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Abstract
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Performance Analysis of SWIPT Networks
by Ayse Ipek AKIN ATALAY

In the recent years, the saturation of the smartphone market penetration fostered
the development of new applications to connect human beings with smart objects.
However, the explosive growth in the number of connected devices brings some
concerns about the highly growing traffic and the environmental effect of batteries
production and disposal. Simultaneous wireless information and power transfer
(SWIPT) technique has been emerged as a solution to mitigate with these concerns.
However, SWIPT also comes with some obstacles such as the limitations on the en-
ergy transfer efficiency due to the propagation losses and the constraints on the min-
imum received power imposed by the current radio frequency (RF) harvesting tech-
nologies. This restricts the range of application of wirelessly powered devices by
limiting them to the execution of very simple computational tasks. Following this
line of thought, the integration of SWIPT with mobile edge computing (MEC) has
appeared as an enticing emerging research direction to increase the computational
capabilities of SWIPT enabled systems.

This dissertation focuses on studying the performance of SWIPT enabled MEC sys-
tem in the presence of spatially correlated shadowing. The first step taken towards
this objective is the analysis of the performance of SWIPT enabled systems with
special emphasis on the impact of spatially correlated shadowing on the achievable
rate-energy trade-off. Stochastic geometry is used to model the random location of
the network nodes and the geometry of the propagation environment. For indoor
environments, the shadowing effect of the walls is modelled by using Manhattan
Poisson Line Process (MPLP) where the locations of the RF energy sources, also re-
ferred to as power heads (PHs), and the end-user devices are modelled as instances
of a homogeneous Poisson Point Process (PPP). The impact of multi user interfer-
ence (MUI) is also addressed in relation with both the topology of the network and
the characteristics of the venue in which the system is deployed. The numerical re-
sults show that the ambivalent role of MUI is the most important factor in shaping
the achievable trade-offs and, consequently, how the level of network densification
must be wisely chosen in accordance with the topological characteristics of the prop-
agation environment.

Capitalizing on the analytical tool developed in the first part of the dissertation,
the analysis of the achievable performance trade-offs has been extended to SWIPT-
enabled computing systems. Energy depleted by the CPU to execute the computa-
tional tasks in a mobile computing system has been put in relation with multidimen-
sional performance region showing that the most efficient use of the CPU is obtained
when the number of logical operation per bit is chosen in accordance with the level
of MULI. In other words, when the offloading of the tasks is not available, the rate at
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which the task can be performed is essentially limited by the interference due to the
high density of PHs required to enable RF energy harvesting.

The last part of the dissertation addresses the study of SWIPT-MEC systems and
provides an analytical tool to compute the probability of successfully execute a task
as a function of the network parameters. Numerical results shows the dependence
of the optimal task offloading rate to both the PHs density and the complexity of
the task. The last chapter is devoted to a comprehensive study of SWIPT-enabled
MEC systems in the presence of spatially correlated shadowing at a network level.
The proposed results show that the performance can be improved by choosing either
local computation or offloading based on an adaptive energy minimization strategy.
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Chapter 1

Executive Summary

Development of the new applications that enable complex machine-to-machine and
human-to-machine interactions (referred as the Internet of Things (IoT)) has caused
an explosive growth in the number of connected devices. This trend brings with it
some concerns about highly growing traffic and the support of a massive number
of connected devices. Moreover, current IoT devices (e.g. smart wireless sensors)
operate on battery, raising serious questions about the the cost and the environmen-
tal impact of battery replacement due to the ecotoxicity of batteries production and
disposals.

To overcome this obstacle, recycling the ambient energy through energy harvesting
(EH) represents a sustainable solution for the current and future wireless systems:
solar, indoor lighting, vibrational, thermal and radio frequency (RF) signals being
examples of potential ambient energy sources [4-6]. Among all these options, RF-
EH is one of the most appealing techniques since RF signals can be generated by
both dedicated or ambient RF sources, where the power density required to harvest
the incident RF energy ranges from 0.1 to 1000 pW /cm? [7].

With the development of a new generation of mobile low power devices (LPDs) with
RF-EH capabilities, wireless power transfer (WPT) has gained attention as a promis-
ing technique to provide reliable and on-demand power supply to smart sensors
and devices. In WPT systems, the power to supply the LPDs is provided by energy-
bearing RF signals that are transmitted through the air from a dedicated RF energy
source [8]. Depending on the application, WPT can be performed either on short dis-
tance (near-field) or on long distance (far-field). More recently, the development of
more efficient RF-EH technologies brought with it the idea of unifying WPT and data
communications infrastructures by developing techniques to simultaneously trans-
fer information and power. Simultaneous wireless information and power transfer
(SWIPT) is the term used to encompass a broad range of techniques in which the
same RF signal is used to jointly convey data and power to wireless devices [9]. In
the past decade, SWIPT has been regarded as a revolutionary concept that could
lead to new dimensions for connecting the global world in a seamless manner, and
reshaping several aspects of everyday-life and business applications [10]. Surveys
and overview articles about SWIPT can be found in [11-14].

In spite of the huge expectations on the potential advantages of SWIPT, the devel-
opment of such techniques in real-life applications has been jeopardized by the un-
avoidable limitations to the energy transfer efficiency due to the the propagation of
the electromagnetic waves in the air, restricting the range of application of SWIPT
systems to very simple ones. Moreover, the constraints on the minimum received
power imposed by the current RF harvesting technologies (tens of microwatts) and
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the limitations imposed on RF emissions for guaranteeing the public safety suggest
that the deployment of dedicated RF energy sources, also referred to as power heads
(PHs), must be much denser than that of traditional access points in wireless net-
works. In this context, the shadowing effect due to the obstacles such as buildings
(outside environment) or walls (indoor environment) and the role of multi-user in-
terference become crucial aspects to be considered. In particular, due to its detri-
mental effect on coverage probability and information rate, interference is known as
an undesired factor for the wireless information transfer (WIT) [15,16]. However, in
terms of WPT, interference has a beneficial effect since it can be used as an another
energy source to be harvested [17,18]. This conflict clearly introduces a new and
non-trivial performance trade-off between information rate and harvestable energy
for SWIPT-enabled networks.

The scenario depicted so far motivates the development of new analytical tools that
are able to capture the peculiar aspects of SWIPT. The scope of this dissertation is
to propose a new methodology for the performance analysis of SWIPT-enabled net-
works that is built upon three pillars: i) it shall capture the multi-dimensional nature
of SWIPT (the so called rate-energy trade-off), ii) it shall provide a system-level per-
spective (i.e. beyond link performance), iii) it shall account for the specific topology
of the network (i.e. density and distribution of PHs) as well as the geometry of the
propagation environment (e.g. buildings, walls, etc.).

In the literature most of the investigated SWIPT network topologies are for specific
and fixed configurations. However, as explained above, the efficiency of energy har-
vesting depends on the interference and also on the locations of all nodes. Thus,
it impacts the propagation channels of all links. Therefore, a fundamental question
arises: how to incorporate into the investigations the random location of the nodes?
The appropriate theoretical framework that has established itself to address such
questions regarding both network topology and propagation modelling is stochas-
tic geometry (SG). Stochastic geometry has been introduced as a random and spatial
model to analyse the performance of dense networks [19].

This dissertation also addresses the issue of the limited computational capability of
wirelessly powered devices due to the low level of energy that can be reasonably
obtained through RF-EH. A popular solution to enhance the possibilities of LPDs is
the so-called mobile edge computing (MEC) paradigm. This allows the outsourcing
of the computation tasks that cannot be performed by the device to an edge server,
thus providing cloud-computing capabilities in order to tackle these limitations [20].
The SG methodology proposed in this dissertation will then be used to analyze the
advantages sprang from the integration SWIPT and MEC, where the computational
tasks can be performed either locally at the device or offloaded to a MEC server and
the required power to compute/offload the task is obtained through radio frequency
energy harvesting (RFEH).
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1.1 Major Contributions

Motivated by these considerations, several researchers have recently investigated
various issues related to SWIPT networks. Some authors have analysed the perfor-
mance of SWIPT networks by leveraging SG [21-23] and some authors have stud-
ied the SWIPT-enabled MEC networks [24-26]. With this dissertation, our aim is to
analyse the system performance of SWIPT-enabled MEC networks under the pres-
ence of spatially correlated shadowing by using SG. In order to achieve that, we start
analysing the performance trade-offs of an indoor SWIPT-network where shadow-
ing effect is considered. Then we provide an example as an application of SWIPT
for IoT systems, and consider a SWIPT-enabled real time mobile computing (MC)
system. As a next step, we also consider uplink phase in our model and analyse the
performance of SWIPT-enabled MEC system. And finally we consider the shadow-
ing effect and analyse the performance of SWIPT-enabled MEC system under the
presence of spatially correlated shadowing. The contributions of this dissertation is
listed below:

* An analytical expression of the cumulative distribution function (CDF) of the
minimum propagation loss and the multi-user interference is provided for a
SWIPT-MIMO indoor network. Multi-dimensional analysis in which the im-
pact of both the network densification and the density of blocking objects on
the rate-energy trade-offs are jointly analysed.

¢ A comprehensive understanding of the rate-energy trade-off on a service basis
is provided for a real-time multi-input multi-output (MIMO) SWIPT-MC sys-
tems operating in an indoor environment. The connection between the rate-
energy trade-off and the computation capacity of the LPDs is investigated.

* A stochastic decision strategy is proposed for a SWIPT-enabled MEC system
and the impact of this strategy on a triple trade-off between energy, local com-
putation and offloading is evaluated. Communication-computation trade-offs
of the system are characterised and joint success probability of local computa-
tion and offloading is investigated.

* The impact of an adaptive offloading technique on the global success probabil-
ity is evaluated for a SWIPT-enabled MEC system in the presence of spatially
correlated shadowing. An approximation is proposed for the distribution of
walls in order to obtain a shadowing model that depends only on the distance.
The impact of the different system parameters on the trade-off between the
energy harvested and the computational task admission rate is analysed.

1.2 List of Publications
The work accomplished in this dissertation has led to the following publications:

¢ (1) Akin, Ayse Ipek, Ivan Stupia and Luc Vandendorpe. "On the effect of
blockage objects in dense MIMO SWIPT networks." In IEEE Transactions on
Communications, vol. 67, no. 2, pp. 1059-1069, Feb. 2019, doi: 10.1109/TCOMM.
2018.2876308.

* (2) Akin, Ayse Ipek, Nafiseh Janatian, Ivan Stupia, and Luc Vandendorpe.
"SWIPT-based real-time mobile computing systems: A stochastic geometry
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perspective." In 2019 IEEE Wireless Communications and Networking Conference
(WCNC), Marrakesh, Morocco, 2019, pp. 1-7, doi: 10.1109/WCNC.2019.8885663.

* (3) Akin, Ayse Ipek, Hamed Mirghasemi and Luc Vandendorpe. "SWIPT-
based mobile edge computing systems: A stochastic geometry perspective.”
In 2019 IEEE 30th Annual International Symposium on Personal, Indoor and Mobile
Radio Communications (PIMRC), Istanbul, Turkey, 2019, pp. 1-7, doi:10.1109/
PIMRC.2019.8904282.

* (4) Akin, Ayse Ipek, Ivan Stupia, Hamed Mirghasemi, and Luc Vandendorpe.
"On the performance of SWIPT MEC systems in the presence of spatially cor-
related shadowing." In 2020 IEEE Global Communications Conference (GLOBE-
COM), Taipei, Taiwan, 2020, pp. 1-6, doi: 10.1109/GLOBECOM42002.2020.
9347963

1.3 Thesis Outline

Following the introductory chapter, this dissertation is organised as follows.

Chapter 2 presents a literature review on the simultanous wireless information and
power transfer and mobile edge computing systems. Moreover, we provide an
overview on the SG based theoretical analysis of SWIPT enabled systems.

In Chapter 3, we analyse the performance of an indoor multi-input multi-output
SWIPT enabled system where power splitting scenario is considered. Effect of the
obstacles on the rate-energy trade-off is investigated by utilizing SG approach in
which the locations of the network elements are distributed by using Poisson point
process. For modelling the obstacles, Manhattan Poisson line process is considered.
In order to study the trade-off between rate and energy, we obtain the joint comple-
mentary cumulative distribution function of information rate and harvested power.
To achieve this, the stochastic behaviour of the signal attenuation and the multi-user
interference is studied first. Finally, theoretical results are validated by Monte Carlo
simulations. Moreover, as an application of SWIPT we consider a real-time MIMO
SWIPT-MC systems. After studying rate-energy trade-offs of indoor MIMO SWIPT-
enabled systems, we provide a comprehensive understanding on the rate-energy
trade-off on a service basis for MIMO SWIPT-MC systems . Here we propose the
use of SWIPT to control distributed computation process. To investigate the operat-
ing conditions of real-time computing systems, we study an achievable performance
region which guarantees that the central processing unit may perform the task be-
fore receiving a new task. In addition, a practicable model for the central processing
unit energy consumption is presented. Finally we study the outage probability of
the system for different network setups.

The work of this chapter resulted in producing the research outcomes (1) and (2) of
Section 1.2.

In Chapter 4, we focus on mobile edge computing and extend the previous study to
SWIPT-enabled MEC systems where the energy harvested by the LPDs in the down-
link phase is then used to either locally execute the assigned computation task or to
offload it to the MEC server. Due to the complex nature of the stochastic geometry
analyses, as a first step, only standard power law path-loss model and small-scale



1.3. Thesis Outline 5

fading are considered in this model. Analysing the effect of shadowing is left for
the next chapter. In this model, we propose a stochastic decision strategy where an
LPD has to decide either to perform local computation or offload. Since interference
is the bottleneck in such a MEC system, we introduce a random probability with
Bernoulli distribution to overcome the interference issue. And it enables us to anal-
yse the trade-off between local computation and offloading. In order to obtain the
total success probability of the system, first the probabilities of offloading and local
computation are derived. As a next step, we obtain the success probabilities of local
computation and offloading which eventually give us the total success probability
of the system. Moreover we present the Monte carlo simulations to corroborate the
theoretical results of the offloading/local computation probabilities.

The work of this chapter resulted in producing the research outcomes (3) of Section
1.2.

In Chapter 5, we develop an analytical framework to analyse the performance of the
SWIPT-enabled MEC system in the presence of spatially correlated shadowing. To
achieve this we consider randomly distributed obstacles following Manhattan Pois-
son Line Process. In order to simplify the SG analysis, we approximate the blockage
attenuation with its expectation to obtain a shadowing model that depends only
on the distance between the source and the destination. By leveraging stochastic
geometry, the expressions for downlink SINR coverage and success probabilities of
offloading and of local computation are derived to characterize the success probabil-
ity of the system. Moreover, we analyse the impact of different system parameters
on the trade-off between the harvested energy and the computational task admis-
sion rate.

The work of this chapter resulted in producing the research outcomes (4) of Section
1.2.

Finally, Chapter 6 concludes the dissertation and presents the future work.






Chapter 2

Background and Motivations

The rapid development of mobile internet and IoTs has given rise to a serious con-
cern about the cost of deployment and maintenance of the massive number of con-
nected devices as well as the environmental impact of battery replacement due to
the ecotoxicity of battery production and disposal. Therefore, power management
and environmental sustainability of IoT devices are major issues to be considered in
deploying the upcoming networks successfully [27].

In the past decade, Simultaneous Information and Power Transfer (SWIPT) has been
identified as a possible solution to reduce the environmental impact of the fore-
seen massive number of connected devices by removing the need for wires or a
battery [11]. The main idea behind SWIPT is to use the same electromagnetic field
for both transferring data and energy. Nevertheless, the unavoidable limitations to
the energy transfer efficiency due to the path loss associated with the propagation of
the electromagnetic waves in the air, together with the legislative norms to preserve
public health, restrict the range of application of these devices, limiting their capa-
bility to simple computational tasks and posing significant obstacle to the fruition of
high demand services by a large number of users [2].

Several solutions addressing the issue of limited computational capability in low
power mobile devices have been proposed, delineating a new framework for the
design and the optimization of wireless networks in which computation and tradi-
tional communication aspects are merged into a unified perspective [28]. An initial
idea was to use the concept of mobile cloud computing (MCC) allowing cloud com-
puting for mobile user [29,30]. However, MCC has some major disadvantages, such
as high latency and traffic congestion, which makes the offloading unsuitable for
delay sensitive applications [2]. To mitigate the effect of latency, the mobile edge
computing (MEC) paradigm, which allows outsourcing the computation tasks that
cannot be performed by mobile user to an edge server, has been thoroughly investi-
gated [1,31-33]. Within this context, an enticing emerging research direction is the
integration of SWIPT and MEC where the computational tasks can be performed
either locally at the device of offloaded to a MEC server and the required power
to compute/offload the task is obtained through radio frequency energy harvesting
(RFEH).

Though the integration of SWIPT and MEC represents an enticing perspective to
provide a sustainable design of IoT devices, it makes the network performance anal-
ysis extremely complex due to the emergence of conflicting objectives among power
transfer efficiency, data communication and task offloading for the use of the avail-
able wireless resources. Therefore, the performance of SWIPT-MEC systems must be
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characterized by a multidimensional region in which the optimization of one objec-
tive may jeopardize the others. To give an example, multi-user interference may be
beneficial in increasing the level of energy harvested by a device but detrimental for
the data rate of the wireless communication link. In this scenario, the morphology
of the network (i.e. density of the nodes, distribution) and the propagation environ-
ment (e.g. shadowing) is of paramount importance to define the interplay between
power and data transfer at a network level. For this reason, stochastic geometry ap-
pears as the perfect methodological tool to the analysis of SWIPT-MEC systems by
duly accounting for the randomness of the locations of the network nodes. More-
over, the use of stochastic geometry allows the derivation of closed-form or semi-
closed-form expressions without resorting to simulation methods or (possibly in-
tractable or inaccurate) deterministic models [34].

In the remainder of this chapter, we give detailed information about MEC and SWIPT
and explain the SG methodology adopted in this dissertation.

2.1 Mobile Edge Computing

Mobile Edge Computing is an emerging technique that is used to enhance the com-
puting capability of LPDs and also improve the battery life (Fig. 2.1). The concept of
MEC was firstly proposed by the European Telecommunications Standard Institute
(ETSI) in 2014 [35] and in [20] it has been defined as:

"Mobile Edge Computing provides an IT service environment and cloud-computing capabil-
ities at the edge of the mobile network, within the Radio Access Network (RAN) and in close
proximity to mobile subscribers.”

Since the benefits of MEC technology reached beyond mobile and into Wi-Fi and
fixed access technologies, the ETSI industry group renamed it to Multi-Access Edge
Computing (MEC) From 2017. However, the name change conveniently allows ETSI
to retain the MEC acronym, which has become widely recognized among stakehold-
ers in the industry [3].

MEC technique allows processing complex data by outsourcing the computation
tasks that cannot be performed by the LPD to an edge server. The important part
regarding computation offloading is to decide whether to offload or not. Moreover
in case of offloading then how much and what should be offloaded [2]. As a result
of this decision, user equipments (UEs) can take three different actions (Fig. 2.2):

¢ Local computation where UEs perform the task execution locally.

¢ Binary offloading where the task cannot be partitioned and has to be executed
as a whole either locally at the mobile device or offloaded to the MEC server.

¢ Partial offloading where the task can be partitioned into two parts with one ex-
ecuted locally at the mobile device and the other offloaded to the MEC server
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Due to advantages of MEC technique such as reducing the latency and the energy
consumption at the LPDs, it has attracted growing research interests [31, 36-38].
In [36], the authors have studied the MEC offloading mechanisms in 5G heteroge-
neous networks (HetNet). In order to minimize the system energy cost under delay
constraints, they have jointly optimized the computation offloading. [31] presents
a comprehensive overview and research outlook of MEC from the communication
perspective. In [37], a MEC-enabled HetNet system has been proposed where the
users have different computation task sizes and MEC servers have different com-
puting capacities. Authors have derived the successful edge computing probability.
The authors of [38] analysed the performance of MEC network with multi-core edge
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servers by utilizing stochastic geometry (5G) and queueing theory. They have de-
rived the total successful edge computing probability by combining the successful
communication probability and the successful computing probability.

Practical Applications

There are four service scenarios for MEC that have been considered within ETSI
ISG MEC [20]: 1)Augmented Reality, 2)Intelligent Video Acceleration, 3)Connected
Cars and 4)Internet of Things Gateway. All these applications require high accuracy
which brings the high computational needs with it. Regarding the aforementioned
challenges about computational capacity and battery limitation of LPDs, it is not
useful to deploy these applications into an LPD. Thus, MEC emerges as a possible
solution.

There is mutual advantage between MEC and IoT. While MEC empowers tiny IoT
devices with significant additional computational capabilities through computation
offloading, IoT expands MEC services to all types of smart objects ranging from sen-
sors and actuators to smart vehicles [3]. Various IoT and MEC application scenarios
can be seen in Fig. 2.3.

2.2 Simultaneous Wireless Information and Power Transfer

Due to the concerns about the energy storage, power management and increase of
the battery life of the mobile device, WPT has drawn attention as a possible solution.
In this context, SWIPT is considered as one of the most appealing techniques since it
exploits the same electromagnetic field for both transferring data and energy.

2.2.1 History

Radio frequency energy transfer has originally been studied by Nicola Tesla in late
1890s. Despite his failure, during his experiments with a particular circuit, he has
observed that the energy transfer efficiency has a peak for the transmission of a sin-
gle sinusoid at a specific frequency depending on the parameters of the circuit.

More than a century later, the concept of transporting power and information simul-
taneously was proposed by Varshney in [9]. He has studied a fundamental trade-
off, in the information theory sense, between energy harvesting and information
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decoding (ID) for single-input single-output (SISO) systems corrupted by additive
white Gaussian noise (AWGN). The authors of [39] extended the work of Varshney
to the more generalised case of SISO frequency-selective fading channels, where the
EH/ID trade-off was supposed to be the topic of a hypothetical meeting between
Tesla and Shannon. While Tesla would maximize EH by assigning the power to
a single frequency, Shannon would obtain information maximization by allocating
the power across multiple frequencies according to the seminal “water-filling” ap-
proach.

The main idea behind the SWIPT can be explained as, since every RF signal can carry
energy as well as information, EH and ID can be performed from the same RF signal.
However, recently it has been revealed that using multi-sine waveforms instead of
a single tone waveform can increase the efficiency of WPT [40,41]. A multi-sine is
characterized by a high Peak-to-Average Power Ration (PAPR), and the envelope of
the transmitted RF signal is designed so that there are large peaks, while the average
power is kept the same as in the continuous wave case [42]. The authors of [41], have
obtained the SWIPT waveform as the superposition of a WPT waveform (multi-sine)
and a WIT waveform (Orthogonal Frequency Division Multiplexing (OFDM)) and
optimized it to maximize the rate-energy region of the whole system. Moreover,
in [43], an innovative idea has been proposed where multi-sine waveforms are used
for energy transfer and their distinct PAPR are for information transmission, both
through a single output of the rectifier.

In the literature, concept of SWIPT has been reported in various scenarios such as
multi-input multi-output (MIMO) communication systems [44, 45], mmWave net-
works [46,47] and non-orthogonal multiple access (NOMA) [48,49].

2.2.2 Receiver Architecture

In the earlier studies it has been assumed that one signal can carry both the energy
and information simultaneously without losses [39]. However it is not possible prac-
tically due to the fact that decoding the information without destroying the energy
content is not possible because of the technological limitations.

In addition, large differences of the power sensitivity values for information recep-
tion and RF energy harvesting (e.g.,—10dBm for energy harvesters versus —50 dBm
for information receivers) [50], make them intractable for current receiver architec-
tures.

A considerable effort has been devoted to the study of different SWIPT receiver ar-
chitectures at the user equipment. Four major types of SWIPT receiver architec-
tures have been considered in the literature, namely, the co-located receiver architec-
ture [50,51], the parallel receiver architecture (also called as antenna switching ) [50],
the integrated receiver architecture [51], and the ideal receiver architecture [9,39,52].

Co-located Receiver Architecture

In a co-located receiver architecture, the energy harvester and the information re-
ceiver share the same antennas. This architecture can be further categorized into
two models: time-switching and power-splitting architectures [51].
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Time Switching: In a SWIPT-enabled system with time-switching (TS) architecture
(see Fig. 2.4), the signal splitting is performed in time domain. The receiver switches
in time between ID and EH [50]. The signal received in one time slot is used either
for ID or EH. Besides the simple hardware implementation at the receiver for TS, the
accuracy of time synchronization and scheduling is very important. TS architecture
is one of the techniques that is considered in this dissertation.

Power Splitting: With a power splitting (PS) architecture (Fig. 2.5), the received sig-
nal is split into two streams with different power levels by using a power splitting
ratio p, where 0 < p < 1. While one signal stream is sent to the rectenna circuit for
EH, the other stream is used for ID [50].

In comparison with TS technique, PS requires higher receiver complexity since the
power splitting ratio should be optimized. However, with PS technique, by varying
PS ratios, the information rate and the harvested energy can be balanced according
to the system requirements. Overall performance also can be improved by optimiz-
ing the combination of the signal and the PS ratios [14]. Moreover, since an instan-
taneous SWIPT can be achieved, this technique is more suitable for the applications
with critical information/energy or delay constraints [11]. PS is another strategy
that is considered in this dissertation.

Parallel Receiver Architecture

In this architecture, also called as antenna switching (AS), the receiving antennas are
divided into two groups where one group is used for information decoding and the
other group for energy harvesting [11]. This technique dynamically switches each
antenna element between decoding/rectifying to enable the SWIPT [50].

Although this technique requires the solution of an optimization problem in each
communication frame in order to decide the optimal assignment of the antenna ele-
ments for ID and EH, AS is an easier technique compared to TS and PS techniques
and appealing for practical SWIPT architecture designs. Architecture for parallel
receiver is shown in Fig. 2.6
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Integrated Receiver Architecture

In the integrated receiver architecture (Fig. 2.7), the information receiver does not
implement any RF-to-baseband conversion, since this operation is integrated with
the energy harvester via the rectifier (i.e. the circuit element that converts the input
RF signals into DC voltage). The main advantage of this type of architecture is that
it enables to encode the information in the energy signal by varying its power levels
over time, thus achieving continuous information transfer without (theoretically)
degrading the power transfer efficiency.

Ideal Receiver Architecture

In this architecture, it has been assumed that energy can be extracted from the same
signal which is used for information decoding. However, as pointed out in [51], the
current circuit designs are not yet able to implement this extraction. As mentioned
above, energy carried by the RF signal is lost during the information decoding pro-
cess. In order to evaluate theoretical benchmarks for SWIPT, the ideal receiver ar-
chitecture has been considered in [9,39, 52] where it leads to upper bounds on the
investigated performance.

It is worth to mention that each particular SWIPT receiver architecture has a consid-
erable impact on the energy harvesting-information decoding trade-off associated
with the link [51].

2.2.3 Rate-Energy Trade-offs

At the network level, an interesting aspect of SWIPT systems is the ambivalent role
of the multi-user interference (MUI). It is important in wireless information systems,
because when not handled properly, it can become the ingredient limiting the system
performance. It is usually considered as an undesired factor for wireless informa-
tion transfer [15,16] due to the negative effect on the coverage probability and the
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information rate. On the other hand, MUI is beneficial for wireless power trans-
fer since it can be used as an additional source of energy to be harvested [17,18].
In other words, the beneficial effect of MUI on RF energy harvesting is obtained at
the price of a reduced link capacity. For this kind of non-trivial situations in the
multi-objective systems where there is a competition between objectives, trade-offs
necessarily exist between them. Therefore, SWIPT-enabled systems can be described
in terms of achievable trade-offs between the information rate and the harvestable
energy. These trade-offs will be analysed by taking advantage of the Joint Com-
plementary Cumulative Distribution Function (J-CCDF) which will be explained in
details in the next chapter.

2.3 Integration of SWIPT and MEC

The integration of WPT and MEC technologies (can be seen in Fig. 2.8) was first pro-
posed in [53]. In this study, authors have optimized the Central Process Unit (CPU)
cycle frequencies, EH and offloading time in order to maximize the probability of
satisfying the computation requirements. Resource management is important in en-
hancing the energy efficiency of mobile device in MEC systems. Thus, several joint
resource allocation and offloading strategies for WPT-based MEC were proposed
in [54-56]. In [54], authors have investigated the use of cooperative communica-
tions in computation offloading for a WPT-MEC system. They aimed to minimize
the transmit energy of the access point for completing the computation tasks of the
two users and proposed a two-phase method to find the optimal solution. The au-
thors of [55] have studied the problem of resource management and time allocation
for multi-user offloading in wirelessly powered MEC systems and proposed an on-
line computation rate maximization (OCRM) algorithm. They have also obtained
the closed-form expressions for optimal time allocation and CPU-cycle frequencies
of wireless devices. The authors have considered collocated MEC server and energy
transmitter to assist single-antenna mobile devices in fully or partially offloading
their computational tasks in [56]. In order to minimize the energy consumption at
the access point (AP) side, they have optimized the energy transmit covariance ma-
trix and the offloading strategy.

Moreover in [57], [24] and [26] SWIPT-enabled MEC systems have been considered.
In [57], the authors have proposed a joint offloading and computing design based on
SWIPT and MIMO full-duplex (FD) relay techniques. In [24], a MEC design frame-
work in a SWIPT-based multi-user MEC system has been developed. The authors
have jointly optimized offloading strategy and resource allocation in order to min-
imize the total energy cost of the ultra LPDs. Authors of [26] have formulated a
MEC design framework with joint optimization of the CPU frequency, the uplink
transmitting power, the uplink rate and computation task in a MEC-based multi-
user FD-SWIPT system with the aim to minimize the uplink energy consumption of
mobile terminals.
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FIGURE 2.8: EH/MEC system. [3].

2.4 Stochastic Geometry Approach in SWIPT-enabled systems

In this section, some important constituents of SWIPT-enabled systems are explained.
We start with introducing some useful essentials and theorems for stochastic ge-
ometry approach and continue with explaining the reasons to utilize SG in SWIPT-
enabled systems, then we discuss the impact of shadowing on the system perfor-
mance.

2.4.1 Essentials of Stochastic Geometry Approach

In this section, we provide some definitions and theorems that are used in this dis-
sertation.

Homogenous Poisson Point Process

Consider the d— dimensional Euclidean space IR?. A spatial point process (p.p.) ¥ is
a random, finite or countable-infinite collection of points in the space R?, without
accumulation points.

Definition 1. The Poisson point process Y of intensity measure A is defined by means of its
finite-dimensional distributions:

k i
P{Y (A1) = ny,... ¥(A) = m} =) <eA<Af>A(AZ)> 2.1)

for every k = 1,2,... and all bounded, mutually disjoint sets A; for i = 1,...,k. If
A(dx) = Adx is a multiple of Lebesgue measure (volume) in R?, we call ¥ a homogeneous
Poisson p.p. and A is its intensity parameter [19].

Thinning

Consider a function p : R? +— [0,1] and p.p. ¥. A realization of Y7 can be con-
structed from that of ¥ by randomly and independently removing some fraction of
points; the probability that a given point of ¥ located at x is not removed (i.e. is
retained in ¥7) is equal to p(x).

Proposition 1. The thinning of the Poisson p.p. of intensity measure A\ with the retention
probability p yields a Poisson p.p. of intensity measure pA with (pA)(A) = [, p(x)A(dx)
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[19].

Probability generating functional (PGFL)

Let f : RY — R* be a function. Then the PGFL of the PP with respect to this function
is defined as the mean of the product of the function’s values at each point of the PP
ie. [58]

Campbell’s Formula

For a point process ¥ with intensity A and a measurable function f : R? — R, the
sum of f over the point process is given by the equation [59]:

E

xe¥

x f(X)] = [ fEA@).
Slivnyak Meckes Theorem

Slivnyak Meckes theorem states that for a Poisson point process, the distribution of
the original process is equal to its reduced Palm distribution. Definition of reduced
Palm distribution is given below.

Definition 2. Given a point process with a locally finite mean measure, the distribution
PL(-) is called the reduced Palm distribution of ¥ given a point at x.

Theorem 1. Let Y be a Poisson point process with intensity measure A. For A almost all
x € RY,
Pi(-)=P{¥ € }; (22)

that is, the reduced Palm distribution if the Poisson p.p. is equal to its (original) distribu-
tion [19].

Displacement Theorem

Consider a probability kernel p(x, B) from IR to R, whered’ > 1, i.e. forall x € RY,
p(x,) is a probability measure on RY".

Y is obtained by randomly and independently displacing each point of ¥ from R?
to some new location in R? according to the kernel p. This operation preserves the
Poisson p.p. property as stated in the following theorem.

Theorem 2. The transformation of the Poisson p.p. of intensity measure A by a probability
kernel p is the Poisson p.p. with the intensity measure A'(A) = [pqp(x, A)A(dx), A C
R? [19].
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2.4.2 Random Network Elements Placement

Network elements’ densification leads to a possibility that the achievable rate-energy
trade-off is highly dependent on the spatial locations of the network elements. Due
to this dependency, Wyner model and the regular hexagonal or square grid mod-
els [60,61] are inadequate to describe SWIPT-enabled systems.

Recently, SG has been introduced as a random and spatial approach for modelling
dense networks [15]. SG approach provides a theoretical framework to obtain per-
formance that is spatially averaged by avoiding the possible concerns regarding the
repeatability and the transparency of Monte Carlo simulations. In the literature,
there have been several studies capitalizing on SG [11, 21, 62-67].

In SG approach, the possible sets of network elements deployed in a given area are
modelled as instances of a homogenous Poisson Point process (PPP) ¥ of density
A. We limit our investigation to a single point located at the origin of the axes, by
invoking the Slivnyak-Mecke’s theorem, under the assumption of large indoor net-
work [68]. This assumption is justified by the ultra dense scenario considered, i.e.

1y < nRg, where Ay, is the density of the PHs and R, is the maximum distance at

wh1ch a PH’s contribution to the global interference has a non-negligible impact on
the achievable rate-energy trade-offs. This single point located at the origin of the
axes will be called as typical LPD and denoted by LPD().

2.4.3 Shadowing

In dense networks, it is difficult to predict coverage of networks due to the varia-
tions in path loss caused by common obstacles. Moreover, in these networks since
the distance between the PHs and the user is very short, the effect of blocking ob-
jects is highly correlated in the space. Thus, shadowing becomes more cruel than
fast fading in SWIPT-enabled systems.

Ray tracing is one of the popular approaches that has been studied in the literature
in order to incorporate blockages on wireless propagation [69,70]. However, it re-
quires accurate terrain information (e.g. location and size of the blockages in the
area) to perform site-specific simulations. Another useful method is to use SG ap-
proach to characterize the statistics of blockages that provides acceptable estimation
of the blockage effects with only a few parameters. An advantage of stochastic mod-
els is that it may be possible to analyse general networks [71].

The authors of [71] have proposed a mathematical framework to model the block-
ages by using concepts from random shape theory on the urban networks. In this pa-
per, the key idea is to model the random buildings as a Boolean scheme of rectangles,
which allows for a comprehensive characterization of the randomness of the block-
ages, such as sizes, locations, orientations, and heights. However, the Boolean model
(take union of (possibly random) sets placed on Poisson points) does not adapt well
to random lines, since random lines are not localized [72]. In [68], authors developed
a model by making use of SG to analyse the impact of shadowing in urban environ-
ments. This work has been extended to indoor systems in [73]. The authors have
proposed an analytically tractable model by using Manhattan Poisson line process
(MPLP) for handling the effect of walls in 2D indoor environment and in [74] the
analysis has been extended to 3D indoor networks. In [75], the authors investigates
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the performance of wireless communication networks in indoor scenarios by using
several wall generation methods. For generating an indoor environment comprising
of wall blockages, they have employed several methods ranging from conveniently
tractable Boolean schemes to a practical floor plan generation as well as the Man-
hattan line process. It has been showed that MPLP provides a tight lower bound for
a real situation. In particular, the authors employed the signal-to-interference ratio
(SIR) as a figure of merit, since it serves as a basis for further metrics such as cover-
age and rate. Comparing the wall generation methods, the authors found that for
similar wall volume, the average attenuation is the same. In contrast to that, the SIR
performance varies, which is due to the dynamics in the SIR values for individual
realizations. The conclusions of this work show that MPLP wall generation yields
the tightest lower bound with respect to the SIR results among all the mathemati-
cally tractable wall generation methods. Motivated by this, in this dissertation we
focus on MPLP in order to model shadowing effect.

Manhattan Poisson line process (MPLP)

Definition 3 (Poisson Line Process). A (stationary) Poisson (undirected) line process
of intensity A > 0 is obtained from a Poisson point process on R x [0, 7r) with intensity
TAdrd6 as follows: for each point (r,0) in the point process, a line is generated at signed
distance v from the origin and making an angle 6 with the x-axis.

(Stationary) Poisson directed line processes can be obtained from undirected Poisson
line processes (PLP) by assigning a direction to each line. A natural parameter space
would then be R X [0,27) [72].

MPLP is a special case of PLP where the grid-like structure of lines resembles walls
for indoor environment. In MPLP model, the plane is divided into rooms of ran-
dom size. And the variability of room sizes is explained as an essential feature
of the model which captures the fact that more users (wireless devices) appear in
larger rooms (e.g., conference rooms/halls) than in smaller rooms (e.g., small of-
fices). Moreover, the authors of [73] have mentioned that unit grid model which is
a simpler model than MPLP can provide a certain level of insights. However, as the
authors showed in the paper, the randomness of the MPLP model creates important
properties that do not exist in the aforementioned simple method.
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FIGURE 2.9: One realization of the MPL and PP processes.

In MPLP, the orientations of the lines are restricted to {0,71/2}, which means we
obtain a set of horizontal and vertical lines in IR. In order to generate random lines
by using MPLP in an Euclidean space R, we define two homogenous PPPs ¥y, ¥y €
R with an identical density Ay, over the x-axis and the y-axis, respectively. For
illustrative purposes, an instance of a dense SWIPT network over a large area is
shown in Fig. 2.9. Here lines represent walls and the markers symbolise PHs.
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Chapter 3

MIMO SWIPT Networks in the
Presence of Spatially Correlated
Shadowing

The main target of this chapter is to provide a system-level perspective on the in-
terplay between data and energy transfer in a SWIPT-based system in the presence
of spatially correlated shadowing. For analysing the performance of the system in
terms of the achievable trade-offs, we will obtain the joint complementary cumu-
lative distribution function of information rate and harvested power. In order to
achieve this, we will investigate the stochastic behaviours of the signal attenuation,
the multi-user interference and the small scale fading of the serving link. To em-
phasize the cross-dependences between the deployment of the network elements
and the macro parameters that characterise the topology of the venue, rate-energy
trade-off will be presented as a function of the density of the obstacles. Finally, we
will take advantage of our analysis to obtain the operating conditions of a real-time
computing system by putting the achievable performance region in relation with the
energy depleted by the central process unit to execute the computational task.

3.1 Introduction

Due to its ability to provide useful system-level performance insights, stochastic ge-
ometry revealed itself as a useful tool for the modelling and analysis of a variety
of wireless networks [76]. In the literature it has been studied to analyse the per-
formance of SWIPT-enabled relay networks [11], ad-hoc networks [21], sensor net-
works [62] and cellular networks [63], [64]. In particular, the authors of [63] have
introduced a new mathematical framework for system-level analysis and optimiza-
tion for wireless-powered cellular networks. A new mathematical framework for
computing the J-CCDF of average harvested energy and average rate is proposed
and validated. In their study they have considered two different receiver archi-
tectures for SWIPT (TS and PS), a channel model that distinguishes Line-Of-Sight
(LOS) and Non-Line-Of-Sight (NLOS) links, and a directional beamforming. In [64],
authors extended the work of [63] to MIMO SWIPT-enabled networks. They have
introduced a tractable mathematical approach for quantifying the benefits of using
MIMO in SWIPT-enabled cellular networks and showed that the use of multiple
antennas at both the base stations (BS) and at the low-energy devices is capable of
enhancing the achievable rate and increasing the harvested power simultaneously.
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Though the methodology that is presented in [63] and [64] is extremely valuable
in providing a tool for analysing the performance of stochastic SWIPT-enabled net-
works, these studies consider an outdoor cellular network that is too sparse to sat-
isfy the constraints on the minimum received power that would enable RF energy
harvesting [77]. Moreover, both papers consider distance-based path-loss functions
only, thus failing in describing the correlated structure of the signal blockage due to
buildings and walls.

Contributions on blockage modelling have been presented in [71], [68] and [73]. The
authors of [71] have proposed a mathematical framework to model blockages with
random sizes, locations, and orientations in cellular networks using concepts from
random shape theory. In [68], a generative model based on stochastic geometry is
developed to analyse the shadowing effect in urban environments. This work has
been extended to in-building systems in [73] by modelling the walls” distribution as
an MPLP. It is worth mentioning that the assumption behind this work is that the
blockage-based penetration loss is the dominant factor and free-space propagation
loss can be neglected. This model, while convenient for traditional data communi-
cation networks, conflicts with the typical operating conditions of SWIPT system:s,
in which the minimum received energy must be in the order of few microwatts to
enable RF harvesting, so that a small difference on the distance can have a huge im-
pact on the achievable rate-energy trade-off.

More realistically, in [75], the authors jointly considered distance-dependent path-
loss, wall blockage and small-scale fading in information-only wireless networks
and examined the average number of blockages for several wall generation meth-
ods, from random and shape theory to semi-deterministic and heuristic approaches.
In this study, they considered different fixed transmitter configurations that provide
the best scenario with respect to the interference. The conclusions of this work show
that MPLP wall generation yields the tightest lower bound with respect to the SIR
results among all the mathematically tractable wall generation methods.

In this chapter, we consider a signal propagation model where distance dependent
path-loss, wall blockages and small scale fading are considered jointly. In order to
model the wall blockages we will adopt MPLP and propose a stochastic geometry
analysis for dense in-building MIMO SWIPT networks. The main contributions and
results presented in this chapter are summarised as follows:

¢ In contrast to prior contributions relevant to SWIPT, we consider the effect
of randomly located blockage objects like walls. This is of particular impor-
tance for any scenario accounting for the realistic levels of incident RF power
required to activate the rectifier and produce a serviceable DC voltage at its
output.

¢ We consider joint effect of the distance dependent propagation loss and block-
ages for a SWIPT-enabled network. The locations of both PHs and walls are
modelled through a stochastic process, thus allowing a macro-level investiga-
tion of the interactions between the network nodes and the venue in which
they are deployed.
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* The geographical position of PHs and walls are modelled as Poisson processes.
It follows that the characterisation of multi-user interference depends on the
density of PHs as well as on the density of blocking objects. This model allows
a multi-dimensional analysis in which the impact of both the network densi-
fication and the density of blocking objects on the rate-energy trade-offs are
jointly analysed.

¢ The reported numerical results provide important insights on the interplay
between the network and the in-building environment from the perspective
of the rate-energy trade-off. The potentiality of maximum ratio transmission
(MRT)- maximum ratio combining (MRC) processing in improving the rate en-
ergy trade-off of the link is also assessed.

¢ We studied the non-trivial rate-energy trade-off between the PHs” density and
the density of the obstacles. Blockage objects can be beneficial in some cases
depending on which trade-off is considered. Their effect in reducing the re-
ceived power is compensated by the decrease of MUL

¢ We investigated the effect of power splitting ratio by showing that it has rel-
atively low impact on the maximum achievable information rate while more
power can be harvested with its higher values.

¢ It is shown that multi antenna processing is a valuable strategy to counteract
the undesired effect of the densification. Increasing the number of antennas
helps improving both harvested energy and information rate.

* We have studied the best CPU utilization with the help of the provided anal-
ysis. We accounted for the complexity of the computation tasks as well as the
rate at which those tasks are performed to map the rate-energy trade-off onto a
value of achievable computation rate. It is shown that the best CPU utilisation
is obtained when more complex tasks are performed at a lower rate instead of
executing less complex tasks at a higher rate.

3.2 System Model

We consider a MIMO power splitted SWIPT-enabled system deployed in a two di-
mensional area. The SWIPT waveforms are generated by a set of randomly located
PHs and each PH has equipped with n; antenna. The LPD with an integrated SWIPT
receiver which operates according to the power splitting is located at the centre of
the investigated area and is equipped with 7, antenna. It is worth to mention that
our analyses can be straightforwardly extended to a scenario where time switching
is considered.

In order to increase the performance of the information transfer process, the received
signals captured from the different LPD antennas are processed using MRC, while
MRT is implemented at the transmitter side. It is worth mentioning that with such a
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FIGURE 3.1: SWIPT indoor network

limited amount of energy available, there might appear some technical challenges in
a practical implementation of MRT. Just to mention a few, the imperfect knowledge
of the estimated signal to interference plus noise ratio (SINR), the temporal varia-
tions of the propagation environment for LPD with low duty cycle, and so forth.
However, since the scope of this dissertation is to analyse the fundamental theoreti-
cal limits of the system, we will not address these important issues.

Fig. 3.1 presents an illustration of a SWIPT network in an indoor scenario. Here, the
serving PH (the red one) is transmitting data and power towards the typical LPD
with power gain ¢(°). The power wirelessly delivered in the downlink can then be
used for enabling all the LPD functionalities, including subsequent uplink commu-
nications. Hence, provided that a reliable energy consumption model for the LPD is
available, the rate-energy trade-off also defines the operating conditions of the LPD
functionalities including computation and uplink communication (e.g. data rates,
duty cycles, etc.) that can be supported through SWIPT. In this chapter, we will fo-
cus on the energy-computation trade-off originated in the downlink. The impact of
this trade-off on the LPD functionalities will be addressed in the next chapters.

As it is mentioned before, one of the objectives of this chapter is to analyse the ef-
fect of the randomly located blockage objects like walls on the rate-energy trade-off.
Hence our signal propagation model must comprise wall blockages. To achieve this,
we assume that the signals are subject to distance dependent path-loss, wall block-
ages and small scale fading. The path-loss and the wall blockages are jointly mod-
elled through the following log-distance dependent law:

il if r>x e
NGy =K% 1 = 31
n(r) {1 otherwise G-1)

where 7 is the distance between the PH and the device, « is the path-loss exponent,
is the so called penetration loss where K € [0,1), and N is a random variable repre-
senting the number of walls between a generic PH and the device. The path-loss
constant is defined as x = (4%?)2, where f. and ¢y being the carrier frequency
(Hz) and the speed of light (m/sec), respectively. The small scale fading is mod-
elled through random variables following a Rayleigh distribution to account for the
multi-path propagation effect. More accurate fading models, like shadowed x — y,
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can be adopted. However, using those models would harm the readability of the an-
alytical results without bringing any additional insights into the spatially correlated
structure of the blocking objects. Hence, in this dissertation, we focus on the more
tractable Rayleigh fading model.

The locations of the network elements have an important impact on the performance
of SWIPT-enabled systems, since they determine the interference distribution. In this
system model, we assume that the network infrastructure is modelled by a set of PHs
randomly located inside a circular area with radius R, € R U co . We assume that
the PHs have been deployed following a homogeneous PPP distribution, ¥, with
density Apn. Moreover the positions of walls are modelled as MPLP with density Ay

Finally we assume that the information transfer towards the typical LPD, denoted
by LPD), is provided by the PH ensuring the smallest average signal attenuation,
also referred to as serving PH. From the information transfer perspective the other
PHs are considered as interferers. The set of interfering PHs is denoted by ¥(\%).
In the next section, we will provide the adopted methodology that will be used to
analyse the effects of the obstacles on the SWIPT-enabled system performance.

3.3 Performance Analysis

This section presents a methodology to study the effects of the obstacles on the
SWIPT performance. Then, we provide an expression for the J-CCDF of informa-
tion rate and harvested power as a function of the network parameters.

3.3.1 Wall Blockage Analysis

The positions of the walls have an important impact on the system performance due
to their effect on the interference distribution. Among the other blockage modelling
concepts such as Boolean schemes or practical floor plan generation, MPLP is an
analytically tractable model that provides a tight lower bound for a real situation.
In order to study the effect of blockage objects on the system performance by using
MPLP, we first decompose the original PPP, ¥, with density Aph into the sum of
equivalent PPPs whose distribution depends on the specific geographic coordinate
(i.e. inhomogenous PPP), ¥ . Since the number of walls blocking the signal depends
on the position of the PHs we need to obtain the spatial distribution of the PHs
that experience N blocking objects. Thus displacement theorem (see Section 2.2) is
advocated and the densities of the processes ¥y are given by

/\N (1’, 9) = /\phPN (7’,9) . (32)

Here Py (r,0) is the probability that N walls are experienced at the point defined by
the polar coordinates (7,6) and given as

(Awr|cos(8)| + Ayr|sin(@) )Y

PN (1’,0) = NI

x exp {— (Awr| cos(0)] + Awr|sin(0)])}.

(3.3)
To make it clear, it worths recalling the fact that the number of walls in the intervals
[0,7] cos(8)|] and [0,7|sin(6)|] along the x— and y— dimensions, respectively, is a
random variable with Poisson distribution since MPLP is utilised in order to model
the positions of the walls. Thus, the probabilities of experiencing N walls on x-axis
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and y-axis can be found as W”CI\,#)DN “Awrleos(®)] and (Wﬂslijin,()')lv “Awrlsin()] pe-

spectively. Since the sum of two independent Poisson random variables is P01sson
distributed with density equal to the sum of the two corresponding densities, (3.3)
can be easily obtained.

As mentioned before, LPD(®) receives the information from the serving PH which
provides the minimum average signal attenuation. However, this choice depends
both on the locations of the PHs and the placement of the walls. Thus, in order to
analyse the performance of the system, we first need to study the characterization of
the stochastic properties of the minimum path-loss, L(%), and the multi-user interfer-
ence, Iyy.

Minimum Path-Loss

Minimum path-loss, L(O), is given as

L9 = min { min {ZN(V(“)) }} (3.4)

N ne¥y

where n denotes the index of the PHs belonging to the inhomogeneous PPPs associ-
ated with N obstacles, ¥y, and r(™) is the distance between the LPD and the nth PH.
By capitalising on displacement theorem we end up with the following proposition.

Proposition 2. Let the minimum path-loss being the one defined in (3.4) and define a func-
tion xy, (Aw) as

7 1 n+1 543
24 /AT V22h (z”z”z%)] 35)

— A7 —

where T(-) is the Gamma function, »F(-) is the Gaussian hypergeometric function [78]
and 1 € Ry is a compound variable (i.e. 1 = N + 1) introduced in Appendix A. Then the
cumulative distribution function (CDF) of L\®) is given by

Nmax

Flo(@) =Pr{L® <&} =1- [ exp{-An([0,8))} (3.6)
N=0

where N,y is the number of walls beyond which the attenuation due to blockage makes
negligible the signal contribution to the rate-energy trade-off.

An([0,€)) =

v

n+2
By 2 V) (a0 Rex
N L GeN) (%) (3.7)
Aph o (=11 Ny (Aw) or7+2 R«
N B i) R v
is the intensity of the process Ly = {ZN(r(”)),n € ‘I’N}.
Proof. See Appendix A. O

In this proposition, we have studied the statistical characterization of minimum
path-loss and obtained the CDF of L(®). By using the expression of CDF, proba-
bility density function (PDF) of L), i.e. f, o = dF,«(x)/dx can be easily obtained.
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TABLE 3.1: Values of x; (Aw)

Aw\y | 0 1 |2 3 4 5

0.01 | 15708 | 0.02 | 25x 107 |33 x10°¢ | 435x 1078 | 5.73 x 10~10
002 | 15708 | 0.04 | 1x1073 |26x107 | 696x 1077 | 1.83 x 10~8
0.03 | 15708 | 0.06 | 23 x 1073 | 9x 1073 [35x107° | 1.39x 1077
0.04 | 15708 | 0.08 | 41x1073|21x1074 |1.1x105 |587x1077
005 | 15708 0.1 |64x1073 |41x107%|27x1075 | 179 %1076

Moreover, as explained in Appendix A, in order to obtain an analytical expression,
we make use of Taylor series. It is worth to mention that the fact that the series has
to be cut at some point leads an approximation.

From (3.7), it is apparent that the signal attenuation is a process whose intensity can
be expressed as the weighted sum of power functions of ¢. Interestingly, the effects
of the blockage due to the walls are captured by the weights x, (A ) that can be com-
puted offline and tabulated for given values of 77 and A,y as shown in Table 3.1. As
we mentioned before, the effect of shadowing does not depend on the topology of
the network but depends only on the topology of the venue. Thus, Table 3.1 reports
the coefficients associated to the distribution of the blocking objects irrespectively
to the distribution of the network nodes. This allows us to use the offline com-
puted results in our further analysis by simply substituting the coefficients reported
in Table 3.1 that are associated with the required values of # and A, in (3.7). Since
Xy (Aw) is a decreasing function of 7, from (3.6) and (3.7), above a certain number
of obstacles that the signal can encounter, the values of x;, (Aw) become negligible.
Consequently, we can infer that the greater the number of obstacles N, the lower the
impact of the blockage objects on the CDF of L(?). On the contrary, Xy (Aw) is an
increasing function of A,, and, not surprisingly, the impact of the blockage objects
on F; ) (&) increases with As,.

Multi-User Interference

After studying the characterization of the stochastic properties of minimum path-
loss, we continue with analysing the characteristic function of multi-user interfer-
ence. The normalized (with respect to 1W of transmit power) multi-user interference
can be expressed as

Ninax h(n)

-yr ))H{ZN(r(“)) >10}

(3.8)
N=oneT, IN(r

Invu

where (") represents the gain of the nth interfering link and is an exponentially dis-
tributed random variable with unit variance. Here 1(-) is the indicator function.

In order to obtain characteristic function of MUI, we first need to have the CDF of
Imu- They are provided in Proposition 3.

Proposition 3. For a given path-loss L(0), consider the functions Xy (Aw), 1 € Ry as in
(3.5), and define the function
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Ay N (w; L(O)) =

+2

Ui
LOKNY © 742 (1+2) jw
( ) > (1 ) <1,— I LT 'L(0)>> (3.9)

KN
R (1 LR (1,_f7+2,1_ (7+2) jwkK >>
o « Réx

Then, capitalizing on the Gil-Pelaez inversion theorem, [79], the CDF of Ly is given by

[’} X Nimax

Fr,,(z L) = Pr{ZTyy < z|LO} =1/2— / 1 {e—fwz 1@~ (w;UO)) } dw
0 Tw N=0

(3.10)

where Oy <w; L(0)> is the characteristic function of the multi-user interference produced by

the PHs whose signals are subject to the attenuation of N obstacles to reach the typical LPD
and shown as

R G S L 10 .7(0) c7(0) - Rix
Py (w;L0) = e"P{ N L GR) Ao (L )} FLT <k

1 if L©) > R,

(3.11)

Proof. See Appendix B.
O

3.3.2 SWIPT Performance Analysis

As explained in the previous chapter, due to the multi objective nature of SWIPT,
the performance of SWIPT-enabled systems can be described in terms of achievable
trade-offs between the average throughput (bits/sec), R, and the average harvested
power (in Watt), Q. These rate-energy trade-offs are analysed through the J-CCDF
of the achievable information rate and the average harvested power:

F(R*,Q") = Pr{R > R*,Q > Q"} (3.12)

where R* > 0 and Q* > 0 represent the minimum desired rate and the sensitivity
of the energy harvester, respectively. Assuming that the transmission bandwidth is
equal to W and that each PH transmits with average power P, we have

B pg(O)/L(U)
R = Wlog, <1+PIMU+U§+UC2/(1—P) ,

3.13
0 (3.13)

Q = puP <i(0) +IMU>

in which p is the power splitting ratio and y is the energy harvesting efficiency factor.
The variance of the thermal noise is denoted by ¢z, while ¢ indicates the variance
of the noise due to the conversion of the received signal from radio frequency to
baseband [51].
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As known, RFEHs are non-linear devices. Therefore the efficiency of the harvesting
process would actually depend on the particular SWIPT waveform adopted and on
the incident Rx power. However, for the sake of tractability, we make the hypothesis
that the system adopts an optimised waveform which provides an almost constant
efficiency across all the operating region of the RFEH. Thus, it has been assumed
that the harvested power is a linear function of the received power in (3.13) [77].

In order to obtain J-CCDF of the achievable information rate and the average har-
vested power, we need to study the characterization of stochastic properties of the
random variables that have an impact on the performance of the system i.e. mini-
mum path-loss, multi-user interference and small scale fading of the serving link. In
the previous chapter, we have provided the characteristic functions of the minimum
path-loss, L), and the multi-user interference, Zyy. Now we will discuss about an-
other source of randomness which is the small scale fading g(*) of the link between
the serving PH and the LPD(®). It comprises the small scale fading experienced by
the serving PH’s signal and the effect of both the MRT and the MRC processing at the
transmitter and the receiver side, respectively. As mentioned in [80], the MRT-MRC
processing minimizes the induced bit- or symbol- error probability and therefore
maximizes the output SNR. This maximization yields to g(?), which is the largest

(0) g, My .
i ] Ly representing the
i lij=

small scale fading. The probability density function (PDF) of ¢(%) is given as [80],

eigenvalue of the Hermitian matrix, H'H where H = {g

m (n+m—2s)s

fg(O)(g) = Kumn Z as,tgt exp(—s{) (3.14)

=1 t=n—-m

where m = min(ny, n,) and n = max(ny, n,). Here Ky, = [Ti, ((m — k)!(n —k)!) !

is a normalising factor and a,; are some coefficients that can be easily obtained by
using [80, Algorithm 1].

A convenient reformulation of the ]-CCDF has been proposed in [64]. It amounts to
computing the probability that the multi-user interference belongs to an interval for
which a minimum SINR S can be achieved conditioned to a minimum amount of
received power g,. It can be shown as

+o00
* YRy 0) 2 (0)
F(R",Q") = Eyo { Ly Frwa (8710 =02/ 1 )fg<o>(x>dx}

+00
— —x /L0 (0)
Euo {/(7;/P)L<0> P ( X/ L+ /P ‘ L )fg(m(x)dx}

(3.15)

where 07 = o3 +02(1—p)"", q. = Q*/(pp), T = (g +02)/(B+1) and B =
1/(28/W —1).

After analysing the statistical characterisations of minimum path-loss, multi-user in-
terference and the power gain of the serving link, we now obtain J-CCDF in Propo-
sition 4.
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Proposition 4. Let us define,
o (w0; 1) = TT o (w;10),
(1) = [T ow (w)

N (3.16)
A([0,8)) = NZOAN([O,C)),

and A([0,&)) as the derivative of A([0, &)) with respect to & whose expression is provided
by (B.3) in Appendix B.

Given the statistical characterisation of LO), Ty, and g(o) expressed as in (3.6), (B.5), and
(3.14), respectively, the [-CCDF F,(R*, Q*) can be computed as [64],

m (n+m—2s)s
RROQ)=Knn o 1wt (1) - 117) (3.17)
s=1 t=n—m
where the functions ]S(,lt) and ]g are defined as

(1) —

[ s (o) (-5 1 (o0 Frmm) o)

< (R(10,8)) exp {~A([0,))}) dwdy
(3.18)

](2) —

[ e () (+52) ™ (00 G o)
< (Al0.6)) exp {~A([0,8)}) duwdy
(3.19)

Proof. See Appendix C O

Using Proposition 4 the J-CCDF can be numerically computed for illustrating the
average trade-off between the information rate and the harvested power without
the need of time consuming Monte Carlo simulations.

3.4 Numerical Results

This section shows the performance of a SWIPT-enabled indoor network by means
of numerical results. The analytical findings presented in previous sections will be
validated through Monte Carlo simulations.

3.4.1 Setup

The parameters are set as given in Table 3.2 unless otherwise specified. The PHs are
assumed to be deployed with a density Ay, = 1/ (ndéh), where dp, is half of the
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TABLE 3.2: System Parameters for Chapter 3

The radius of the investigated region, R, | 60m
Average transmit power, P 1w
Signal bandwidth, W 200kHz
Carrier frequency, f, 2.1GHz

Thermal noise variance, Uﬁ

—174 + 10log19(W) + Fu

Noise figure, F, 10dB
RF/DC conversion noise variance, 0c2 —70dBm
Energy harvesting efficiency, u 0.8
Path-loss exponent, « 2.5
Power splitting ratio, p 0.5
Number of receive antennas, 7, 2
Number of transmit antennas, 7 4

Penetration loss, K —10dB [81, Table 3]

average distance between PHs. It worths to mention that, the methodological tool
proposed in this dissertation does not depend on the values of the link parameters.
As a matter of fact, though the results of numerical analysis may be changed, the
qualitative behaviour of the trade-off with respect to MUI remains the same when
the channel condition varies. For instance, in this study, frequency has been chosen
as cellular network frequency in order to be consistent with the existing studies in
literature which allows us to validate our numerical results. Nevertheless, when
different frequencies are considered (e.g. ISM or subGHz bands), from Proposition 4
and assuming the same penetration loss for all frequencies, only the relative impact
of distance-based path loss on the MUI will change, but not the ambivalent role of
the interference on the rate-energy trade-off.

3.4.2 Results

In Fig. 3.2 and Fig. 3.3 we validate our analytical findings through Monte Carlo sim-
ulations. Specifically, In Fig. 3.2 we present the rate-energy trade-off parametrised

with respect to A, when F¢(R*, Q*) = 0.75. The results are presented for different

values of dp, = 3,5,7 meters (i.e. Apy = 3% 75, 751 ) while the density of the walls is

kept fixed to A,, = 0.05. The analytical results (solid lines) are compared to the ones
obtained through Monte Carlo simulations (squares). Despite of the approximation
due to the fact that the series in (3.7) and (3.11) has to be cut at some point, an almost
perfect match between theoretical results and simulations is apparent. Clearly, the
harvested power always benefits from the increase of the PHs” density A,,, while
the maximum achievable information rate decreases because of the larger level of
multi-user interference. We can therefore identify a first compromise to be achieved
when the network elements are densified. For example, if a minimum harvested
energy of —23dBm is required, the optimum PHs’ density is the one corresponding
to dph = 3 meters (blue line), while if a harvested energy of —28dBm is sufficient,
it would be better to have a less dense network, dph = 5 meters, to benefit from a
higher information rate (red line).

Fig. 3.3 investigates the effect of the walls on the SWIPT performance when F.(R*, Q*)
= 0.75 and d, = 5 meters. In this figure Monte Carlo simulations are represented
with markers and theoretical results are with solid lines. The blue curve is used as
a benchmark and represents the case in which all the blockage objects have been
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FIGURE 3.2: Monte Carlo simulations and theoretical results of rate-
energy trade-off for different Aph when Ay, = 0.05, ny = 4, n, = 2.
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FIGURE 3.3: Monte Carlo simulations and theoretical results of rate-
energy trade-off for different A,, when dph =b5m,n=4,n, = 2.

removed. The red and black curves are associated with two different values of A,,:
Aw = 0.03 and Ay, = 0.05, respectively. It is apparent that an increment of the
density of blockage objects is beneficial for the maximum achievable information
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FIGURE 3.4: Theoretical results of rate-energy trade-off for different p
values when F.(R*, Q*) = 0.75, A,y = 0.03, ny = 4 and n, = 2.

rate because of the reduced multi-user interference. On the other side, we notice
a reduction of the harvestable power level when A,, increases. We can conclude,
that the topology of the venue impacts the achievable rate-energy trade-off in view
of the ambivalent role of the multi-user interference in SWIPT networks. Morever,
it worths to mention that, for A,, = 0.03, theoretical result (solid line) provides a
better performance compared to Monte Carlo simulations (marker) in terms of the
information rate. It can be explained with the fact that theoretical result gives an
underestimated interference level due to the approximation related to Taylor series.

In Fig. 3.4, we analyse the role of the SWIPT receiver architecture on the achievable
performance. The rate-energy trade-offs for different values of the power splitting
ratio when F.(R*, Q*) = 0.75 are presented. The curves are provided for 3 different
values of Aph when Ay, = 0.03. Obviously, the receiver harvests more power with
higher power splitting ratio for all cases. More interestingly, we obtain the same
value of maximum achievable information rate for all values of p. This can be ex-
plained with the fact that, with the level of densification required to receive a total
power belonging to the microwatt region, the system is essentially interference lim-
ited and the SINR has a negligible effect on p for realistic levels of noise. For instance,
considering the case dp, = 3m (solid lines), with an information rate of 300 kbps,
—27dBm of harvested power can be achieved when p = 0.1, while we can obtain
—20dBm and —17dBm of harvested power when p is equal to 0.5 and 0.9, respec-
tively. We can conclude that the power splitting ratio must be as large as possible
and its fine tuning is of limited interest in the design of ultra-dense SWIPT networks.
It is worth remarking that this conclusion is radically different from previous works
(see [64]) in which the authors consider values of harvested power below —60dBm.
In that case, multi-user interference has a limited role while the optimisation of the
power splitting ratio is paramount. On the contrary, we show that the technological



a4 Chapter 3. MIMO SWIPT Networks in the Presence of Spatially Correlated

Shadowing
-15 C C T
20 - 4
A
\4 VN
£
. B-25¢ 1
o —$\+\M\\
—6—P=33dBm
-30 n
—8—P=30dBm
—0—P=27dBm
—¥—P=23dBm
.35 | | ‘
150 200 250 300 350
Rkbps

FIGURE 3.5: Theoretical results of rate-energy trade-off for different
P values when F.(R*, Q*) = 0.75, dpn = 3 and Ay, = 0.05.

limitations of the harvesting process make the topology of the venue and its effect
on the interference the most important parameters in defining the achievable rate-
energy trade-off.

Fig. 3.5 illustrates the rate-energy trade-off for different values of the transmit power
when 1y = 4 and n, = 2 in order to see the effect of the transmit power. As expected,
more energy is harvested with higher values of transmit power. On the other hand,
since the system is interference limited and the SINR is not affected by the change
on values of P, the same maximum achievable information rate is obtained for all
the considered cases.

In the previous figures we showed impact of the ambivalent role of the interference
on the rate-energy trade-off. However, both harvested energy and information rate
can be improved by increasing the power gain from the serving PH to the typical
LPD. To achieve this antenna array gain can be increased. It is worth mentioning
that in this study we refer exclusively to the rate-energy trade-off of the link while
the additional energy consumption required to implement MRC at the LPD is not
considered in the performance metrics. In order to illustrate the benefits of MIMO
on the SWIPT performance in such a dense interference-limited scenario, Fig. 3.6
provides the rate-energy trade-off for different numbers of transmit antennas when
F.(R*,Q*) is 0.75 and n, = 2. The proposed results show how increasing the num-
ber of antennas is of great help in dealing with the MUI while improving the level
of harvestable power. Here, for illustrative purposes, we present numerical results
only for Ay, = 0.03, but the same trend has been observed for all the tested densities
of walls.
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Finally, we focus on how the the level of network densification must be wisely cho-
sen in accordance with the topological characteristic of the indoor environment. To
this purpose, Fig. 3.7 shows the envelopes of the rate-energy trade-offs relevant to
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different values of A, and for a J-CCDF equal to 0.75. In particular, the red curve
represents a situation in which all blockage objects have been removed, while the
blue curve is associated with the presence of walls with density equal to A, = 0.05.
It is apparent that the additional attenuation of walls is beneficial for the achievable
trade-off and rate. For example, an information rate of 300 kbps can be achieved
with —20dBm of harvested power in the presence of blockages, while this value is
reduced to 240 kbps when those obstacles are removed.

In Fig. 3.8 we plotted the rate-energy trade-off for different values of A, with dp, =
3m and dph = 7m. In the denser case, the information rate always benefit from
the reduced MUI due to the presence of walls. On the contrary, when the network
elements are less dense, the blockage experienced by the serving PH is not compen-
sated by the MUI reduction. Hence, neither the harvested power nor the information
rate benefits from the interference. Therefore, we can argue that the best achievable
trade-off is a multidimensional factor in which the cross-dependences between the
network infrastructure and the topology of the venue have a major impact.

3.5 SWIPT-based Real Time Computation

In this section, we provide an application of SWIPT-enabled systems as an example
for utilisation of the analysis provided in the previous sections.

System Model

In the system model that is investigated in the previous sections, we only assume
that the power enabling both computation and communication tasks at the LPD are
wirelessly delivered in the downlink. The harvested energy can then be used for
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FIGURE 3.9: SWIPT-MC system model

transmitting data from the LPD to an access point. In this sense, an harvest then-
transmit procedure is compatible with our analysis. However, the trade-off curve
in the downlink is agnostic to the uplink transmission parameters. We analyse the
probability that a given value of energy is harvestable by the LPD for different val-
ues of data rate in the downlink. This energy is then used for enabling all the LPD
functionalities, including uplink communications.

In this section we will present an indoor MIMO real-time mobile computing (MC)
system as an application of SWIPT. We will provide a comprehensive understand-
ing of the rate-energy trade-off on a service basis. The objective of this MC system
is to provide a set of services S, where the attributes of a generic service s € S are
a collection of computation tasks. Each computation task processes Li,s bits rep-
resenting contextual information (e.g. sensed data, information on the activity of a
human user, mobility patterns) locally collected and stored at the LPD. The SWIPT
waveform received is used to simultaneously decode the control signal that will se-
lect the computation tasks to be executed and extract the power needed to perform
those tasks. According to this model, instead of considering the signal propagation
as the sole restriction, we recognise that the SWIPT signals are sent with the purpose
of enabling the execution of computation tasks.

Since it is a real-time MC system, the trade-off between the information rate and the
harvestable energy must be carefully chosen to guarantee that the CPU may perform
tasks of given complexity before receiving the next task. By using the analyses that
we have presented in Section 3.3.2, we will investigate the operating conditions of
real-time computing systems and study the outage probability of the system for dif-
ferent network setups.

We have considered the same network model as in Section 3.2 and the same propa-
gation model as in (3.1). In our system, at each time slot, a generic PH is associated
with the service s with probability g;. We denote with Ps the subset of PHs allocated
to the service s. During an initial discovery phase, the LPDs broadcast a packet con-
taining a message indicating their associated services. Then, each LPD establishes a
communication link with the PH p € Ps ensuring the minimum average signal at-
tenuation. We also assume that all the PHs share the same radio resources, so that all
the PHs but p are considered as interferers for the information transfer process. An
illustration of the SWIPT-MC system is provided in Fig. 3.9. In this figure, red and
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green PHs are allocated to ‘Service #1” and "Service #2', respectively. LPD(®), which
is associated with “Service #2” and illustrated in green, establishes a communication
link with the closest PH that is associated with ‘Service #2". The serving PH sends a
command message to trigger the execution of a specific task. In this example, the far-
ther green PH and the red PH which is allocated to another service act as interferers
for LPD(?) in terms of information decoding.

Rate-Energy Trade-off Analysis

Typically, the PH experiencing the minimum signal attenuation is assumed to be the
serving PH for the LPD(®), However, assuming that the LPD(®) is only associated
with a subset of services Sipp C S, it may not be able to answer to the PH's request.
In such a case, the PH will initiate a communication with another LPD, thus creating
interference to the LPD). It follows that the serving PH shall belong to the subset of
PHs that were allocated to a service s € Sypp. Therefore, we introduce the concept
of hit probability, gnit = Yses,,p, 95 defined as the probability that a generic PH is
allocated to one of the services implemented by the LPD(). The original PPP, ¥,
is then partitioned into two homogeneous PPPs: ¥, with density gniiApn and ¥y,
with density ghitAph, where gpit = 1 — gnit- By replacing Apy with gpitApn and grigAph,
in the characteristic functions of L(®) and g(o) given in Section 3.3.2, they can be
adapted to the considered system model. However differently from (3.8), due to the
proposed hit probability concept, Zyy is composed of two parts:

Niax h(n) 0 h(n)
w=)Y [ ¥ - ]1{1N(r(“>) > L )} + Y ) 620)
N=0 \ hey(\? In(ri™) ne¥y g, In(rtv))
Mhit

(\0)
N, qnit”
while the second one refers to the interference generated by the PH belonging to

YN As we know from the previous sections, in order to obtain J-CCDF we also
need the characteristic function of Zy;y which is given as

The first part represents the interference produced by all PHs belonging to ¥

Oy (L) = D gy, (@ L) Prgy, (@) (3.21)

In order to avoid repetition, we do not show the details step by step to obtain the
J-CCDFE. By replacing App with gpitApn the characteristic function of the first term of
Imu can easily be obtained. For the second term, in addition to replacement of Ay,

with qp;tApn, we substitute L =1 in the closed form of ®y (w; L(O)) (see (B.4)) and
then J-CCDF can trivially be obtained.

Computation Model

As mentioned above, the objective of our MC system is to provide a set of services
S. To achieve this, the generic PH p € Ps transmits a command message with a
fixed length of L.om bits to trigger the execution of a specific task to process the data
gathered locally. It is worth mentioning that in this study, we consider only the first
phase of the system (downlink) and study the impact of the computation require-
ments on the achievable rate-energy trade-offs in the downlink. Each computation
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task is characterised by k logical operations per bit. The primary engine for local
computation at the LPD is the CPU, where the energy consumption per logical op-
eration depends on the CPU clock speed. Therefore, under the assumption of low
CPU voltage, the energy consumed by the CPU to execute a task can be modelled

as [82] "
task

Ec= Y cff (3.22)
i=1
in which, ce is the effective capacitance coefficient and f; denotes the CPU frequency
(i.e. the clock speed) for each CPU cyclei € {1, ..., kL }-

Upon decoding the L.om bits of the command message, the LPD exploits the har-
vested energy to perform the computation tasks requested and the triggered tasks
must be executed prior to the reception of the next message. In other words, the
information rate of the wireless link determines the maximum time that can be de-
voted to the computation (i.e. Zﬁ?“ J%l < LC%) At the same time, larger values
of rate correspond to smaller values of energy harvested. From (3.22), this amounts
to saying that the CPU must perform less cycles or reduce its clock speed. Clearly,
this causes a conflict between communication and computation performance. The
following describes a procedure to determine the best compromise between com-
munication and computation for a given J]-CCDF.

The computation capacity can be determined by optimising the clock frequencies
to minimise the CPU energy consumption. Minimizing the energy consumption,
considering the fact that execution of the triggered task must be finished before
next command message arrives, will result in equal frequencies of f; = k%ais:‘R,Vi
as shown in [56]: “

kLtask
Minimize Ec = ) ceff
fi i=1
. Flag 1 Lom (3.23)
subject to Z 7 <=3
fi € (O, f maX]
where the feasibility region is obtained when
R < fmachom (3.24)

kLtask ’

with fmax representing the maximum CPU clock speed. Hence, it is found that the
optimal point is achieved when all the frequencies are equal to f; = kli*j‘%:‘R, Vi.

By substituting f; into (3.22) the minimum power needed to support real-time oper-

ations is obtained as
EcR _ <kLtaSkR>3
= Co .

Lcom

Q=

(3.25)

L com
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FIGURE 3.10: Rate-energy trade-off: theoretical results and Monte

Carlo simulations for different values of gy;;.

Finally, we can define the outage probability of the real-time SWIPT-MC system as a
function of the targeted information rate as

kL R\ 2
Pout =1—F. (R, Ce ( fask ) ) . (3.26)

L com

Interestingly, the information rate can also be interpreted as the rate at which the
local data must be updated before initiating a new computation. Hence, (3.26) pro-
vides also insights into the maximum task complexity given the rate, R (see (3.13)),
of the data gathered at the LPD.

Results

In addition to the parameters given in Table 3.2, we fix the half of the average min-
imum distance between PHs to dph = 3m and the density of the walls to A,, = 0.3
except otherwise stated. Moreover, the effective capacitance coefficient is set to
ce = 1072 [56]. Regarding the fact that the system is essentially interference lim-
ited and the SINR does not depend on realistic levels of noise (see Section 3.4.2), the
power splitting ratio must be as large as possible and it is set to p = 0.99. The length
of command messages is fixed to Lcom = 32bits and the number of the bits at the
LPD is assumed to be L4 = 0.6kb.

Fig. 3.10 shows the trade-off between the information rate and the harvested power
for several values of gn;; when F.(R*, Q*) = 0.75. In order to validate our analysis,
both theoretical results (lines) and Monte Carlo simulations (markers) are reported.
An almost perfect match between the Monte Carlo simulations and the analytical
curves is observed. Besides, it can be observed how the hit probability impacts the
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FIGURE 3.11: Operating points on the rate-energy trade-off for differ-
ent values of k.

rate-energy trade-off. In fact, when the hit probability increases, more PHs will be
allocated to one of the services implemented by the LPD(?). As a result, the probabil-
ity of experiencing a relatively moderate signal attenuation between the PH and the
LPD© will be larger, which, in turns will give rise to higher values of signal to SINR
at the SWIPT receiver. For instance, by increasing gyt from 0.2 to 1, the information
data rate increases from 28kbps to 300kbps for —25dBm of harvested power.

From Fig. 3.10 we can also observe that the maximum harvested power increases
when gyt increases. This is mainly due to the fact that serving PH which takes the
advantage of MRT process has a greater probability of being closer to the LPD(?). For
example at 22kbps of information rate, with gn;; = 1, the power harvested is 5.3dB
greater than the one relevant to gp;; = 0.2.

Fig. 3.11 indicates the operating points associated with different computation loads
(expressed in number of logical operations per bit processed). The number of logical
operations per bit is set to k = 10,20,50,100, F.(R*,Q*) = 0.75 and g;; = 0.7.
Required powers (dash lines) are obtained with the help of (3.25). Not surpris-
ingly, for fixed information rates, more harvested power is required for perform-
ing more complex tasks. It can be observed that if k = 10 operations per bit are
required we need Q* = —23.5dBm of power to perform R*/Lcom = 192/32 = 6
kilotasks/second. However, if k = 100, we can only execute 1 kilotasks/second by
using Q* = —15.8dBm of harvested power.

Fig. 3.12 illustrates the outage probability against the number of tasks per second,
RLusk 10 be executed for k = 10,20, 50. It is apparent that, for the same outage prob-
a‘t;itlnity, the number of tasks per second decreases when the number of operations
per bit increases. As an example, with a fixed outage probability of Py, = 0.4, we
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FIGURE 3.12: Outage probability versus the number of tasks per sec-
ond for different values of k.

can perform 9 kilotasks/second with k = 10 operations per bit, while for k = 20 and
k = 50 only 5 and 2 kilotasks/second can be executed, respectively. However, as
shown in Fig. 3.13, executing more tasks per second does not necessarily mean that
we better utilise the CPU.

In fact, from Fig. 3.13 we observe that for a fixed number of CPU cycles per second,
k%‘aiskR, the outage probability decreases when k increases. This is mainly due to the
fact that the data rate is interference limited, so it is not always possible to perform
low complexity tasks at a very high rate. Therefore, it can be more efficient to per-
form more complex tasks at low rate to optimise the CPU usage. Stated otherwise, it
would be more efficient to trigger a large number of tasks with the same command
message rather than sending command messages at a very high rate to select only a
small number of tasks.

Finally, the effect of network densification is made clear in Fig. 3.14 and Fig. 3.15.
Fig. 3.14 shows the total number of CPU cycles per second and the number of tasks
per second for different values of dp, = 3,5,7m for gy = 1 and k = 20. In this case,
network densification is helpful in increasing the SWIPT-MC performance. How-
ever, if only k = 1 logical operation per bit is considered (Fig. 3.15) (e.g. a simple
comparison of the local data with a reference value), the CPU is better utilised for a
less dense network. This can be explained by the fact that each task consumes very
little power and that the limiting factor is not the harvested power but the rate at
which the tasks can be performed. It follows that it would be better to have a less
dense network to reduce the multi-user interference and increase the information
rate at the expense of the harvestable power level.

In this section, we have provided an application of SWIPT-enabled system. After
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studying the characterization of the rate-energy trade-offs in the previous sections,
here we have presented the operating conditions of real-time computing system as
well as the outage probabilities.
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3.6 Summary

In this chapter we have proposed a stochastic geometry analysis to model the im-
pact of blockages on the performance of an indoor SWIPT-enabled MIMO system.
In this scenario, we have addressed the issue of MUI in relation with both the net-
work infrastructure and the topology of the venue. An analytical expression of the
cumulative distribution function of the multi-user interference as a function of the
density of walls is provided. A similar result is also obtained for the distribution
of the minimum propagation loss. With the help of characteristic functions of MUI,
minimum propagation loss and the serving channel gain we obtained the J]-CCDF of
information rate and the harvestable energy in order to define the rate-energy trade-
offs of the system.

After providing the analyses for MIMO-SWIPT indoor network, we have presented
a real-time SWIPT-MC system as an application of SWIPT. We have proposed the use
of SWIPT to control distributed computation process while delivering power to per-
form the computation tasks requested. Moreover, operating points that guarantee
real-time processing of the locally generated data for given task complexities have
been provided. Finally, we have studied the outage probability of the system.

In the next chapter we will extend our analyses to a SWIPT-MEC system where we
both consider local computation and offloading.
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Chapter 4

SWIPT-based Mobile Edge
Computing Systems

In the previous chapter, we have analysed the information-energy trade-off and pre-
sented an application of SWIPT for an IoT system. In this chapter, we focus on
mobile edge computing and investigate the performance of SWIPT-based MEC sys-
tems where the complex data that can not be performed by LPD is offloaded to the
edge server. In particular, we will propose a decision strategy for a SWIPT-MEC
system where LPD has to decide either to perform local computation or offloading.
We will provide insights on the design of the decision strategy and will evaluate the
impact of this strategy on a triple trade-off between energy, local computation and
offloading. In order to provide a system-level perspective on the performance of a
SWIPT-MEC network, we will make use of SG for characterising the trade-offs be-
tween communication and computation. Moreover, joint success probability of local
computation and offloading will be studied.

4.1 Introduction

In SWIPT-based mobile edge computing systems, LPD offloads the data to the MEC
server when the harvested energy is not enough to compute the data locally. Thus,
in order to analyse the performance of SWIPT-based MEC system, we have to jointly
address the downlink (DL) and the uplink (UL). Here DL term is used for the link
between the PH and the LPD (information decoding) and UL is used for the link be-
tween the LPD and the MEC server (offloading the computational task/uploading
the results of local computation).

In the literature, most of the previous works on SG based analyses of cellular net-
works with energy harvesting are either focused on uplink [65, 83, 84] or down-
link [62, 85, 86]. A first study dealing with joint UL/DL coverage probability of
cellular-based ambient RF energy harvesting IoT is reported in [66]. In order to
derive the joint coverage probability, first the probability distribution of interference
should be obtained. However, the probability distribution of interference is only
computable for simple scenarios and not known in general. Thus, the authors of [66]
developed a dominant base station (BS)-based approach to derive a tight approxima-
tion for the joint coverage probability. Following the same approach to approximate
the density of interfering users as in [66], an analytical framework to evaluate and
optimise the performance of an energy-efficient joint DL/UL RF wake-up strategy
for IoT devices over cellular networks has been presented in [67].
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In this chapter, we make use of stochastic geometry to analyse a MEC system in
which SWIPT is used to simultaneously deliver power and a command message to
an LPD. This command message is used to select computation tasks to be executed
by the LPD. Harvested energy is deployed by the LPD device for information de-
coding (ID) and either to perform local computation or to offload the computations
to the MEC server. Therefore, each time frame is divided into orthogonal time slots,
one for energy harvesting (EH), one for ID and the other for local computation or
offloading. In this model, LPDs have to decide either to perform the computation
locally or to offload to the MEC server. The main contributions and results of this
work are summarised as follows:

¢ In this chapter, our aim is to evaluate the impact of the decision strategy and
computation rate on a triple trade-off between energy, communication and
computation.

¢ In contrast to the SWIPT mobile computing system analysed in the previous
chapter, where only local computation is considered, in this model, based on
the amount of the harvested energy, LPDs have to decide either to perform
the computation locally or to offload to the MEC server. Thus, we propose
a simple stochastic decision strategy which allows to exploit different local
computation-offloading (communication-computation) trade-offs at the net-
work level.

¢ In such a MEC system, we confront interference in the offloading and the up-
loading phases as a bottleneck. In order to overcome this obstacle, we will
propose a decision strategy and validate it.

* We use dominant BS-based approach to approximate the harvested energy and
the amounts of interference in downlink, offload and upload phases.

¢ Theoretical results are provided for offloading/local computing probabilities
and verified by means of Monte Carlo simulations. It has been shown that the
probability of local computation increases with the increment on SINR target
in the uploading phase while the probability of offloading decreases.

¢ Finally, we present success probabilities of offloading/local computing and to-
tal success probability as functions of tuning parameters. Results show that
for small values of tuning parameters, system performance is better for higher
values of task complexity.

4.2 System Model

We consider a SWIPT-enabled MEC system composed of a set of multiple LPDs, PHs
and MEC servers, as shown in Fig. 4.1. The aim of this system is to perform some
tasks by using the energy harvested in the DL. Since the amount of harvested energy
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FIGURE 4.1: SWIPT-MEC system model 1

is limited, it may not be enough to perform the task locally. Thus, in contrast to the
system model studied in the Section 3.5 where only local computation is considered,
here we consider MEC and LPDs have to decide either to perform the computation
locally or offload it to the MEC server.

Since it has been assumed that the LPDs are battery-less and do not have any storage
capability, each LPD has to harvest the energy in order to enable the information de-
coding. Thus we have considered time-switching SWIPT scheme as a receiver archi-
tecture. It is worth to mention that our analyses can be straightforwardly extended
to a scenario where power splitting is considered. A generic LPD receives energy
and command message, with length of L.om bits, from its associated PH through
the time-switching SWIPT scheme. This command message indicates the specific
task that is needed to be executed by the LPD. For the sake of simplicity, we assume
that the size and the complexity of tasks are constant, denoted by Ly, bits and k
operations per bit, respectively. Based on the location of the MEC server and the
amount of harvested energy, the LPD node decides whether to offload the assigned
task to its associated MEC server or not. If not, the LPD executes the computation
task locally and sends the result with length L, bits to its associated MEC server.
Without loss of generality and for the sake of readability, it has been assumed that
Leom = Lres = m Liysk Wwhere m < 1 is a constant. It is worthy to mention that in
this model, the MEC servers are considered to be the endpoint of this computation
process.

We also assume that time is slotted with a fixed slot duration, denoted by T. As
shown in Fig. 4.2, each time slot is further divided into energy harvesting, informa-
tion (i.e. command message) decoding and local computation/offloading sub-slots
with durations 7., Tig and T, respectively. During the energy harvesting sub-slot,
the LPDs harvest energy from the RF-signal transmitted by PHs which will be used
to perform information decoding and task execution in the next two sub-slots. In
the information decoding sub-slot, the LPDs decode the command messages trans-
mitted by their associated PHs. In the third sub-slot with duration of 7.¢, the LPDs
execute their scheduled tasks either locally or by offloading to their associated MEC
servers. In the case of offloading, the whole duration 7. is used by the LPD to trans-
mit the task to the MEC server. On the other hand, in the case of local computation,
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the third sub-slot needs to be further divided into two sub-slots: computation sub-
slot, with duration of T, in which the task is executed and the uploading sub-slot,
with duration of 7,p in which the LPD transmits the obtained result to its associated
MEC server.

As a first step we will just consider the effect of path-loss and small-scale fading.
Spatially correlated shadowing will be considered in next chapter. Therefore, we
assume that the transmitted signals are subject to the standard power law path-loss
model with exponent & > 2 and small-scale fading modelled by the Rayleigh distri-
bution. The path-loss model is given as:

Kre if r> 1/

I(r) = { (4.1)

1 otherwise,

where r is the distance between the PH and the LPD, « is the path-loss exponent,

2. . .
K= (47”) is the path loss constant, where v = cy/ f, is the transmission wavelength,
fe and ¢q being the carrier frequency in Hz and the speed of light in m/sec, respec-
tively.

For any link j, fading coefficients in the energy harvesting sub-slot, the information
decoding sub-slot, the offloading sub-slot and the uploading sub-slot are denoted
by gj, hj, Worr; and wyp j, respectively. All these channel coefficients are assumed to
be independent and identically distributed exponential random variables with unit
mean.

Regarding the network structure, it has been assumed that the possible sets of PHs,
LPDs and MEC servers, deployed in a circular area with radius R, € R U oo, are
modelled as instances of three independent homogeneous Poisson Point Processes
Yon, Yipd and ¥mec of density Apn, Apg and Amec, respectively. The typical LPD,
denoted by LPD() is located at the origin of the x— and y— axes. Regarding the
association policy, we assume that each LPD is associated with its nearest PH and
nearest MEC server.

4.2.1 Energy Harvesting

During the EH sub-slot, LPD() harvests energy which will be used for locally com-
puting/offloading the task to the MEC server. Assuming that all PHs transmit with
the same power P, the amount of energy harvested by the LPD(®) over this sub-slot
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is:
En = tanptP ) gix 't (4.2)
]E‘Pph
where rj denotes the distance from the j-th PH, denoted by PHU), to the LPD®), 1 < 1
is the efficiency of the RFEH and gj ~ exp(1) is the fading gain between LPD(©) and
PHU.

4.2.2 Information Decoding

In this sub-slot, LPD© receives a command message with a fixed length of L.om bits
sent by its serving PH which triggers the execution of a specific computation task.
In contrast with the energy harvesting, the other PHs are considered as interferers

for the command message decoding. Denoting the set of interfering PHs by ‘I’I()}}),
the SINR at the LPD(?) is: .
Phix=ry
SINRig = —5——— 4.3
id O_izd + Zjd ( )

where 7, is the distance from the serving PH to the LPD(®) , h; ~ exp(1) is the
fading coefficient of the serving link, ¢ is the thermal noise power, and Z4 denotes
the interference at the typical user, given by:

Iid: Z Pth_lTj_a,

e\
]G‘th

(4.4)
where /i ~ exp(1) is the channel gain between PH® and LPD(),

4.2.3 Local Computation/Offloading

After decoding the command message and based on its decision, in the third sub-
slot, LPD(®) processes the data locally or offloads it to the nearest MEC server, re-
ferred hereafter as the targeted MEC server and denoted by MEC(). The energy
consumption for local computation and task offloading, denoted by Ej. and Eg,
are given by:

kLtask)
Ec(R) = Ce((TltaSl)z) + TidCdeclog (1 + Bia) + THPKR‘XU’
oc

Eoff(R) = TigCdeclog(1 + Bia) + TostkR" 7,

(4.5)

respectively. Here R denotes the distance from the LPD(®) to the MEC(Y), 7 is the
MEC server sensitivity (i.e. the minimum required power for succesfully decoding
the message), c4ec is a constant and measures the required energy to decode one
bit (Joule/bit), ce is the effective capacitance coefficient and fiq is the SINR target
in the downlink. Here, first term of Ej,.(R) represents the energy that is needed
for the local computation which has been explained in Section 3.5. Second term
which is also the first term of E.¢(R), is for the required energy to decode Lcom bits
and finally the energy that is needed for uploading the results to the MEC server is
given in the last term of Ej,.(R) where it also appears as the second term of E,¢(R)
and represents the energy needed to offload the data to MEC server. The SINRs for
offloading and uploading sub-slots at the MEC(!)) can be expressed as:
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w; .
SINR; = — f?I , i€ {offup}, (4.6)

i 1

in which ¢? denotes thermal noise power and w;; ~ exp(1) is the channel gain of
the link between the LPD(® and the MEC(Y). Moreover, Z; denotes the interference
at the MEC(), given by:

I = Z wir].nRinjDiTja’ (47)

. (\0
€Y i

where IYI(}}S& represents the point process of all the interfering LPDs that perform

offloading/uploading and are scheduled on the same time-frequency resource as
LPD), D;; is distance from LPDU) to the MEC(), R;j is the distance from LPDU) to
its associated MEC server and w;j ~ exp(1), for any j € ¥ipq. As can be seen here,
due to uplink power control, the transmission power of each device is a function of
its distance to its associated MEC server (e.g. the transmitted power of LPDU) to its
associated MEC server MEC() is 17R]f"). Moreover, w; Dj_"‘ is the attenuation that the
signal encounters between the device and the targeted MEC server.

424 Timing Parameters

In this section we present the timing parameters. By defining B(s) as the required
time to transmit Ly,g with the rate Wlog(1 + Bs) and fixing T and T, the time
durations of the sub-slots are given as

Tiq = mB(s), Tup = mB(s), Toft = B(s), (4.8)

where B(s) = W, s € {id, up, off}, W is the signal bandwidth and B is the
SINR target in the considered phase (i.e. Big for the downlink, B¢ for the offloading

and Byp for uploading). Here Tof = Tioc + Tup and Tep + Tig + Toff = T

4.3 Successful Computation Probability

In this section, we will evaluate the successful computation probability defined as
the probability of successfully computing a given task either locally or remotely at
the MEC server via task offloading;:

Psye = P;ﬁg + PSOLEZ (4.9)
where
Py = E|1(SINRyq > ﬂid)]l(SINRi(s) > :Bi(s))]l(é =s) (4.10)

in which s € {loc,0ff}, i(loc) = up, i(off) = off and ¢ is a random variable denoting
the offloading/local computation decision. Here 1(-) denotes the indicator function.
In this section, we evaluate the success probability through the characterization of
the success probabilities of local computation and task offloading (see (4.9)). Success
probabilities of local computation and task offloading (given in (4.10)) depend on the
SINR coverages in the downlink and offloading/uploading phases. Moreover, it is
obvious that the system performance depends also on the offloading/local compu-
tation decision strategy. In the following subsection, we describe our energy-based
offloading/local computation decision strategy.
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4.3.1 Decision Strategy

After LPD(®) harvests energy and receives the command message, it has to decide
whether to perform local computation or to offload. Based on the amount of har-
vested energy Ey, the following possibilities arise:

En < min{Ej,, Eof}, i-e. the harvested energy is not enough either for offload-
ing or local computation, leading to an outage happening with probability Poy;.

* Ejoc < Ep < Eog, ie. the only feasible mode is local computation.
* Euf < E, < Ejo, i.e. the only feasible mode is offloading.

e Ey > max{Ej., Eo}, i.e. both modes are feasible in terms of energy. In this
case, with probability of g, the LPD offloads the task and with probability of

q def 1 — g performs local execution.

The objective of the proposed decision strategy is maximizing the total success prob-
ability. Thus, q as a tuning parameter enables us to apportion the interference be-
tween offloading and uploading sub-slots according to B¢ and Byp in order to in-
crease the success probability. Based on this decision strategy, the probabilities of
offloading and local computation are given as:

P(6 = off) = P(Eyt < En < Ejoe) + gP(Ep > max{Ejoc, Eost}), (4.11)

P(6 =loc) =P(Ejoc < En < Eof) + GIP(Ep > max{Ejoc, Eoff}) - (4.12)

4.3.2 Conditional Probabilities

To evaluate the success probabilities of local computation and offloading, we need to
characterize the probabilities of two SINR coverage events in uploading and offload-
ing phases {SINRyp > Bup} and {SINRy¢ > Bog}, given in (4.6), the SINR coverage
in the downlink {SINR;q > Biq}, given in (4.3), and the chosen strategy {J = loc}
and {6 = off}. From (4.7), the evaluation of SINR coverage probabilities in the up-
loading and offloading phases requires the characterization of the set of active LPDs
in the uploading and offloading phases, ¥ipq4,i-

Due to the MEC association and the time-frequency resource allocation inside each
MEC server coverage region and by following the same approach as in [66], we
approximate the locations of active LPDs in uploading/offloading phase by inde-
pendently thinning ¥mee with probability P,/ Pot, which makes these two SINR
coverage events dependent on ¥ye.. On the other hand, the SINR downlink suc-
cess event, {SINR;q > Biq}, is dependent on ¥pn- Finally, we note that the decision
random variable §, which depends on ¥, through Ej, and on ¥iec through Eioc(R)
and Eg(R), couples the downlink and upload/offload SINR coverage events which
consequently necessitates the joint analysis of these three events.
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FIGURE 4.3: Dominant BS approach

Obviously, these three events become independent when conditioned on ¥, and
Y mec since all channel gains in energy harvesting, downlink and uplink phases are
independent. Following the procedure proposed in [66], we first derive conditional
probabilities of SINR coverages and local computation and offloading probabilities
by approximating the amount of harvested energy and the amounts of interference
in downlink, offload and upload phases. The total success probability can be, then,
obtained by unconditioning the product of these conditional probabilities with re-
spect to r1, 2 and R.

In order to approximate the total energy harvested by the typical device (see (4.2)),
we use dominant BS-based approach which is proposed in [66]. This approach is
useful when the exact analysis is either too difficult or leads to unwieldy results.
Here the idea is approximating the total energy that the LPD(?) harvests from all
PHs by the energy harvested from the nearest two PHs (located at distances r; and
15 from the typical device and the conditional mean (conditioned on the location of
the nearest 2 PHs) of the rest of the terms (Fig. 4.3). Thus, the overall amount of
energy harvested by the LPD(®) conditioned on ¥pn can be approximated by:

Eh = TP ) ng_lr]._"‘
¥ (4.13)
~ Tent P (glx_lrl_“ + gzx_lrz_"‘ + X(l’z)) )

Here x(r;) is the mean that is conditioned on the location of the second closest PH
and can be found as,

je¥()12)

P

(a) 27TAph /Ra 1-a) g, (4.14)
K
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where (a) follows from Campbell’s theorem [76].

Local Computation/Offloading

In the previous subsection, we have presented our decision strategy which depends
on the probabilities of offloading/ local computation. Thus, in order to compute
the successful computing probabilities given in (4.10), we first need to derive these
conditional offloading/ local computing probabilities.

Theorem 3. Let us define a function Zs(rp, R) as

de ES R)x
Z(r, R) Y Tin;’ —x(r), (4.15)
e

where s € {off loc} and Eyf(R), Ejoc(R) are defined in (4.5). Then the conditional probabil-
ities can be approximated as,

IP(Ej, > max{Ej,, Eoﬁf}“th/ Yinee) =

e (CAZE 2 R) — e ((AZI(2R) - 416)

se{offloc}

Il-)(]E‘oﬁ <Ep< Eloc|Tph/ II[mec) =

/4

N
h—n

e [exp (=r5Z; (2, R)) —exp <—V§Z(;Cf(r2, R))}

ry — 1]
13 _ 7+ _ _ 7+
rs [exp (—r1Z;} (r2,R)) —exp ( rlzoff(rz,R)ﬂ
B s —rt ’

4.17)

e [exp (—rg‘Z;jr(rz,R)) — exp (—rﬁngc(rz,R))}

]P(Eloc <Ep< Eoff’lyph/ \Ijmec) =

ry — 1§
15 lexp (—r4Z(r2, R) ) —exp (=15 Z; (r2,R))
2 p 1%0off 2, p 1470c\12/
ry —rf
(4.18)
where [x]T = max{0,x}.
Proof. See Appendix D O

By substituting these probabilities into (4.11) and (4.12), conditional probabilities of
offloading and local computation, respectively, can be obtained. Moreover, for a
given g, the probabilities of offloading and local computation can be found by un-
conditioning these conditional probabilities with respect to the joint distribution of
r1 and 7, and the distribution of R.

Remark 1. It is obvious that if P(Ey > max{Ejsc, Eofr} |'¥ ph, ¥iec), then the success proba-
bility of the energy harvesting MEC system is equal to that of the regularly powered network
in which LPDs have unlimited and reliable access to the energy. Using (4.15) and (4.16),
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this condition can be shown to be equivalent to:

27TH Top 1/a=2

r < A (& — 2)x max{Ejc(R), Eg(R) } ,

(4.19)

which means that as long as ry, the location of the second nearest PH is smaller than right
hand side of (4.19), in other words, if r is monotonically increasing with the density of PHs,
then the harvested enerqy is enough for both local computation and offloading and there-
fore, the performance of the energy harvesting MEC system approaches that of the reqularly
powered network.

SINR Coverages

It is worth to remark that in order to obtain the expression of the success proba-
bilities of offloading/local computation, we have to jointly decondition on all the
coverage events at the end. In the previous subsection we have presented the local
computing/offloading probabilities. It is useful to derive conditional SINR cover-
ages (i.e. downlink, offloading and uploading) also in terms of 1 and r;. In order to
do that, we use the same dominant BS-based approach that we used in the previous
subsection. In particular, the interference in the denominator of SINR in (4.3) is ap-
proximated by the interference from the second nearest PH (strongest interferer) and
the expectation of the interference from the rest of the PHs. Under this approxima-
tion, the conditional downlink SINR coverage probability and offloading /uploading
SINR coverage probability become

s 2
P(SINRig > Big||r1,72) = exp {—ﬁKldrf (iﬁd +X(72)> } (1) (4.20)

and

IP(SINRys) > Bis)||R) =

—Bs02 Ry rx? — 4.21
exp (’B s0s ) exp | —27AmecPs / / A mecPs exp( Ti\mecpsu) duxdx (4:21)
U 0o Jo 1+ (i) uz x®

respectively. Here x(r7) is given in (4.14) and s € {off,loc}, i(loc) = up, i(off) = off.
The derivations can be found in [66] and are included in the Appendix E for the sake
of completeness.

4.3.3 Success Probabilities

Now we have all the conditional probabilities (i.e. downlink/offloading /uploading
SINR coverages and probability of offloading/local computation ) in order to obtain
the success probabilities. By substituting all these probabilities into the expression

given in (4.10) and unconditioning it with respect to r1, 2 and R, P§,. is found as,
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/Ra /Ra/ ex ‘BldKUdrl _ 27T7\ph/31d717§ - 1
suc p P o — 2 . rn o
1 + ,Bld ¥

_ 2 R rx? _
x | exp (ﬁ s0s > exp | —27tAmecPs / / T AmecPs exp( m\mecpsu)duxdx
Ui 0 Jo 1+ (ﬁ ) uz X

X P(6 = s[¥pn, Ymec)f(r1,72) f(R)dridradR, s € {off,loc}

(4.22)
where the joint distribution of r; and r; and the distribution of R are given as,

f(ry,mn) = (27‘()\ph) riry exp{—mA hrz}
f(R) = 2AmecR exp{—nAmecR }

respectively. The first term of (4.22) is the conditional SINR coverage probability
in the downlink (see (4.20)) and second term is the conditional probability of of-
floading/uploading SINR coverage (see (4.21)). Here, the last term represents the
offloading/local computation probability and is given in (4.11)/ (4.12), respectively.
Note that the integrals in (4.22) can be easily and accurately computed by standard
mathematical software packages such as Mathematica©, Matlab©, and MapleT.

(4.23)

Finally, the total success probability can be found as given in (4.9).

4.4 Numerical Results

This section shows the performance of a SWIPT-enabled MEC system by means of
numerical results.

4.4.1 Setup

The parameters are set as given in Table 4.1 unless otherwise specified. In the nu-
merical results part, the figures have been presented for different values of upload
target SINR Bup, tuning parameter g, density of PHs Ay, and the task complexity k.

44.2 Results

In Fig.4.4, the probabilities of offloading (red) and local computation (blue) i.e. Py
and Py, are plotted as functions of B, for ¢ = 0, complexity k = 400 and two differ-
ent values of Ay, = {0.1,0.2} when R, = 600m. The nearly perfect match between
our theoretical results (markers) and the Monte Carlo simulations (lines) verifies the
accuracy of two PH dominant-based approach used to approximate harvested en-
ergy En. As expected, in both cases Ay = 0.1 (solid lines) and Ap, = 0.2 (dash lines),
the probability of local computation increases with Byp. This can be explained with
the fact that by increasing B, duration for uploading the results to the MEC server,
Tup, decreases which leads to increase in Tjoc = Toff — Tup, hence decreasing the re-
quired energy for local computation Ej, given in (4.5), and consequently increasing
the probability of local computation.
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TABLE 4.1: System Parameters for Chapter 4

Density of the MEC servers, Amec 0.2
Average transmit power, P 3W
MEC server sensitivity, 1 —55dBm
Noise variance for information decoding, ‘712d —105dB
SNR in offloading/uploading, 17/ c? 20dB
Carrier frequency, f. 2.1GHz
Signal bandwidth, W 1MHz
Effective capacitance coefficient, c, 10-%7
Energy harvesting efficiency, 0.4
Length of the task, Li,qx 1 kbits
Path loss exponent, « 2.5

Total time duration, T 10725
Energy harvesting time duration, T}, 025 xT
Target SINR for information decoding, Biq —10dB
Length ratio, m 0.05
Constant, Cgec 1073 J/bit [66]
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FIGURE 4.4: Probability of offloading and local computation: theo-
retical results and Monte Carlo simulations for different values of Bup

when g = 0 and k = 400.
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FIGURE 4.5: Success probabilities of offloading, local computation
and total offloading-local computation for different values of Byp
when g = 0 and k = 400.

For offloading, since g = 0, then Pyt = P{Eq¢ < Ej, < Ejoc}, and therefore increas-
ing Bup decreases Ej,. and consequently the probability of offloading. By comparing
these two probabilities for A, = {0.1,0.2}, we can see that as the density of PHs
increases, as expected, the outage probability decreases. More interestingly, we can
observe that the rate of increasing (resp. decreasing) in Py (resp. Pog) with Byp, re-
spectively, is higher for higher values of Ayp: for g = 0, increasing Ay, and therefore
Eof and decreasing Ej, (by increasing Bup) leads to double increase in probability of
local computation Pj,. and double decrease in probability of offloading Pyg.

Success probabilities of offloading (red), local computation (blue) and total offloading-
local computation (black) have been presented for different values of Byp in Fig.4.5
when R, = 30m, App = 0.2 and k = 400. For the local computation, as we can
see, the success probability of local computation initially increases with By, until
it becomes decreasing starting from about By, = —10dB. This is due to the fact
that, as explained before, Py, is increasing in B, however, the upload SINR cover-
age is decreasing. Our numerical evaluation suggests that for lower values of Byp
(e.g. between —10dB and —18dB), the increment rate of IP{é = loc} is higher than
the decrement rate of the upload SINR coverage, however, in the region between
—10dB and —2dB, the increment rate of PX°¢ decreases: thus, the upload SINR cov-

suc
erage starts to become the limiting factor.

Considering the offloading case, as previously explained, probability of offloading
decreases with B, however, the offload SINR coverage increases as Py decreases.
The numerical results show that for B¢ = —10dB, the increment rate of offload
SINR coverage is slightly smaller than the decrement rate of P., and therefore, the
success probability of offloading is decreasing in Byp. Moreover, the total success
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FIGURE 4.6: Success probabilities of offloading, local computation
and total offloading-local computation for different values of com-
plexity, k, as a function of g when By, = —10dB.

probability as the summation of success probabilities of local computation and of-
floading is presented. As we can see, due to the decreasing monotonicity of P,
the total success probability attains its maximum in a smaller value than the success
probability of local computation.

In Fig.4.6, we have presented the success probabilities of offloading (red), local com-
putation (blue) and total offloading-local computation (black) for two different val-
ues of complexity, k = 50 (solid lines) and k = 300 (dash lines), as a function of .
Here R, = 30m, Byp = —10dB and Ay, is chosen as 0.2. From (4.11) and (4.12), it
is clear that the probabilities of offloading and local computation are increasing and
decreasing, respectively, with g. Our numerical results suggest that for Bo¢ = Bup,
the offloading/local computation probability is dominating in success probabilities
compared to offload /upload SINR coverage probabilities and thus, the success prob-
abilities of offloading and local computation are increasing and decreasing, respec-
tively, with g.

Moreover, as we can see, the success probability of local computation is higher for
smaller k, which is due to the fact that LPD() needs less energy to perform lo-
cal computation for less complex tasks (see (4.5)) which leads to increase in Pjy.
More interestingly, we can see that for small values of g, the performance of the
system is better for higher values of task complexity which is due to the fact that
increasing k decreases the difference between the local computation and offload-
ing probabilities which leads to a better splitting of interfering LPDs and conse-
quently, a higher success probability. Also we can see that the success probability
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initially increases with g until it becomes decreasing starting from about g*(k), be-
yond which the offloading probability starts to become higher than the local com-
putation probability. Assuming Bup, = o, 47 (k) is the point at which the local
computation and offloading probabilities are equal, and therefore, can be computed

o g¥* — IP{EO <E SEoc}flp{EocgE <E, }
as: q (k) o 05 (1 N ’ ]P{hEthmaX{ElocrlEoﬁ}}h . )

After analysing the rate-energy trade-offs for SWIPT-enabled systems in previous
chapter, in this chapter we have focused on the mobile edge computing systems and
have analysed the performance of SWIPT-enabled MEC system. We have proposed
a decision strategy where a tuning parameter g enables us to apportion the inter-
ference between offloading and uploading sub-slots in order to increase the success
probability. Numerical results have showed that the system has a better performance
for higher values of g which justifies our decision strategy. Moreover, we have seen
that the task complexity has also impact on the system performance. For higher val-
ues of the tuning parameter, increasing the complexity of the tasks leads to a better
splitting of interfering LPDs and consequently a higher success probability.

4.5 Summary

In this chapter, we have studied a SWIPT-enabled MEC system where an LPD has to
decide either for performing local computation or offloading. We have provided the
theoretical results for probabilities of offloading and local computation, as well as
their corresponding success probabilities. These success probabilities consequently
characterise the total success probability. Moreover, in order to capture the trade-
off between computation and communication in local computation mode, we have
presented Monte Carlo simulations for different values of SINR target in upload-
ing phase. In addition, the probabilities of local computation and offloading are
expressed as a function of a tuning parameter g which enables us to analyse the ex-
isting trade-off between local computation and offloading.

As it has been explained before, SWIPT systems are suitable for indoor scenario,
thus, in the next chapter, we will investigate the performance of the SWIPT-MEC
system under the presence of spatially correlated shadowing.
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Chapter 5

SWIPT MEC Systems in the
Presence of Spatially Correlated
Shadowing

After analysing the performance of the SWIPT-enabled MEC system operating in
outdoor environment, now in this chapter, we will study the impact of blocking
obstacles on the system performance. In particular, we will provide an analytical
expression of the joint energy and SINR coverage probability. After that, total suc-
cess probability which is defined as the probability of either successfully computing
given task locally or offloading it to the associated MEC server, will be evaluated.
Moreover, we will analyse the impact of the different system parameters on the
trade-off between the energy harvested and the computational task admission rate.
Regarding the decision strategy, differently from our previous work, we assume en-
ergy minimization strategy where the LPD chooses to perform the operation (local
computing or offloading) which requires less energy.

5.1 Introduction

In the previous chapters, we have explained the importance of considering effect of
blockage objects on the system performance. In this chapter, we make use of SG
to have a comprehensive analysis of SWIPT-based MEC system where the blockage
effect is integrated on our analysis. Here, SWIPT is used to simultaneously deliver
power and command message to the LPDs. This command message is used to select
a computational task to be executed by the LPD. In order to have a systematic view
point on the trade-off between power transfer, communication and computation, we
include in our SG analysis a realistic CPU energy consumption model in which the
frequency of the CPU can be adapted according to the time available for computa-
tion.

* As interference can be beneficial for wireless power transfer, we assume that
interference can be exploited in the downlink to increase the amount of energy
harvested while the task offloading in the uplink is performed over orthogonal
frequency bands.

* Differently from the previous chapter, we consider a decision strategy with the
energy minimization decision. Moreover, since the blocking objects are con-
sidered in the system model, we use power control in the uplink in order to



Chapter 5.  SWIPT MEC Systems in the Presence of Spatially Correlated

62 Shadowing

mitigate the detrimental effect of the shadowing.

¢ In order to simplify the SG analysis, we approximate the wall attenuation. The
authors of [87] used an approximation which is obtained by averaging over
the wall distribution and over all the possible angles. However this simple
procedure gives a poor approximation of the performance. Thus, we consider
a different approximation and average the attenuation over the number of the
walls and orientation for a given distance.

* We derive the expression of downlink SINR coverage as well as the expres-
sions of success probabilities for offloading and for local computation.

¢ The impact of an adaptive offloading technique on the global success probabil-
ity is evaluated. The accuracy of the proposed analysis is validated by means
of Monte Carlo simulations.

¢ The trade-off between the energy harvested and the energy needed to perform
the computation task is investigated. Results show that by increasing the har-
vesting time the offloading energy coverage probability increases while the en-
ergy coverage for local computation first increases and then starts to decrease.

¢ We also present the effects of the energy minimization strategy on the system
performance. We see that the system has better performance when LPDs can
choose either to perform local computation or offloading rather than always
performing one of them.

5.2 System Model

Similarly what has been considered in the previous chapter, in the SWIPT-based
MEC system PHs simultaneously deliver command messages of L.om bits and power
to the LPDs. We assume that, at the LPD side, SWIPT is implemented through the
time-switching scheme. The command message is therefore decoded after the en-
ergy harvesting phase and used to trigger a specific computation task on local data.
The computation task is characterized by the number of bits to be processed Liysi
and its complexity k expressed in CPU cycles/bit. Each LPDs executes a task upon
reception of the command message by either performing it locally or offloading the
task to a MEC server, according to the energy minimization strategy. In case of local
computation, a message of Lyes bits containing the result of the computation is even-
tually sent to a data aggregation node. In order to simplify the notation, we assume
that Leom = 7 Liagk and Lyes = m Ligge with n < m < 1. We also assume that time is
slotted with a fixed slot duration, denoted by T. As shown in Fig. 4.2, each time slot
is then divided into energy harvesting, information (i.e. command message) decod-
ing and local computation/offloading sub-slots with time durations of T}, Tig and
Toff, respectively. In the case of offloading, the whole duration 7. is used by the LPD
to transmit the task to the associated MEC server. On the other hand, in the case of
local computation, the third sub-slot needs to be further divided into two sub-slots:
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FIGURE 5.1: SWIPT-MEC system model 2.

computation slot, with duration of 1, in which the task is executed and the upload-
ing sub-slot, with duration of 7., in which the LPD transmits the obtained result to
the aggregation node. In order to simplify the notation and improve the readability
of the equations we further assume that the aggregation nodes and the MEC servers
are co-localized. In the remainder of this chapter, the term MEC server is also used
to refer to the aggregation node.

Differently from the previous chapter, as mentioned above, here it is assumed that
Leom = nLigx with n << 1. In this case we can adapt the time parameters that are
given in (4.8) as,

Tq = nB(s), Tup = mB(s), Toit = B(s), (5.1)

where B(s) = W, s € {id, mec}, W is the signal bandwidth and B is the
SINR target in the considered phase (i.e. Biq for the downlink, Bmec for the offload-

ing/uploading).

Regarding the network model, as in the previous system models, we assume that
the PHs and MEC servers have been deployed over a circular area with radius
Ra € RU oo following a homogeneous PPP distribution, ¥pp,, with density A, and

Y mec, with density Anyec, respectively. Typical LPD, LPD©), is located at the centre
of the given area. We adopt a common association policy in which each LPD con-
nects to its nearest PH and its nearest MEC server. Fig. 5.1 illustrates the considered
SWIPT-based MEC system.

Wall Blockage Analyses

Since we want to analyse the impact of the obstacles on the performance, we assume
that the transmitted signals are subject to distance dependent path loss, wall block-
ages and small scale fading and consider the propagation model given in (3.1).

However differently from Chapter 3, in order to study the system performance, we
have to analyse the uplink and downlink jointly. Thus, in order to simplify the SG
analysis, we will approximate the wall attenuation. The authors of [87] assumed an
approximation by averaging over the wall distribution, i.e. (E[N]), and over all the
possible angles, 6, where the final expression for wall attenuation becomes KEIN,
Interestingly, the result of this approximation is a shadowing with log normal dis-
tribution. Unfortunately, this simple procedure gives a poor approximation to the
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FIGURE 5.2: Downlink SINR coverage for different values of penetra-
tion loss.

discrete wall distribution as it is apparent from Fig. 5.2 in which Monte Carlo sim-
ulation results for the discrete wall distribution (blue curve) and Monte Carlo sim-
ulations results for this approximation (pink curve) have been presented. In order
to solve this problem we consider a different approximation to obtain a shadowing
model that depends only on the distance between the source and the destination.
Therefore, we average the attenuation (IE[KM]) over the number of the walls and
orientation for a given distance, i.e.

E[KN|r] = Eo[En,, [KN[r, 0]]. (5.2)

where Ny, is a Poisson distributed random variable with mean A7 (|cos(8)| + |sin(6)]),
[73]. Hence, the average attenuation due to the shadowing can be found as

En,, [KN|r, 0] =

I\;i:OKN (Awr |cos(0)| L;\wr |sin(6) )N exp{—(Awr [cos(6)| + Aur[sin(0)))}  (5.3)

(a) exp{Awr(K —1)(]cos(0)| + |sin()|)},

where (a) follows the Taylor series representation of exponential function.

In order to obtain the final expression of the average attenuation, we need to take an
integral over the variable 6

E[KN|r] = Eg[KM|r, 6] = /O ZHexp{)\wr(K—l)(|cos(9)\+|sin(9)|)}f(9)d9. (5.4)

where orientation, 6, is uniformly distributed in (0,27] and f(6) is the probability
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density function of 6.

Unavailability of closed form expression for this integral motivates us to search for a
lower bound. The derivation of this bound follows the approach used in [88] which
is a new sharpened version of Jensen’s inequality

xéfb,m{ (x; 1) }var(X) + e < E[e"] (5.5)
where ; " by
et —e te
h X, = - ’
W G T x

and 7 is the mean value of any random variable X supported on (a,b). By defining
X = |cos(0)| + |sin(f)| and t = Ar(K — 1), we can apply (5.5) to our case and the
lower bound for the average attenuation is given as,

E[KN|r] > J(r) :=
<6Awr(K1)ﬁ —eMr(K=D A (K — 1)etwr(K=D)7 > ( 2 16

(V2 iy V23

14+ = — 2) + M (K=1)7
7T 7T

(5.6)
In order to justify our approximation, we have provided downlink SINR coverages
in Fig. 5.2. Here, blue curve represents the Monte Carlo simulation results for the
discrete wall distribution which has been been discussed in section 3.3.1. We also
present Monte Carlo simulation results for the approximation that has been used
in [87] (pink curve) and for our proposed approximation where we average the at-
tenuation (red curve). It can be clearly seen that our proposed model provides a
better approximation to the discrete wall distribution. Moreover, we have also pro-
vided the theoretical results (black curve) where we have used Jensen’s inequality
in order to validate the proposed approximation. Figure shows that Monte Carlo
simulation results and the theoretical results are matching.

5.3 Success Probability

In this section, we will derive the success probabilities of offloading/local computa-
tion as well as the total success probability. In order to achieve it, we first present the
harvested energy, SINR in the downlink and the required energies for local compu-
tation and offloading.

Energy Harvesting

In the energy harvesting phase, LPD(?) harvests energy in order to use it for locally
computing/offloading the task to its associated MEC server. Assuming that all PHs
transmit with the same power P, the amount of energy harvested by the LPD(%) over
this sub-slot is )

E, = TehyP. Y gk (n), (5.7)

IETph

where r; denotes the distance from the i-th PH, denoted by PH(i), to the LPD©),
u < 1is the efficiency of the RF energy harvester and g; ~ exp(1) is the fading gain
between LPD(®) and PH.
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Information Decoding

In this phase, LPDO receives a command message with a fixed length of L.om bits
sent by its serving PH which triggers the execution of a specific computation task.
In this phase, the other PHs are considered as interferers for the command message

decoding. Denoting the set of interfering PHs by ‘I’&l), the SINR at the LPD(®) is

Pwm*lrl""](m)

SINRy = [
i i

(5.8)

where 7, is the distance from the serving PH to the LPD(®) , w; ~ exp(1) is the
fading coefficient of the serving link, 02 is the thermal noise power, and Zi4q denotes
the interference at the typical user, given by

Iid = Z PZUiK_lri_a](Ti), 5 9

icy(\V (5.9)
ph

where w; ~ exp(1) is the channel gain between LPD”) and PHO.

Local Computation/Offloading

After decoding the command message and based on the decision, in the third phase,
LPD( processes the data locally or offloads it to the associated MEC server. In the
previous chapter, we have considered the interference in the uplink, thus the suc-
cess probabilities of offloading/local computation depended on the SINR coverages
in the uplink. However, in this chapter, we analyse SWIPT-enabled MEC system in
the presence of spatially correlated shadowing. Shadowing may be detrimental for
the MEC systems in the offloading /uploading phases and leads an outage in the up-
link. Therefore, here we assume that each LPD performs channel inversion power
controlin order to have a certain SNR in the uplink. By doing this, we ensure that the
LPD performs the offloading only if it has enough harvested energy to successfully
offload the task. As we mentioned above, in the offloading as well as the uploading
phases, each LPD is assumed to perform channel inversion power control in which

2 3
the transmitted power is ;&;;LW, where 2. is the thermal noise power, R de-

notes the distance from the LPD(?) to its associated MEC server and Fmec ~ exp(1)
is the fading coefficient of the link. Consequently, the energy consumption for task
offloading and local computation, denoted by E,¢ and Ej, respectively, are given

by

_ ﬁmecagnecR[xK
Eoff(R/ hmec) = CdecTid 108(1 + ,Bid) + (Tloc + Tup) ’ (5-10)
hmec ](R>
(kLtask)3 ,Bmeco—éecRaK
) = conltask)” 4 i Pmecfmec = ¥ 5.11
Eioc(R, Tmec) © (Tioc )2 + TidCdeclog (1 + Bid) + Tup Ttmec J(R) (5.11)

Here cg4e. is a constant and measures the required energy to decode one bit and c. is
the effective capacitance coefficient.

Now, we capitalize on a stochastic geometry approach to characterize the success
probability which is defined as the probability of successfully computing a given
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task either locally or offloading it to the associated MEC server
Psuc = ngﬂ + P;gil (512)

where
PS

suc

in which s € {loc,off} and J is a random variable denoting the offloading/local com-
putation decision. As seen in (5.13), success probability of offloading/local computa-
tion is expressed as the joint downlink SINR and energy coverage probability which
requires the evaluation of the following three probabilities: (i) IP (SINRjq < Biq) (ii)
P (Es < Ey) (iii) IP (6 = s). It is worth to mention that since LPDs perform channel
inversion power control and uplink transmission is assumed to be interference-free,
the uplink success rate coincides with IP (Es < Ey,) for s € {loc,off}.

As what have been done in the previous chapter, following the procedure proposed
in [66], we first derive conditional probabilities of downlink SINR coverage, energy
coverage and local computation and offloading probabilities by approximating the
amount of harvested energy and the amount of interference in the downlink.

Conditional Downlink SINR coverage
The probability that the downlink SINR is higher than a given threshold is

Krs o 1
P. = P(SINRyq > Biq |r1,72) = exp s —Bia—— | x(r2) + > 0 |-
J(r1) 1+ Bigdi

51 (r1)

(5.14)
Derivation can be easily done by following the steps in Appendix E. As given in
(4.14), x(r2) is the mean of Z,q/ P conditioned on the location of the second nearest
PH. In this case with the effect of the blockages it becomes,

x(n)=E| ) wik () |2
ie‘fé}}'z)

and can be found as,
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27 Aph 2+ 27— 16
x(r2) =
K 272 — 82 + 16

V2r V2r
4

x <r§2‘“>m[—1 a0, (1= K)¥ = pra] = R VB[ 14, (1= K)* = pRy)

— ¥ Ei[-1 4 a, (1 K)pra] + RE VR -1+ 4, (1 - K) BR,)
_ \/ZTCIB(K—l) (753*“)Ei[—2+0( (1—K)rfB| — Ei[—2+a, (1_K)Raﬁ])

+B(K—1) (r§3‘“>Ei[—2 +a, (1—K)rp) + REYVE[-2+a, (1 K)Raﬁ])>

+ 2B 1 4 @, (1 K)pral — REVE[ -1+, (1 —K)ﬁRA}/

(5.15)
where Ei[-] is Exponential integral function [78].

Conditional Energy coverage

By following the same steps in Appendix D, the probability that LPD(®) has har-
vested enough energy to perform either local computation or offloading can be ex-
pressed as

]P(E <Eh|7’1,7’2,R hmec)
n r mec r{ :r 7 mec
J(r2)r exp { nzy ((21311 ) } J(r1)r% exp {_%ﬁh)} (5.16)

J(r2)rs —J(r1)7s J(r2)rs —J(r1)rs '

where

Zs (7’2/ R/ hmec) =

From (5.16), it is obvious that P(Es < Ey|r1, 72, R, hmec) = 1 when Zg(72, R, himec) < 0.

Conditional Local Computation/Offloading Probabilities

Following the strategy of minimizing the consumption energy in each task execu-
tion, i.e. &6 = argmin{E, Ejoc }, the conditional probability of local computation is
given by

p (5 = IOC) = ]P(Eloc < Eoff’R/hmec)r (5.17)
where
]P(Eloc < Eoff’R/ hmec)
=H Rt — Ce <kLtask>3 hmec (5.18)
] (R) Toc ,Brnec meck

Here #[-] denotes the Heaviside function. The offloading probability can be easily
found as
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P (6 =off) =1—P (6 =loc)

_on | R <kLtask>3 Himec ] (5.19)

J(R) Toc BmecTeck

For derivation refer to Appendix F.

Conditional success probability of offloading/local computation can be obtained by
substituting (5.14), (5.16) and (5.18)/(5.19) into (5.13). Then, the success probabil-
ity of offloading/local computation can be obtained by unconditioning the product
of these conditional probabilities with respect to joint distribution of r; and r, the
distribution of R and the distribution of hpec,

s o rRa pRa 1o Kr'i‘ Uizd 1
Psuc - /0 /O /O /0 exp {_.Bid](rl) (X(T"Z) + P) } (1 N ﬁidrq"](rz) )

151(r1)

& 8Zs (r2,R Mimec o 14 Z3 (r2,R hmec
[ (](1’2)1*1 exp {—%} —J(r1)ry exp {1(](2“))})

X

J(r2)rf =J(r1)r} (5.20)

X (1 -H [X(”Z) - ’)’S(R, hmeC)D +H [7((7’2) —7s(R, hmeC)]]

X P (8 =8|R, hmec) f(r1,72) f(R) f (hmec) dr1 drp dR dhmec, s € {off, loc}
where
ES(R/ hmec)

Teh P

and the distributions are given in (4.23). It worths to remind that the integrals in
(5.20) can be easily and accurately computed by standard mathematical software
packages such as Mathematica©, Matlab©, and MapleT.

Vs (R/ hmec) ==

Finally, as given in (5.12), the total success probability is simply the sum of these two
success probabilities.

5.4 Numerical Results

In this section the analytical findings presented in this study are validated through
the comparison with Monte Carlo simulations. System parameters are given in Ta-
ble 5.1 and they are compatible with the parameters given in the previous chapter.

The proposed SWIPT-based MEC system is characterized by a trade-off between the
amount of harvested energy and the amount of needed energy to execute a task.
This trade-off is illustrated in Fig. 5.3 where the energy coverage probability for
each LPD’s strategy is illustrated as a function of the harvesting time 7., /T. As a
matter of fact, by increasing the harvesting time, the LPDs can harvest more energy
to perform either the local computation or the offloading. However, when T, in-
creases, the time devoted to the LPD’s operations decreases. It follows that either
the task must be performed with a higher CPU rate or the data rate for outsourcing
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TABLE 5.1: System Parameters for Chapter 5

Radius of the area, R,

90m

Average transmit power, P

4dB

Penetration loss, K

0.3

Noise variance, T34 /mec

—75dB

Carrier frequency, f.

2.1GHz

Signal bandwidth, W

1MHz

Effective capacitance coefficient, ce

10-%

Energy harvesting efficiency, u

0.4

Length of the task, Ly

1 kbits

Total time duration, T

0.1s

Length ratio for command message, 1

0.01

Length ratio for results, m

0.05

Constant, cgec

103 J/bit [66]
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FIGURE 5.3: Energy coverage probabilities of offloading and local
computation versus Te /T

the task must increase. In both cases, this would inflate the total power consump-
tion of the LPD. This energy trade-off has been evaluated for a fixed density of PHs
and MEC servers, Amec = 0.1, App, = 0.1, and for a given task complexity k = 2000
bits when path loss exponent & = 2.5. It is worth remarking that Monte Carlo sim-
ulations (markers) and theoretical results (lines), obtained for different values of the
harvesting time 7., /T, match almost perfectly, thus validating the accuracy of our

proposed analytical expressions.

The probability that the LPDs harvest enough energy to perform data offloading is
represented by the red curve. It can be observed that by increasing the harvesting
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time, the offloading success probability increases despite of the fact that the offload-
ing time decreases and the data rate must then increase. In other words, for the
given setup, the additional transmit power due to a larger required data rate for of-
floading data is compensated by the amount of additional energy harvested by the
device. This is true for almost all points. However, when the time ratio is very close
to 1 and the allowed time for offloading is very small, the increment on E¢ is not
balanced by the increase of E;, and the energy coverage curve starts decreasing.

The blue curve represents the energy coverage for local computation. In this case,
the energy coverage first increases and then starts to decrease. In fact, for values
of Tn/T < 0.4, the CPU works at low speed and the increment of E;, is greater
than the additional CPU energy consumption. On the other hand, for the values of
Ten/T > 0.4, despite of the higher time devoted to energy harvesting, the energy
needed for locally executing the task increases more rapidly than Ey. In fact, the
dominant part of the required energy for local computation is the energy used by
the CPU (first term in (5.11)) while the energy that LPD(%) needs for uploading the
results to the associated MEC server is almost negligible. Hence, for higher values
of T, LPD(© has less time for executing the task, 7j,, thus leading to larger values
of Ej,c and decreasing energy coverage.

Fig. 5.4 illustrates the success probability of the computation task for different values
of the SINR threshold ;g when Amec = 0.01, App = 0.05, & = 2.5 and k = 400 bits.
The pink curve represents the SINR coverage in the downlink, while the black curve
shows the total success probability (See (5.12)) when LPD© can choose to perform
either offloading or local computation based on the energy minimization strategy. It
can be observed that the total success probability decreases for higher values of Biq
due to the reduction of the downlink SINR coverage. In order to show the effects of
the energy minimization strategy, the success probabilities for offloading and local
computation are also reported in Fig. 5.4. The blue curve is associated with the case
that LPD() always perform local computation, while the red curve represents the
case that LPD(®) always offloads the task to the associated MEC server.

Fig. 5.5 shows the probability that the LPD chooses one of the possible strategies to
successfully perform the given task when Ay, = 0.05, k = 400 and 7, /T = 0.95
for 3 different values of «. It is apparent that, by deploying the MEC servers more
densely, the distance between the LPD® and the associated MEC server decreases
and the offloading probability (red curves) increases. Concurrently, the local com-
putation probability (blue curves) decreases. This is due to the fact that the energy
consumption for the uploading phase does not play a major role on Ej,. and it plays
negligible role on the probability P(E.¢ < Ejoc). As a consequence, the LPD chooses
more frequently to offload the tasks rather than to execute them locally.

Not surprisingly the success probability decreases for the higher values of path loss
exponent. Moreover for a denser deployment of the MEC servers, due to a reduced
distance between the LPD(®) and the associated MEC server, path loss does not play
a major role on the performance. Hence, the gap between the curves for different
values of « is decreasing.

After analysing the performance of SWIPT-enabled MEC systems in the previous
chapter, here we have focused on the impact of the blocking objects on the SWIPT-
enabled MEC systems. Numerical results have showed that the performance of the
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system has been improved by using the energy minimization strategy. Moreover,
increment on the density of the MEC servers has an detrimental effect on the suc-
cess probability of local computation while it improves the success probability of
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offloading.

5.5 Summary

In this chapter, we make use of the SG framework to model and analyse the effect
of blocking objects on the performance of a SWIPT-based MEC system. We have
adopted the derived expressions of SINR coverages and success probabilities of of-
floading/local computation in the previous chapter to our model where the effect
of the blockage objects are considered. In order to simplify the SG analyses, wall
attenuation is approximated by its expectation and we have obtained a shadowing
model that only depends on the distance between the source and the destination.
The trade-off between the energy harvested and the energy needed to perform the
computation task has also been investigated. Finally, the impact of an adaptive of-
floading technique on the global success probability has been evaluated.
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Chapter 6

Conclusions

The objective of this dissertation is to provide a system level perspective on the per-
formance of SWIPT-enabled MEC systems in the presence of spatially correlated
shadowing. In order to achieve that, we first study the achievable rate-energy trade-
offs of an indoor SWIPT system. Then, we focus on mobile edge computing and
study the success probabilities of SWIPT-enabled MEC systems. Finally, we study
the impact of the blocking objects on the trade-offs and complete the dissertation by
providing a comprehensive understanding on the performance of SWIPT-enabled
MEC systems in the presence of spatially correlated shadowing. This chapter sums
up the conclusions drawn from each part of this research and also presents some
possible future extensions.

In Chapter 3, we have considered an indoor MIMO SWIPT systems with power split-
ting receiver architecture. We have made use of SG in order to analyse the impact of
the blocking obstacles on the system performance. To achieve this the locations of
the power heads have been distributed by using PPP and the positions of obstacles
have been modelled by utilizing MPLP. The rate-energy trade-offs defining the per-
formance of SWIPT system have been quantified with the aid of ]-CCDE. In order
to obtain the expression of J-CCDF, we have first studied the stochastic behaviours
of signal attenuation, multi-user interference and serving channel gain. We have
shown that the obstacles can be beneficial in some cases where their effect in reduc-
ing the received power is compensated by the decrease of multi-user interference.
Moreover, we have discovered that the power splitting ratio and the transmit power
do not have any effect on the maximum achievable information rate. However, with
their higher values, LPDs can harvest more energy. With the help of the studied
rate-energy trade-offs, we have analysed the performance of a SWIPT-enabled real
time mobile computing system. The operating points for this setup have been dis-
covered and the performance of the system has been investigated as a function of
task complexities.

In Chapter 4, we have extended our analyses to SWIPT-enabled MEC system. The
locations of the network elements have been modelled by PPP. In this setup, SWIPT
has been used to simultaneously send command message and transfer power. We
have proposed a decision strategy for LPDs to choose performing either local com-
putation or offloading. Moreover, we have introduced a random probability to deal
with the interference issue in the offloading and uploading phases. Probabilities of
offloading and local computation as well as their success probabilities have been ob-
tained. To achieve this, we have used dominant-BS approach. Moreover, a triple
trade-off between energy, communication and computation has been investigated.
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Since SWIPT systems are more suitable for indoor scenario, in Chapter 5, we have
taken the shadowing effect into account and have analysed the performance of SWIPT-
enabled MEC systems in an indoor environment. In order to do that, we have con-
sidered a path loss model that is combination of distance dependent path loss, wall
blockages and small scale fading. For simplifying the SG analyses, we have approxi-
mated the wall attenuation by its expectation. In this setup, a decision strategy based
on energy minimization has been considered. Since interference is beneficial for en-
ergy harvesting, we have assumed that it can be exploited in the downlink, although
we have power control in the uplink and the task offloading has been performed
over orthogonal frequency bands. We have derived the coverage probabilities and
then have obtained the total success probability.

Overall, in this dissertation, we first study the impact of the shadowing on SWIPT-
enabled networks and by extending our model step by step, finally we provide a
comprehensive overview for SWIPT-MEC systems in the presence of spatially cor-
related shadowing at network level.
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Appendix A

Proof of Proposition 1

First, we note that the process collecting all the propagation losses L = {l(r(n) ),n e ‘Y}

can be characterised as a transformation of the points of ¥. Hence, invoking the dis-
placement theorem, [19, Theorem 1.3.9], and recalling that ¥ can be expressed as

the superposition of the PPPs ¥y, the processes Ly = {ZN(r(n)),n = ‘PN}, N e
{0, Nmax }, are PPPs whose intensity is given by

An([0,8)) = pr{’“;(‘?j) cl&)ne TN}

= Aph 27'[/ ( > Py (r,0) rdrd6.

Now, by substituting (3.3) in (A.1) and integrating it over r, we get An([0,&)) as

(A1)

AN(0.8)) = 5 |7 (Al cos(0)| + Aulsin) ) 2

» [(r(2+N)—F<2+N <¢§N)W (Awrcos<6>|+Aw|sin<9>|>)> (e~ %)

+ (r(2+ N) —T (24 N, R, (Aw]|cos(8)| + Aw] Sil’l(@))))H (C_ I;Q;’}‘)

do.

(A.2)
In order to have an analytical expression for the integration over the variable 6, we
can express the the upper-incomplete Gamma functions of 6 through their Taylor
expansions, i.e.,

Ny /e
r <2+N, <(H,f> (Aw|cos(8)] +Aw|sin(9)|)> _

. N+24+1)/«
o (—1) (BT (A3)
[2+N) - ; il(i+N+2)
X (Aw] cos(8)| + Aw] sin(8)[) N2,

and T (24 N, Ry (Aw| cos(6)] + Aw| sin(6)])) = T(2 + N)

() (_1)1R£N+2+i)
_ZO il(i+ N +2)

i=

(Aw| cos(0)] + Aw|sin(0)|) N2 (A4)



78 Appendix A. Proof of Proposition 1

and, substituting (A.3) and (A.4) into (A.2), we get the final expression of An([0,&))
as

AN([OI€>) =
Bgp = (1A
Np' i;()i!(N+i+2)

T+\/> (N+i+1) \/‘ ) (1 N+1+1 N+21+3’;

)
L(F5%2) NFiTI (A.5)

o (o )+ () T n(e- )

Eventually, it worth recalling that the Heaviside function is defined as

H(x):{l if x >0

X

0 ifx<O

and that H (x) = 1 —H (x). Hence, by introducing the compound variable 7 = N +i
in (A.5) and defining the function x;, (Aw) as in (3.5), the proof is complete.



79

Appendix B

Proof of Proposition 2

First, let note that the multi-user interference Zyy can be expressed as the sum of the
interferences produced by the PHs belonging to ¥, N € {0, Nmax }, where the pro-
cesses Y are assumed to be independent. Then, given the minimum propagation
loss L(9), the characteristic function of Zyyy is given by

d (w;L(O)) =E (exp {jWIMU(L(O))})
Ny (B.1)

= Z\I;IOCI)N (w; L(O)>

where @y (w; L)) is the characteristic function of the interference generating from
the PHs associated with ¥y.

In order to compute Oy (w ;L)) we can invoke the Probability Generating Func-
tional (PGFL) theorem for PPPs, thus getting

Dy (w;L(0)> =

P <]Eh(n){ /LZ) <exp (jwh(“>/g) - 1) An([0, 5))‘15}) 2

where An([0,)) is the first derivative of Ax([0,)) with respect to &, given by

An([0,8)) =
4Aph KN ad (_1)']7NX7](/\W) gKN vai'z*l . ng B 3
N!mﬂgN(qN)!(K> if1<¢ <3k (B.3)
0 if§ > &

with x; (Aw) defined as in (3.5).
Hence, similarly to what has been done in [63], we can use the notable result
—+o0
/N (exp {jwA/x} —1)x" dx =
(1/9)N° (1 — 1F (—v,1 -0, jwA/N))
and compute the expectation with respect to (") by taking advantage of the identity

in [78, Eq. 7.521]. After some manipulations, the expression of the characteristic
function is given as
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@y (w;L®) =

ex ph & (=17 Nxy (Aw)
p{ NI 17;\1 (71— N)!(y +2)

1+2
LOKNY * 1= F 1_17+2 - (+2) jw (B4)
K 2 1 7 a 7 lX 7 L(O)
w21k (1 12 (1+2) joKY 7 (Lo _ Rax
a 211 7 o 7 o ’ RgK KN
Then, invoking the Gil-Pelaez inversion theorem
Fry (Z;L(O)) =
(B.5)

1/2 — /OOO nl—w Im {e*j“’zcb <w;L(0)> } dw,

and recalling (3.9) and (B.1), Proposition 2 is finally proven.
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Proof of Proposition 3

We obtain (3.15) by using (3.12) as follows:

(0) 2 —¢(0
* ®\ * *) 8 :B _ & > 8 ﬁ
FC(R,Q)—PT{RZR,QEQ}—PT{IMUS L(O) P/IMU_ L(O) +P}
B_ o if ¢ > (7,/P)LO®
0 otherwise
(C.1)

where it leads to (3.15). Substituting (3.14) and (B.5) into (3.15) and using the law of
unconscious statistician, i.e. E{g(L®)} = O+°° g(y) fLo (y)dy where f; o is the PDF
of L% and can be trivially obtained from (3.6), completes the proof.
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Proof of Theorem 1

Using the approximation given in (4.13) the conditional probability IP(Eq¢ < Ej, <
Ejoc ]‘Pph, Y mec) can be computed as,

]P(Eoff < Ep < Eloc“th/‘Fmec) = ]P(Eoff < Teh77p (8171_“ +g272_“ +X(7’2)) < Eloc“}[ph/qjmec)

Eost - - Eio
=P (=" _ o o C . o
(TehWP x(r2) < (317’1 + &1y ) < TehﬂP|Tph X(r2), ¥mec
@ rf lexp (—713Z;5.(r2,R)) —exp (—15Z 5 (r2, R)) ]
ry — 1]
o lexp (=14 Z;f (r2, R)) —exp (=15 Z 1 (r2, R))]
o gl
2N
(D.1)

where step (a) is due to hypo-exponential distribution of gi7;* 4 g7, * (sum of
two exponential random variables with rates r; and r; ) and [x]* = max{0, x}.

Here, ijf(rz, R) and Zﬁoc(rz, R) can be obtained by using function defined in (4.15)
with substituting (4.14) into it. Following the same steps, conditional probabilities
P(Ey, > max{Eioc, Eoft } [Yphs Ymec) and P(Ejoe < Ep < Eof|¥ph, Ymec) can be easily
derived as given in (4.16) and (4.18), respectively.






85

Appendix E

Derivation of Conditional SINR
Coverages

Using the definition of SINR;4 in (4.3) and approximating the interference 74, the
probability that the downlink SINR;q is greater than f;q, conditioned on rq and ry,
can be found as follows:

Phlelrl”"
(Tizd + Ziq
p Phﬂ(*lrl’“
02 + Phix—1r;® 4+ Px(r2)
id 1 2 X2

P(SINRiq > Bigl|71,72) =P ( > ,BidHT’l,?’z)

2 ,Bid ’ |7"1, 7’2)

2 .
=P <h11’1“ > OI.;d X(;Z);Bld

1
0'-2 i _ T i
exp (—r% < I;jfld + hyry *Big + X(Kﬁlﬁ d))]

. 2
el 81 (00) i)
idg
(E.1)

where steps (a) and (b) follow from the assumptions that #; ~ exp(1l) and hp ~
exp(1).

” .
K’g‘l + hiry*Bia +

As we explained before, in order to have the offloading/uploading SINR coverages
dependent on ¥ mec, the locations of active LPDs in uploading/offloading phase is
approximated by independently thinning ¥ mec with probability Pio./Pogr where we
have new density AmecPs, s € {offloc}. With the SINR expression given in (4.6),
IP(SINR;() > Bis) can be found as,
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2
g

,7—1—1

= Ez [11’ <wi,1 > (Ulz +Ii> ,Bi(s)) HR,L]
X (E.2)
“oafn(-(55)o)

®) 0?2 Bis
= exp (fj“) Lz, (Bis)

w
IP(SINRy(s) > Big)||R) =P ( 1'11 > ,Bi(s)R>

where step (a) is due to the assumption that w;; ~ exp(1), and step (b) results from

using the Laplace transform of Z;.

By using the expression of Laplace transform of the interference given in [58] and
substituting AmecPs, we obtain L7, (By)) as,

Ra AmecPs — T A mecPs
Lz, (Bis)) = exp <2nAmeCPs/0 /0 T exp(=7t u)duxdx . (E.3)

1+ (%) uzx®
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Derivation of Conditional
Probability of Local Computation

Following the same steps as in [66], it can be found as,

IP(Eloc < Eoff|R/ hmec)

kLiagi)? o2 R
:1P<Ce( task) +CdecTidlog(1+,Bid)+TupﬁmheC$

(Tl(’C)z mec](R)
; . BrmecTimecR"K
< CdecTid 10g(1 + Bid) + (Tioc + Tup) o ()
—Plc (kLtask)3 TlocﬁmecarznecR“K (E1)
¢ (Tloc)2 hmec](R)

R* (kLtask 3 hmec
P >c
<](R) ¢ (Tloc) ) ,Bmecar%ecK
“ —c kLtask 3 hmec
] R) ¢ Toc .Bmeca-rznecK .

where (a) comes from the definiton of Heaviside function [78].

—~

a

=H

=
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