which are set to 1 for omnidirectional antenna; h and |x| denote the channel and distance between BS and
UE respectively; `(|x|) is the distance path loss which will be introduced in the
next section; Si is a binary term indicating LOS condition (used in Chapter 3.4).
When there are many idle BSs in the network, Φb , Φ∗b represents the set of active
BSs which is not a homogeneous PPP because the active probability depends on
the cell area. Nevertheless, we can model Φ∗b as a homogeneous PPP with density
λ∗b = λb pa , by thinning the process Φb . This approximation has been shown to be
accurate according to [58, 59].
As we are dealing with UDN scenarios where BS-UE distance is quite close in
the thesis, it is reasonable to assume an interference-limited system (except for
Chapter 3.4). Thus, we will neglect the noise power and examine the SIR instead
of SINR throughout the thesis. Such assumption is justified through simulation
in [21, 58]. The SIR of the typical UE with omni-directional antenna and LOS
condition can be expressed as:
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SIRxi =

|h |`(|xi |)
P xi
.
|hxj |`(|xj |)

(2.2)

xj ∈Φb \xi

Given the downlink SINR of the typical UE and the target SINR level T, the
coverage probability is defined as:
Pc (λb , λu , T ) , P[SINRxi > T ].

(2.3)

The network ASE Γ is given by
Γ(λb , λu , T ) , pa λb Pc (λb , λu , T ) log2 (1 + T )

(2.4)

where pa λb Pc can be interpreted as the density of the BSs that successfully transmit
the symbols to their UEs.

2.2.2

Channel Model

In wireless communications, the channel refers to the medium between the transmitter and receiver. Due to the electromagnetic wave propagation mechanisms,
the wireless channel modeling usually includes path loss, large-scale fading and
small-scale fading. For large-scale fading, it has been shown in [60] that the PPP
assumption can be viewed by combining BS locations and shadowing with sufficiently large variance. Meanwhile, it will not significantly affect the accuracy of the
analysis [23, 58] without shadow fading. Therefore, we ignore the effect of shadowing in this thesis similar as [40, 61]. Rayleigh fading is used as small-scale fading,
with the fading coefficients h are i.i.d zero mean unit variance complex normal distributed random variables. Compared to more realistic models for LOS paths such
as Nakagami fading, Rayleigh fading provides very similar design insights while
leads to more tractable results [62].
The complexity of radio propagation makes it difficult to obtain a single model
that accurately characterizes path loss across a range of different environments.
Accurate path loss models can be obtained from complex ray tracing models or
empirical measurements. However, for general system analysis, it is better to apply
a model that is simple yet able to captures the essence of the signal propagation.
Thus, the following models for path loss as a function of distance is commonly used
for system design.
Single-slope Path Loss Model
One of the most widely used path loss models is the distance-dependent standard
path loss model which is expressed below:
`(α, d) = d−α ,

(2.5)
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Figure 2.2: A bounded dual-slope path loss model

where α is the path loss exponent that can be roughly fit to the environment.
The standard
path loss model is the basis for most existing cellular network
0
0
50
150
theory, analysis,
simulation and
design. We also100
used it in our initial
studies in
Chapter 3.1. Nevertheless, as discussed in the Introduction, this simple model is
also known to lead to unrealistic results in some special cases [63] and cannot
accurately capture the dependence of the path loss exponent on the link distance
in UDN scenarios. Thus we turn to more sophisticated path loss models in the
following sections.
Bounded dual-slope Path Loss Model
In a UDN environment where cell sizes are much smaller, the single-slope standard
path loss model becomes too idealized. Therefore, it is important to capture the
propagation characteristics of a UDN for providing more accurate results. With this
regard, a bounded dual-slope path loss model is applied in our UDN analysis.
We consider that path loss attenuation from a BS to a UE is distinguished
under three different regions, bounded region, near-field and far-field at the UE
as illustrated in Fig. 2.2. Bounded region is a closed circle centered at the UE,
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inside which the path loss is assumed to be constant (e.g. no loss within 1 meter).
The radius of the circle is always no smaller than 1 so that the transmitted signal
power cannot be amplified at the receiver side. The near-field and far-field are the
areas outside the bounded region, separated from a critical distance to the UE. It
worth noting that the definition of near-field and far-field here is different from the
electromagnetic concept. In this thesis, our definition of the two fields describes the
distance differences from the transmitters to the UE, as in [24]. Near-field denotes
the region closer to the receive antenna, wherein the signal has a higher probability
to transmit in a LOS path. Hence, the signal power decays slowly within this region.
In the far-field, the signal experiences more absorption and diffraction which makes
larger path loss exponents than in the near-field regions.
The bounded dual-slope path loss model can be formulated in a piece-wise
function of the transmission distance d, shown as


0 ≤ d ≤ Rb ;
 1,
`(α1 , α2 , d) =
(2.6)
τ1 d−αc , Rb < d ≤ Rc ;


−α
τ2 d , d > R c
where Rb > 0 is the radius of the bounded path loss region, i.e., the path loss in
the range of [0, Rb ] is assumed constant; τ1 , Rb αc and τ2 , Rc α−αc which keeps
the continuity of the function (we set Rb = 1 in our work thus τ1 = 1); Rc ≥ Rb is
the critical distance to divide the near- and far-field; and αc and α are the nearand far-field path loss exponents for 2 ≤ αc ≤ α, respectively.
Blockage-based Path Loss Model
A distinguishing feature of mmWave cellular communication is that mmWave signals are more sensitive to blockage effects than signals in lower frequency bands.
Channel measurements using directional antennas have revealed that blockages
cause substantial differences between LOS and NLOS paths [64]. Thus in mmWave
network analysis, each BS is characterized by either LOS or NLOS propagation to
the typical UE, independently from others. Define the LOS probability function
pLOS (r) as the probability that a link of distance r is in LOS condition. We apply
a stochastic exponential blockage model for the function where the obstacles are
modeled with a rectangle Boolean scheme [65]: pLOS(r) = exp(−βr), where β is a
parameter determined by the density and the average size of the blockages, and
β −1 represents the average length of a LOS link. For the tractability of analysis, we
further assume independent LOS probabilities between different links which only
cause a minor loss of accuracy in the SINR evaluation [65, 66].
Given LOS probability pLOS (r), the path loss for a link with distance r is given
by:
(
`(kxi k) =

(C(kxi k))αL , if LOS;
(C(kxi k))αN , if NLOS (blocked)

(2.7)
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where C(kxi k) = 4πkxci kfc , c is the light speed, fc is the operating frequency, αL and
αN represent the path loss exponent for LOS and NLOS links, and kxi k represents
the distance between xi and the origin. When ignoring NLOS effect, we set αN = ∞
and αL = α for simplicity.

2.2.3

Maximal Ratio Transmission Beamforming Model

Maximal Ratio Transmission (MRT) is one technique of linear precoding which
maximizes the signal gain in the absence of interference, or when interference is
treated as background noise [67]. We select MRT as a representative of digital
beamforming techniques in our multi-antenna and cooperation analysis. Other techniques are also valid and left as future work. We assume a multi-input-single-output
(MISO) system where each BS has M antennas and each UE is equipped with a single antenna. With MRT beamforming, the received signal for a typical user served
by BS located at xi given by
α

yi = |xi |− 2 h∗i wi

X
p
p
α
Pt si +
|xj |− 2 h∗j wj Pt sj + W

(2.8)

j6=i

where hi ∼ CN (0, I) is a M × 1 vector denoting the MISO channel, the MRT
h∗
precoder is designed as wi = khii k . Thus, the SINR of the typical UE can be
expressed as
SINRxi =

gi `(|xi |)
X
gj `(|xj |)

(2.9)

xj ∈Φb \xi

where gi =k hi k2 ∼ Gamma(M, 1) and gj =

2.2.4

2
kh∗
i hj k
khj k2

∼ Exp(1) for j 6= i [68].

Analog Beamforming Model

To analyze the initial cell-search in mmWave network, we consider analog beamforming because digital or hybrid beamforming does not suit due to the existence
of many antenna elements and lack of prior channel knowledge, translated into
the need for costly pilot transmission schemes. We first model the actual antenna
patterns by a sectorized beam pattern (SBP) as in [69]. The advantage of such modeling is the analytical simplicity, through which we can derive tractable expressions
of detection failure probability and delay. As a complementary for SBP, we also
consider the uniform linear array (ULA) antenna model for the due to two reasons:
1) verifying the analytical insights and performance trends, obtained by the SBP
model, and 2) obtaining the SINR in data plane with beam refinement.
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Sectorized Beam Pattern
In the SBP model, BSs and UEs are equipped with an antenna array of NBS and
NUE antennas respectively to support directional communications with the corresponding antenna gains GBS and GUE , where NBS NUE ∈ N+ . Thus, the antenna
beamwidth of BSs and UEs are θBS = 2π/NBS and θUE = 2π/NUE . We assume
both BSs and UEs have 1 RF chain, such that they can transmit to or receive from
only one direction at a time. In an ideal sectorized antenna pattern, the antenna
gain Gx , x ∈ {BS, UE}, as a function of beamwidth θx is a constant in the main
lobe and a smaller constant in the side lobe, given by
(
2π−(2π−θx )
, in the main lobe,
θx
(2.10)
Gx (θx ) =
,
in the side lobe,
where typically   1. In some cases for analytical tractability, we ignore the
sidelobe gain by setting  = 0. Similar to [46, 62], we assume BSs and UEs sweep
the entire angular space by NBS and NUE beamforming vectors defined in the
codebooks, respectively.
Uniform Linear Array
In the ULA model, the array response vector can be expressed as
iH
1 h
a (K, θ) = √ 1 ejπ sin(θ) . . . ej(k−1)π sin(θ) .
k

(2.11)

The parameters of the channel model depend both on the carrier frequency and on
being in LOS or NLOS conditions and are given in [70, Table I]. More specifically,
we define f (k, K, θ) as
h
iH
1 ejπ sin(θ) . . . ej(k−1)π sin(θ) 01×(K−k)
√
f (k, K, θ) :=
,
(2.12)
k
for integers k and K such that 0 < k ≤ K. 0x is an all zero vector of size x. Let
vbc and wuc be the precoding vector of BS b ∈ B and the combining vector of UE
u ∈ U in mini-slot c of the cell-search phase. We define
vbc = f (kbc , NBS , φcb ) ,
wuc

=

f (kuc , NUE , θuc )

.

(2.13a)
(2.13b)

The BSs and UEs can control the antenna boresight by changing φcb and θuc and
control the antenna beamwidth by changing kbc and kuc . At each BS b, we keep a
local codebook Vbc that contains MBS precoding vectors. Each vector vbc ∈ Vbc is of
the form (2.13a) such that the codebook collectively spans all angular space. The
cardinality of the codebook is based on the half-power beamwidth and determines
the antenna gain and sidelobe interference caused by every beam.
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3GPP NR Frame Model

To verify our proposed initial-cell search scheme in a system analysis, we apply the
latest 3GPP NR framework. The 3GPP technical specification for NR introduces
the concept of synchronization signal (SS) block and burst. An SS block spans
four orthogonal frequency division multiplexing (OFDM) symbols in time and 240
subcarriers in frequency, see [71] and references therein. Each SS block is mapped
to a certain angular direction. An SS burst is a group of several SS blocks, and the
interval between consecutive SS bursts TSS can take from {5, 10, 20, 40, 80, 160} ms.
Higher values correspond to lower synchronization overhead. Within one frame of
NR, there could be several pilots, called channel-state information reference signal
(CSI-RS), to enable optimal beamforming design for the data-plane.

Chapter 3

Key Results
"Be a voice, not an echo."
Albert Einstein

In this chapter, we present the key results 1 of the thesis to answering the
research questions in the Introduction. The results were obtained by employing the
methodologies and models described in Chapter 2.

3.1

Resource Trade-offs in UDN Provisioning

In order to quantify the resource requirement in UDN in terms of BS density,
antenna numbers and spectrum, we need to figure out the relationships among
them. Besides, resource requirement depends on the traffic demand. Area capacity
is widely used for describing demand target in previous works. However, it hardly
captures the individual UE requirement which is a key performance indicator in 5G
or beyond [72]. Same area capacity may result in various types of traffic demand
that need different amount of resources. Therefore specifying demand types can
help operators allocating resources properly. In this section, we study the relations
among the three elements under different types of traffic demand. The details of
the analysis and more results can be found in Papers I, II and III.

3.1.1

Technical Rate of Substitution

The concept from microeconomics, TRS, is introduced to explain the substitutability of each element. The definition of TRS is given as:
• TRS measures the rate at which the firm will have to substitute one input for
another in order to keep output constant.
1 Parts of the results in this chapter has been presented in the Licentiate thesis of the author.
The material is reused with permission.
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Figure 3.1: Relation between antenna number and BS density.
4M
Table 3.1: TRS between antenna number and densification ( 4λ
).
b

Sparse Case

M=1

M=4

M=8

M=16

λu =100
Ra =15Mbps

0.374

2.664

5.739

23.244

Dense Case

M=1

M=4

M=8

M=16

λu =100
Ra =420Mbps

0.0026

0.022

0.075

0.154

Suppose that we have factors, e.g. spectrum and BS density, and are operating at
some point (W, λb ) with output of data rate Ra . Consider a change in W and λb
while Ra keeps fixed:
Ra = f (λb , W ) = f (λb + 4λb , W + 4W ).

(3.1)

Then the TRS of λb with regard to W at point (λb , W) is defined as
TRS(λb , W ) =

4W
4λb

(3.2)

which indicates the substitutability of BS density. If the TRS of λb is low, it means
BS can be easily replaced by acquiring more spectrum. Otherwise, deploying more
BSs is more effective.

3.1.2

TRS of Densification

We will evaluate the relations among BS density λb , spectrum bandwidth W and antenna number per BS M . Our objective is to calculate TRS(λb , W ) and TRS(λb , M )
at each operating point of basic service. Beyond that, we consider increasing the
network capacity from either speed or usage perspective and investigate the resource
requirement for the two network upgrading purposes.
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Figure 3.2: Relation between spectrum and BS density.
).
Table 3.2: TRS between spectrum and densification ( 4MHz
4λb
Sparse Case

λb =1

λb =5

λb =10

λu =100
Ra =15Mbps

349.650

23.256

6.289

Dense Case

λb =100

λb =500

λb =1000

λu =100
Ra =420Mbps

2.398

0.080

0.030

MRT beamforming is chosen for multi-antenna technique and the standard distance dependent path loss model is employed with exponent α = 4. BSs and UEs
follow two independent PPPs and the BSs are in idle mode if no UE in its serving
area. All the models are described in Chapter 2.2.1, 2.2.2 and 2.2.3.
We choose the typical UE data rate Ra as our performance metric, which is
defined as the average downlink ergodic rate of a typical UE in the network. Ra
can be expressed as a function of coverage probability Pc and is given by:
Ra = W E[log2 (1 + SIR)]
Z
Pc
W
dT.
=
ln2 T >0 T + 1

(3.3)

Given the SIR of the typical UE, the coverage probability is derived in [58] as:

Pc =

1
pa



−1
1
k0 +
I − QM
pa

(3.4)
1

where k · k1 is the L1 induced matrix norm, I is an M × M identity matrix, QM is
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an M × M Toeplitz matrix given by



QM

2

T




=






0
k1
k2
..
.

0
k1

kM −1

kM −2









0
..
···

2

Ti

.

k1

(3.5)

0

2
2
2
2
α
α
k0 = 1−
2 2 F1 (1, 1 − α ; 2 − α , −T ), and ki =
2 2 F1 (i + 1, i − α ; i + 1 − α , −T )
i− α
α
for i ≥ 1, where 2 F1 (·) is the Gauss hypergeometric function.
We consider two scenarios in this section: sparse network representing the current deployment and dense network for the future. Sparse and dense are interpreted
by the relative BS-UE density ratio ρ = λλub . We choose ρ = 0.1 and ρ = 10 for
sparse and dense scenario respectively while λu is fixed for both scenarios. The resource requirement for two purposes are investigated: increasing the individual UE
data rate or accommodating more active UEs, both of which constitute the same
area capacity increase.
Figure 3.1 depicts the relationship between BS density and antenna number. The
indifference curves represent resource combinations that can fulfill the same traffic
demand. For basic service, adding antenna number has a diminishing gain in terms
of BS density which is also reflected in the growing TRS in Table 3.1. Meanwhile,
multi-antenna performs better in dense networks according to the small TRS values.
The spectrum-densification trade-offs are illustrated in Fig. 3.2 and Table 3.2.
In sparse region, the slope of the curve is sharp which indicates densification can
save large amount of spectrum. When it comes to dense network, only a portion of
BSs are active since BSs outnumber UEs. Therefore, a further densification will add
even more idle BSs which is not effective, though slightly helpful, for the throughput
increase. Similar with installing antennas, investing spectrum is more effective in
dense network as well (with smaller TRS).
In Figs. 3.1 and 3.2, we also present the resource requirement for 2 times more
area capacity but with different traffic types. In sparse network, the coincident
indifference curves demonstrate that doubling data rate and doubling usage requires same amount of resource. Meanwhile, BS density and spectrum are linearly
exchangeable in this region, i.e., either 2x spectrum or 2x densification can accomplish 2x capacity requirement. Nevertheless, in dense network, twofold densification
can still achieve double usage but is far apart from meeting double data rate requirement. This phenomenon is further explained in Fig. 3.3 in which five traffic
types with the same area throughput are compared. It is shown that densification
plays a more important role in accommodating massive UEs while spectrum has a
significant impact in the bursty situation.

3.2. Asymptotic Behavior of Ultra-Densification
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Figure 3.3: Resource requirement in different traffic demands.

Summary
By studying the TRS, we measure the relative effectiveness of network densification
over acquiring spectrum or installing multiple antennas on BSs. The high TRS
indicates that network densification is the key solution to capacity increment in
sparse network. Spectrum and multi-antenna2 can have additional merits especially
in dense networks. We also demonstrate the importance of specifying user demand in
network dimensioning by showing that the resource requirement in different traffic
demand types with the same area throughput. It is observed that increasing data
rate of individual users requires more resources than accommodating more usage.

3.2

Asymptotic Behavior of Ultra-Densification

In the previous section, we have observed a diminishing gain of densification as BS
density keeps increasing. However, the end point of densification is not foreseeable
from there. In this section, we further extend our work to the asymptotic behavior
of ultra-densification. The details of the analysis and more results can be found in
Paper IV.

3.2.1

Coverage and Area Spectral Efficiency Convergence in
UDNs

By incorporating the bounded dual-slope propagation (Chapter 2.2.2) and partial
load, the exact form of coverage probability along with its upper and lower bounds
is derived in Proposition ?? and ?? of Paper C. Based on the bounds, we further
2 Only

MRT beamforming is evaluated, zero forcing or other schemes may have different results.
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show the convergence of the coverage probability and ASE in asymptotic regions:
As λb → ∞, SIR coverage probability and ASE converge to finite values as follows:
lim Pc (λb , λu , T ) = e−λu πcT (α,αc ,Rc ,Rb )

(3.6)

lim Γ(λb , λu , T ) = λu e−λu πcT (α,αc ,Rc ,Rb ) log2 (1 + T )

(3.7)

λb →∞

λb →∞

i
h

 α 

T
+
− Rb 2 F α2 , T1 − 1+T
where cT (α, αc , Rc , x) := Rc 2 F α2 , T1 Rxc
h iα 

2T Rb α Rc 2−α
2
x
and F (b, z) = 2 F1 (1, b, 1+b, −z) with 2 F1 (a, b, c, z)
F 1 − αc , T Rc
αc −2
being the Gauss hypergeometric function.
The convergence of Pc emphasizes the importance of considering UE density in
a UDN. The converged value is decreases with λu and tends to 0 when λu → ∞,
i.e., in a fully loaded network. Thus, deploying infinite number of BSs will not bring
the UE performance to a unprecedented level. Unlike the coverage probability, the
asymptotic ASE will be beneficial from ultra-desification to some extent and but
still highly depends on the UE density.

Numerical Results
Monte Carlo simulations are implemented to validate our theoretical analysis. In
the simulation, we set Rb = 1m, Rc = 70m, αc = 2.5, α = 4 and the SIR threshold
T = 10dB in all of our results. To calculate or simulate ‘fully loaded network’, we
set λu = 2 × 108 /km2 which is a sufficiently large value so that pa ≈ 1.
The effect of UE density on coverage probability is illustrated in Fig. 3.4 where
our analysis and simulations are well-matched. Meanwhile, we find that coverage
probabilities show completely different trends among different UE densities. In full
load model, the coverage probability starts to decline when the BS density is sufficiently large because there are interfering BSs inside the near-field of the typical
UE. It will keep decreasing towards zero as BS density grows. When λu is high but
finite (e.g. λu = 200 or 2000), all the UEs will get served as BS density increases and
the interference becomes saturated. Thus the coverage probability will first decrease
and start increasing again after the saturation. In contrast, when UE density is low
(e.g. λu = 20), the probability of no interferer inside the near-field of the typical
UE is very high. Hence, the coverage probability becomes a non-decreasing function
of λb . Meanwhile, we find that the converged value of the coverage probability will
decrease as UE density grows and decay to zero in the full load case. The reason is
that the desired signal is restricted by the bound effect in asymptotic regions and
the overall performance will depend on the interference which refers to UE density.
In Fig. 3.5, we compare the our finding with the previous models to emphasis
the impact of each component. It is shown that the coverage probability is overestimated with unbounded or single-slope models in high density regimes. This is
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models on asymptotic SIR coverage probability as BS density increases

because those models either exaggerate the received power inside the bounded region or underestimate the interference in the near-field. The inaccuracy of path
loss models may mislead the prediction of asymptotic behavior. For instance, the
coverage probability will converge to 1 with unbounded models but to a value between 0 and 1 (assume λu > 0) when applying a bounded model. Consistent with
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Figure 3.6: ASE bounds and comparison with previous models.

the result in Proposition ?? of Paper C, the converged value will decrease as UE
density grows and finally falls to zero in the full load case as shown in Fig. 3.4. This
is because the signal is limited by the bound effect and the overall performance will
be dominated by the interference which depends on UE density.
Figure 3.6 depicts the scaling of ASE with regard to BS density. We observe
that the ASE first increase with BS density and then converge to a constant which
aligns with our theoretical analysis. The constant is larger than 0 in partially loaded
network and becomes 0 when the network is full load (λu → ∞). Also, the performance is overestimated with unbounded or single-slope models in ultra-dense
regions. This is because the simplified models either exaggerate the desired power
inside the bounded region or underestimate the interference in the near-field. By
comparing Fig. 3.6 with Fig. 3.4, we find that a trade-off occurs between UE coverage probability (reliability) and network ASE (rate) during BS densification. In
full load case, network ASE keeps increasing before λb = 104 despite the declining coverage probability. For partially loaded network with λu = 200, the trade-off
exists approximately between λb = 101.5 to λb = 103 .

Summary
In this section, we investigate the asymptotic behavior of ultra-densification of base
stations. With more sorphisticated propagation and load models, we find that the
asymptotic behavior of ultra-densification is different from what was known with
simpler assumptions. Both UE coverage probability and ASE converge to a nonzero value unless the UE density goes to infinity. Our results also suggest that the
densification cannot always improve the individual UE performance or boost the
network throughput.

3.3. BS Cooperation in UDNs
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3.3

BS Cooperation in UDNs

In this section, we will investigate the performance of BS cooperation in homogeneous and heterogeneous UDN. More details and results can be found in Papers V
and VI.

3.3.1

Homogeneous UDN scenario

In previous studies, e.g., [32] [56], the network topology is composed by BS-centric
Voronoi cells which represent the BS coverage areas as shown in Fig. 2.1. However,
since there exists massive empty cells in a UDN, BS-centric topology may lead to
an ineffective map partition. Concerning this, we propose to reverse the roles of
BS and UE in the topology and utilize UE-centric Voronoi cells for modeling the
cooperation in a UDN, as shown in Fig. 3.7. The BSs inside a UE-centric Voronoi
cell is closer to the particular UE than to other UEs. Moreover, based on the UDN
density assumption, we can approximate the kth closest BS inside the Voronoi cell
as the kth closest BS in the entire network when k  λλub . Similar with in previous
section, a bounded dual-slope propagation model and partially loaded network are
considered.
Cooperation Schemes
We assume UE i in the network is jointly served by the set
SNof N closest BSs in
its own Voronoi cell as shown in Fig. 3.7, denoted by Ci = j=1 BS j . Within the
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cooperation set, all the BSs jointly transmit the same message to the UE with
non-coherent JT or coherent JT.
In non-coherent JT, the receivers apply open-loop joint processing scheme as
in [73], where signals from different transmitters are added by power summation.
The desired signal power for non-coherent JT is given by
SiNJ =

X

|hx,i |2 `(dx,i ) ,

(3.8)

x∈Ci

where dx,i and hx,i denote the distance and channel between BS x and UE i,
hx,i ∼ CN (0, 1).
In coherent JT, we assume the CSI is available at the BS side. In this case,
BSs can design precoder to adjust the phase shift of the channel and amplify the
corresponding channel gain. The MRT precoder is considered which is describe in
Chapter 2.2.3. The desired signal power for coherent JT is thus
SiCJ

=

X

2
q
hx,i wx,i `(dx,i ) .

(3.9)

x∈Ci
CJ
Therefore, the SIR of UE i with two cooperation schemes, γNJ
i and γi are shown
as follows:
SiNJ
X
(3.10)
γNJ
=
i
|hx,i |2 `(dx,i )

x∈ΦC \Ci

γCJ
i =

SiCJ
X

|hx,i |2 `(dx,i )

,

(3.11)

x∈ΦC \Ci

where ΦC is the set of active BSs in the whole network.
Cooperation Gains
The UE SE R is selected as the performance metrics, which is given by:
R = log2 (1 + γ).

(3.12)

We set the UE SE under single association Ro as our baseline to measure the gain
of cooperation. The SE gain Gc is defined as the ratio between SE difference ∆R
and Ro as follows:
∆R
RJ − Ro
,
(3.13)
Gc = o =
R
Ro
where RJ and Ro are the UE SE with and without BS cooperation, respectively.
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Figure 3.8: UE performance with different critical distances when path loss exponents=[2,4], λb = 4000/km2 , λu = 200/km2 .

Numerical Results
We present the performance of both cooperation schemes in terms of critical distance in Fig. 3.8. To our surprise, non-coherent JT has even worse performance than
single BS association. In non-coherent JT, the desired power summation grows diminishingly because the transmitting distance gets longer, but the interference can
be considered as almost linearly increasing with the number of cooperating BSs. As
a result, the increment in the desired signal cannot compensate the faster growing
interference which leads to no gain. Thus, we will neglect non-coherent JT in further
discussions. Regarding coherent JT, we find that the cooperation gain grows along
with critical distance. When critical distance is short, more cooperating BSs make
SE even worse; when the critical distance is large, the cooperation gain increases
with the number of cooperating BS.
The impact of active UE and BS densities on cooperation is shown in Fig. 3.9.
First, as active UE density increases, cooperation gain keeps growing while SE drops
because the baseline gets lower and more interference is generated. This trend is
the same as the effect of critical distance aforementioned since increasing critical
distance is equivalent with increasing UE density in the near-field. Regarding BS
density, the cooperation gain can be divided into three regions: first decreases logarithmically, then decreases in a lower speed, and finally starts to increase after the
BS density reaches a threshold. In region 1, the cooperation gain will decrease since
the baseline will increase logarithmically with λb [26]. In region 2, the decreasing
speed of the gain slows down because UEs start to enter the bounded region. Finally
in region 3, the probability of d1 < Rb is quite high and Ro tends to be a constant.
Therefore, the cooperation gain increases via further densification.
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3.3.2

Heterogeneous UDN scenario

The concept of C-RAN emerged as a new promising architectures for achieving
network densification. One of the challenges in the C-RAN architecture is capacity
expansion after an initial network deployment. In the context of C-RAN, one may
consider installing supplementary RRHs with additional fiber fronthaul links to the
existing architecture. However, installation of optical cables brings about immense
expense in general [74], and will be cumbersome when the geographic location is
inappropriate for fiber placement. This dilemma motivates us to consider a new
architecture called a partly wireless C-RAN (PW-CRAN) shown in Fig. 3.10. In
PW-CRAN, additional radio nodes are wirelessly connected to the adjacent RRHs
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Figure 3.11: Average sum SE for scheduled UEs vs. the total delay τtotal .

when fiber-based fronthauling to the BBU pool is not available. For brevity, we
call the conventional RRH as c-RRH and the extra wireless node as w-RRH. The
heterogeneous deployment enables a UE to served by either a c-RRH or a w-RRH
depending on cell coverage areas, which may lead to UE performance discriminations. The UEs associated with c-RRH may outperform the others due to the jointly
processing driven from the centralized architecture. Such geographic unfairness will
result in fluctuant UE performance thus severely affect the QoS of the UEs. With
this regard, the w-RRHs can join the coordination via the wireless link.
The main obstacle to the joint processing in the PW-CRAN architecture is the
delay τtotal = τfronthaul + τwireless , because the back and forth communications between the BBU pool and a w-RRH need to go through the wireless link in addition
to the existing wired fronthaul. Therefore, we compare two schemes, namely operating with or without cooperation between c-RRHs and w-RRHs. The definition of
the two options are given as follows:
• Global Precoding (GP): A global precoding strategy in which not only cRRHs but w-RRHs forward their estimated CSI to the BBU pool, thereby
determining global precoding matrix.
• Partially Independent Operation (PIO): A partially independent strategy in
which all c-RRHs deliver their CSI to the BBU pool and generate precoding
matrix. Contrarily, w-RRHs separately communicate with their corresponding
UEs.
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Numerical Results
In Fig. 3.11, we present the average sum SE for scheduled UEs as a function of
total delay to evaluate the impact of delay on both cooperation strategies. The
performance of completely independent operation scenario is also measured as a
benchmark, in which all c-RRHs and w-RRHs work separately without joint precoding. It is shown that the average sum SE for scheduled UEs of GP decreases
more dramatically with the increase in the total delay compared to that of PIO.
This is due to the fact that the outdated CSI degrades the accuracy of GP more
than PIO as the total delay increases. We can observe in Fig. 3.11 that PIO becomes
superior to GP after τtotal = 4ms. Furthermore, even completely independent operation outperforms GP for a large τtotal , e.g., greater than 7ms. The result indicates
that it is beneficial to adopt PIO rather than GP if the total delay is greater than
a specific value, which has a negative impact on the coordination.
Fig. 3.12 shows the average sum SE for scheduled UEs versus the ratio of the
−τc
delay on wireless link to the total delay, defined as α = τtotal
τtotal , e.g., α = 0.7 in
Fig. 3.11. It is observed that if the total delay τtotal is high, GP is inferior to PIO
even with small value of α. This is because the increase in the total delay leads
to relatively larger additional delay on the extra wireless link, thus harming the
performance of global cooperation.

Summary
We evaluate BS cooperation schemes in two UDN scenarios. In a homogeneous
UDN, non-coherent JT even weakens the UE performance because the cooperative
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power cannot compensate for the additional interference. With the knowledge of
CSI, coherent JT can provide SE gain depending on environmental characteristics. In a heterogeneous UDN, there exists a range of delay in which the w-RRHs
should not be involved in the BS coordination. If the amount of additional wireless
link delay is large, the delayed CSI in GP exerts more adverse influence than the
additional interference in PIO.

3.4

Initial Access in mmWave UDNs

In this section, we study the initial access design in mmWave dense networks. Existing initial access schemes focus on finding ’the best quality’ for data transmission.
However, in many newly developed applications comprising wake-up radios, the
synchronization may take longer than the actual data transmission, leading to a
poor latency performance. The large amount of BSs in a UDN offers massive connecting possibilities if there is no restriction on finding the best link quality. For
this reason, we propose to apply random beamforming as an alternative to reduce
the cell-search latency, in which the BSs (and UEs) focus their antenna patterns
toward a randomly pick direction. The details of the analysis and more results of
the work can be found in Papers VII, VIII and IX.

3.4.1

Random Beamforming based Initial Access

We assume the system time is divided into two phases within each coherence interval: 1) an initial access period comprised of a cell search phase and a random access
phase, 2) a data transmission period with beam alignment. Figure 3.13 illustrates
the whole transmission frame.
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The cell-search period comprises of several mini-slots. In each mini-slot, every
BS randomly picks a direction without repetition out of NBS candidates and sends
pilot to UEs. A scan cycle is defined as the period within which one BS finishes
sending cell-search pilots to all NBS directions, i.e. NBS mini-slots. In each scan
cycle, the UE antenna points to a random direction out of NUE , and the BS covers
all non-overlapping NBS directions. Different from the existing schemes in which
the search period is fixed [62], the cell-search period of random beamforming can be
dynamically adjusted. Once the UE received a pilot signal that meets a predefined
SINR threshold, it is associated to the corresponding BS.
Given a successful cell search phase, the UE acquires the direction where it
receives the strongest signal. In the following random access phase, the UE initiates
the connection to its desired serving BS by transmitting RA preambles to that
direction. The BS will scan for the presence of the RA preamble and will also learn
the BF direction at the BS side. If cell search fails, the UE will skip the random
access phase and repeat the cell search in the next frame. In real systems, the UE
picks the RA preamble from a certain number of orthogonal preamble sequences.
Since the main focus of this paper is random beamforming based cell search phase,
the impact of random access performance is left in our future work. Therefore, we
make the following two assumptions in our work:
• There is no RA preamble collision for all UEs, i.e. the BS can detect all the
preambles.
• The random access phase and cell search phase share the same SINR threshold.
Based on these two assumptions, we have simultaneous cell search and random
access success or failure.
We will evaluate three performance metrics given a cell-search budget of Nc
mini-slots, the detection failure probability Pf (Nc ), the expected initial access latency DI (Nc ), and the total data transmission delay DT (Nc ), formally defined in
Definition ?? to ?? of Paper G. The blockage path loss model, analog beamforming,
and 3GPP NR frame are applied in this section. In addition to the simple model
where only mainlobe gain and LOS links are considered, we study the effect of NLOS
paths and sidelobe gain as well by setting: αL ≤ αN < ∞ and 0 <  < 1. Leveraging tools from stochastic geometry, the expression of detection failure probability,
expected initial access latency and total data transmission latency are present in
Proposition ?? to ?? of Paper G.

Numerical Results
In this part, we focus on Nc = NBS , i.e. the random cell-search lasts for 1 scan
cycle. For a fair comparison, we set the number of SS blocks in one SS burst to
16, 32, and 64 for random beamforming, iterative search and exhaustive search, so
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that every scheme can complete one scan cycle within one transmission frame. The
beamwidth in the first stage of iterative search is set to θBS1 = 90°.
Fig. 3.14 shows the cell-search performance against BS density λ. It is shown that
the effect of NLOS path on failure probability is negligible due to the overlapping
of curves (1) and (2). Nevertheless, the sidelobe gain plays an important role which
causes a notable decrease of detection failure probability. In general, the detection
failure probability reduces with the BS density for all schemes. The gap between
random beamforming and other schemes diminishes rapidly as BS density grows. In
dense regime where BS density approaches 10−3 /m2 , all the probabilities converge
to 0 gradually.
Fig. 3.15 compares the the expected initial access latency of three schemes over
different BS density regimes. When BS density is low, the initial access latency
of exhaustive search is the shortest even though it takes the longest cell-search
period. The reason is that it consumes the least number of overhead frames before
transmission due to the low failure probability. The initial access latency tends
to converge to a constant, which is one ss burst period, as the failure probability
converges to 0. On the other hand, the initial access latency of random beamforming
keeps reducing as more BSs are deployed. When the BS density exceeds 150/km2 ,
the expected initial access latency of random beamforming becomes lower than
that of exhaustive search and iterative search schemes. The main reason is the
availability of more candidate BSs to register the UE. Noting that the best possible
values for the failure probability and normalized expected latency (number of mini-
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slot) are 0 and 1, respectively. By employing random beamforming, we can get close
to those values in dense mmWave networks.
The reduced latency in initial access with random beamforming is based on the
sacrifice of finding the ’best’ BS. Apparently, such scheme is not suitable for any
kind of data transmission. For instance, when the data traffic is video streaming
with huge data package size, it may be better to take some extra time in the initial
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access process and find the ’best’ BS. We present the result of total transmission
delay in Fig. 3.16. When the BS density is not large enough (λ = 10−4 ), other
schemes always outperform random beamforming due to its high failure probability
and low achievable rate. However in dense regime, as the available BSs increase, we
achieve a lower total delay for relative shorter packet sizes with initial access under
random beamforming. Thus the most favorable scenario for initial access under
random beamforming is transmitting short packets in dense networks.

Summary
By applying random beamforming to inital access in mmWave networks, we find
that it appears to be very efficient from signaling and computational perspectives.
Meanwhile, the proposed scheme can provide a very good performance in terms
of both control plane and data plane, especially in dense BS deployment scenarios
and large antenna regimes. It is interesting to see the possibility of reducing the
complexity of schemes as the network is getting more complicated.

Chapter 4

Conclusion and Future Work
"In literature and in life we ultimately pursue, not conclusions, but
beginnings."
Sam Tanenhaus

The upcoming data tsunami poses a tremendous challenge to the wireless industry and academia. In this thesis, we aimed to provide some insights from network
densification perspective. To this end, we have carried out a study on the performance analysis and operational guidelines of a UDN. In this chapter, we first
provide our concluding remarks related to the research questions stated in Chapter 1.4. Then, we pose some opening problems and highlight the potential research
directions for future work.

4.1

Concluding Remarks

We started from discussing the benefit of densely deploying BSs in the network.
Although proven to be the most effective method in the past, it is unclear if the
conclusion will hold for the future scenario. Thus we proposed the first high-level
research question:
• HQ 1: How much benefit can we get from network densification?
To answer this question, we first investigated the resource trade-offs in network
provisioning for both current macro-cellular network and future ultra-dense network. We compare the effectiveness of densification with the other two elements
which can improve network capacity: spectrum expansion and multi-antenna systems. In current network deployment, densification outperforms the other two options. The linear capacity gain made network densification an efficient solution from
both performance and cost perspectives. However, the gain of densification diminishes as BS density keeps increasing and finally exceeds UE density which forms
a UDN. In a UDN, acquiring more spectrum or installing multi-antennas are preferred than further densification. Furthermore, the importance of specifying UE
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demand is highlighted. Our results reveal that spectrum has a significant impact
on achieving extreme high individual requirements while densification plays a more
important role in accommodating massive UEs.
The diminishing gain appearing in a UDN makes us curious to know if there
exists a terminal on the way of densification. Such uncertainty leads to the study on
the asymptotic behavior of densification in the next part of the thesis. In order to
capture the characteristics of a UDN, we applied a bounded dual-slope propagation
and partial load model. Numerical results show that the coverage probability of the
UE neither drops to zero as some pessimistic predictions in references nor goes to
infinity as we wish. Instead, it will converge to a finite value considering a certain
UE density. Similarly, the ASE will converge as well under the same assumptions.
Meanwhile, we find a rate-reliability trade-off during densification process which
should draw attentions in network provisioning.
To summarize, BS densification is still an important option to achieve the future
high data traffic demand. Nevertheless, the benefit is diminishing in terms of both
substituting other resources and system performance. Therefore, the MNOs need
to make effective as well as efficient decision on the combination of densification
with other alternatives, e.g. acquiring more bandwidth and multi-antenna systems.
Next we shifted our focus towards the operations in a UDN. As indicated in the
literature, the operation in traditional cellular networks may need to be adapted
in a UDN scenario, e.g. interference management, backhauling design, handover
schemes. As complementary, we turned our attention into BS cooperation and initial
access design, thereby addressing the second high-level question:
• HQ 2: How should certain operations be adjusted in a UDN scenario?
We first studied cooperative transmissions in a homogeneous UDN. By comparing schemes of non-coherent JT and coherent JT, we find that cooperation is not
beneficial without CSI in a UDN. With the CSI information, cooperation is favorable in UDN scenarios with longer critical distance and smaller path loss exponents.
Moreover, employing cooperation is more effective in high UE density regions. On
the contrary, high BS density is not helpful until it reaches the threshold and BSs
fall into the bounded region. Next, we considered a heterogeneous PW-CRAN scenario which is characterized by extra w-RRHs connected through existing c-RRHs.
Two cooperation strategies are evaluated namely global precoding and partially independent operation. We investigated the impact of extra delay caused by w-RRHs
and revealed that there exists a range of delay in which w-RRHs should not be
included in the cooperation. The reason is that if the amount of additional wireless
link delay is substantial, the delayed CSI in global precoding exerts more adverse
influence than the additional interference in partially independent operation.
At last, we investigated the performance of initial cell-search of mmWave networks under random beamforming. Comparisons are made between our method
and two widely-used schemes in both control and data plane. Our results showed
that random beamforming, though being very efficient from signaling and computational perspectives, can provide sufficient detection and latency performance in
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control plane, especially in dense BS deployment scenarios. From data plan perspective, our scheme with random beamforming outperforms the others for short packet
transmission in high density regimes. Therefore, it may be unnecessary to develop
complex algorithms for cell search process in future dense mmWave networks.
In conclusion, similar as other operations, BS cooperation and initial access
design may need reconsideration for a UDN environment. On one hand, the interference nature and heterogeneous deployment in a UDN make traditional cooperation schemes less powerful. Thus, more complex schemes need to be designed
to improve the system performance. On the other hand, the high BS density in a
mmWave UDN enables the UEs to accomplish the initial access in a simple manner
with shorter delay while keeping a high data rate. Therefore, densification may also
help to reduce the complexity for certain operations.

4.2

Future Works

Despite the contributions made by this thesis and previous works, there are issues
still remain to be addressed in this research area. In this section, we provide the
following suggestions as extension of our work and future research directions:
• Extension of current work: The resource tradeoffs in Chapter 3.1 is evaluated in a qualitative manner, i.e. the inter-substitution property among the
three elements. It might be more intuitive to combine with the cost of each
element, e.g. the price of different BSs as well as installing them and spectrum auction price, then make a quantitative analysis. Our work in partly
wireless C-RAN was based on a simple example with limited number of BSs
and UEs. A large scale analysis is needed for better understanding the criteria
for successful cooperation in such scenarios.
• Learning based initial access design: As shown in the thesis, random
beamforming is effective for dense mmWave networks in an average sense.
Nevertheless, each specific cell may benefit from different beamwidths and/or
beam patterns. The recent success of deep learning underpins new and powerful tools that may help manage such situations. It is possible to develop
a learning based initial access scheme serving every BS in the mmWave network. Although random beamforming achieved sufficient performance with
low complexity, a learning algorithm may generate individual search patterns
for each BS that further reduce the search latency and increase the transmission data rate.
• Ultra-reliable communications in UDN: Ultra-reliable communication
is becoming demanding in 5G and beyond. Diversity schemes are utilized to
improve the reliability of link. Time diversity is not valid when the tolerable
latency is shorter than the channel coherence time or when the reliability requirements are very stringent. Meanwhile, frequency diversity may not scale
with the number of devices. In this case, spatial diversity seems to be the

52

Conclusion and Future Work
only solution. In a UDN, the idle BSs can provide multi-connectivity for the
UEs, thereby ensuring high-reliable communication. However, some fundamental questions remain to be addressed. For instance, what is the optimal
number of links needed to ensure a given reliability target? How to deal with
synchronization, non-reciprocity issues, and other imperfections?
• Security of UDN: In wireless transmissions, anyone within the coverage area
of an open, unencrypted wireless network can "sniff", or capture and record,
the traffic, gain unauthorized access to internal network resources as well as
to the internet. Such security breaches have become important concerns for
both enterprise and home networks. Such security and privacy issues becomes
more serious for UDN due to the features: dynamic network topology, complex
network components, high UE diversity, high BS density and etc. In a UDN
scenario, if a single node is compromised, a great number of nodes may become
insecure as a result. Thus, the investigation of attacks and their impact on
UDN should be investigated. Afterwards, the effective countermeasures can
be designed to mitigate attacks based on the understanding of attacks.
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