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Abstract

Energy harvesting is considered as a prominent solution to supply the energy demand for
low-power consuming devices and sensor nodes. This approach relinquishes the requirements
of wired connections and regular battery replacements. This thesis analyzes the performance
of energy harvesting communication networks under various operation protocols and multi-
ple access schemes. Furthermore, since the radio frequency signal has energy, in addition to
conveying information, it is also possible to power energy harvesting component while estab-
lishing data connectivity with information-decoding component. This leads to the concept
of simultaneous wireless information and power transfer. The central goal of this thesis is to
conduct a performance analysis in terms of throughput and energy efficiency, and determine
optimal resource allocation strategies for wireless information and power transfer.

In the first part of the thesis, simultaneous transfer of information and power through
wireless links to energy harvesting and information decoding components is studied consider-
ing finite alphabet inputs. The concept of non-uniform probability distribution is introduced
for an arbitrary input, and mathematical formulations that relate probability distribution to
the required harvested energy level are provided. In addition, impact of statistical quality of
service (QoS) constraints on the overall performance is studied, and power control algorithms
are provided.

Next, power allocation strategies that maximize the system energy efficiency subject to
peak power constraints are determined for fading multiple access channels. The impact of
channel characteristics, circuit power consumption and peak power level on the node selec-
tion, i.e., activation of user equipments, and the corresponding optimal transmit power level
are addressed. Initially, wireless information transfer only is considered and subsequently
wireless power transfer is taken into account. Assuming energy harvesting components, two

scenarios are addressed based on the receiver architecture, i.e, having separated antenna or



common antenna for the information decoding and energy harvesting components. In both
cases, optimal SWIPT power control policies are identified, and impact of the required har-
vested energy is analyzed.

The second line of research in this thesis focuses on wireless-powered communication de-
vices that operate based on harvest-then-transmit protocol. Optimal time allocation for the
downlink and uplink operation interval are identified formulating throughput maximization
and energy-efficiency maximization problems. In addition, the performance gain among var-
ious types of downlink-uplink operation protocols is analyzed taking into account statistical
QoS constraints.

Furthermore, the performance analysis of energy harvesting user equipments is extended
to full-duplex wireless information and power transfer as well as cellular networks. In full-
duplex operation, optimal power control policies are identified, and the significance of intro-
ducing non-zero mean component on the information-bearing signal is analyzed. Meanwhile,
SINR coverage probabilities, average throughput and energy efficiency are explicitly char-
acterized for wireless-powered cellular networks, and the impact of downlink SWIPT and
uplink mmWave schemes are addressed.

In the final part of the thesis, energy efficiency is considered as the performance metric,
and time allocation strategies that maximize energy efficiency for wireless powered commu-
nication networks with non-orthogonal multiple access scheme are determined. Low complex
algorithms are proposed based on Dinkelbach’s method. In addition, the impact of statistical

QoS constraints imposed as limitations on the buffer violation probabilities is addressed.
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Chapter 1

Introduction

1.1 Wireless Information and Power Transfer

With billions of low-power consuming devices, such as wireless sensors, connected to the
internet within the frame work of Internet-of-Things (IoT), there is significant growth in
the energy demand as well as data traffic. Hence, much attention has been given to ef-
fective utilization of available energy resources in the network while accomplishing reliable
information exchange between the transmitter and receiver with certain quality of service
guarantees. Inspiring scientific ideas have been providing promising solutions and approaches
to the problem of ever increasing demand for scarce resources such as energy and bandwidth.
These solutions help to reduce operating costs and the impact on the environment. In recent
years, harvesting energy from the information-bearing signal has been proposed as one viable
strategy. Theoretically, in wireless power transfer, energy can be harvested from either ambi-
ent radio-frequency (RF) electromagnetic signals or dedicated energy beamforming sources.
Energy harvesting from RF signal is considered as a promising solution to power up low-
power consuming devices such as sensors implanted in the human body to monitor certain
activities [I]-[4], or those placed inside a physical structure, e.g. bridges [5], to continuously

measure control parameters.



Advances in the technology lead to smaller devices with much better computational and
communication capabilities. In such scenarios, using wired connection to supply energy from
an external source may be infeasible if the number of devices is large as in sensor networks,
or using built-in batteries could be challenging as these have limited-life span and replacing
them becomes a rather difficult and very tedious procedure. This promotes energy harvest-
ing before establishing data communication, and in the literature, the phenomenon is known
as harvest-then-transmit protocol. It is mainly applicable to wireless-powered communica-
tion networks (WPCN) consisting of multiple nodes or remote user equipments (UEs) that
harvest energy from abundant RF signals present in the surrounding environment or sent
from dedicated wireless power sources. The latter method guarantees reliability of power
supply, and it can be more efficient via energy-beamforming. Furthermore, the number of
antennas as well as the spatial arrangement of wireless power source and information receiver
can have an effect on the operation protocol, i.e., half-duplex mode or full-duplex mode, for
wireless information and power transfer in WPCN. In half-duplex mode, uplink information
transfer and downlink energy harvesting operations occur over non-overlapping time inter-
vals, whereas in the full-duplex mode these operation can be carried out concurrently.

As mentioned above, energy harvesting enables the transfer of power to a wireless-powered
device through a wireless link. On the other hand, conveying information on the signal that
targets energizing the receiving end leads to simultaneous wireless information and power
transfer (SWIPT). This enables the joint transfer of data as well as power to a destination
where information-decoding (ID) component and energy-harvesting (EH) components are
equipped with common or separated antenna architecture. In the first case, both ID and
EH components employ a common antenna to collect the transmitted signals, whereas in
the second case, both components have independent antenna architecture and hence EH
component harvest energy opportunistically from the transmitted signal intended to the ID
component. In the literature, there has been significant interest in exploring the feasibility,

efficiency, and implementation of SWIPT strategies (see e.g., [6]—[10]).



1.2 Literature Overview

1.2.1 Power Allocation Strategies for Simultaneous Wireless In-

formation and Power Transfer

Optimal resource allocation policies designed to benefit information transfer or to utilize
available energy resources efficiently do not guarantee the same performance when energy
transfer is incorporated along with the information-bearing signal. In principle, SWIPT
requires modeling components and allocating resources at the transmitting and receiving
ends taking into account of the additional constraint in SWIPT, i.e., harvested energy con-
straint. The authors in [I1] designed a receiver architecture that employs SWIPT, but due
to practical hardware limitations for co-located ID and EH components with common an-
tenna setup, power splitting scheme was proposed to share the received signal power between
these components proportionally and perform information decoding and energy harvesting
tasks, concurrently [12]. Meanwhile, reconfigurable dual-antenna model was proposed in
[13] to support uplink wireless information transfer (WIT) and downlink SWIPT at the user
end operating in a broadband system. Related works are presented in references [14], and
[15] considering multiple antennas at the transmitting and receiving ends. Furthermore,
distributed antenna systems for SWIPT were introduced in [I6], and power management
strategy that maximizes information transfer was determined in the presence of stochasti-
cally distributed energy receivers while satisfying energy constraint. The authors in [17]
considered a wireless network with nodes that can decode information and harvest energy
simultaneously by applying the power splitting scheme. A similar setup but with multiple
sources communicating with the destination through an energy-harvesting relay node is ad-
dressed in [I8] and [19]. In these studies, the relay operates in half duplex mode in which
it applies power splitting to the received signal during the first phase, and then forwards
the decoded information to the destination in the second phase. Meanwhile, the authors

in [20] considered sub-carrier partitioning for ID and EH components based on orthogonal



frequency division multiplexing (OFDM) instead of applying the power-splitting scheme.
There are also several studies on the application of SWIPT in point-to-point communication
systems and also in multiple-user model [12]—[21]. In addition, interesting observations can
be found in various regards such as in cognitive-radio networks (CRN) and cooperative relay
networks (see e.g., [22]—[26]).

In the above mentioned and related studies in the literature, optimization strategies
and rate-energy tradeoffs are identified for time-switching and power-splitting schemes con-
sidering ideal Gaussian-distributed input signals. However, practical signals are generally
selected from finite constellations, and hence it is appealing to study the performance of
SWIPT with finite-alphabet input signals. Furthermore, it is important to study mutual
information expression for SWIPT, and explore the significance of non-uniform input distri-
butions to improve the rate-energy tradeoff characteristics.

On the other hand, in addition to having finite alphabet inputs, various nodes in wire-
less communication networks experience different channel characteristics due to path loss
and small-scale multi-path fading. Hence, different nodes do not necessarily utilize available
resources, e.g. operating intervals and transmit power, in the same way, and in such cases,
allocating the resources optimally with the goal of maximizing the network throughput is an
important and critical issue. More specifically, for delay-sensitive UEs, statistical queuing
(or equivalently quality of service (QoS)) constraints such as limitations on buffer violation
probabilities have significant impact on the throughput that is supported by each user, and
this throughput is quantified by effective capacity (see e.g. [27]—[33] for comprehensive
overview). Initially, the authors in [27] analyzed effective bandwidths of the time-varying
departure processes. In [2§], the maximum constant arrival rate that can be supported by
a given service process under QoS constraints was investigated, whereas in [29], optimal
power control policies that maximize the effective capacity were derived. Meanwhile, anal-
ysis of effective capacity for dual-hop network was conducted in [30]. More recently, the

authors in [31] provided detailed characterizations of the statistical QoS-based throughput



and energy efficiency for various source models. Additional studies are conducted in [32] and
[33] considering multiple-access fading channels and energy efficiency, respectively. These
works provided interesting observations and insightful results focusing on the number of bits
successfully transmitted over the wireless link. However, further investigation becomes nec-
essary to comply with the design goals of future advanced green communication networks in
which energy transfer along with information-bearing signals has gained more attention as

a promising solution for low-power consuming devices.

1.2.2 Energy Efficiency in Fading Multiple Access Channels

In wireless networks, multiple access is a transmission scenario in which multiple nodes or
user equipments (UE) transfer information uplink to an access point. There are various types
of multiple access schemes including, e.g., time-division multiple access (TDMA), frequency-
division multiple access (FDMA), and code-division multiple access (CDMA). In wireless
channels, mobile UEs experience multipath fading and operate under different resource con-
straints, and hence in the above mentioned multiple access schemes, determining optimal
resource allocation policies that maximize the system performance is required. With this
motivation, fading multiple access channels have been extensively studied, generally consid-
ering throughput as the performance metric, and numerous publications in the literature
provide concrete theoretical framework (see e.g., [33] — [39)]).

Generally, throughput maximization in multiple access channels (MACs) encourages UEs
to utilize their resources fully, i.e., transmit at the peak power level. However, due to increas-
ing energy consumption and cost in communication systems, efficient utilization of available
energy resources to transfer each bit of information is an important and a compelling perfor-
mance indicator [34]. In particular, in energy-constrained wireless networks, energy-efficient
operation leads to longer battery life and recharging cycle. In addition, this further enables
the activation of more service nodes or UEs, and reduces the indirect impact on the envi-

ronment due to carbon emission and related issues when considered at large. Despite these



motivating facts, as noted in [35], there were only limited works on the energy efficiency
(EE) of MACs with respect to various multiple access methods, and in this work, the au-
thors compared the impact of TDMA and spatial-division multiple access (SDMA) schemes
on circuit power consumption and energy efficiency as well. They proposed energy aware
algorithms that select either of these schemes to allocate time slots to multiple users on
each sub-band. The tradeoff between EE and spectral efficiency (SE) for Gaussian MAC
was investigated in [36] without circuit power consumption. Meanwhile, circuit power con-
sumption was considered in [37], and the impact of transmission bandwidth and throughput
were taken into account to model total circuit power consumption. In principle, EE and SE
are conflicting performance metrics, i.e., one benefits at the cost of the other. Like spec-
tral efficiency, quality-of-service (QoS) constraints also have significant impact on the EE
of MAC as discussed in [3§] in which the authors formulated energy minimization problem
that determines optimal departure curves for each user given their arrivals characteristics.
Related work was presented in [39] considering packet dropping as a QoS parameter.

All these studies provide interesting observations and new insights. However, only lim-
ited attention has been given to energy-efficient resource allocation in multi-user scenarios
in which UEs communicate with a receiver through a MAC. However, this issue has gained
more importance in the design of next-generation 5G wireless networks where energy efficient
uplink /downlink operation (especially in small cells) is one of the primary goals [40] [41].

On the other hand, based on the fact that information-bearing signal also conveys energy,
the feasibility and implementation of SWIPT have been intensively studied considering net-
work throughput as a performance metric. However, energy-efficient resource allocation is
another performance metric as noted earlier, and several recent studies have addressed this
key parameter in the presence of wireless power and information transfer. The authors in
[42] studied energy efficiency (EE) of multiple users that operate employing OFDMA under
the assumption that each user has co-located ID and EH circuitries. In this work, harvested

energy from a dedicated information-bearing signal and other nearby unknown interference
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was deducted from the consumption when evaluating the total number of bits successfully
transferred per net consumed energy. A related work with similar EE definition was pre-
sented in reference [43] considering multiple-input single-output (MISO) models. Meanwhile,
the conventional EE definition, i.e., achievable data rate per total consumed energy, was ap-
plied in [44] while studying energy-efficient OFDMA systems with non-overlapping uplink
and downlink operation intervals. Unlike these approaches, the potential capacity produced
by the transferred energy was added to the system capacity in reference [45] assuming that
the harvested energy primarily contributes to future information transfer. In all these defini-
tions, EE metrics measure successfully transferred bits of information per consumed energy.
On the other hand, the authors in [46] introduced a new approach to evaluate the EE of
SWIPT systems. They considered the EE of information transfer and EE of energy transfer
separately, where the latter is defined as the amount of energy transferred per total consump-
tion. As can be noted from these studies, incorporating SWIPT in wireless networks has
direct impact on energy-efficient power control policies, but, as to the best of our knowledge,

this has not been sufficiently addressed in MAC so far.



1.2.3 Throughput- and Energy-Efficient Transmission Strategies

for Wireless Powered Communication Networks

As noted earlier, energy harvesting is a promising solution to the future energy-efficient
WPCNs. It enables one to remotely energize low-power consuming devices that might not
have an embedded power source or may be equipped with limited-size rechargeable batter-
ies. In either case, wireless power transfer guarantees continuous power supply, and avoids
disruption due to the need of battery replacement or recharging [47]. In fact, this newly
emerging technique can be applied to a wide range of applications, but it has a direct im-
pact on optimal resource allocation strategies among the network nodes, and the design of
UEs [48]. Hence, the feasibility and implementation of WPCN have been intensively studied
in recent years. (see e.g., [49] - [55]). The authors in [49] proposed harvest-then-transmit
protocol in which an access point (AP) broadcasts wireless power to users that later transfer
information to the AP through uplink channels. In this work, the downlink energy harvesting
and uplink data transfer operations were assumed to take place over non-overlapping time
intervals. In addition, each user transmitted an information-bearing signal based on TDMA
scheme. The authors illustrated that sum-rate capacity maximization benefited nearby users,
i.e., optimal solution encouraged to allocate more time for these users. A similar protocol
was applied in [50] to operate remote devices considering a three-node system that consists
of a single user with spatially separated wireless power source and information receiver. In
this paper, average symbol error rate was introduced as a constraint while formulating an
optimization problem to determine optimal time allocation strategy that maximize through-
put. Related works were presented in [51] and [52] focusing on large-scale wireless-powered
communication networks, and considering multiple antennas at the power station, respec-
tively. A point-to-point WPCN with multiple antennas at the hybrid AP was presented
in [53] taking into account delay-limited and delay-tolerant scenarios. In this work, energy
beamforming was carried out using maximum ratio transmission. Meanwhile, multiple-user

models having multiple antennas at the energy broadcasting and information decoding base



station (BS) were presented in [54] and [55] with the above-mentioned protocol.

In these references, downlink energy broadcast and uplink information transfer opera-
tions are carried out in half-duplex operation mode, i.e., over orthogonal time intervals.
In fact, deploying multiple antennas at the AP/BS provides the opportunity to carry out
these operations in full-duplex mode, i.e., base station or an access point broadcasts wireless
power to energize the nearby users while decoding the information transmitted uplink by
these or other users. Despite the possibility of having strong self-interference at AP/BS,
recent studies demonstrate the feasibility of this approach in various settings. More specif-
ically, the authors in [50] assumed that each user harvested energy until the beginning of
its data transmission, and all the harvested energy was utilized during each symbol interval.
Meanwhile, in [57] users were allowed to harvest downlink broadcast power except during
their corresponding uplink information transfer interval. In such a case, any extra harvested
energy which is not utilized for data transmission will be stored in the battery for the next
block duration. Self-energy recycling in two-hop network with full-duplex operation was
discussed in [58] under the assumption that the energy-constrained relay harvested energy
while sending information. In this work, the authors considered MISO model, and proposed
a two-phase AF protocol in which full-duplex operation occurs in the second phase.

All these WPCN studies provide detailed analysis and interesting results considering
Shannon capacity formulation and outage capacity definition as measurement metrics for
throughput. However, in practice, statistical queuing constraints have significant impact on
the arrival rate that is supported by each user, and optimal resource allocation for WPCN
under QoS constraints have not been addressed, to the best of our knowledge. On the other
hand, designing resource allocation strategies which target energy efficiency of a WPCNs
is necessary in these days. Recently, the authors in [59] investigated energy-efficient time
allocation and power control strategy for WPCN considering a model that users harvest
energy simultaneously and then transmit information uplink based on time-division proto-

col. However, it is possible for users to continuously harvest until scheduled for transmission



so long as WPS and AP are using independent antennas. Besides, users can also scavenge
energy from an information-bearing signal transmitted by a user scheduled earlier for uplink
data transfer, and this surely affects the energy-efficient time allocation for the operation
intervals. Furthermore, considering the case in which energy harvesting UEs transmit in-
formation uplink through a multiple access channel, instead of time-division manner, could
lead to better energy efficiency. Thus, it is much more interesting and relevant to study the

energy efficiency of WPCNs considering various downlink-uplink operation protocols.

1.2.4 Performance Analysis of Energy Harvesting Cellular Net-

works

One of the main challenges in data gathering from randomly deployed sensor networks or
user equipments is the need to have continuous energy supply, and energy harvesting can
be one efficient solution, specially for low-power consuming devices. As mentioned earlier,
this encourages wireless information and power transfer, and there are several publications
in the literature which address the issue in cellular networks. The authors in [60] applied the
concept of stochastic geometry, and provided analytical characterization and optimization
of cellular mobile devices that are capable of harvesting energy and decoding information
simultaneously. Related work was presented in [61] considering MIMO cellular networks.
The authors in [62] modeled randomly located base stations of SWIPT-enabled cellular
networks applying stochastic geometry, and they investigated the fundamental trade-offs
using joint complementary cumulative distribution function (CCDF) of average rate and
harvested energy. A related work was presented in [63] focusing on several diversity schemes
for SWIPT-enabled cellular networks. It is shown that receiver diversity have the ability
to improve both data rate and amount of harvested energy, simultaneously. Meanwhile,
downlink SWIPT with power splitting at the receiving end and an uplink WIT using the
downlink harvested energy was studied in [64] for heterogeneous cellular networks with K-

tiers. In the paper, the authors considered both nearest base station cell association and
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maximum received power cell association scenarios, and they evaluated the system perfor-
mance considering outage probability and ergodic rate as performance metrics. Similarly, in
reference [65], k-tier heterogeneous cellular network was considered with uplink information
transfer, but the downlink was dedicated to power the mobile terminals, instead of SWIPT.
The authors in [66] studied relay-based WPCNs where the relay node supports not only the
uplink information transfer but also the downlink energy broadcasting. In this paper, iter-
ative algorithms were proposed to determine optimal time and power allocation strategies.
Related works are presented in [67] and [68] considering energy harvesting in K-Tier cellular
networks.

When it comes to powering energy-limited cellular UEs, obtaining an energy-efficient
resource allocation strategy is almost necessary and is a core point of research. In [69],
energy-efficient beamforming was studied for heterogeneous cellular networks that have ID
and EH users in the femto-cell co-channel overlaid with a macro-cell. The authors formulated
optimization problems that maximize the information transmission efficiency of ID users and
energy harvesting efficiency of EH users while satisfying QoS of all users. The authors in [70]
have focused on energy efficiency, and addressed mmWave for relay-assisted cellular networks
with non-cooperative mobile users and cooperative mobile users. Furthermore, analysis of
bidirectional antenna for SWIPT in cellular networks were given in [71]. Yet, despite these
works, the impact of allocating optimal downlink/uplink operating intervals on the system
energy efficiency (EE) in the presence of randomly deployed wireless-powered UEs has not
been investigated. In addition, using stochastic geometry as tools, it is necessary to investi-
gate the influence of circuit power consumption as well as downlink transmit power level on
the optimal operation intervals, and their impact on the overall system energy-efficiency.

Another key issue in cellular network the need to accommodate densely populated UEs
with higher data rate, and in future green communication networks operating at higher
frequencies, i.e., 28-30GHz, a.k.a. millimeter wave (mmWave) frequencies suggested as a

prominent solution. Several studies in the literature have modeled the channel character-
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istics for mmWave communications, and then investigated the performance gains. In [72],
the authors modeled mmWave in cellular networks, and provided details focusing on cov-
erage and rate analysis. They derived analytical expressions for the SINR coverage proba-
bilities, and analyzed dense networks using an equivalent ball model. Related works were
presented in [73]-[75]. Meanwhile, application of mmWave to wireless information and trans-
fer was very recently studied in the literature. Specifically, the authors in [76] investigated
the performance of harvesting energy from the signal transmitted in mmWave frequency
bands, and derived closed-form expressions for energy coverage probability, and average har-
vested power. In addition, they formulated joint energy-information coverage probability
for a wireless-powered network. A related work was presented in [77] considering harvest-
then-transmit protocol in mmWave, i.e., downlink energy harvesting and uplink information
transfer are carried out in mmWave frequency bands. They derived explicit expressions for
the average harvested energy and average achievable uplink information transmission rate.
Similarly, the authors in [78] analyzed joint CCDF of information rate and harvested power
in mmWave cellular networks applying maximum ratio transmission and maximum ratio
combining at the receiver and transmitter terminals, respectively. Despite these works, im-
pact of operating time interval in mmWave wireless-powered cellular networks has not been
investigated, to the best of our knowledge. For such models, hybrid approach, i.e., broad-
casting an energy signal at lower microwave frequencies, instead of downlink mmWave, and
then uplink information transfer in mmWave band, can provide better performance. This is
because mmWave is sensitive to blockage and energy harvesting focuses only on the received
power level. Moreover, energy efficiency analysis in energy harvesting cellular networks with
mmWave uplink information transfer is a key issue to address, and it is important to analyze
the impact of various parameters, such as operating intervals and circuit power consumption,

as well.
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1.2.5 Non-Orthogonal Multiple Access in WPCNs

The feasibility of wireless power transfer guarantees implementation of wireless-powered
communications applying harvest-then-transmit protocol, and each node can transfer infor-
mation uplink to the receiving end using time/frequency-division multiplexed transmission
schemes, or in general orthogonal multiple access scheme, as mentioned in all the above and
related studies. However, non-orthogonal multiple access (NOMA) has recently attracted
much interest from both academia and industry as one of the prominent solutions for fu-
ture 5G wireless networks as it enhances spectral efficiency. As discussed in the literature,
NOMA is categorized into power-domain and code-domain NOMA based on how users’ data
multiplexing is achieved [79], and it can be applied to both downlink and uplink operations.
In principle, power-domain NOMA utilizes superposition coding (SC) at the transmitter and
successive interference cancellation (SIC) at the receiver, and this allows multiple users to
transmit information on the same sub-carrier channel simultaneously. The decoding order
for SIC depends on the channel characteristics of the wireless link between each transmitter-
receiver pair, i.e., the main idea is that information transmitted to the receiver with the
strongest wireless link is decoded without interference. In [80], the authors provided the
basics of power-domain NOMA scheme and discussed possible solutions to address the chal-
lenges that could be experienced while applying this technique. Similarly, the authors in [81]
focused on power-domain NOMA with downlink operation, i.e., SC at the transmitter and
SIC at the receivers. Another related work was presented in [82] considering both power and
channel allocation in a downlink cellular system. Meanwhile, the authors in [83] introduced
and explicitly formulated the concept of power division multiple access (PDMA), and they
proposed orthogonal PDMA protocol based on bit-orthogonality principle. In addition, they
compared the energy efficiency of the proposed approach with conventional time/frequency
division multiple access techniques. In fact, most of the above mentioned studies analyzed
the throughput to characterize and compare the performances obtained using different ap-

proaches. However, in the presence of limited power resources, efficient utilization of the
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available energy to transfer each bit of information is also necessary. Hence, several studies
in the literature considered energy efficiency as a compelling performance metric to design
optimal resource allocation strategies for future wireless networks [84]. More specifically,
the authors in [85] considered heterogeneous radio access networks, and characterized the
system energy efficiency in a setting in which the cloud center transferred information down-
link to different types of base stations using NOMA scheme. In this work, it is argued that
system energy efficiency under NOMA depends on the number of base stations in each type,
and a heuristic algorithm is proposed to sequentially determine the optimal number of base
stations for each type. Energy efficient resource allocation for downlink NOMA system were
also presented in [86]. The authors in [87] proposed a low-complexity suboptimal algorithm
for sub-channel assignment and power allocation. A related work was presented in [8§] con-
sidering fading MIMO channels.

Meanwhile, several studies have addressed the issue in regard to WPCN. In [89], up-
link NOMA is introduced for wireless powered communications where uplink and downlink
operations are carried out over non-overlapping intervals, and the authors formulated opti-
mization problems which maximize the throughput. The authors in [90] studied the joint
design of time allocation, downlink energy beamforming and receiver beamforming in wire-
less powered communication networks employing uplink NOMA. In this work, the formulated
optimization problem focused on obtaining a solution that maximizes the sum rate capacity,
but because of the non-convexity of the problem, an iterative algorithm was proposed. Sim-
ilarly, joint optimization of base station transmit power and operating intervals for uplink
NOMA in WPCNs was considered in [91]. Yet, despite these works, the impact of NOMA
on the system energy efficiency (EE) in the presence of wireless-powered users has not been

investigated, to the best of our knowledge.
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1.3 Main Contributions

We summarize the main contributions of the thesis below:

e In Chapter 3, we consider a point-to-point communication system in which a source
transmits a SWIPT signal selected from finite alphabets. The receiver has ID and
EH components, and power-splitting scheme is applied to carry out these operations
concurrently. In order to improve the rate-energy tradeoff characteristics, we have
introduced a novel approach that assigns probabilities non-uniformly to different sig-
nals in the constellation based on their energy level. According to the relationship
between signal probabilities and energy consumption, these signal probabilities can be
adjusted using two techniques, namely static slope characteristics and dynamic slope
characteristics, given the minimum harvested energy constraint. Intuitively, advantage
of one approach over the other depends on the improvement of the power-splitting
factor when high energy input signals become more likely to be transmitted. In order
to determine the optimal solution, we formulate an optimization problem and develop
an algorithm taking into account the key parameters, e.g., splitting factor and signal

probabilities.

e In addition, in Chapter 3, we consider a SWIPT model in which multiple-nodes with
delay-limited sources transmit finite alphabet input signals. These nodes communi-
cate through time-division multiple access channels, and the receiving node harvests
energy from the received signal while decoding information by applying power splitting
scheme. In addition, the transmitting nodes are subject to limitations on the buffer
overflow probability, specified by the quality of service (QoS) exponent #. Due to
harvested energy constraint, we have applied the novel approach to assign probabili-
ties non-uniformly to different signals in the constellation. We formulate optimization
problems to maximize the effective capacity and effective EE while taking input signal

probabilities, operating intervals, and splitting factor into account. Since obtaining
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closed-form expressions for the optimization parameters are unlikely, we develop an

algorithm to determine the solutions numerically.

In Chapter 4, we consider multiple access channels, and focus on obtaining the optimal
resource allocation schemes that maximize the system energy efficiency while satisfy-
ing energy and power constraints. In addition, we study the performance tradeoffs for
energy-efficient transmission policies when SWIPT is incorporated in MACs. Usually,
EE studies in the literature that consider SWIPT apply algorithms to obtain optimal
solutions for given EE definitions, but in our work, we provide novel closed-form ex-
pressions for the optimal transmit power levels. More specifically, we, first, formulate
concave-linear fractional optimization problems that maximize the instantaneous en-
ergy efficiency in a MAC, and identify the Karush-Kuhn-Tucker (KKT) conditions to
determine optimal solutions. We provide novel closed-form expressions for the opti-
mal transmit power levels, and characterize the impact of peak power constraint on
the optimal resource allocation strategy. Then, we incorporate SWIPT and formulate
optimization problems considering two types of receiver architectures, namely sepa-
rated and common, for ID and EH components at the receiving node. We also address
the impact of battery size on the optimal solution when energy demand is satisfied
by the energy-efficiency maximizing input. We perform similar analysis when ID and
EH components are supported by a common antenna. In this case, we incorporate
power splitting scheme to share the received signal power between the decoding and
harvesting operations, and hence we characterize power splitting factor in terms of
the harvested energy requirement. In all the cases, we provide energy-efficient node
selection policies and analytical expressions for the optimal transmit power level. In
addition, we explicitly characterize optimal system EE, and the impact of harvested
energy demand on the optimal EE and other critical parameters such as power splitting

ratio.
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e In Chapter 5, we study the performance of various wireless information and power
transfer protocols for wireless-powered communication networks in the presence of
delay-limited sources. We consider that UEs harvest energy from wireless power trans-
mitter (WPT) and then transmit information uplink to AP either over orthogonal time
slots using TDMA scheme or simultaneously using MAC. Each user is subject to limita-
tions on the buffer overflow probability, and the time allocation for the downlink energy
harvesting and uplink information decoding operations rely on these constraints in ad-
dition to the channel characteristics. Depending on whether the performance metric
is throughput or energy efficiency, we formulate optimization problems to obtain the
best resource allocation strategies while taking QoS constraints into account. Since the
problems are concave/Pseudo-concave maximization problems, Karush-Kuhn-Tucker
(KKT) conditions are necessary and sufficient for global optimality. Applying these
conditions, we provide analytical expressions for the optimal operating intervals. How-
ever, in some cases, it is difficult to obtain closed-form expressions, and hence, we
develop an algorithm to solve the problems numerically. Furthermore, we determine
the special conditions where optimal solutions become independent of the QoS expo-

nent.

e In Chapter 6, we introduce non-zero mean-information bearing signals, and study op-
timal resource allocation strategies for wireless information transfer (WIT) as well as
SWIPT focusing on the throughput and system’s energy efficiency. We consider multi-
ple user settings with energy harvesting and non-energy harvesting UEs, and we derive
explicit expressions for the throughput maximizing power control policies. In addition,
we provide an iterative algorithm to obtain the optimal solution using the formulated
expressions. Besides, we explicitly characterize energy-efficient strategies considering
a two-user model, and then generalize to multiple users settings. We also character-
ize impact of harvested energy constraint on the optimal system energy efficiency and

significance of introducing non-zero mean input signal.

17



e In Chapter 7, we consider a wireless-powered cellular network in which UEs do not
have embedded power sources, but harvest energy from densely deployed APs. Using
tools from stochastic geometry, we first characterize SINR coverage probabilities and
achievable data rates as a function of the system parameters, i.e., uplink and downlink
operating intervals. We also provide expressions to analyze the system energy effi-
ciency (measured by throughput per total consumed energy). Furthermore, we study
the performance characteristics incorporating SWIPT, instead of WPT, in the down-
link channel while having WIT over the uplink channel. In such scenarios, we derive
coverage probabilities as a function of an additional parameter, i.e., power splitting fac-
tor. Furthermore, we study mmWave based energy harvesting cellular networks where
UEs harvest energy using signals in the lower frequency bands, but send information
uplink using mmWave frequency bands. For this case, we provide the cellular network
model, and explicitly characterize the average harvested energy, SINR coverage proba-
bility and achievable rate as a function of network parameters, such as directivity gains

and APs density.

e In Chapter 8, we study the energy-efficient time allocation strategies for WPCN with
uplink power-domain NOMA. More specifically, we consider two scenarios, namely half
duplex and asynchronous transmission, based on the coordination of uplink and down-
link operations, and we compare the performance gains achieved by these approaches
with the conventional TDMA scheme. More specifically, energy-efficient resource allo-
cation strategies are investigated for wireless information and power transfer consider-
ing two types of uplink-downlink coordination scenarios, namely half-duplex and asyn-
chronous transmission. In both cases, we formulate optimization problems focusing
on the system energy efficiency while UEs are allowed to transmit information-bearing
signals simultaneously on the same frequency band based on the non-orthogonal multi-
ple access scheme. We show that the optimization problems satisfy pseudo-concavity,

and subsequently derive the necessary optimality conditions for each scenario. Due
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to the difficulty in obtaining analytical expressions for the optimal solution, we pro-
vide iterative algorithms using the Dinkelbach’s method. Furthermore, we consider
delay-limited data sources, and address the impact of statistical queuing constraints
on energy-efficient time allocation policies. In this case, we define and derive the system
effective energy efficiency with downlink power transfer and uplink NOMA. We formu-
late optimization problems that maximize the system effective energy efficiency in the
presence of constraints on buffer violation probabilities at UEs. We prove the presence
of unique allocation of the optimal operating intervals, and propose an algorithm based

on the bisection method.

1.4 Outline of Thesis

The thesis mainly addresses on the performance analysis of wireless information and power
transfer focusing on throughput and energy-efficient resource allocation schemes. The re-
mainder of the thesis is organized as follows: Chapter 2 provides the necessary preliminary
background on statistical queuing constraints studied in the subsequent chapters of the thesis.
Chapter 3 introduces novel schemes that assign non-uniform probabilities to finite alphabet
input signals for SWIPT, and presents optimal resource allocation policies that maximize
throughput and energy efficiency considering buffer violation probability as a quality-of-
service (QoS) constraint. Chapter 4 mainly characterizes energy-efficient resource allocation
strategies for fading multiple access channels both in the presence and absence of SWIPT, and
analytical expressions are derived for each scenario. In Chapter 5, optimal time allocation
policies are analyzed for delay-sensitive wireless-powered communication networks consider-
ing various downlink-uplink operation protocols. In chapter 6, energy-efficient transmission
with non-zero mean input is characterized under full-duplex downlink energy transfer and
uplink information transfer. Chapter 7 presents performance analysis for energy-harvesting

cellular networks using stochastic geometry. In Chapter 8, non-orthogonal multiple access is
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introduced for WPCNs, and energy-efficient time allocation strategies are characterized.
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Chapter 2

Preliminaries

In this chapter, we discuss the basic concept of energy harvesting, and the main components
of the receiving structure. In addition, mathematical models and preliminaries of statistical

queuing constraints are presented briefly.

2.1 Energy Harvesting

As mentioned earlier in the first chapter, energy harvesting is a prominent solution for fu-
ture green communication networks, and it is a phenomenon by which a power consuming
electronic device harnesses energy from an external source. There are different types of en-
ergy sources such as as solar, wind, thermal, biochemical and wireless as illustrated in Fig.
. Except for wireless/RF sources energy is obtained in other forms, and additional device
is necessary to convert it into a usable form, i.e., electric energy. In the case of wireless
power source, energy harvesting is about utilizing the electric as well as magnetic energy in
the electromagnetic waves that are transmitted at certain frequencies. In fact, the distance
between RF energy source and the receiver determines the type of harvesting technique as
well as the amount of harvested energy. In the case of near-field harvesting, electric energy
can be harvested based on inductive coupling principle, on the other hand in the case of

far-field harvesting, the receiving component usually is equipped with antenna to scavenge
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the abundant RF signals from radio broadcasting, WiFi communications, or a dedicated

wireless power source.
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Architecturally, the main component of an energy harvesting device is known as a
rectenna which is a rectifying circuit which is shown in Fig. [2.2l The diode is used to
convert the AC signal into pulsating DC, and the low pass filter removes the high frequency
components. In addition, the DC-to-DC converter allows the generation of approximately
constant output voltage with very small ripple. The design of energy harvesting could be in
such a way that the harnessed energy is directly utilized or stored in a large size capacitor/

rechargeable battery.

STORAGE

DIODE LP FILTER DG-ta-DC
CONVERTER
RF ENERGY SOURCE RECTIFYING CIRCUIT

Figure 2.2: Rectenna model
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2.2 Statistical Queuing Constraints

In our studies addressing delay-sensitive traffic, we consider that each user equipment stores
received data packets generated by a delay-sensitive source that requires certain statistical
QoS guarantees described by the QoS exponent #. More specifically, the tail distribution of
the buffer is required to have an exponential decay with rate controlled by the exponent 6,

and the buffer violation or overflow probability is described as
Pr {Qi > Qmax} e lima (2.1)

where ); denotes the stationary queue length in the i*" user buffer, Q,,q, is the buffer overflow
threshold, and ¢ = Pr{@ > 0} is the probability of non-empty buffer. More rigorously, QoS

exponent 6 is defined as

_ >
g— i —108PriQi 2 Quas}

Qmaz—+00 Qmaw

(2.2)

2.3 Effective Capacity

Instantaneous channel capacity provides the maximum achievable data rate at which infor-
mation can be transmitted through wireless medium based on the availability of channel
state information. However, data arrival rates at which data packets are received from the
source may be further limited by the buffering requirements such as the presence of statis-
tical queuing constraints, as mentioned above. This buffer constraint determines the arrival
rates that can be supported by the wireless link. Let 7;[n] and R;[n] denote i user random
arrival and instantaneous service rates, respectively, in the n'* time slot. The correspond-

ing asymptotic logarithmic moment generating functions (LMGF) A4 and A, are given as
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follows [27]:

log (E{e? Timsrinl} )

AA = lim
t—00 t t (2.3)
log (E{eeznzl Riln] })
AC = lim .
t—o00 t

Having the buffer overflow probability to decay exponentially with rate 6 as in (2.1)) requires
As(6%) + Ac(—0*) = 0. The work in [27] provides a mathematical formulation for the
maximum arrival rate, also termed as effective capacity, with a certain QoS exponent 6 as

follows:

1 ¢
C:(0;) = — lim — log (E {e‘ei 2=t Ri[”]}) bps/Hz. (2.4)

t—o00 tez

Assuming block fading scenario with frame duration 7', this can be further simplified as

1
Cf(el) = —ﬁ IOg (]E{€_91TRZ[TL] }) bpS/HZ (25)

As the buffer constraint is relaxed, effective capacity approaches ergodic capacity, i.e.,
limg, o Cf = E{R;}, whereas for increasingly strict constraints, i.e., as 6; — oo, effective

capacity converges converges to the delay-limited capacity with zero outage.
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Chapter 3

Simultaneous Wireless Information
and Power Transfer with

Finite-Alphabet Input Signals

This chapter mainly studies throughput optimization for SWIPT in the presence of finite-
alphabet input signals. Two novel schemes are proposed in order to assign probabilities
to the alphabets in the constellation set based on their energy levels. Then, using the non-
uniform probability distributions, optimal solutions are determined using iterative procedure
focusing on the throughput with arbitrary input signaling. Section considers point-
to-point transmitter receiver pair, and an optimization problem that maximizes mutual
information subject to harvested energy constraint is formulated. Despite the complexity of
getting analytical expression for power-splitting factor, an algorithm is provided to determine
globally optimal solution. In Section [3.2] multiple users with delay-limited sources are taken
into account. In these cases, optimization problems are formulated to determine throughput
maximizing and energy-efficient transmission policies. Numerical results are presented and

discussed at the end of each section.
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3.1 Rate-Energy tradeoff for a Single User

In this section, the optimal power control scheme that maximizes the throughput for SWIPT
with arbitrary input distributions subject to harvested energy constraint is presented. We
introduce novel non-uniform probability assignment using two approaches, namely static
slope and dynamic slope characteristics, to modify the input probability distribution based
on the required harvested energy at the receiving end. We provide mathematical formulations

for these probabilities according to the constraints on the minimum harvested energy level.

3.1.1 Preliminaries
System Model

We consider a communication system where a transmitter-receiver pair communicates over
a wireless link as shown in Fig. [3.1] The source transmits a signal, X [i], during i*" symbol
duration selected from a finite set of alphabets denoted by & = {X;, Xs,... Xy} with
|S| = M indicating the cardinality of the signal set. In general, these alphabets could be

one-dimensional as in pulse-amplitude modulation (PAM) signals

or two-dimensional such as phase-shift keying or quadrature-amplitude modulation (QAM)

signals

where a; and b; denote the distance of the constellation point from the origin on the respective
axis. We assume that the input signal is limited by a peak energy constraint i.e., | X[i]|> <
E,j. The transmitted signal X[i] targets transferring not only information but also energy to
the receiving end, and hence we have simultaneous information and power transfer using the

information-bearing signal. The receiver has both information-decoding (ID) and energy-
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harvesting (EH) components, and it applies power splitting scheme to the received signal to
support decoding and harvesting operations, concurrently. We denote p for the fraction of

received power allocated to the ID component, and hence 1 — p to the EH component.

Sonrce/TX

Figure 3.1: SWIPT model for a transmitter-receiver pair

The wireless link experiences frequency flat-fading and the channel fading coefficient in the
i" symbol period is denoted by g[i]. We assume that both the receiver and transmitter are
equipped with a single antenna, and perfect channel state information is available on each
side. Hence, under these assumptions, the discrete-time channel input-output relation is
given by

Y[i| = g[i] X[i]| + N[i]] i=1,2,--- (3.3)

where i represents the time index, Y[i] denote the received signal, and N|[i] is a zero-mean
circularly symmetric, additive complex Gaussian noise with variance o2 = Ny, i.e., N ~
CN (0, Ny). Hereafter, time index 7 is omitted for brevity of notation. Once the signal is
received, it will be processed to decode the information and/or replenish the energy according

to operation policy priorities that depend on the received power level.

Information Transfer

It is well-known from information-theoretic results that input distribution has a direct im-
pact on the achievable rates at which data can be reliably transmitted, and Gaussian input
distribution maximizes the capacity for Gaussian channels [92]. On the other hand, practical

input signals are generally selected from finite constellations. In such cases, achievable rate
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expressions are determined by considering the input-output mutual information [92]:

R= I(X;Y)

= Zpk/ fy(x1.9108 [Z JyiXeg ]dy

j=1 PifviX;.g

Y —gX |2
where fy|x, 4 = %Noe_ Mo is the probability density function of Y given X; as well as

the fading coefficient g, and p, = Pr{X = X} is the probability that the transmitted signal

takes the input signal X,. After substitution and some rearrangements

](X§Y> WNO/ / —|v|? log [Zp e —|v+yq |2+ v] ]]dvldvg (3.5)

where v = ¥ \/ﬂ’“, Y4 = \/5]’\70()( r — X;), and v; and vy are real and imaginary component of

v assuming that the alphabets are distributed on a two-dimensional constellation space.

Remark 3.1.1 When only data transmission is considered, uniformly distributed input is

i general optimal in the sense of maximizing the average achievable rate expressions.

Energy Harvesting

In our model, the receiver harvests energy transferred from a source through the wireless
medium so as to meet, at least, the minimum required energy, denoted by y. Given that
the source transmit signals selected from a finite constellation size, the instantaneous, &, |i],

and average, &, harvested energy can be determined as follows:

Enli] = 2[i]| X, 10| + 0 (3.6a)

Eno = B{Enu(2)} (3.6b)
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where z = |g|? and the expectation in (3.6b) is with respect to both z and the distribution of
the input signal in the constellation. As can be seen from (3.6h) and (3.6p), average harvested
energy is directly proportional to each signal energy level as well as its assigned probability,
and this fact encourages to assign higher probabilities to those with higher energy levels

among the input signals.

Remark 3.1.2 Unlike in the case of information transfer, optimal input probability distri-
bution that mazximizes the level of harvested energy is the one when the source transmits the
highest-energy signal almost surely, i.e., Pr(X = X,,) = 1 where | X,,|> > |X;|* Vi,m €
{1,2,..., M} and i # m.

3.1.2 Non-Uniform Input Distribution

Finite-alphabet inputs can be geometrically described in the signal space by their coordinate

points and the corresponding probabilities. In fact, the optimal choice of the probability dis-

tribution depends on the overall objective, and as stated in Remarks(3.1.1{and|3.1.2] the goals

of maximizing the information transfer and harvested energy lead to uniformly distributed
and deterministic inputs, respectively. However, each of these input characterizations may
not be optimal when SWIPT is considered. Rather, non-uniform probability distribution
can result better overall performance, i.e., improves rate-energy tradeoff, since signals in a
given constellation, e.g., PAM with M > 2 and QAM with M > 4, do not necessarily have
equal energy levels. Intuitively speaking, these unequal energy levels have direct impact on
the information and power transfer strategies. For instance, assigning higher probabilities
to those signals with higher energy level benefit harvested energy while sacrificing data rate.
Note that this is not applicable to BPSK or QPSK as all the signals in these cases have
equal energy level, and no extra benefit is attained with unequal input distribution in terms

of harvested energy while achievable rates are reduced.

Theorem 3.1.1 For a rectangular/square QAM constellation with size M = 2" where n

denotes the number of bits per symbol, there are N € {N, N,.} different energy levels with
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N < M where

V-1
N, = Z \/g—z) (3.7a)

= %_1
M /M
NT = ? + i:EO ( ? - Z) . (37b)

N, and N, denote total number of different energy levels when the constellation has square

and rectangular geometries, respectively.

Proof: See Appendix [A]

As we can conclude from this theorem, constellation size is always greater than the num-
ber of unequal energy levels, and this implies that there exist some signals that have equal
energy levels. Let us define a set which consists of all the signals but in terms of disjoint

subsets, S;, where each includes signals with equal energy level as follows:

N
Ssc L U {Sz : Xa - Si; Xb - Sz’+1; |Xa|2 > ‘Xb|2} (38)
=1

Va = {1,2,...,]8]} and Vb = {1,2,...,|S;s1]}. For each subset |S;| > 1 where i €
{1,2,--- , N}, it is obvious that unequal probability assignment for two signals that have
equal energy levels benefits neither information transfer nor energy-harvesting. In such a
case, signals probabilities in that subset are uniformly distributed i.e., p, = Pr{X = X,} =
I%il’ where p,, denote the probability assigned to the i*" subset. However, it is meaningful
to optimally adjust probabilities assigned to each subset S; € S,. in consonance with the

harvesting constraint while maximizing information rate.

Proposition 3.1.1 For finite constellations, signal probabilities can be non-uniformly dis-
tributed based on their energy levels to improve SWIPT performance as long as the required
harvested energy is bounded, 0 < X < E,,,., and hence the corresponding feasible set of sig-

nals probabilities, denoted as S,, becomes,
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Y [SI71 < pj < ISx|™!, if X; € Sy
Sp = U (p;) :
j=1 S|t < p; <0, otherwise.

Proof: See Appendix [B]

According to Proposition [3.1.1] probability assigned to each subset, as well as signal,
changes for any increment in X', and this can be characterized by developing probability-
energy relation. Thus, we consider two novel approaches, namely static slope characteristics
and dynamic slope characteristics, that help to adjust probabilities given the harvested

energy constraint.

Static slope characteristics

In this scenario, probabilities assigned to subsets, ps, £ Pr{s = S;}, are updated with con-
stant slope for each increment in the minimum required harvested energy. The slope depends
only on the gross harvested energy constraint boundaries and the corresponding input prob-
ability distributions, both of which are known priori. Hence, energy level probabilities, p;,,
change linearly with static slope as shown in Fig[3.2l Mathematically, this probability-energy

characteristic can be expressed as follows:

ps,(X) = 52(+pi(?f)‘ (3.10)

X=0

where X' = ﬁ is the scaled or gross harvested energy and p;(X)|,_, = ﬁ defines the
signal probability in the absence of harvested energy constraint. In addition, § = %

if X; € Sy, otherwise 6 = where Ea = &,z — Emn. Note that &, and &,,, denote the

__1
(EalSI)

minimum required gross harvested energy and the maximum available energy, respectively.
As can be seen from (3.10) and Fig. , each subset probability changes with the same
slope which implies p,, = ps;, except those of Sy, and constellation size remains |S| until

X = &, at which it becomes |Sy.
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Figure 3.2: Probability-Energy characteristics for 16-QAM

Dynamic slope characteristics

The basic principle of this approach is that a subset having the lowest-energy signals is
assigned the smallest probability i.e., ps, < ps,,, for k = {1,2,..., N—i}, given the harvested
energy requirements. When this energy exceeds a certain threshold, subset S; is discarded
from S, for instance S; at E; as shown in Fig. [3.2] and the process continues successively
until X = &,,,. Let the required gross harvested energy change with some increment,

XAI@ = Xrlfwc — X

mn’

and the number of increments depend on the number of different energy
levels in the constellation set. Then, the probability-energy relation during ¥ increment is

mathematically given as follows:

3.11
N (3.11)
where k < ¢ and ¢/ defines the slope of the probability of subset S; in the interval X} <

X < Xk

mx)

and the last term in (3.11)) denotes this subset probability when X takes the

lowest value in the k" increment. In order to determine 5§i, we begin with the lowest energy
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level as follows:

s~ 0
1 _

and hence at £ = X! | p,, = 0. Meanwhile, the probability for the lowest energy alphabet

at this energy level for the static slop is determined as

10 1
151 Eh ot = (3.13)

L S]

Thus, the difference for the probability assignment between static and dynamic slop schemes
at £ = X! becomes

1 &
Ap81 = Dsy — 0= E {1 - g _—51 :| . (314)

Then, the slope for the next (e.g., the second, the third and so on) lowest energy level in the

first increment is given as

Ap
1 _ S1
ij X:X?nn_N—l_'_sz
1 (3.15)
> g7lrm - grlnx ’

Note that P;, = ps, for j € {2,3,---,N — 1} in the static slope characteristics. Similarly,

for the highest energy level in the first increment is given as

1 |BPsy 1
s _ ey (3.16)
o gnlln - gflnx 7
where
1 1 1
pl _ S| ISn| 51 R (317)

o g%m_gmm " |S|
The details for other incremental ranges are omitted for brevity, but this procedure continues

until the probability-energy relationship is derived over the entire feasible harvested energy

region.
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Compared to the earlier approach, the slope for any subset changes according to the
harvested energy demand in this case. In addition, the slope does not change in the same
way for different subsets. Moreover, constellation size consequently reduces in each increment

XA, and the probabilities for the available N — k subsets increase where k indicates the

k
number of subsets that are successively removed earlier based on the value of X. The main
benefit of this approach is that it enables the receiver to harvest more energy because higher

energy level input signals have higher probabilities compared to the static slope technique

as deduced from Fig.

Remark 3.1.3 Once ps, is known, the corresponding signal probability can easily be deter-
mined using p; = % Hence, for any two signals X; € S§;, X; € S; and S;,S; # Sn, pi # pj

in the first approach, i.e., where ps, = ps;.

3.1.3 Throughput-Efficient SWIPT Policies

Performing information-decoding and energy-harvesting operations simultaneously while main-
taining maximum achievable output, i.e., (Ryuz, Emz), is ideal whether these are carried out
at co-located or separated receivers. Hence, it is important to determine the appropriate
scheme and optimal way of allocating resources to improve the rate-energy tradeoff. In the
literature, time-switching and power-splitting schemes are proposed to carry out these opera-
tions both in single and multiple user settings [12] [14] [21]. Here, we consider power-splitting
scheme due to the fact that time-switching strategy would simply require us to characterize
information maximizing and energy maximizing inputs separately over orthogonal time in-
tervals. Hence, in such a case, non-uniform probability distribution for finite constellation
inputs would not provide any benefits.

Power splitting scheme divides the received signal power to ID and EH components with
a certain power-splitting fraction p : 1 — p. Basically, when information decoding and en-
ergy harvesting components have a common antenna architecture at the receiving end, the

performance of SWIPT with finite-alphabet inputs depends on the input probability distri-
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bution at the transmitter and splitting factor at the receiver. These parameters need to be
optimally adjusted to determine the best operating point for the system. Intuitively, when
highest-energy level signals become more likely to be transmitted, the amount of power al-
located to the ID component increases given the harvested energy constraint. However, the
impact on the information rate is determined by the balance between the reduction and gain
due to unequal probabilities and increased in power splitting factor, respectively.
Therefore, in order to investigate the tradeoff between information rate and harvested en-
ergy and determine the solution for the optimal probability distribution and splitting factor,

we formulate an optimization problem as follows:

(PR:3.1) max I(X;Y) (3.18a)
€S,
5&[0,1}
subject to (1 —p)&py > X (3.18b)
0<p<l1 (3.18¢)
1
0<p; < — 3.18d
<SPS (3.18d)

where the achievable data rate I(X,Y’) for SWIPT with finite-alphabet input is given as:

M o oo M
p —lv | 21 9|2
R(p,p) =~ ﬂffo/ / ™" log [ije[p( ol o] | gy do (3.19)
k=1 oo T j=1

where 7, and S, are as defined in (3.5) and (3.9)), respectively. The last two constraints

specify the domain set of the optimization parameters.

Proposition 3.1.2 Given the probability distribution of the finite-alphabet inputs, the achiev-

able rate expression in|3.19 is concave with respect to the power splitting factor, p.

Proof: See Appendix [C]
According to Proposition [3.1.2], there exists a global optimal solution which maximizes

the achievable rate when the probabilities of the finite-alphabet inputs are fixed. On the
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other hand, if the power splitting factor p is given, the mutual information expression in
(3.18n) is concave in the marginal probability distribution of the finite-alphabet input p; [92].
Since there is always a tradeoff between improving information transfer rate and satisfying
the required harvested energy, it is necessary to adjust the probabilities accordingly. As
mentioned above, these are determined using the static or dynamic slope characteristics
curves. Hence, once those are determined, the optimization problem (PR:3.1) equivalently
becomes minimization of a convex problem since I(X,Y") is concave function of p and the
constraints are convex. Thus, Kahun-Kurush-Tucker (KKT) conditions are necessary and

sufficient for global optimality, and hence we have

o2 010g h(p, v1, v2)
ZWNO [ e PO ) g 4t 1~ 20 =0 (320

where

£(0) = Rp) - e (x — (1= p)En) = o1 Zmpz (g-n) G

and

h(p, vy, v2) Zp e lotoatt o] (3.22)
From the complementary slackness conditions, i.e.,

i (x = (1= p)En) =0

pop (L —p") =0 (3.23)

1
i D; —p; | =0,
(IS | )

it is clear that p, = 0 and p; = 0 since the feasible solution lies 0 < p <1 and 0 < p; < ﬁ
for yx < x™*. When the demand reaches the maximum achievable harvested energy, the

solution is p* =1, and p; =0Vi ={1,2,--- ,N—1} and Py = |3_%v| Therefore, for y < x™*
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after several arrangements ({3.20)) is simplified as

€—|v|2 M 2. 1y/2
£ {—h( [;m—w 7l + o el ﬂ] } —c (2

P, V1, Uz)

where C' = wNyu.Ey is a scaler quantity. Despite the difficulty in formulating closed-form
expression for the optimum splitting factor, p*, it can be easily obtained using standard

numerical tools.

Algorithm 1 SWIPT with finite alphabets input

1: Given: X', M
Require: maXI (X;Y)

2: Determine the number of energy levels using -
3: Initialize p* =1 and p' =0, p(0) = - [1 1+ 1]1m
4: p(0) = 0.5(p" + p')

5 n <0

6: repeat

7. repeat

8: Determine I(X;Y') for p(n) using p(n), and R" = I(X;Y)
9: Determine X = Z_;;(n)

10: Determine signal probabilities based on X

11: if Static Slope then

12: Apply the relation given in (3.10))

13: else

14: Use for dynamic slope characteristics
15: end if

16: Solve for p

17: Determine I(X,Y) using

18: n<n+1

19: Update p(n) using bisection method

20.  until [/(X;Y) - R" <e

21:  Update p, using gradient method

22: until |p,(n) — ue(n —1)] <e

23: Determine the optimal signal probabilities at the transmitter and power-splitting factor
at the receiver
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3.1.4 Numerical Analysis

In this section, we provide numerical results considering 16-QAM constellation where the
transmitted signal energy per second is limited by the peak value, 2W. As we can clearly see
from Fig. there are three different energy levels, denoted as pc € 81, pg € Sa, pa € Ss,

and hence there are two increments, k = 2, for the harvested energy level with X5 = 0.5F,,,.

16 QAM Constellation

Figure 3.3: 16-QAM Constellation

Figure 3.4} illustrates that non-uniform probability distribution using either static or
dynamic slope characteristics outperforms time-sharing and uniform probability distribu-
tion, and this becomes more significant for higher A values. In the absence of harvested
energy constraint, i.e., Yy = 0, uniform probability distribution among the finite alphabet
input signals is optimal, and hence selecting only the highest energy alphabets hurts the
achievable rate without any benefit. In addition, for time-sharing scheme, each incremental
demand for harvested energy degrades the data rate linearly. This is because, this scheme
shares the operation time interval for the information-maximizing (uniform distribution) and
energy-maximizing (highest energy alphabets) inputs, and as y increases less time will be

allocated to transfer the information. On the other hand, with uniform probability assign-
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ment approach, the power splitting factor p is varied to satisfy the energy demand while
tracing maximum information transfer rate. Despite its benefit to favor information trans-
fer, lower splitting ratio for higher Xvalues hurts the overall performance, and this leads to
time-sharing scheme to achieve better data rate for certain ranges of harvested energies as

can be seen from the figure.

i, — Static slope
- - Dynamic slope

Uniform probability
Time sharing

w

—h
T

0.5E

Information rate (bps/Hz)
N

A
Y

o
A
Y

10 20 30 40 50
Min. required harvested energy (uJ)

Figure 3.4: Rate-Energy tradeoff characteristics

Meanwhile, the significance of static over dynamic, or vice versa, depends on the net
impact of signal probabilities and power-splitting factor. Intuitively, assigning higher prob-
abilities to those alphabets with higher energy level allow to harvest more energy but hurts
the achievable data rate. However, harvesting more energy in a given duration encourages to
allocate more power to the ID component, i.e., higher p, which in turn benefits information
transfer. Therefore, balance between the gain and the loss in data rate due to p and non-
uniform probability assignment, respectively, determines the tradeoff characteristics. From
Fig. |3.bal, we observe that as X increases, higher energy level signals become more likely

for transmission in the dynamic slope approach as expected. This enables the receiver to
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harvest more energy within a given duration compared to the probability distribution deter-
mined by static slope characteristics. As a result, the information-decoding circuitry shares
the power more favorably, i.e., p increases as can be seen in Fig. [3.5bl The net effect of
these parameters, i.e., probability distribution and power-splitting factor, is observed in Fig.
3.4l According to the numerical results, we can observe that the gain in p due to dynamic
slope characteristics is not significant for lower harvested energy constraints, and this implies
more weight should be given to information rate under these circumstances. However, as the
energy demand exceeds a certain threshold, it is advantageous and efficient to ignore smaller

energy level alphabets and adjust probability distribution accordingly.

3.2 QoS-Driven SWIPT with Multiple Users

In this section, the optimal power control scheme that maximizes the throughput as well
as energy-efficiency for SWIPT with arbitrary input distributions in the presence of delay-
limited sources are investigated. We apply the above-mentioned non-uniform probability
assignment schemes to adjust the input probability distribution of each transmitting node

based on the corresponding channel characteristics and harvested energy constraint.

3.2.1 Preliminaries
System Model

We consider a system where multiple delay-limited transmitting nodes communicate with a
receiver over a wireless link as shown in Fig. [3.60l Assuming that each component is equipped
with a single antenna, the transmitted signal from k" source node during i** symbol duration
is selected from finite alphabets denoted by S = {XF, X5 ... X%} with |S;| = M, indicat-
ing the cardinality of the signal set. In addition, the input signal has a certain probability

of occurrence denoted by p; = Pr{X = X]k} where j € {1,2,--- ,my}, and it is limited by a
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Figure 3.5: Effect of X on optimization parameters for 16-QAM

peak energy constraint i.e., | X|* < Ey.

While harvesting energy, each user stores received data packets generated by a delay-
sensitive source that requires certain statistical QoS guarantees described by the QoS ex-
ponent . More specifically, the tail distribution of the k' source node buffer is required

to have an exponential decay with the rate controlled by the exponent 5, and the buffer
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Figure 3.6: Multi-user SWIPT model with delay-limited sources

violation or overflow probability is described as

Pr{Qi 2 Quas e e e (3.25)

where Q) denotes the stationary queue length in the k' source node buffer, and Q,,q is
the buffer overflow threshold. This buffer constraint dictates the arrival rates that can be
supported by the wireless link. Each transmitter operates over non-overlapping time intervals

such that

N
Y om<1 (3.26)
k=1

where 73, is the operation interval for node k. The wireless link between the k* source node
and the receiver experiences flat-fading and the channel fading coefficient in the i** symbol

period is denoted by gx[i]. Hence, the received signal in this duration can be expressed as
Yili] = guli]Wi[t] + NTi] (3.27)

where W}, € Sy is the transmitted signal from source k and N{[i] ~ CN (0, Ny) is the circularly
symmetric complex Gaussian noise with zero mean and variance Ny. Furthermore, the
receiver has ID and EH components, and it applies power splitting scheme, i.e., p fraction of
the received energy is allocated to ID and 1—p to EH, in order to carry out the corresponding

operations simultaneously.
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Information Transfer

When multiple sources transmit their message to a common receiver over an orthogonal
interval of duration 7; with ¢ € {1,2,--- , K}, the throughput can be expressed using input-

output mutual information as follows:

(3.28)

fY\Xk,g :|
- [Zm/ fyixi.glog {Zj NAAT dy]

which leads to

R— Z - [_ ZW_NO /Oo /C: —|v|2 log [iilpje[—v—&-wﬁ-lvlﬂ] dV] (3'29)

2

Y —9; X}
where where fy|x, ¢ = W—Noe* No is the conditional probability density function of Y
given X} as well as fading coefficient g = (g1, 92,...,9n), v = Y_—\/]gv%(’“, Y4 = \/SJ]\TO(X’“ - Xj),

and v is a vector consisting of real and imaginary component of v.

Energy Harvesting

Assuming that each source send information-bearing signal from a finite input signal con-

stellations, the average harvested energy at the receiving end can be determined as follows:

Epy = E {Z 7325 [8) | X ] }2 + 02} (3.30)

where z; = |g;|> and the expectation is with respect to both z; and the distributions of
the finite alphabet input signals from each source. Obviously, when energy harvesting is
considered alone, it is more beneficial to assign higher probabilities to those with higher

energy levels among the input signals.
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3.2.2 Optimal Resource Allocation Strategies

Based on the remarks stated earlier, the choice of probability distribution for finite alphabet
inputs depends on the overall objective. Thus, incorporating energy transfer along with
information-bearing signal influences the optimal transmission policy, and in such a case,
better performance, i.e., tradeoff, can be achieved with non-uniform probability distribution.
In other words, alphabets that have different energy levels should have unequal probabilities
for SWIPT. According to Theorem [3.1.1] the number of different energy levels in the finite-
alphabets available for the &' source node, assuming QAM constellation with size my, is

given as

\/% - z> (3.31a)
Mg L i .
Ny = Z ( < z) (3.31b)

where N¥ and N* denote total number of different energy levels of k' transmitting node
when the constellation has square and rectangular geometries, respectively. Except 4-QAM,
constellation size is always greater than the number of unequal energy levels, and this implies
that there exist some signals that have equal energy levels as mentioned earlier. Hence, it is
meaningful to optimally adjust probabilities assigned to each subset S¥, where the superscript
k denote the source node, in accordance with the harvested energy constraint. In Section
3.1, we introduced two novel approaches, but the way probabilities are adjusted are modified

due to the presence of multiple users as follow:

Source dependent static slope characteristics

Probabilities assigned to subsets change linearly for each increment in the required harvested
energy, but the slope which characterizes probability-energy relation is not necessarily the

same for all transmitting nodes. This is because different nodes might experience different
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channel characteristics, and hence the fraction of the total harvested energy obtained from

each node should be determined accordingly. Thus, we have

K
X =) b (3.32)
=1

where X = 1%{), b; = 7,z and & = E{|X;|*}. Therefore, in order to be fair among the

transmitting nodes, the contribution from each node is determined based on its channel

conditions as follows:
X by |?

= —— (3.33)
>0 [bel?
where
K
X=> X. (3.34)
k=1
Therefore, the average energy level from the k™ source node becomes
X
Ep = £, (3.35)
by,

Then, based on (3.10)), the probability-energy characteristic for the k* transmitting nodes

can be formulated as follows:

Pi (&) = 0k + Dl (&) (3.36)

X=0

where pF(X)|,_, = ﬁ defines the signal probability for the k* source node in the absence

k|_|Sk . ]
|S*| |Sm\‘) if X; € Sjli,, otherwise 9, = —

of energy constraints. In addition, 9, = GG GNEa)

where Ex = EF — EF . As can be seen from (3.36)), for a given transmitting node, each
subset probability changes with the same slope which implies p’; = p’S“j, except those of S¥,

and constellation size remains the same, i.e., |S*| until & = & .
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Source dependent dynamic slope characteristics

In this scenario, the probability assignment for the finite-alphabets of each transmitting node
is in such a way that a subset with the lowest-energy signals in the k' source node is assigned
the smallest probability i.e., p’; < p];ﬂ_ for j ={1,2,..., N —i}. In addition, as the fraction
of the required harvested energy from node k increases, a subset with the lowest energy level

from the available active alphabets is discarded, for instance SF from 8% and this process

sc?
continues successively until £, = &* . The probability-energy characteristic curve of each
transmitting node depends on the ranges of harvested energy allocated to the corresponding
source. Hence, various transmitting nodes might enforce different slope characteristics shown

in the Fig. 3.7, and the likelihood of a certain subset (or alphabet) in one node could be

different in the other for the same contribution of harvested energy level.
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(a) Two-level increment for node ¢ (b) One-level increment for node j

Figure 3.7: Probability-energy relation for multiple transmitting nodes with 16-QAM and
8-QAM finite alphabet inputs

Let us denote the required harvested energy in the j* increment for the k** source node as

XX. Then, the probability-energy relation for this node and increment is mathematically
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given as follows:

P, (Er) = 07 E + plY (3.37)

where 52‘” defines the slope of the probability of subset SF in the interval X7 < & <

XJ . and the last term in (3.37) denotes this subset probability when &, takes the lowest

value during the 7% increment. The signal probabilities for each set of energy levels can be

iteratively obtained as mentioned earlier in Section 3.1.2.

Throughput Maximization

In the presence of multiple UEs where information-decoding and energy-harvesting compo-
nents are served by a common receiving antenna and RF chains, there are more variables
to adjust in order to improve the rate-energy trade-off. The achievable data rate of users
operating based on time-division multiple access scheme with finite alphabet input while

applying power splitting at the receiving end can be modified as:

N M ~ M
p —|v — o+ 124 |v)?
Ri(t,p,p) = —ZTZW—]’\}O/ e log [ije[p( ot )}]dv (3.38)
. . <

where 7? is as defined earlier. Thus, the constant arrival rate for i delay-limited source
node depends on the power splitting factor p as well as operating interval 7;, and the explicit

expression for the effective capacity is given as follows:

0;7; [—plvﬂ |2+p|v|2}
NG Zzl:ﬂ?kEv{lng [Z;& pje d

1
Cie(eia Tiy Py p) =

loglE
0, og (&

(3.39)
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where p = [p1,p2,- - ,pn]. Based on Proposition m, it is obvious that the achievable

OR;(Ti,p) iS log_

data rate given in is concave with p, and 7; as well. This implies that e
convex function, and hence the effective capacity given in [3.39|is jointly concave with the
uplink operation interval 7; and the power splitting factor p assuming that the probabilities
for the finite-alphabet inputs are known apriori. Therefore, in order to investigate trade-off
between effective capacity and harvested energy by optimally adjusting operating intervals

and splitting factor for the given probability distribution, we formulate an optimization

problem as follows:

N

(PR:3.2) max Cs (3.40a)
’ i=1

subject to (1 — p)&py > X (3.40b)

ZTZ‘ <1 (3.40¢)
i=1

>0, Vie{l,2,-- N} (3.40d)

0<p<l1 (3.40e)

where y denotes the required harvested energy at the EH component. The last three con-
straints specify the domain set of the optimization parameters. Given the probability dis-
tribution, the above problem is in general convex, and hence optimum splitting factor and
operating intervals can be obtained numerically. We develop an algorithm that iteratively

solve the problem as indicated in Algorithm

Energy-Efficiency Maximization

In limited energy resource environment, total energy expenditure to transfer every bit of
information is a critical issue. Basically, energy is consumed to power data processing cir-
cuitry and send the signal to the target destination through a wireless fading medium. Let

P., denote the circuit power consumption of node 7, and assume that it is independent of
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the transmitted power level P; for P; > 0. Hence, the total energy expense of multiple users

over an uplink operation interval of T" seconds becomes

N

Eiw =TP.+ Y mP  (Joules) (3.41)

i=1

where P, = Zfil P.. = NP, and without loss of generality, we assume each node consumes
energy at the same rate. Since the information-bearing signal is used to energize the EH
component, harvested energy should be subtracted from the total energy consumption in
the formulation of the energy efficiency metric in order to reflect the net system energy
consumption, as discussed in the literature [42] [43]. Thus, the effective energy efficiency of

the system is expressed

i O
n(p,p,T) = ! (3.42)
E{TPC + S, TP - x}
where 7 = [r, 72, ,7n] i a vector consisting of each node operating interval. Note

that 7" = 1 in the sequel for simplicity. Any increment in demand for harvested energy
requires additional AP; that could change the system efficiency by An,. In addition, Remark
1 encourages uniform distribution in the absence of harvested energy constraint, but this
might not be the optimal strategy when energy efficiency is considered, as will be discussed
shortly. Hence, it is necessary to formulate optimization problems so as to trace the impact

of harvested energy on the optimal operating points, and determine optimal transmit power
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as well as system energy efficiency. Thus, we have

(PR:3.3)  max 7

27p77

Y n<i (3.43)

>0, Vie{l,2,--- N}

0<p<L

Despite the difficulty in obtaining closed-form expressions for the optimizing parameters

from the above problem (PR:3.3), standard numerical tools can easily be applied to determine

the solution. We provide the procedure in Algorithm [2 to solve (PR:3.2) and (PR:3.3), but

we skip the details for brevity.

Algorithm 2 QoS-Driven SWIPT with finite input constellations

1:
2:
3:

10:
11:
12:
13:
14:
15:
16:
17:
18:

Given: X
for:=1to N do
Determine X, using
Determine the number of energy levels for the node using
Determine corresponding signal probabilities
if Static Slope then

Apply the relation given in (3.30)
else

Use for dynamic slope characteristics

end if
end for
Decide the performance metric
if Throughput Max then

Apply Gauss-Hermit approach to Solve (PR:2)
else

Apply Dinkelbach method to solve (PR:3)
end if
Determine the optimal signal probabilities and power-splitting factor
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3.2.3 Numerical Analysis

In this section, we provide numerical results considering 16-QAM constellation given in Fig.

where there are three different energy levels with probabilities denoted as p; for &1, ps

for S and p3 for §3. The transmitted signal energy per second is limited by the peak value,

2W. In regard to the channel characteristics, we consider two scenarios, namely case X with

g1 < go and case Y with go < ¢g;. The QoS exponential decaying characteristics for user 1

and user 2 denoted by #, and 65, respectively.
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Figure 3.8: Throughput maximization for 16-QAM
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Fig [3.8] illustrates the impact of harvested energy constraint and QoS exponent param-
eter on the overall throughput, i.e., sum effective capacity of the system. More specifically,
Fig. shows the tradeoff characteristics between required harvested energy and effective
capacity, and from this figure, we observe that non-uniform probability distribution using
either static or dynamic slope characteristics outperforms the uniform probability distribu-
tion as the demand hits higher values, and this encourages to harvest more energy by giving
priority for high energy alphabets. Furthermore, the advantage of static scheme over the
dynamic case is a function of harvested energy constraint. In any case, the power splitting
factor is optimally adjusted accordingly, and Fig. describes how the splitting factor p
changes with y. Meanwhile, Fig. |3.8c| characterizes effect of changing 6; on the sum effective
capacity, and as can be seen from the figure, strict QoS constraint hurts the throughput,
i.e., effective capacity decreases with exponential decaying parameter 6. Besides, the perfor-
mance of dynamic and static slope approaches depends on each node channel characteristics
and their QoS constraint parameter. For instance, when user 1 has looser QoS constraint,

i.e., 0 < 65, in scenario Y, static approach achieves better throughput.
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Figure 3.9: EE-Maximization under 6; = 0.1 and 65 = 1.0

On the other hand, the tradeoff characteristics for the system energy efficiency and

required harvested energy is plotted in Fig. [4.7 From the figure, we can see that en-
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Figure 3.10: Operating interval vs. required harvested energy for EE-Max.

ergy efficiency is a non-increasing function and it reduces with x despite harvested energy
is subtracted in the denominator to reflect the net energy consumption. Comparing the
non-uniform probability assignment approaches, static slope characteristics mostly leads to
better energy efficiency in both cases, i.e., Case X and Case Y. The optimal time allocated
for user 1 and user 2 while maximizing the system energy efficiency are illustrated in Fig.
[3.10] as a function of harvested energy constraints. We observe that EE maximization gives
more priority for less stringent QoS constraint under small harvested energy despite the user
might experience smaller fading power, i.e., #; < 0 and g; < go. However, as energy demand
increases, more time is allocated for the node with better wireless link, ant this goes until
x forces only that node to transmit. Similar observation can be made from Fig. [3.10| under
scenario Y with #; > 05. Furthermore, better channel conditions result in more harvested
energy over a smaller duration of time, which leads to higher power splitting factor at the

receiving end.
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Chapter 4

Energy-Efficient Resource Allocation

in Fading Multiple Access Channels

This chapter presents energy-efficient power allocation schemes considering multiple users
operating through fading MACs. First, novel expressions for the optimal power levels that
maximize the instantaneous energy efficiency in a MAC are identified. Then, simultaneous
wireless information and power transfer (SWIPT) is incorporated and optimization problems
are formulated considering two types of antennas architecture, namely separated and com-
mon, for the ID and EH components at the receiving node. In all the cases, energy-efficient
node selection policies and analytical expressions for the optimal transmit power level are de-
rived. In addition, the performance tradeoffs for energy-efficient transmission policies when
SWIPT is incorporated is studied, and the corresponding closed-form expressions for the
optimal transmit power levels are derived focusing on the system energy efficiency while
satisfying energy and power constraints. Furthermore, the impact of peak power constraint
on the optimal resource allocation strategy is characterized. In addition, optimal system EE,
and the impact of harvested energy demand on the optimal EE and other critical parameters
such as power splitting ratio are identified.

Section introduces the system model and illustrates the receiving architecture for
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the SWIPT scenario. In Section [£.2] energy efficiency maximization problem is formulated
for multiple access channels, and closed-form expressions for the optimal power allocation
strategies are derived. In Section wireless power transfer is incorporated with infor-
mation transfer, and optimization problems are formulated considering harvested energy

constraint. Numerical results are discussed at the end of Section [4.2] and [4.3]

4.1 System Model

We consider a wireless multiuser network in which N transmitting (TX) nodes send information-
bearing signals on the same frequency band to a receiving (RX) node through a multiple

access channel as shown in Fig. Each TX node is equipped with a single antenna,

- O
----- - @
T™@ hode k

TX node j

X node j

TX hode |

Figure 4.1: Multiuser model in multiple access channel

and the transmitted signal from node i € § = {1,2,--- , N} in the k* symbol duration is

X;[k] ~ CN (0, P;k]) with instantaneous power P;[k] € P where
P={r:o<pr <Pl (4.1)
i€S

The RX node has information decoding (ID) component and, if SWIPT is being considered,
it has an energy harvesting (EH) component as well. The ID component applies successive
interference cancellation to decode the information from the received signal. We first study

energy-efficient resource allocation among the TX nodes focusing on information transfer
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Figure 4.2: RX architecture for SWIPT

only. Then, we analyze system’s energy efficiency with SWIPT. In this case, we consider two
scenarios as shown in Fig. 1.2l As can be seen, ID and EH components, in the separated
architecture, have independent antenna and RF chains to collect the signals, whereas a single
antenna is used in the common antenna architecture. In the latter model, power splitting
scheme is applied to share the received signal proportionally, e.g., /p : v/1 —p to ID and
EH components where p denotes the fraction of power allocated to the ID component.

In regard to the wireless channel, we assume that the link between any TX node and
the receiver experiences frequency-flat fading. The complex fading coefficient for the channel
between ¥ node and an information-receiving antenna during k" symbol duration is denoted

2

by r;[k], and the channel power gain, h;[k] = |r;[k]|?, is constant over a block length T

and changes independently to a new value based on its probability distribution. Similarly,

b source and the

gilk] = |2[K]|? is the normalized channel power gain for the link between 4*
EH receiving antenna in the case of separated architecture, while h;[k] is again denotes the
channel power gain for the ID component. Furthermore, it is assumed that channel side

information is available at both ends. Therefore, the received signal at the destination in

the k' symbol duration is given as

Y[k =) wiX;[k] + N[K] (4.2)
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where w; € {r;, z;} depending on the ID-EH receiving antenna architecture, and N[k] ~
CN(0,1) is the complex Gaussian noise component at the receiving antenna with unit vari-

alnce.

4.2 Energy Efficiency in MAC

In wireless communication systems, user energy efficiency (EE) can be quantitatively mea-
sured by bits of information reliably transferred to a receiver per unit consumed energy at
the transmitter. In the presence of multiple users, it is also relevant and meaningful to con-
sider the system EE. For instance, the consideration of the system energy efficiency enables
us to allocate resources in such a way that the overall energy usage becomes more efficient.

With this motivation, we consider the system energy efficiency, which is defined as

Throughput

B bits/Joule). 13
" Total consumed energy (bits/Joule) (4.3)

In this chapter, we focus on the instantaneous achievable data rate per unit consumed energy;,
and given the fading state realization, sum-rate capacity over a block interval of T" seconds
is

Roumlk] = T'log, (1 +3 %[k]) (bits/Hz) (4.4)

i=1
where ~;[k] = h;[k]P;[k]. For simplicity, we eliminate the index k of symbol duration in the
sequel. Based on , sum-rate capacity is maximized when each source transmits at its
peak power level in the absence of average power constraint. However, this might not be the
optimal strategy for MAC when energy efficiency is considered, as will be discussed shortly.

Let’s now consider energy consumption. Note that energy is consumed to power the
data processing circuitry and send the signal to the target destination. Let P, denote the
circuit power consumption of node i, and assume that it is independent of the transmitted

power level as long as P; > 0. However, if no information is transmitted, there is no power
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consumption, i.e., P; = 0 implies P,, = 0. Hence, the total energy consumption of multiple

users over an uplink operation interval of T seconds becomes

N

E(P)=TY (Pci + B) - T(Pc + i PZ-> (Joules) (4.5)

=1

where P = [P, P5,---, Py|, and P, = ZZ]\LI P... We also denote the sum of the circuit

powers of k users as Zle P., = P*. Thus, the system energy efficiency is expressed as

P) - log, <1 + 2521 %‘) '

4.6

It is obvious that the sum-rate capacity and total consumed energy are concave and affine
functions of P, respectively. Besides, both are differentiable. Hence, according to Proposition
2.9 stated in [93], the system energy efficiency given in satisfies the criteria for pseudo-
concavity.

As noted earlier, analytical characterizations of optimal transmission policies and the
corresponding system efficiency have not been addressed in the literature to the best of our
knowledge. Hence, we formulate an optimization problem to determine the energy-efficient

power allocation strategy for fading multiple access channels as follows:

(PR:4.1): max n(P) (4.7a)

subject to  P;(P; — P™) <0 Vi (4.7b)

where P = [Py, P,--+ ,Py] and ¢ € §. The constraint given in guarantees that the
transmitted signal power level from each source node is within the feasible set P. Since
the objective function is pseudo-concave, as noted above, and the constraint is convex, from
Proposition 2.8 and 2.9 stated in [93], Karush-Kuhn-Tucker (KKT) conditions are necessary

and sufficient to obtain the globally optimal solution. This implies that there is a unique
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optimal solution for (PR:4.1).

Theorem 4.2.1 The energy-efficient power allocation strateqy for MAC' is carried out based
on channel power gain, i.e., priority is given to the strongest wireless link, and hence if we
assume, without loss of generality that, hy > hy_1 > --- > hg > hy, the optimal transmit

power level from the it node is given by the following:

P = min {1—2, Pim} (4.8)
where
pog e (19
h;
and
1 Py, = P (4.10a)
“T { 0  otherwise (4.10b)

with &y =1, Qy = 1, Ty = =1 + hyPe. In addition, Ty = Y . (hy — hj)P/"® — 1 4 b, P,
and Q; = 1+ ij:iﬂ hjP® for i € {1,2,---,N — 1}. Finally, W(:) above denotes the

Lambert function. Proof: See Appendix [D}

From Theorem we note that the selection of the energy-efficient transmitting node
depends on the channel gain, total circuit power consumption and the peak power constraint.
For instance, considering the case where only node N is transmitting and the transmission

power is less than the peak P{*, the corresponding optimal transmit power level is given as

eW(th:C_l)+1 —1
P = . . (4.11)

Due to the fact that W(z) is a monotonically increasing function for > 0, we notice that

the transmitted power level reduces with lower circuit power consumption. Thus, energy
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efficiency improves as the power is lowered further and further if the circuit power consump-
tion decreases. In addition, the optimal strategy always requires the node that has a weaker
channel gain to be silent unless the peak power constraint of the transmitting node is active.
For instance, if the solution for the transmit power level of the node with the best wireless
link exceeds the peak power constraint, i.e., Py > P{*, then this node operates at its peak
power level and the node with the second best wireless link transmits an information-bearing
signal to the receiver at power P§_,; and the rest of the nodes stay silent unless Py_; > Pg*,.

Meanwhile, if multiple nodes have the same channel gain as the link with the highest gain,
i.e., hy = hy where k € S, then there will be infinitely many solutions (transmission power
levels) that lead to the same optimal energy efficiency. In such a case, these transmission

power levels can be determined using

4] r
> b= - (4.12)
k=1 N

where w* is given in (D.6)) in Appendix E|, and A = {k: :hy = hy for k € S}. For instance,

considering two TX nodes, becomes P, + P, = P* where P* is the total optimal power
level determined by %, and the above claims can be clearly observed in Fig, where we
plot the energy-efficiency as a function of the power level of each TX node. In the first case,
assuming one has higher channel gain compared with the other, say hy > hsy, the numerical
results illustrate that the global solution is obtained on the P; edge of the P, — P, power
plane, i.e., P, = 1.89 and P, = 0, or it is at the coordinate (0.46, 1.89, 0) on the n — P, — P,
three dimensional space, i.e., lies on the surface of the n — P, plane. This justifies that the
energy-efficient policy encourages node 1 to transmit, when hy > hs, at power level P while
node 2 is kept silent provided that P; does not violate the peak power constraint. On the
other hand, if both nodes have the same channel gain, i.e., h; = hg, any point on the line
Py + P, = P* achieves the optimal solution as can be seen from Fig. [£.3b This supports

the statement that there are infinitely many solutions that satisfy (4.12)).
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Figure 4.3: Energy efficiency (bpJ/Hz) plot for two-TX nodes over a multiple access channel

We also note from Theorem 1 that the optimal power allocation policy for the active
node does not follow the water-filling strategy. Without loss of generality, let us consider the
node with the highest channel gain, say hy, and ignore the peak power constraint. Then,
we analyze the asymptotic characteristics of the corresponding transmit power level, which

is determined by (4.11)), as channel gain goes to infinity and zero as follows.

W(hNPC_1)+1 B 1

h}{;lamoo PN(hN) - h}]lgoo hN
W h]\;Pc)
~e| lim £ - (4.13)
hn—00 hN

N hth%oo W(%)

where the last equality is obtained by substituting the identity property of Lambert function,

W(z)"

ile., e Since W(z) is a monotonically increasing function for x > 0, we conclude
that the optimal transmission power level is reduced as channel gain increases, unlike in the
water-filling approach.

On the other hand, as hy — 0, we can apply L’Hopital’s rule to determine the asymptotic
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Figure 4.4: Optimal power allocation with four TX nodes

value for very low hy values as follows:

d_ | ety
s

i, Pt = Jim, S

B limy,, o W("2E=2) (4.14)
im0 PP (L4 W(REET))
W(=3)

S TEWED

Using the fact that W(—1/e) = —1, we can clearly see that limy, 0 Pnv(hy) = oo. This
implies more power is allocated as the channel gets worse similar to the channel inversion
policy, and the required transmitted power level is unbounded for very small Ay .

As noted earlier, the transmitted power level from each TX node depends on the total
circuit power consumption and peak power constraint, and we justify this using numerical
results. It is assumed that there are four TX nodes with the peak power constraint P ALY
or 37dBm where i € Q = {1, 2, 3,4}. The bandwidth of the transmitted signal is assumed to
be 10MHz, and the receiver noise is assumed to be white Gaussian with power spectral density
—140dB/Hz. We assume that the channel fading gains are hy = —44dBm, hy = —42dBm,

hs = —41dBm, and hy = —40.5dBm at the carrier frequency of f. = 900 MHz.
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Fig. [£.4] and Fig. illustrate the effect of circuit power on the system energy efficiency
and optimal power allocation strategy, respectively. More specifically, from Fig. [4.4al and
Fig. [4.4D] we observe that P, = 0 for i € Q when P. = 0, i.e., if the circuit power is negligibly
small, the strategy which benefits energy-efficiency encourages the TX nodes to transmit
at lower and lower power levels. We also notice that, for P. # 0, the node which has the
best channel link, i.e., node 4, is always active, and its transmit power level increases with
P.. In addition, when the optimal transmitted power level of node 4 reaches to its peak,
ie., P/ = P the node with the next best channel link, i.e., node 3, could be allowed to
transmit depending on the value of P, as shown in both figures. For instance, in region B,
node 4 is operating at its peak while node 3 is silent, whereas in region C node 3 becomes
active. In region D, both node 4 and node 3 are at their peak power level, but node 2 and
node 1 are still in silent mode. Furthermore, comparing Fig. |4.4al and Fig. |4.4b| we see that
when those nodes with better channel links have limited peak power, energy-efficient power
allocation strategy allows other nodes with weaker channel conditions, such as node 1 and 2
in this example, to transmit as P, increases.

In regard to the energy efficiency, each increment in P, hurts the average EE as shown in
Fig. [£.5] and for very high circuit energy consumption per unit time, few bits of information
will be transmitted per joule of total consumed energy. Moreover, when there are unequal
power constraints and those with better channel gains, such as node 4 and node 3, have
limited peak power as indicated in Fig. [£.4D| the system operates at a lower efficiency

especially if the circuit power consumption is relatively large.

4.3 Energy Efficiency with SWIPT

Energy efficiency is essential in the presence of limited available resources, but this can be
further challenging with SWIPT as there are additional optimization variables to control and

constraints to satisfy. In this section, we study these issues and provide optimal resource
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allocation strategies while taking harvested energy constraints into account. Since the phys-
ical architecture of receiving antennas and RF chains have direct impact on the analysis
of energy efficiency and the corresponding optimal parameters, we consider an architecture
with separated antennas and an architecture with a common antenna for the ID and EH

components in the following two subsections, respectively.

4.3.1 Separated Antenna Architecture

In this scenario, TX nodes broadcast information and power simultaneously to ID and EH
components that have independent antennas and RF chains to collect the transmitted signal.
Since the information-bearing signal is also used to energize the EH component, harvested
energy should be subtracted from the total energy consumption in the formulation of the
energy efficiency metric in order to reflect the net system energy consumption, as discussed

in the literature [42] [43]. Based on this remark, the system energy efficiency for multiple
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access channels is given as follows:

log, (1 + 2511 %‘)
N K+ Zf\il B

ns(P (4.15)

88

where k = Po — # denotes the total circuit power consumption minus the harvested

energy per unit time, with the harvested energy expressed as

N
En,(P)=TB8Y gP,  (Joules) (4.16)
=1

where ( € [0, 1] denotes energy conversion efficiency. Without loss of generality, we assume
that 7" = 1 in the sequel. Since it is not possible to harvest more than the transmitted
amount, we have k + > P, > 0.

In SWIPT, each TX node transmits a signal not only to send information to the ID
component but also to energize the harvesting device. Hence, it is necessary to formulate an
optimization problem in order to trace the impact of energy demand at the EH component

on the optimal operating points and system energy efficiency. Thus, we have

(PR:4.2) max ns(P) (4.17a)
subject to & (P) > x (4.17Db)
P(P,—P") <0 VieS (4.17¢)

where y denotes the required harvested energy at the EH component, which is limited by
the capacity of the energy storage device. describes an energy harvesting constraint
that needs to be satisfied by the optimal solution in addition to the power constraint given
in . Any increment in demand for harvested energy requires additional transmitted
power AP; and this could change the system efficiency by An,. For the ease of analysis, the

above optimization problem is split into two cases based on the harvested energy constraint.

66



Energy constraint satisfied with strict inequality

When the constraint is satisfied with strict inequality at the optimal operating point, i.e.,

5 (P*) > x, the information-bearing signal can be transmitted at the energy-efficiency-
maximizing power level. In this case, harvesting more than the demand is feasible, if the
battery has enough capacity to store any additional harvested energy. Otherwise, there is
an energy overflow, and only portion of the available energy can be harvested. Hence, y will
be deducted instead of &, (P*), and this in turn modifies . From these, we observe that

the net energy consumption relies on the battery capacity, denoted as B, and hence we have

{ Pe—-&,(P*), B>x (4.18a)
K =

Po—x B = . (4.18Db)

In order to determine the energy-efficiency-maximizing input, optimization problem (PR:4.2)

is reformulated as

log, (1 + i %)
max N
P K+ b (4.19)
subject to  Py(P; — P™) <0 Vi

(PR:4.2a) :

Regardless of whether « takes the value in (4.18a]) or (4.18b)), the denominator is still convex,

and hence the objective function maintains pseudo-concavity. Therefore, KKT conditions
are still sufficient and necessary for global optimality. The following proposition provides an
analytical expression for the optimal transmission power level when the energy constraint is

satisfied with strict inequality.

Theorem 4.3.1 We again assume, without loss of generality that, hy > hy_1 > -+ > hy >
hy. Then, for the separated architecture, the corresponding energy-efficient power allocation
strategqy under a loose energy harvesting constraint, i.e., when 0 < x < x*, s given by the

following:
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. ew(hi%_l)“—l
P’ =min < &; . , P (4.20)
where
Pi
£ B > 4.21
o—)ig X (4.21a)
P.—x B=x, (4.21D)

and & 1is the same as defined in and (4.100) with now P} given in being

applied. In addition, x* is the harvested energy level at which the constraint starts being

active.

Proof: See Appendix [E]

Under the given assumptions, Theorem demonstrates that the user with better
channel conditions has the priority to communicate with the ID receiver, and power the EH
component as well, in order to maximize the system energy efficiency. Furthermore, it is
interesting to observe that P decreases for each incremental Ay in the case of B = x, and
the reason is as follows. First, it is immediate that ® decreases with increasing y. Knowing
that Lambert function W(z) is a non-negative and increasing function for x > 0, V0 is

also an increasing function. Thus, incremental demand Ay reduces W(%)

. Therefore, we
conclude that the optimal transmit power P’ reduces further until y = x* based on .
Intuitively, an increase in x reduces x and this in turn shifts the energy-efficiency maximizing
point to the left, i.e., towards the origin or zero. Note that the power allocation policy given
in is optimal provided that the demand for harvested energy is below the threshold x*,

i.e., the harvested energy constraint given in (4.17b)) is inactive. However, when the demand

exceeds this threshold, the constraint becomes active and this case is treated next.
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Active energy constraint

When the energy demand is beyond x*, the constraint in (4.17b)) becomes active, and hence

the constraint is satisfied with equality. Thus, we have

log, (1 + Zfil ’Yz')

(PR:4.2b)  max ~ (4.22a)
P Po+ Zizl(l —9:) b

subject to &, (P) = x (4.22Db)

P, < pme (4.22¢)

P>0,i €{1,2,---,N}. (4.22d)

Here, the constraint in (4.22b)) enforces the power allocation strategy to meet the demand

while maximizing the energy efficiency. As noted earlier, the objective function in (|4.22al)

satisfies pseudo-concavity, and the constraints given in (4.22b) and (4.22¢) are affine and

convex, respectively. Thus, the optimization problem (PR:4.2b) is a concave-linear fractional

problem [93], and its Lagrangian is given by

N N
L=+ u(ﬁﬁw ) S k(P — B+ Y 6P, (4.23)
i=1 i=1
where i, k; > 0, ¢; > 0 denote Lagrange multipliers, and

b logy (1420, %)

nt = . 4.24
P.+Yr,(1—g)P, (4.24)

Since (PR:4.2b) is a concave-linear fractional programming optimization problem, the KKT

conditions are both necessary and sufficient for global optimality, and are given by

on} _
aP+“ 8]3 Uy g4 =0, (4.25a)
w (g,jv ) —0, K(PF— P™) =0, P =0. (4.25b)
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Incorporating the complementary slackness conditions, i.e., k7 =0 and ¢; =0 for 0 < P; <

P into (4.25al) and applying the derivatives, we get
EYP)h - ¥(P)d = puln(2)g (4.26)

where Z(P) = (1+ZjV:1 %-) (PC+2§V:1(1—gi)PZ-) and U(P) = (PC—FZfV:l(l—g)i)Pi)_l In (1+
Zfil 'yi>. In addition, h = [hy, ko, -+, N], g8 = [¢1, 62, - ,gn] andd = [1—g1,1—go, -+ , 1—
gn]. From , it is not easy to get a closed-form expression for the optimal transmit power
level. Meanwhile, in the presence of two-nodes, the complexity is reduced and it is possi-
ble to derive analytical expressions for the optimal solution. Moreover, in this setup, the
impact of y on the energy-efficient transmit power level of the TX nodes can be explicitly

characterized as stated in the following proposition.

Proposition 4.3.1 The energy-efficient SWIPT power allocation strategy for two-user MAC
with separated architecture in the presence of an active harvested energy constraint is given
by the following:

(a) If hy > hj and g; > g; fori € {1,2}, then

pr=X
X €NXx. = ” (4.27a)
Pr=0
)
ey L ) PSR
X € (Xa: X™] = . (4.27b)
P? = min (X 9ily ,pjmx>
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(b) If h; > h; and g; < g; for i € {1,2}, then

pr=x
XE€Nx) = ” (4.284)
Pr=0
\
( . jEW(g)H_ i—h; +
B = (g gjhi—gi’glj X>
X € (X" = (4.28D)

95

* : xX—9i P} me
P = min <—1, P;

J

* . X_ng]m:c ma
P’ = min <g—’ ]DZ

x € (X', x™ = (4.28¢)

Py = pre

where x' and x™* denote the mazximum energy that can be optimally harvested from user
1 and the mazimum achievable harvested energy from both users, respectively. In addition,
X" denotes the energy demand at which user j starts transmitting at the peak power level.

hy

1—g; hig;—h;g;
Furthermore, A = aP, + X(g—f%a — g—) —1, and a = —lzj_,gfgl.
J J J 4

Proof: See refer to Appendix [F]

From Proposition 4.3.1, we observe that once the demand exceeds the threshold y*,
the harvested energy constraint overrides the energy-efficiency-maximizing solution, and the
transmitted power level changes linearly with y. In addition, the optimal policies depend
on the wireless link characteristics between each node and the ID and EH components.
For instance, assuming h; > hs, it is more energy-efficient to keep node 2 silent and allow
node 1 to transmit until it reaches its peak power level provided g; > ¢o. On the other
hand, when ¢g; < g9 while hy > hs, keeping node 2 silent is energy-efficient only if the
demand for harvested energy is below yj;. However, once the energy constraint exceeds xj,
it becomes more advantageous to utilize resources from both users according to the power
allocation policy given in (4.28b). This implies that better energy efficiency can be achieved
by introducing node 2 instead of increasing the transmitted power level of node 1 by an

equivalent amount. For yj < x < x”, there is a tradeoff between choosing a node which has
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better channel link with the ID, node 1 in this case, and a node which has better channel
link with EH component, i.e., node 2. As can be seen from the power allocation policy in
(4.28b), more weight is given to node 2 until it utilizes its full capacity so long as the demand
increases within the range xj < x < x”. This is because, for a given increment Ay in this
range, allocating additional power AP to node 2 instead of node 1 in order to satisfy the
demand results in a linear gain of dp = (g2 — g1)AP, and this becomes significant compared
to the logarithmic loss log ((h1 — hg)AP). Based on the EE expressions given in and
, more will be subtracted in the denominator if AP is allocated to node 2 to instead
of node 1, and this achieves higher energy efficiency despite the reduction in the rate (the

numerator) since hy < h;.

Corollary 4.3.1 Given the harvested energy demand, the optimal system energy efficiency
for a two-user MAC under separated antenna architecture for ID and FH components with

hy > hg is given as

( hq logy(w™®)
X <x* 4.29
) —14 (P — x) +w* X=X (4.292)
s\ X) = log, (1 —
2o (14 (hi—azg1) Pi+azx) -
o 7 );X <X <X (4.29b)
P.+ (1- 9—2)P1 + bax

where ay =22 by =L — 1, and
92 92

Lt €W(71+h1e(Pcfx))+1‘

(4.30)

Proof: The optimal energy efficiency can be easily obtained by substituting the expressions

for P} and P} given in (4.27))-(4.28) into (4.15]). [

According to the above characterization stated in Corollary 1, we observe that n(x) is
always an increasing function of harvested energy demand for x < x*. This is because the
numerator in (4.29a)) decreases logarithmically with w* (which decreases with increasing x)

while the denominator reduces only linearly with w*. Hence, the ratio becomes an increasing
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function of y. On the other hand, for x* < xy < x™*, we can see that n¥(x) is neither an

increasing nor a decreasing function of y, and in such instances energy efficiency is generally

log, (az+b)

2+a - Thisis clearly a pseudo-concave function, and there exists

expressed in the form of
a point beyond which efficiency starts to decrease for each increment in y. Therefore, energy

efficiency is maximized when the harvested energy demand reaches a point at which

On; (x) _o. (4.31)
aX X=Xpt
Applying ([£.31)) to (4.29b)), we get
a9 _ b log(agx + 1+(h1_a2gl)P1> =0 (4 32)
azX + 14 (hi—azg1) P bax + Pot (1 = %)Pl |
which leads to
Wl -7 =x (4.33)

where Z = agx + 14 (h1—agg1) Py and s = Z—j(Pc + ( — %)Pl) — (14 (hy—a2g91) P)). Thus, the

optimal solution for x,,: can be expressed using the Lambert function as follows:

»

1
Xopt = a—z W

e

—|—(h1—a291)P1 —1]. (434)

4.3.2 Common Receiving Antenna Architecture

In this scenario, each TX node transfers both information and power simultaneously to ID
and EH components that are physically connected to a common receiving circuitry, i.e.,
common antenna and RF chains. Thus, for supporting harvesting and decoding operations
at the same time, the received signal power is split between ID and EH components based

on the ratio p : 1 — p as noted earlier in Section 4.1. Hence, the energy efficiency depends
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not only on the transmit power level, but also on the power splitting factor p, and we have

R(p, P)
c 7P - 4.35
B Pe+ 300 P~ &, (p, P) 39
where
N
R = log, (1 +p Z %> (bps/Hz) (4.36a)
=1
N
£ = B(1—p) ( 3 hZPZ-) (Joules). (4.36b)
=1

In the co-located architecture, each incremental value of the harvested energy demand is
satisfied at the expense of information transfer, i.e., lower data rate, and this is due to the
power splitting factor p. In such a case, allocating power so that EH harvests more than the
demand is not energy-efficient. Therefore, the necessary as well as sufficient condition is to
satisfy the energy harvesting constraint with equality, and hence, given the energy demand

X, the splitting factor during the k* symbol duration can be determined as follows:

p= [1 . ﬁ} ' (4.37)

where [x]" = max(z,0). The splitting factor is lower bounded by the condition at which
the demand reaches to the maximum value, x"**, that can be supported by all the available
resources. At this point, the received signal power is allocated to the EH component only,
and if the desired harvested energy goes beyond this threshold, energy outage occurs.

Having said this, the energy efficiency formulation for MACs in this scenario can be

simplified further by substituting (4.37) into (4.36a)) as well as (4.36b)), leading to

Py log, <1 + ZZ]\; Yi — X) (4.38)
n.(P,x) = ) )
Po + Zﬁil P —x
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Given the harvested energy demand, both the achievable rate and energy efficiency depend on
the transmitted power level from each source, and as the demand changes by some increment,
AY, so does the optimal transmit power level. Thus, in order to analytically illustrate the
impact of harvested energy on the system energy efficiency and provide the optimal strategy,

we formulate an optimization problem as follows:

(PR:4.3) max Ne(P, Xx) (4.39a)
subject to P, < P (4.39b)
P >0, (4.39¢)

Indeed, the objective function is a pseudo-concave function for the same reason stated ear-
lier. Note that the harvested energy constraint has already been taken into account in the

objective function while substituting the splitting factor.

Theorem 4.3.2 We assume, without loss of generality that, hy > hy_1 > --- > hy > hy.
Then, the energy-efficient power allocation strategy for SWIPT in MAC when the ID and

EH components are physically connected to a single receiving circuitry is given as

0 sx<x™
Pr=9 B sxm<x < (4.40)

B > X

where
w( Gtdix) 1 N «
€ ( © )+ _1_Zj:1,j7éihj13j +X

p—
h; ’

(4.41)

c; = hiP§+Z£17j¢i (h,- — h])P]* —1,d; =1—h;. In addition, X" and xI"* are the threshold

7

harvested energy levels at which the transmitted power from node i reaches peak and node

1+ 1 becomes active, respectively. Note that xN" = 0 and x7'* is the mazimum energy which

can be harvested from all source nodes.
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Proof: See AppendiqG] [

As can be seen from the explicit expressions given in , the optimal strategies for
energy-efficient SWIPT with power splitting scheme at the receiving end is neither water-
filling nor channel inversion. In addition, the node selection criteria and the corresponding
optimal power allocation policies directly depend on the wireless channel conditions and
harvested energy constraints. For instance, for lower energy demand, node with the best
channel condition is prioritized to transmit while keeping those that experience poor condi-
tions silent. However, after the demand for the harvested energy enforces the selected node
to utilize its full capacity, i.e., the node starts transmitting the signal at its peak power,
each incremental demand, Ay, can be satisfied either by allowing the node with the second
best link to transmit or by optimally adjusting the power splitting factor at the receiving
end without activating any other node. The latter approach is the optimal solution for a
certain range of harvested energy. As the demand increases further, allowing the node with
the second highest channel power gain to send information and power becomes the best
strategy rather than adjusting p. In such instances, the transmitted power level of this node
is optimally adjusted to maximize the system energy efficiency while complying with the
energy demand. With an increase in Yy, this procedure continues until the node with the
weakest link is required to transmit at its peak power.

Note that the energy efficiency expression given in is always a decreasing function
of x, and in the next corollary, we provide an explicit expression for the optimal energy

efficiency using the power allocation strategies given in (4.40)).

Corollary 4.3.2 The optimal enerqgy efficiency for the TX nodes with a receiver having 1D
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and EH components that operate using the power splitting scheme s explicitly given as

,
h c;+d; x
oty (w(s2) 1)
citdix
(cieriXJreW( e )+1>
1 145N ppme_
089 +Z]:2 V] X

<P2+Z§V:i ijz_X>

X < x <X

(4.42)

3
D)
I

X< x <X

Proof: Substituting (4.40]) into (4.38) and simplifying the expressions completes the proof.ll

4.3.3 Numerical Analysis

In this section, we provide numerical results considering four transmitting nodes (similarly
as considered in Section III) for the co-located ID-EH setting. For the case of separated
architecture, we assume two nodes since analytical expressions are explicitly derived for this
setting. The transmitted power level from each node is upper bounded by P™* = 5W. The
corresponding normalized average channel gains for ID and EH components are E{h;} =
—41dBm, E{hy} = —44dBm, and E{g,} = —43dBm. For the link between Node 2 and EH
receiver, we have considered two cases: E{g2} = —45dBm and E{g>} = —41dBm in order
to investigate impact of channel conditions on the optimal strategy and overall performance.
In regard to the EH receiver model, we assume that the device is able to utilize the harvested

energy with § = 1.

Energy Efficiency

Fig. |4.6|illustrates the quasi-concave characteristics of the optimal energy efficiency for the
two-user MAC in the presence of the harvested energy constraint. As can be seen from Fig.
[4.6a] for the separated ID and EH components with separate receiving antennas, system
EE improves with the harvested energy demand so long as this demand is satisfied with
the EE-maximizing input. The threshold or boundary for this condition depends on the

peak power constraint and channel conditions. Further increase in harvested energy demand
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Figure 4.6: Energy efficiency (bpJ/Hz) under two-user MACs with SWIPT

overrides EE optimality condition, i.e., the constraint forces the system to operate at a point
below the most energy-efficient level. In the separated architecture, the overall performance
depends on the corresponding channel gains of ID and EH components. For instance, when
hy > hy and g; > go, activating user 2 always degrades the system efficiency, whereas if

g1 < go, allowing user 2 to transmit could lead to better efficiency for certain ranges of y.
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On the other hand, the system in the co-located scenario operates at the maximum energy
efficiency point if no energy harvesting is required, and each incremental demand Ay hurts
the system EE. Hence, energy efficiency decreases with the increase in the harvested energy
demand as shown in Fig. [4.6bl Similar characteristics are observed in the case of four-TX
nodes except that more energy can be harvested when all the nodes are forced to utilize their
peak power, at the cost of attaining lower energy efficiency levels, though. Furthermore, the
impact of circuit power on the optimal energy efficiency is shown in Fig. where the total
circuit power is formulated as Po = P,., + P., = P, for some a > 1 when both users are
active. As can be seen, when the second user becomes active, in region B, the additional
circuit power consumption reduces the energy efficiency. Indeed, the upper most curve in
region B corresponds to the case of @ = 1.0 in which P., is negligible/ignored. Note that
the second user circuit power consumption has no effect on the threshold at which this user

starts transmission.

Transmit Power Level

As can be seen from Fig. and Fig[l.9] transmitter and receiver parameters rely on the
harvested energy demand in both separated and co-located architectures. Starting with the
transmitted power level, we observe in Fig. that P} decreases as the EH component
opportunistically harvests energy in the separated scenario. This achieves better efficiency
for certain ranges of y. Further increase in the energy demand leads to transmission at
higher power levels, and this continues until the peak value is reached for node 1. The
optimal transmit power level is slightly modified as shown in Fig. [6.2b] when h; > hy but
g1 < go. In this case, P, first decreases and then increases with the harvested energy demand
as in regions A and B, respectively. However, P; again starts to decrease in region C when
additional energy obtained from user 2 becomes significant compared with the corresponding
reduction in information rate. This continues until the harvested energy demand cannot be

satisfied by user 2 as in region E where P, = P™* and P, < P™".
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Figure 4.7: Effect of circuit power consumption

In regard to the co-located scenario, any increment in y results in additional transmit
power level regardless of the number of TX nodes. Besides, the node with the next better
channel condition can only be triggered to transmit provided the other nodes that experience
higher channel gain already transmit at their peak power level, and this is clearly shown in
Fig. and [£.9b] Furthermore, the effect of harvested energy constraint on the receiver

power splitting parameter under the co-located architecture with a common receiving cir-
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Figure 4.8: Optimal transmit power for two-TX nodes with SWIPT in the separated ID-EH
scenario

cuitry is shown in Fig. [4.10, The figures illustrate how the optimal splitting factor varies
when the demand y increases, and we observe that p has mostly a decreasing, but sometime
an increasing, characteristics. This is explained as follows. For instance in Fig. the
power splitting factor decreases non-linearly in region A when the UE with highest channel
gain is transmitting. The parabolic characteristics is due to the fact the p depends on both

the harvested energy demand and the transmit power level, i.e., p oc %. Then, in region B
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Figure 4.9: Optimal transmit power in the co-located ID-EH scenario

this UE is transmitting at its peak power, but the other UE is still silent, and hence the
p decreases linearly. Meanwhile, as the demand increases further, the second UE becomes
active and the additional energy is obtained from this user allows to allocate more power to
the ID component. As a result, p increases with the harvested energy demand in region C.

Once both users reach the peak, the splitting factor decreases linearly in region D until it is

reach to the maximum energy level that can be harvested from the users.
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Figure 4.10: Optimal power splitting factor in the co-located ID-EH scenario
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Chapter 5

Energy Harvesting Communication
Networks Under Statistical QoS

Constraints

In the previous chapters, simultaneous transmission of information and power to ID and EH
components that are equipped with either a common or independent antenna architecture
were considered, and throughput maximizing and energy-efficient power allocation strategies
were determined while satisfying harvested energy constraints at the receiving node. In this
chapter, the information receiver is assumed to have embedded power source, but transmit-
ting nodes do not have battery or external power source, rather they harvest energy from
a dedicated wireless power source. Based on the coordination of users to harvest energy
and transfer information to the AP, three downlink-uplink wireless information and power
transfer (WIPT) protocols are considered, and in all the cases, the influence of buffer over-
flow probabilities on the optimal operation intervals and their impact on the overall network
performances, i.e., throughput and energy-efficiency are studied.

The remainder of the chapter is organized as follows: Section introduces the system

model and describes three types of WIPT operation strategies. In Section throughput
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maximization optimization problems are formulated for synchronous TDMA, asynchronous
TDMA and simultaneous operation under statistical quality-of-service (QoS) constraints,
and optimal solution are determined. In Section [5.3] energy-efficient time allocation strate-

gies are obtained for each WIPT policy assuming delay-tolerant and delay-limited sources.

5.1 System Model and Preliminaries

5.1.1 System Model

In this chapter, we consider an energy harvesting communication networks in which an access
point (AP) communicates with multiple users that do not have embedded energy sources.
These users harvest energy from a dedicated wireless power transmitter (WPT) which broad-
casts energy signal with power P, over the downlink channel. Having equally divided time
slots of T sec, wireless energy transfer occurs for a certain duration of each slot. Without
loss of generality, we use a normalized unit for each cycle, i.e., T'= 1. In addition, we assume
that each user fully utilizes the harvested energy in each cycle (or time slot), as noted in [49)]

[56], to support data transmission and circuit power consumption.

() —— T,

ey

e
Wireless Y ! ____________________ >
Power User j Data

Source Sink

E Data source

Figure 5.1: A delay-sensitive multiuser wireless-powered communication system

While harvesting energy, each user stores received data packets generated by a delay-
sensitive source that requires certain statistical QoS guarantees described by the exponential
QoS component 0. Moreover, the tail distribution of the buffer is required to have an expo-

nential decay with rate controlled by the exponent €, and this buffer constraint determines
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the arrival rates that can be supported by the wireless link. Once energy is harvested, users
send information-bearing signal over the remaining time of the slot to the AP. We assume
that all the users transmit their data over the uplink channel in the same frequency band,
and the transmitted signal from the i'* user is denoted by X; where i € S = {1,2,--- | N}.
Note that the uplink power level P; of this user directly depends on the amount of energy
harvested. In regard to the channel, the link between an AP and any user experiences fre-
quency flat-fading, and the channel fading coefficients changes from one block to another
according to the distribution. Besides, the fading remains the same for both downlink and

uplink operation of a given cycle.

5.1.2 WIPT Operation Strategies

As noted above, each user applies harvest-then-transmit protocol, and their coordination to
carry out the downlink energy harvesting and uplink information transfer operations can
be carried out using three difference schemes as will be discussed shortly. Namely, the
scheme are synchronous energy harvesting with time-division multiple access (SH-TDMA)
[49], synchronous harvesting with multiple access (SH-MAC), and asynchronous harvesting
with time-division multiple access (ASH-TDMA) [56], and these are illustrated in Fig.
at the top of the next page. In the following sections, we will analyze and compare the

performance gain achieved under each approach.

SH-TDMA

In this case, the downlink energy harvesting and each user uplink information transfer opera-
tions are carried out over non-overlapping time intervals, and WPT and AP are operating in
half-duplex mode. Hence, all the users simultaneously harvest the downlink broadcast wire-
less power, but they transmit information uplink to the AP based on time-division multiple

access scheme such that

N
Zni 1 —7p (5.1)
i=1
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Figure 5.2: Various WIPT strategies

where 75 denotes the fraction of the time for downlink operation, and 7; is the time allocated

for user 7. Thus, the harvested energy at user ¢ in one cycle can be expressed as
EM = 15|g:|*P, (Joules) (5.2)

where g; denotes the channel fading coefficient between user ¢ and WPT during downlink

operation. Then, the transmitted signal power level from the i** user is given as
B
P = 6i?|gi|2pa (5.3)
K3

where 3; denotes fraction of harvested energy utilized for data transfer while the remaining,

i.e., 1 — (;, is consumed by the circuit.
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Meanwhile, the uplink received signal at AP from the *" user is given as
Uy =hX;,+ N/ (5.4)

where NV = CN(0,1) is the circularly-symmetric complex Gaussian noise at the AP with
unit variance, and h; denotes the channel fading coefficient between user 7 and the AP the

during uplink operation. Accordingly, the instantaneous achievable rate of user ¢ becomes
R; = 7;log, (1+7;) (bps/Hz) (5.5)

where ; = |h;|2P; is the received SNR from user 7 in the k' symbol duration. Substituting

(5.3)) into (5.5) and simplifying the expression, we get

Ri(TB,’Ti) = T; 10g2 (1 + alT—B> (56)

Ti

where a; = (3;|g:|*|hi|*P,. Since the instantaneous service rate of each user is jointly concave
with the downlink and uplink operating intervals as noted in [49], so does the average. Thus,

the total average throughput,

Rtot(T) = E {Z Ri(TB7 Tz)}

=1
N - Ti
=E,{1 1+4a;-2
{08?2}1( —I—aTi) }

where T = [15, 71, -+, 7n], 1S a jointly concave function of 7.

SH-MAC

Similar to the earlier case, wireless power broadcasting and information decoding operations
occur over orthogonal time intervals, and harvested energy at user ¢ can be determined

from (5.2). However, users send information-bearing signals simultaneously over the uplink
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channel throughout the interval 1 —75. Thus, the received signal at AP is written as follows:

N
V=> hX;+N (5.8)

i=1
where NV = CN (0, 1) is the circularly-symmetric complex Gaussian noise at the AP with unit
variance. In order to decode each user’s information, AP performs successive interference
cancellation, and we consider fixed decoding order. Hence, the instantaneous service rate for

the user whose signal is decoded in the i*" order can be determined as

|hil* P,
N
L4+ i b PP

R, = (1 —7p)log, (1 + > (bps/Hz) (5.9)

where the uplink transmitted power from user 7 in given as

P = pi—"

7
1—TB

|gi]* Pa. (5.10)

Substituting this into the service rate is expressed in terms of harvesting interval 75 as
follows:

a;TB

Ri(t5) = (1 — 75) log, (1 + ) (bps/Hz) (5.11)

1 -7+ a1

here a; = ﬁi|gi’2‘hi‘2pa and af = Zj’vzzurl aj.

Proposition 5.1.1 The instantaneous service rate given in s a concave function of

harvesting interval 3.

Proof: See Appendix [H]
Thus, the total average throughput, i.e., average sum-rate capacity in this case, which is

given as

N

i,

Ryt = By {(1 — 75) log, (1 +) a - _BTB) } , (5.12)
=1
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is a concave function of 75 since concavity is preserved under summation.

ASH-TDMA

In this approach, users are allowed to harvest energy until they begin uplink data transfer
as can be seen from Fig. [5.2d and hence WPT and AP are no longer in half duplex mode.
However, each energy harvesting and information transferring operations occur over non-

overlapping time intervals. The harvested energy at user ¢ becomes

i—1
EM = <7’B + Z Tj)_gipa 4 Eodd (Joules) (5.13)

j=1
where 7; denotes the time interval scheduled for this user to send information-bearing signal

uplink to the AP, and Ef% denotes the additional energy which can be harvested from the

transmitted signal by other users. It is given as

i—1

Ejdd = ZTkMk’QPk (5.14)

k=1

where r;; is channel fading coefficient between user ¢ and user k, and Py is the transmitted
signal from user k. As a result, the transmitted power level from user 7 is given as
Bt
P, =p (5.15)

T;

which leads to

0+ S0 ) + Soirag (s i)

T;

P’i :ﬁipa

(5.16)

i i—1 i
TBap + Zj:l Tja;
:ﬁipa
T;
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where a’; and aé’s are weighting coefficients while taking transmitted power level from user
7, and they are obtained from the channels power gains. For instance, in a two-user model,
we have aj; = ¢; and a] = 0, a% = g2 + 1712, and af = gs.

In regard to the uplink operation, users are operating based on time-division multiple
access scheme, and hence the received signal at the AP and the corresponding achievable
data rate during the time interval 7; are as expressed in and . Substituting into

(5.5)), the instantaneous throughput of user 7 in terms of operating intervals becomes

(5.17)

- i1
asTB + > i T
Ri(T;) = 7ilog, <1 + 6; b0 ;j_l ’ J)

where 7; = [15, 71, -, Ti].

Proposition 5.1.2 The instantaneous throughput of user i given in 18 jointly concave

with orthogonal operating intervals T, 7, -+ , 7;.

Proof: See Appendix [}

Therefore, the total average throughput, which is given as

Rioe(T) = ZE{Ri<7i>}7 (5.18)

is a concave function of operating intervals.

5.2 Throughput Maximization under QoS constraints

In wireless-powered communication networks, the time intervals allocated for harvesting as
well as decoding operation, and the power level of an energy-bearing signal transmitted
downlink by WPT are important parameters that can be optimized to improve the through-
put or service rate. In fact, broadcasting a signal at a higher power level enables users to

harvest more energy within a shorter time interval, and this allows to transfer data over a
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longer duration of each cycle. Since the AP is assumed to have a reliable external power
source as mentioned in Section [5.1.1] it always transmits an energy-bearing signal at the
peak power level. Thus, operation time intervals become the only parameters to control for
maximum throughput, and in the following subsections, we analyze impact of QoS parameter

on the optimal time allocation policies.

5.2.1 Optimal Harvesting Time in the MAC Protocol

In this case, energy-harvesting users send information bearing signal to AP through mul-
tiple access channels, and hence harvesting time becomes the only parameter to optimize
for better performance. Knowing that each user harvests energy to support data transfer,
the effective capacity expression of user ¢ given in is modified for SH-MAC scheme by

incorporating the additional parameter 7z, i.e., the harvesting interval, as follows:

1 —®; 1o < —%TB )
C5(0;,75) = —=—log, (E{e B\ }) (5.19)

T0;
where ®; = (1 — 75)0;. The sum effective capacity of users transmitting through a multiple

access channel can be determined by summing up the individual effective capacities:

N

C(0,7p) = Zcf(gz‘,TB) (5.20)

where 6 = [01,65,--- ,0x].

Theorem 5.2.1 Given the QoS exponent 6, the sum effective capacity of the considered

wireless-powered communication network under SH-MAC' operation protocol is concave in

TB.

Proof: See Appendix [5.2.1]

Intuitively, the QoS exponent # has an impact on the optimal harvesting interval, and a

strict QoS constraint requires higher service rates which can be provided if there is sufficient
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time to harvest as well as transmit data. Since these are conflicting requirements, obtaining
optimal duration in the presence of buffer violation constraints while improving the over-
all performance is a challenging task. Hence, we first formulate an optimization problem

considering a single user case, and then extend it to multiple users.

Single User

In the presence of a single user setting, let us denote as user 1, and the optimal harvesting

time can be obtained by formulating an optimization problem as follows:

1
(PR:5.1) max — T log (E {6—91721})

subject to T5(—1+ 75) < 0.

(5.21)

Proposition 5.2.1 The optimal harvesting time for a single user scenario is independent

of the statistical QoS exponential decaying parameter 6, and it is given as

W(L_l)-i-l -1

= - . (5.22)
" a1—|—6W( 151)+1—1

Proof: See Appendix [K]
According to Proposition [5.2.1] it is interesting to see that the exponential decaying
parameter #; does not have an impact on the optimal harvesting time interval. On the

other hand, if the harvesting interval is independent of the fading state realization, i.e.,

Tplk] = 15[k + 1], then (K.3|) given in Appendix [K|becomes

E{e Ry (1 + -ATB ) - @ ~0. (5.23)
1—7’3 1—7’B+Q1TB

Since the Qos exponential decay parameter #; can not be taken out from the expectation,

the optimal harvesting time depends on not only the channel characteristics but also #,. In
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such a case, the solution is obtained by finding the root of the following function

F(rg) = E{6—91(1—TB)IH(F) [m(p) _ ?} } (5.24)

where ' =1+ 1“1—2 and A = lil—lTB In order to guarantee the existence of a unique solution,

we apply the first order derivative, i.e.,

32(;:) E{ {ln(l“) B ?] [%6—91(1—TB)IH(F):| + [6—91(1—73)111@)} {%(mm - ?)”

AN2 a?
Rl (=) @) | (1T — = L >
{6 (Il( ) F) 01+(1—TB)2—|—(1—7'B)6117'B _0’

(5.25)

and it can be inferred from that f(7p) is an increasing function for any feasible
harvesting interval. Furthermore, taking the boundary conditions, 75 = 0 and 75 = 1,
the functional values are f(0) = —a; and f(1) > 0, respectively. Therefore, based on
intermediate value theorem, there exists a unique value of 75 such that 0 < 7 < 1 and
—ay < f(t*) =0 < f(1). Tt is obvious that I' > 1 and A > 0 for a; # 0. Nevertheless, there
is no guarantee whether log, (') — % > 0 Vg € (0,1) despite log,(I') being monotonically
increasing and 1/(T") decreasing functions of 75. Thus, does not necessarily imply
In(T") = %. Besides, it is unlikely to obtain closed-form expressions for the optimal harvesting
interval. Hence, we provide an algorithm determine the optimal harvesting interval from

(5.24)) using bisection method as described in Algorithm .

Multiple Users

In this case, there are at least two or more users having buffer violation probabilities defined
by the exponential decaying parameter ;. The goal is to determine the best time allocation
strategy that benefit the total throughput, i.e., effective capacity, while satisfying the peak

time constraint 7 < 1 over each fading state realization. Thus, the optimization problem
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Algorithm 3 Harvesting interval independent of channel condition

1: Let: f(rp) as defined in (5.24).
Require: 7} where f(75) =0

2: Given €, 7% and 74

3: Initialize 75(0) = 74

4: 1+ 0

5. repeat

6:  Tp(i) =0.5% (Th +7h)

7. Calculate f(75) using
8: if f(rp(3)) * f(75) > 0 then
9: update 75 = 75(i)
10:  else
11: update 7 = 75(1)
12:  end if
13: i+ i1+1

14: until |75(i) —75(i — 1)| < e and |f(75(7))| < €
15: 7 = 15(1)

is formulated as

(PR:5.2)  max C°(0,7p)

B

subject to 7p(—1+75) < 0.

(5.26a)

(5.26b)

The constraint is convex, and it guarantees that the harvesting interval does not exceed

the peak or give infeasible solution, i.e., 75 < 0. From characterization in Theorem and

property of ((5.26b]), we note that (PR:5.2) is a convex optimization problem. This implies

that KKT conditions guarantee global optimality, and hence

o _

0
873

N (7t —15%) = 0.

can be applied where the Lagrange function £ is now defined as

[, = CE(H,TB) + )\(TB[l — TB]).
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Knowing that 0 < 75, < 1 for the reason mentioned earlier, the first order optimality criteria

becomes

N (p.
vee=3%" 9Ci 0 18) _ (5.29)

oT
i=1 B

where VY is further expressed as

\vZe. 6_91‘Rz‘[k’] [1 <H ( ) 13;3 ] (5 30)

= | In(H TB) - - .
C20) (Hi(TB) 4 Hm )HmB)

where H;(15) = 1+ % Here, we can clearly observe that QoS has a direct impact on

the optimal harvesting interval, and each incremental Af; changes the operation time alloca-
tion strategy. However, it is still not easy to explicitly characterize how an increase/decrease
of 0; affect 7g and to provide a closed-form expression for the optimal harvesting time inter-
val as well. Nevertheless, the global points of convex programming problems can be obtained
using standard numerical tools.

We note that the uplink operating interval depends on the QoS exponents, and the upper
boundary is achieved when each user does not have a buffer overflow limitation. In such a
case, i.e., in the absence of statistical QoS constraints, throughput becomes average sum-

rate capacity given in (5.12). In such a case, assuming 0 < 75 < 1, the optimality criteria

becomes
0 TR
Rl (1 ) —0 5.31
ors {( 7p)log, 1+ 11— TB’YT } ( )
which leads to
In (14752 - T —0 (5.32)
1—7p 1—78+7r7B

where yp = Zf\il a;. Following similar procedure as in the proof of Proposition 3, the

solution becomes
2 —1
ThH=— 5.33
R (53
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where

Z* — eW(*lveLWT)+1. (534>

Based on the above analytical result for wireless-powered users transmitting through mul-
tiple access channels, the optimal harvesting interval given in decreases with increase
in ~yr[k]. This in turn implies that higher yr[k] value reduces 7j[k] as shown in Fig. 5.3
Intuitively, better channel gain allows to harvest the required energy within shorter time
interval, and this improves the throughput by encouraging users to transmit information for

longer duration.

o
\l

o
o))

o
o

©
~

Optimal harvesting time
o
w
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o

Figure 5.3: Optimal harvesting time 7}; (Sec.) versus ® = —1 + 77

5.2.2 Optimal Time Allocation in the TDMA Protocol

As noted in earlier for TDMA schemes, energy harvesting users transmit information uplink
over non-overlapping time intervals that are governed by . The corresponding service
rates can be determined using either or depending on how users are coordinated
for the downlink operation. The relation between the wireless-powered user i effective ca-

pacity and operating intervals can be obtained by substituting the above mentioned service
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rates into ([2.5). The simplified expressions are given as

For SH-TDMA

1 —0:7 1o a B
Ci (0,78, 7) = 70, log <E {e oirilogs (1 5) }) (5.35a)

For ASH-TDMA

alyr Zl:llT a
C By 5. 7) = — 1 log@{e—emlogz(l%[]g L k])}) (5.35b)

T6;
where 7; = [7, 71, T2, - -+, 7n|". Thus, the total effective capacity in either case is determined
by
N
Cry(0,7)=> Ct. (5.36)
i=1
where T = 15,71, -+, TN/

Proposition 5.2.2 The total effective capacity of wireless-powered users preserves concavity

under TDMA.

Proof: See Appendix [[J

From Theorem [5.2.1| and Proposition [5.2.2], we observe that the throughput of wireless-
powered users having delay-limited sources preserves concavity over the downlink and uplink
operating time intervals. This implies obtaining effective capacity maximizing operating so-
lution is feasible given the statistical QoS exponential parameters. In the previous scenario,
since energy-harvesting users were simultaneously transferring data to AP, it was necessary
and sufficient to optimize the harvesting time alone. Meanwhile, when these users transmit
information-bearing signals based on TDMA scheme, resource allocation strategy requires

obtaining the set of time intervals for the downlink energy broadcasting and uplink informa-
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tion transfer operations. Thus, we formulate an optimization problem as follows:

(PR:5.3) max Cf,

(5.372)
TB»Ti
subject to (p.1),7; > 0,75 > 0. (5.37b)
The Lagrangian of (PR:5.3) is
N
L(T) = Ciy — @(TB +) T 1) (5.38)
i=1

where © is the Lagrange multiplier for the constraint. The solutions of (PR:5.3) can be

obtained from the corresponding dual problem, which is given as

max min L£(7). (5.39a)
subject to (5.370)). (5.39b)

Knowing Cf, is a concave function and the time constraint is convex, (PR:5.3) is a convex

optimization problem. Thus, the KKT conditions

oL
oL
5 =0 (5.40Db)

o (Tg + ﬁ: e 1) —0 (5.40¢)
=1

are necessary and sufficient for optimality. The complementary slackness condition implies
©* £ 0 if the optimal total duration is the same as the symbol interval. Intuitively, maximiz-

ing the throughput requires harvesting more energy and transferring information for longer
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period of time, which in turn enforces

N
Th + E Tr =1
i=1

(5.41)

Since first order optimality criteria given in ([5.40|) depend on the Lagrange function, or more

specifically the objective function, we provide the details for synchronous and asynchronous

TDMA schemes separately as follow.

SH-TDMA

Similarly as in [29] and [94], the maximization problem (PR:5.3) can be equivalently ex-

pressed as the following sub-optimal minimization problem,

. 1 . )
i e (1va)

1=

subject to (5.370),

and the corresponding Lagrange function given in (5.38)) becomes

N

L= ZE{(l%—az ) ein}—@(TB‘f’éTi—l).

Then, applying ((5.40a)) and (5.40b)), we get

N
TB\—0;1i—1
VETB:;ai(l—kai?f) —O0=0
VL. =(1 0l (140 B) - " | g
( e ZTi) ( +ai7_i) 1+azT5 o

which leads to

ziln(z) — z(14+ ©;) =

100

(5.42a)

(5.42b)

(5.43)

(5.44a)

(5.44D)

(5.45)



where zi = 1+ ai% and @z = @T(l + ai:—?)eiﬂ

The above equations in (5.45) have a

form X In X —aX = b, and after several manipulations as in the proof of Proposition 3, the

corresponding solution to (5.45)) is given as

) |
%= W(e(1160)° (5.46)

Hence, each user optimal uplink operating time interval is expressed as

L (5.47)

7 *
zF—1

Substituting (5.47)) into (5.41)), and solving for 7}, we get

1
Th=————— (5.48)

N a;
1 + Z’i:l z;‘—l

ASH-TDMA

In this case, some users can harvest while others are transferring information to AP, and
the corresponding the expression for each user’s effective capacity and total throughput
are determined using and , respectively. Substituting these into the objective
function of (PR:5.3) gives us an optimization problem that maximizes total effective capacity
for ASH-TDMA scheme. Following similar approach as to the earlier case, the equivalent

sub-optimal minimization problem becomes

N i i—1 —0iTi
min Z]E (1 + 6 [CLBTB-l-qu a/ﬂk]) (5.49a)
TBsTi

7'.
i=1 v

subject to (5.37b)). (5.49Db)
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From the first order optimality criteria given in ([5.40af), where the Lagrangian function in

this case is

(2

i) _iE <1+6‘|:aiBTB+ZZ_11 aZTkD —0;7; o (T +§:T_ 1) (5.50)
= i - B i ) .
; =1

we have

T;

N ' (Ii TB‘f‘Zi_l CLi T —0;7;—1
VL., :Z@-aZB (1 + 6 [ B k=l K D -0. (5.51)
=1

Similarly, the explicit expression for (5.40b)) using (5.50)) becomes

N i
—0;7; i L QA 0.7 —
VETZ, = (1 + 52.771) 4 |:1Il (1 + Bzmz) — 1 f ;J}:| + Z BT‘J (1 + ﬁjxj) Oimit -0 (552)
il j—itl
where }
o aiBTB + 22;11 ATk
K3 7_2 M
After few manipulations, we have
where
N 0
0; = (1+ fixi)|© — Z (1+ ﬁjxj)_ejTj_lf] : (5.54)
j=i+1 J

This equation is similar to (5.45), and can be solved following the same procedure using
Lambert function. Thus, the optimal uplink operation interval for each user can be implicitly

expressed as

Bi <aiBTB + 20 aiTk>W(e*(1+@§))
Ti = 1— W(e(1+0D) (5.55)

102



Therefore, once the total time interval required for information transfer is known, the optimal

initial harvesting time can be determined as

Th=1-> 1. (5.56)

Since the expressions given for the optimal operating intervals in both SH-TDMA and
ASH-TDMA cases are implicit functions, solution can only be obtained numerically using
an iterative procedure. Note that the above downlink energy broadcasting and each user
uplink data transfer time intervals are determined for the given the dual parameter, and sub-
gradient approach can be applied to iteratively update © until the solution converges to the

optimal value. We provide an iterative algorithm to solve (PR:5.3) as shown in Algorithm

z1]

5.2.3 Numerical Analysis

In order to justify theoretical characterizations, we provide numerical results considering two
energy harvesting users communicating with an AP. We assume that the uplink and down-
link channel of a given user have the same characteristics, and the corresponding magnitude
square of fading coefficients are exponentially distributed with means i and 9—12 for user 1
and user 2, respectively. For the asynchronous harvesting - TDMA scheme, we consider two
cases, namely ASH-TDMA4 and ASH-TDMAZ?, for comparison purpose. ASH-TDMA# de-
notes the scenario discussed in Section |5.1.2| where the harvested energy at user ¢ is governed
by [5.13] On the other hand, ASH-TDMAP® considers the same situation as illustrated in
Fig. except that users harvest only from downlink broadcast signal as noted in [56], i.e.,
Efd = () in[5.13]

Fig. illustrates the impact of downlink transmitted power level and user exponential

QoS decaying parameter 6 on the network throughput, i.e., sum effective capacity. As can

be seen from [5.4a], broadcasting an energy-bearing signal at higher power level, in general,
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Algorithm 4 Sub-optimal interval for TDMA under QoS

Require: 7}, and 7/ Vi € {1,2,--- N}

1: Given €, aq, a0, -+ ,ay
2: Initialize k = 0, and 75(0), 71(0),-- -, 7x5(0)
3: Initialize r = 0, and £(0)
4: repeat
5.  repeat
6: fori=1toi= N do
0;7; (k)
7. 6: = 0T [1+ ;2|
8: O} using
9: end for
10: if Nov-TDMA then
11: Calculate 75(k + 1), using
12: fori=1toi= N do
13: Calculate 7;(k + 1) |5.47
14: end for
15: else
16: fori=1toi= N do
17: Calculate 7;(k + 1) [5.55
18: end for
19: mpk+1)=1-3N 7(k+1)*
20: end if
21:  until |7(k)—7i(k—1)|<e, and |rp(k)—7p(k—1)| <e
22: r=r+1

23:  Update O(r)
24: until O(r) —O(r — 1) <e
25: 77 = 7;(k) and 75 = 75(k)
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Figure 5.4: Impact of downlink transmitted power P and user 2 exponential decay parameter
6, on sum effective capacity Cf,,

improves the network throughput as expected. This is because, if the received downlink
signal at each user has relatively higher power level, sufficient amount of energy can be

harvested in shorter duration which leaves more time for the uplink information transfer.
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Comparing the various types of WIPT operation protocols, asynchronous energy harvest-
ing is the best approach for throughput maximization of a wireless-powered communication
network. In addition, we observe that allowing one user to opportunistically harvest energy
from the uplink information-bearing signal transmitted by the other user to the AP provides
additional energy and this increases the total number of bits that can be transferred as can
be inferred from ASH-TDMA® and ASH-TDMA“. On the other hand, Fig. shows
impact of changing user 2’s QoS parameter 05 on the sum-effective capacity while user 1’s
QoS parameter is kept constant at #; = 1. Generally speaking, higher ¢ values, i.e., stricter
QoS constraint, hurts the throughput under fixed downlink transmit power. As can be seen
from the figure, the performance gain of asynchronous harvesting with uplink TDMA over
synchronous harvesting with uplink MAC is dependent on not only the users’ buffer violation
probabilities but also the channel characteristics experienced by each of them. For instance,
assuming both users have the same average channel power gain, ASH-TDMA achieves better
data rate than SH-MAC for any values of 6, > 0. However, if user 2 experiences favorable
situations compared with user 1, i.e., 0o < 01, then loose QoS constraint at user 2 encour-
ages to apply SH-MAC in order to benefit for throughput maximization. This is because
the channel characteristics improvement leads to allocating more time for the uplink infor-
mation transfer which actually benefits both users. Meanwhile, each incremental reduces
the performance difference in the two approaches, and at point P the same amount of bits
is transferred using either scheme. Furthermore, Fig. explains how the average optimal
harvesting time changes with both channel conditions and user 2’s exponential decaying QoS
parameter #. From the figure, we understand that better channel condition reduces the time
allocated for energy harvesting which actually benefits the throughput. On the other hand,
when the user experiences bad channel condition or transmits through worse wireless link,
its buffer violation probability has little impact on the optimal harvesting time, and hence
as 6, becomes more strict less change is observed in 75 under the given channel condition.

Fig. shows explicitly users’ data arrival rates as a function of user 2’s exponential de-
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caying parameter 6, under different channel conditions. From [5.6al we can see that at lower
5 values user 2 achieves higher data arrival rates for both uplink TDMA and MAC schemes.
More specifically, letting this user to harvest while user 1 transmits under ASH-TDMA case
is advantageous. Despite the exponential decreases in effective capacity as 6y takes higher
values, user 2 maintains better arrival rate compared with user 1 until #y exceeds certain
threshold, for instance i.e., #; ~ 1 for SH-TDAM or 6, = 3 for ASH-TDMA. In regard to
MAC, since both users operate simultaneously, strictness of 6, has little impact on user 1
achievable data rate, and both users achieves the same data arrival rate when 6, = 6.5.
This is due to the fixed decoding order applied at the receiving end. On the other hand,
when user 2 experiences better channel condition, i.e., 0o > p1, users data arrival rates and
the corresponding point at which both users attain the same throughput is also changed
as shown in Fig. [5.6b Intuitively, when g, > g1, allocating more time to user 2 improves
the network throughput, but this can hurt user 1’s data arrival rate. From the figure, we
observe that effective capacity of user 1 reduces slightly considering both SH-TDMA and
ASH-TDMA WIPT protocols when user 2 has better channel gain. However, this condition

does not reflect the same characteristics under SH-MAC. This is because, in synchronous
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harvesting with uplink MAC, both users share the benefit of user 2’s channel gain through
the time allocated for energy harvesting and information transfer. Furthermore, compar-
ing Fig. and Fig. [5.6b] user 1 and user 2 data arrival rates improve simultaneously.
However, the effective capacity of both users becomes the same at #, = 2.8 under MAC

protocol, and each incremental value of 6, beyond this point degrades user 2 performance,
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and as a result, user 1 achieves better arrival rate. Whereas, in the case of uplink SH-TDMA
scheme, since user 2 benefits from the channel power gain significantly, higher value of 6,
is expected in order to reach R; = Ry. In other words, the time allocated for each user to
transfer information uplink to AP, more specifically for TDMA scheme, is highly affected
by the buffer violation probability in the presence of delay-limited sources, and the doubly

near-far problem mentioned in [49] depends on these parameters.

5.3 Energy-Efficient Time Allocation

Resource allocation for wireless-powered users considering throughput as a performance mea-
suring metric benefits the uplink information transfer. Meanwhile, energy-efficiency is an-
other compelling performance parameter mainly in energy-limited environment. In this
section, we focus on obtaining optimal time allocation strategies that maximize the sys-
tem energy efficiency of an energy harvesting communication networks. More specifically,
we begin with instantaneous values and determine operating intervals without exponential
decaying QoS constraints. Then, we investigate impact of these constraints on the system

average performance, i.e., effective-EE.

5.3.1 Energy Efficiency without QoS Constraints

The system energy efficiency determines the total number of bits transferred to the AP per a
joule of energy consumed by the system, and in subsequent subsections, we apply this metric

to wireless-powered nodes considering uplink TDMA and uplink MAC protocols.

Under uplink TDMA protocol

In this protocol, wireless-powered users transfer data over non-overlapping time intervals,
and their corresponding instantaneous service rates can be determined using (5.6)) and ([5.17))

for synchronous and asynchronous energy harvesting operations, respectively. It is clear that
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the system expends energy to transfer R bits of information to the AP, and this expenditure
depends on the downlink transmitted power level P, as well as the power consumption of
the circuitry. Thus, the energy consumption rate during the downlink and uplink operations
intervals are given as

Pp =P, + P

(5.57)
Py =P4F

cir

PWPT

WPT and PAP denote circuit power consumption at the WPT and AP, respectively.

where
Note that since the wireless-powered nodes do not have embedded power source, their circuit
power consumption is satisfied from the harvested energy. Hence, it does not need to be
included in [5.57, Therefore, the system energy efficiency, which evaluates the amount of
data transferred per joule of consumed energy in each fading realization, is mathematically

expressed as

( T
log, [T}, (Haﬂ—ff)
Pprg+Py(1-7B)

np(T) = (5.58)

ot +Zi—_1 at
YN, 7ilog, <1+ﬁi [B B kel kb

SH-TDMA

k3

ASH-TDMA.

Pp(1-7n)+Py(1-7B)

Knowing that the throughput, which is the numerator of 1%, is a concave function of
operating intervals in both types of TDMA scenarios as noted in Section 5.1.2 and the
consumed energy is affine function, the system energy efficiency given in |5.58| is Pseudo-
concave claiming Proposition 2.9 of [93]. This guarantees the existence of a stationary point

that maximize the utility function, and in order to determine the optimal set of operation
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time intervals, an optimization problem is formulated as follow:

(PR:5.4) max n7(T) (5.59a)

subject to (5.375]). (5.59Db)

Since (PR:5.4) is a concave-linear fractional problem, Dinkelbach method can be applied
to solve the optimization problem [93]. This method follows an iterative procedure until
the optimal solution which maximizes the system energy efficiency is achieved. Each step
involves solving another convex maximization problem which is defined as

" = argmax F(x) — ang(x) (5.60)

where F(x) is the numerator, and g(x) is the denominator of system energy efficiency given
in . In addition, the parameter a, is a constant for the n'” iteration, and it is updated
iteratively with o, = % until the solution converges to the optimal value. The convex
maximization problem given in is a.k.a. inner loop and it has different description for
SH-TDMA and ASH-TDMA scenarios as will be discussed shortly.
1. Inner loop under SH-TDMA

From the characterization in , the inner loop maximization problem defined in

(5.60) can be reformulated as

N -
min —In ]| <1 v aTT—B) + an<(PD — Pyt + PU) (5.61a)

i=1 ¢

subject to (5.370)). (5.61b)

For the given «,, the problem reflects throughput maximization formulated in [49] except the

additional term oy, ((Pp—Py)tp+Py). The Lagrangian function £ for the above optimization
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problem is defined as

Lirp,T,B) ——lnH(l%—al ) —l—an<(PD—PU)TB+PU>—¢<73+§:Ti—1)
=1

’L

(5.62)

where @ is the Lagrange multiplier for the constraint. Since In H (1 +a; 72 ) is proved
to be concave, it is straightforward to see that the above problem is convex with respect

to the operating time intervals, and hence their optimal values can be determine applying

KKT conditions,

N
o* <Tg +3 - 1) ~0. (5.63a)
=1
oL oL
d = 63b
o7 =0 an o 0 (5.63b)
Thus, we get
N
;H e +an(Pp—Py)—®=0 (5.64)
a;Tp b
1(1 Z)— T =, .
n(1+ = o 0 (5.65)

Similarly as in [49], from (5.64) and (5.65)), we have

N
Zai—lzzlnz—z(1+wi), (5.66)

=1

and the optimal time allocations are given as

zF—1 a;
B = and T; =

SNaj 42— 1 SNai 42— 1

(5.67)
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where w; = a,(Pp — Py), 2 =1+ %, and K = z%;i Thus, the solution to (5.66|) can be
i=1 i

expressed as

-1
o= ¢ . (5.68)

W<(ai - 1)9_(1%))

Substituting ([5.68)) into (5.67)), solution of operating intervals while «, is fixed are explicitly

expressed as

a;i—1 -1
W((ai_ne* <”a"<PD*PU)>>
= —x — (5.69a)
Do @it W((ai—l)e_ (Han(pp_pm)) -1
= S - — (5.69b)

w <(ai—1)e_ (1+a"(PD_PU)) >

Therefore, the optimal time intervals for the downlink energy broadcasting and uplink infor-
mation transfer can be determined by updating iteratively. The procedure for solving
the optimization problem (PR:5.4) considering synchronous harvesting with uplink TDMA
is indicated in Algorithm

Algorithm 5 EE maximization for SH-TDMA scheme using Dinkelbach’s algorithm

1: Given: €

2: Define: F(1) = In Hf\il (1 + ai%) ,
g9(t) = (Pp — Py)t8 + Py

3:n<+0
4: Initialize 75, 7,79, -+ , TN
5. repeat
6: Update 75 and 7; using and , respectively
7. Determine A,, = F(T) — a,g(T)

. _ F(1)
8 Qny1 = oy
99 n+<n+1

10: until |A,| > €
11: Set 75 = 75 and 7 = 7;.

it. Inner loop under ASH-TDMA
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In this case, the inner loop is expressed as follows:

Ti

N i i—1
min _z}i In, (1 +5; 0578+ 2=t aka) +a,C (TN, TB) (5.70a)
i=1

subject to (|5.37b)) (5.70Db)

where C(7y,78) = Pp + Py — Pptn — Pymg. The corresponding Lagrange function L is

given as

E(TB7T76) -

= miln (14 gt ksl +%Gb+%—PmNe%w%4ﬂw+§:n—0
T.
=1

i=1 ¢

(5.71)

where @ is the Lagrange multiplier. As noted in the SH-TDMA case, this problem is also a
concave throughput maximization apart from the additional term. Clearly, KKT conditions
in (5.63) are necessary and sufficient for global optimality. Thus, applying the first order

optimality criteria, we get

oL Biwi o~ Bdl

=In(1 T ) — ——— Il d=0 5.72
87'7; Il( —f-ﬁl’) 1+ﬂzl‘l_’;;11+ﬁjl‘] ( a)
oL Braw B
%—ln(ljtﬁNxN)—m—anPD—@—O (572b)
oL N BZCLZB
3 = 21 o Py —® =0 (5.72¢)

abrp+3 "t al g . . .
where z; = w After several manipulations as in [56], we have
2
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/
where z; = a;x; + 1, 2 = [21, 22, Zic1, Zig1, - 5 2]

N j j i—1 k
(—al +
$i(zi) = ) fiza + ap) s B _ Py +y Pra (5.74)
j=i+1 Z —1
N-1 @ 8,
Vie{l,---,N—1} and ¢n(2zy) = fz L+ an(Pp — Py). (5.75)
=1

Note that ((5.73) is similar to (5.66|), and hence the solution is given as

ab — 1
o= by (5.76)

i W((ﬁz‘aiB B 1)e—(l+¢i(2i))) :

However, since z; depends on the z; where i,j € {1,2,--- , N} but i # j, it is required to

apply an iterative procedure. Then, for a given «,,, the uplink operating intervals can be

Tk i—1 4 _x
expressed as a function of 75 using z} = w and z7 = a;x; + 1 as follow:
1.1
* aBal *
= Bl 5.77
T1 2 — 1B ( a)
2 1.2 1
* apdz @1a1a20p x
= 5.77b
R L s E i -7
(5.77¢)
aNth 4+ SNl
=" *ZH N (5.77d)
2y —1
From the complementary slackness condition, recall that
AT AT+ =1 (5.78)
Substituting (5.77)) into (5.78)), we get
N N i-1 i
apa; ijl a;7; -
;Z;_er+; e a; + 75 = 1. (5.79)
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which leads to

1
5= v ” (5.80)
k=1 % + H(a)

where a is a set of aly and a™ V I,m,n € {1,2,--- , N}, and H(a) is a scalar valued function
which is obtained from ([5.79). We provide an algorithm for energy-efficient time allocation

strategy considering ASH-TDMA scheme as indicated in Algorithm [6]

Algorithm 6 Energy-efficient time allocation for ASH-TDMA scheme using Dinkelbach’s
algorithm

1: Given: € i L
2: Define: F(1) = Zf\il 7; In (1 + ﬁf@%)

3

g(t)=Pp+ Py — Ppry — PyTp

3:n<+0

4: Initialize 75, 71,72, , TN

5. repeat

6: r<0

7 repeat v

8: Determine z;(r) = a; [WM + 1]
9 r<r+1 Z

10: Update z;(r) using

11: until [z(r) —z(r—1)| <e

12:  Calculate 7 using

13:  Update 7; using

14:  Determine A,, = F(7) — ang(7T)
15: Opy1 = %

16: n<n+1

17: until |A,] <e€

18: Set 75 = 7 and 7 = T;.

Under uplink MAC protocol

In this case, users are transmitting information-bearing signals through MAC after harvesting

energy simultaneously from a dedicated wireless power source, and the energy-efficient time
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allocation policy can be determined by formulating the following optimization problem:

(1 — 1) log, (1—1—%)
PR:5.5 min —
( ) TB (PD_PU)TB+PU

subject to ([5.26b)) (5.81b)

(5.81a)

where Pp and Py are as defined in (5.57)). Having a concave numerator and an affine denom-
inator with respect to harvesting interval 75 together with the convexity of the constraint
in (5.26b)), (PR:5.5) is proved to be a concave-linear fractional problem (CLFP). The corre-

sponding Lagrange function is given as

1—-7p

(PD — PU)TB+PU

(—1+ 75) log, <1+m>)

L= + Qrp(1 — 75) (5.82)

where ) is the lagrange multiplier for the constraint in (5.81b). Since KKT conditions
are necessary and sufficient to obtain global solution for concave-linear/convex fractional

problems [93], (K.2a) and (K.2b) can be directly applied to the Lagrange function defined
in (5.82)). Thus, we have

aT
In (1+ ?T:f?) — 14:‘;};3 k(1 —75)In (1—1——'1”?2)

L =0 5.83
liTB—i-PU (KTB+PU)2 ( )

where k = Pp—Fy. Note that the optimal harvesting interval can neither be 75 = 0 nor 75 =
1 for the same reason mentioned earlier, and hence 2* = 0. After several rearrangements on
(5.83), we get

zIln(z) —pz=¢ (5.84)

where z=1+4 %78 ¢ =91 (xrp 1 P;) and ¢ = £ * (ap — 1). The solution to 1' can be

1-7157 Pp

simply expressed as

. £
2 = e (5.85)
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Thus, the energy-efficient harvesting time under uplink MAC protocol with synchronous

harvesting becomes

S
7 = —Ee) . (5.86)

ar + ygeey — 1

Since ¢ is dependent on 75, so does ¢. This shows that (5.86) is an implicit equation, and
it can only be solved using an iterative procedure. Therefore, we provide an algorithm to

obtain the optimal harvesting interval for (PR:5.5) using (5.86]) as detailed in Algorithm

Algorithm 7 Energy-efficient harvesting interval for MAC

Require: 75
Given €, ar, Pp, Py, and k
Initialize 75(0)
r <0
repeat
£ = a]TD—;l(/-WB(r) + Py)
p=¢x(ar —1)
r<r+1
Update 75(r), using
until |75(r) — 7p(r — 1)| <e
75 = 18(T)

[t
<

5.3.2 Effective Energy Efficiency

In this section, we analyze the impact of exponential decaying QoS parameter 6 on the
energy-efficient time allocation strategies. Since effective capacity measures the constant
data arrival rate, i.e. throughput in the presence of delay-limited data sources, we focus
on the effective-EE to determine the number of bits arrived per a joule of consumed energy
by the system. Thus, we formulate an optimization problem considering the three WIPT

operation protocols as follow:

(PR:5.6)  max n°(T) (5.87a)
subject to  (5.268) For MAC (5.87b)

(G.370) For TDMA (5.87c)

118



where

=2

<
Il
—

—0;(1-7p)
1 aiTh In(2)
7o, 08| B (M i=rprarp

MAC

n(T)= i1

3

E{PDTB-l-PU(].—TB)}

T}9- log (]E{e_giTi logp (1+ai:'7]f) })
Z (5.88)

>

=1

SH-TDMA
E{PDTB+PU(1—TB)}

—0i74
n(2)
1og Ed | 148; |:aBTB+Zk 1%%]

ASH-TDMA

\

]E{PD(I—’TN)-I—PU(I—TB)}

Knowing that the sum effective capacity in each case is concave function of operating

intervals as mentioned in Section 5.1.2 and the corresponding denominators of n° are affine,

the above optimization problem (PR:5.6) is generally a concave-linear fractional problem.

Hence, optimal solution can be obtained by applying the Dinkelbach’s method as indicated

in Algorithm [§]

Algorithm 8 Effective-EE maximization using Dinkelbach’s algorithm

1:
2:

10:
11:

Given: €

Define: Cyy = Zf\il Ci(6;, 1)

g(7T) =Total consumed energy

n<+<0
Initialize oy
repeat

T = arg max, {Cyor(T) — @, g(7)} (Inner loop)
Fan) = Ciot(T) — ang(T)

Cro
Qi = S
n<n+1

until |F(7)| > €

* n * __ n
Set 7, = 75 and 77 = 7.
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In regard to the inner loop, we have

N
in — » C7(0;, n
min =3 Ci(0h,7) + ang(T)

i=1

5.89
subject to  ([5.26b) For MAC ( )

(.37) For TDMA

where Cf(6, 1) is as defined in (5.19)) for MAC, and ([5.35al) and ({5.35b]) for SH-TDMA and

ASH-TDMA, respectively. Thus, the corresponding Lagrange function becomes

L=— Z CO,7) + ang(T) + ph(T) (5.90)

where h(7) = 75(1 — 75) for MAC, or h(T) = 75 + Zf;l 7, — 1 otherwise. We note that

the above problem is convex, and hence the KKT conditions are necessary and sufficient for

global optimality. Thus, applying (K.2a)) and (K.2b) on (5.90) considering MAC protocol,

we have
N

aOfQ,TB
3 (¢, 75)

873

i=1 6=0;

assuming that the optimal solution lies 0 < 75, < 1. The explicit expression for V., C¢ is as

given in (5.30)). Similarly, applying the KKT conditions given in ([5.40]) considering TDMA

protocol, we get

For SH-TDMA
;W—&n(PD—PU)_M_O (5.92)

i Zl—l .
I R
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where z; = 1+ a; 2.

Ti

For ASH-TDMA

EN: Bialy (1 + Bi;) o
{(1 + BZJ%) ’Tl}

-1

+ anPU — U= 0
(5.93)

927
7) +a,Pp—pu=20

= OCE (0,

Z B —pu=0, ie{l,2,--- ,N—1}
;

IR

i i—1
apTBH 1 ATk
T

where x; = and

1

VTiCiez ]E{(l N ﬁixi)*em}

6,7 Bi; al ﬂai 07—
{1+ﬁle) |:n(1+ﬁzxz)_TZz$z:|+]§l T] (1+ﬁj J) 1.

(5.94)

After making several rearrangements, the above expressions leads to

Z 806 9“7’ Z @Ce (595)

where

K = (5.96)

for k € {1,2.--- /N —1}. If k = N, then we have K = Pp — Py for both cases. As can
be observed from the optimality criteria, it is difficult to obtain a closed-form expression for
the operating time interval in all the three schemes. However, they can still be solved using

standard numerical tools due to convexity of the inner loops.
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5.3.3 Numerical Analysis

In this section, we provide numerical results to illustrate impact of channel characteristics
and downlink transmitted power level on the system average energy efficiency both in the
absence and presence of delay-limited sources. First, we consider two energy harvesting users

for the ease of demonstration and discussion, but then extend to more number of users.

2.5
2r T MAC
— ASH-TDMAA
- ASH-TDMAB
- - SH-TDMA
1.5F

Average energy efficiency

0-5 ) L L L
0 5 10 15 20
Downlink transmitted power (dB)

Figure 5.7: EE in (bpJ/Hz) vs. downlink transmit power level under g; = gy

Fig. and Fig. [5.§| illustrates the impact of downlink transmit power level on the
average energy efficiency under various settings of statistical QoS constraints. According to
Fig. [5.7, we observe that the performance curve has non-decreasing characteristics which
implies broadcasting the energy-bearing signal with higher power level benefits the energy
efficiency. Intuitively, increasing the downlink power reduces its operation interval which
allows to allocate more time for the uplink information transfer. This benefits not only
achievable data rate but also limits the downlink energy consumption, and overall there is
a gain on the energy efficiency. However, the incremental gain becomes steady under each
operation protocol for higher values of transmitted power P,. Comparing the three WIPT
protocols, we observe that SH-MAC is an energy-efficient approach, and it has much better

performance regardless of channel characteristics and exponential decaying QoS parameter.
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Furthermore, synchronous harvesting with uplink TDMA achieves higher energy efficiency
than asynchronous harvesting with E,;q = 0, but slightly smaller compared with ASH-

TDMAA,

~ —*MAC @ PU=1

: T -=—"MAC @ PU=15

~~] |->~ASH-TDMA @ PU=1
~— ASH-TDMA @ PU=5
— ASH-TDMA @ PU=15| |

Effective energy efficiency

User 2 QoS exponent, 6,

(a) EEcff vs. 6 under various Py values, given g1 = 02

and ; =1
5
§ ‘ ©+ @ ASH-TDMA*
54 —%— MAC
_:% — ASH-TDMA B
54 —-—- SH-TDMA
S 3¢
9 X N
2 A
o) TR
o - e — ke e e
= (o
= Tl ——
ks 1 e e T
i e
0 ,
2 4 6 8 10

User 2 QoS exponent,d,,

(b) EEcps vs. 03 for o1 > 09 with 61 =1 and Py =2

Figure 5.8: EHCNs energy efficiency under different scenarios

In regard to the impact of statistical QoS constraint, Fig. clearly illustrates that
the system performance degrades with respect to the exponential decaying parameter 6. In

general, each WIPT protocol performance depends on the exponential decay QoS parameter,
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channel characteristics and AP energy consumption rates. For instance, assuming that
both users have the same average channel condition, SH-MAC achieves better performance
compared with ASH-TDMA# for smaller power consumption as shown in Fig. , and it
becomes significant as user 2’s exponential QoS decaying factor increases. Meanwhile, as
the uplink energy consumption rate, Py, takes higher values, the performance gap between
the two approaches gets very small, and further increase in the power consumption at the
AP favors ASH-TDMA instead of SH-MAC as an energy-efficient scheme. These can be
explained using how the operating intervals are allocated based on circuit power consumption
and user 2’s exponential decaying parameter 65 as shown in Fig. and Fig. for ASH-
TDMA and SH-MAC protocols, respectively. As can be seen in Fig. [5.94] smaller values of
Py encourages to allocate more time for the uplink information transfer in order to reduce
the energy consumed by WPT during the downlink energy broadcasting phase. Hence, 75
and 71 are relatively very small compared with 7 for Py = 1. On the other hand, for
higher values of Py, harvesting duration significantly increases with 6y while that of user 2
uplink interval decreases exponentially as expected. Similarly, in the case of MAC protocol,
operating intervals are hardly affected by 6, for small value of Py as illustrated in Fig.
b.9b In such cases, the decreasing characteristics of effective energy efficiency shown in
Fig. is mainly due to user 2’s stricter QoS constraint, i.e., #5. Furthermore, higher
power consumption under MAC protocol results allocating more time for energy harvesting

operation as shown in Fig. but less change is observed on the system energy efficiency.

On the other hand, Fig[5.10] illustrate impact of exponential decaying QoS parameter
f on users’ constant arrival rates while maximizing the system effective energy efficiency.
As can be seen from the figures, User 1’s data arrival rate is less affected by the change in
0y under MAC protocol regardless of the channel characteristics, but user 2’s data rate is
exponentially decreasing as its QoS constraint gets more strict. Meanwhile, user 2 achieves

higher arrival rate for TDMA protocol for any 0y value as shown in the figure for o; < 0s.

124



= = =
e fa] ]

Average operating intervals

=
[

——r, BF 15
.........T_H@Fu=15
— - @F 15

(a) Under ASH-TDMA protocol

_ —4—
T ]
T
g
= . —e—tB@Pu=1
‘= 0B 1| —=—x @R, =1
z -4 - 2%
= 4t @F5
5 —H — @PS
o 04 T | ——ry @P =15
=2 - — & — o @FE
3
a

o
[N

—— R a g - —5 5
g —F

(b) Under SH-MAC protocol

Figure 5.9: Average operating interval in (Sec.) vs.

01 = 02

user 2 decaying parameter 6, under

This is because user 2 experience much better channel gain.
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Chapter 6

Full-Duplex Wireless Information and
Power Transfer with Non-Zero Mean

Input

This chapter mainly studies energy-efficiency optimization for WIPT considering a full-
duplex uplink and downlink operations in a hybrid system that consists of energy harvesting
and non-energy harvesting nodes. The significance of introducing non-zero mean component
on the information-bearing signal is well investigated. The system model is presented in
Section 6.1 and throughput maximizing and energy-efficient resource allocation strategies
are studied in Section 6.2, and Section 6.3, respectively. Subsequently, numerical results are

presented and discussed in Section 6.3.

6.1 System Model

We consider a hybrid wireless network that consists of an AP, an energy-harvesting user
(EHU) and multiple non-energy harvesting users (NEHU) as shown in Fig. [6.1 The AP
operates in full-duplex mode in the sense that it broadcasts a deterministic signal denoted as

X 4e7% to the EHU while decoding received information transmitted uplink by the NEHUs.
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Co-phasing is performed at the transmitter, offsetting the channel phase shifts, in order to
harvest additional energy as will be discussed shortly. Each NEHU has embedded power
source and transmits information continuously to the AP, whereas EHU harvests energy
from the downlink wireless transferred power by the AP as well as the uplink transmitted

signal by the NEHUs.

~—~Energy
=== Information

Figure 6.1: Wireless power and information transfer model

Assuming the channel state information is known both at the transmitter and receiver,
each NEHU can introduce a pre-phase-shifted deterministic component in the information
bearing-signal to benefit the harvested energy at EHU. Let us denote the transmitted signal
from i NEHU in the k™ symbol duration by X*[k] ~ N (¢;, o2[k]). Technically, this can be
expressed as follows:

X'[k] = Xi[Kk] + X5 [K] (6.1)

where X! ~ N (0, o? [k]) is an information-bearing component and X% = ¢; is the determin-
istic component that targets energy transfer only. The transmitted signal power is upper
bounded as E{|X'[k][*} = o2 + ¢? = P,[k] < PP*.

In regard to the wireless channel, we assume that the link between any transmitter and
the receiver experiences frequency-flat fading. The complex fading coefficient for the channel

between " NEHU and the AP is denoted by hi, and r; = |h}|? is the channel power gain.
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Similarly, h. denotes the channel coefficient between the EHU and AP. The wireless channel
link between the EHU and i NEHU is denoted by g¢; = |gi|e?%, and 2z; = |g;|>. Hence, the
non-zero mean component of NEHU is shifted in phase by 6,, i.e., X& = ¢;e 7% as noted in
[95], to benefit the harvested energy. The deterministic component can easily be removed at
AP, and hence the received information-bearing signal at the AP in the k*" symbol duration
is given as

Yolk] = > hyXjlk] + Nalk] (6.2)

where Ny[k] ~ CN(0,1) is the complex symmetric Gaussian noise component with unit
variance at the receiving antenna. Thus, the instantaneous achievable data rate at which

the AP decodes the received information in full-duplex WIPT mode is given as

Rr = log, (1 + iv: nv?) (bps/Hz). (6.3)

i=1
where o2 is the information-bearing component of the i NEHU .
Similarly, the received signal at the EHU is expressed as
N
Vi =3 gi(Xi + X)) + heXae 7% + N, (6.4)

=1

where N, is the noise component at the energy harvesting receiver. For simplicity, we
eliminate the time index ‘k’ in the sequel. Hence, the harvested energy at EHU can be

determined as follows:
Em =E{|YE[*}

N N
=Y 1gil* P+ [hePPa + ) 2|1l [he[E{ X5 X4} (6.5)

i=1 i=1

N
= ; <Zipi + Oéi@') +C
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where o; = 2|g;||he|v/Pa, and C = |h.|*P4 are constants for the given fading states. In
addition, we assume that Xp and X4 are independent, i.e., E{X. X} = E{XL}E{X4}.

The harvested energy given in (6.5]) can be rewritten as follows:

N
En(0?, @) = Z <2i<7i2) + Zzz@z + 0%'@') +C
i=1 i=1 (6.6)

= f(o?) + g(8).

where 02 = [0],03,- -+ ,0%] and ¢ = [¢1, P2, -+ , O]

Lemma 6.1.1 If there are two convex functions f(x) and g(x), then their sum f(x)+ g(y)

is also jointly convex with respect to the domain of f(z) and g(y).

Proof: See Appendix [M]
Based on Lemma [6.1.1] the following proposition guarantees that the harvested energy

is a convex function in the domain set.

Proposition 6.1.1 For the wireless-powered node, i.e., EHU, the harvested energy expres-
si0n grven in 1s a convex function of information-bearing component and non-zero mean

component of the transmitted signal from each NEHU.

Proof: See Appendix

Without loss of generality, we assume unit time intervals so that energy and power can
be interchangeably used. Based on and (6.5)), we notice that introducing ¢; could hurt
the throughput, but this might not necessarily be the case when energy efficiency is taken
into account. In the following sections, we determine optimal power control strategies taking

throughput and energy efficiency as performance metrics.

6.2 Throughput Maximizing Power Control Policy

In this case, the goal is to maximize the achievable data rate, and intuitively this can be

achieved if all NEHU transmit at peak power level with zero mean gaussian input, i.e.,
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X4 =0Vie {1,2,---,N}. However, this might not be the optimum allocation strategy
when the harvested energy constraint at the EHU can not be satisfied with zero-mean input
signal, and in such a case, it is required to introduce non-zero mean component on the
transmitted signals from one or more NEHUs. Therefore, in order to trace the impact of
harvested energy constraint on the throughput maximizing power control policy, the following

optimization problem is formulated.

(PR:6.1) max Rr
st. e =X

Knowing that the sum-rate capacity is concave with respect to the information-bearing
component, and the harvested energy is convex, the above formulated problem (PR:6.1) is

a convex optimization problem, and hence the KKT conditions, i.e.,

oL oL
W (Ew—x) =0  wR(P —P")=0 (6.8b)

guarantee global optimality where the Lagrange function is defined as

N N
L = log, <1 + Zrio-z'2> +M< Zz’(U? + @2) + a0 +C — X) + Zfﬂipi(Pz’ - Pipk)‘ (6.9)
i=1

i=1 =1

Intuitively, each NEHU should transmit at peak power level to maximize the throughput,

and hence Pf = P! " which implies that r; # 0 according to the complementary slackness

condition. Thus, 02 4+ ¢? = PP*. If the harvested energy is satisfied with ¢; = 0 Vi €

{1,2---, N}, then the optimal solution is o2 = Pfk. In such a case, we have
N
=3 zP"+C (6.10)
i=1
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and ¢; = 0 holds as long as &, > x. However, if x exceeds this threshold, then it becomes
necessary to introduce non-zero mean component, i.e., ¢? = P’ b 0? # 0. In this case, the
optimal solution can be obtained using ¢2+ 02 = PP* in the Lagrange function, and applying

)

the first order derivative criteria given in (6.8a). From this, we get

oL T 14

007 m@)(1+ XX, r0?)  2y/Pr o2 (6.1)

which leads to
4 r;

2
2 _ ppk

o; =B — 2 <—A(0'2) +'fz') (6.12)

where A(o?) = In(2) (1 +3N rm?). The power control policy given above is an implicit

function, and it can be computed using iterative procedure. Furthermore, the lagrange

multipliers x4 and x; Vi € {1,2,---, N} can be determined using subgradient method, and

detail procedure is given in Algorithm [9]

Algorithm 9 Algorithm for throughput maximization of full duplex WIPT

1: Given: Tolerance €

2: Compute &},

3: if E}, > x then

1 ¢;=002=P% keS={1,2--- ,N}
5: else

6:  Assume of = 07,05 .-+ ,0%,]

7. repeat

8: 73«0

9: repeat

10: for i=1:N do

11: Compute o using ((6.12)

12: end for ’ i

13: JJ+1

14: until o7 — 01.2(].71) VieS

15: update p and k; using ellipsoid method

16:  until ¢ and k; converge to the accuracy e
17: end if

18: Compute ¢; = / P™* — 02 Vi€ S
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6.3 Energy-Efficient Resource Allocation

In this section, we provide energy-efficient resource allocation strategies for full-duplex op-
eration of wireless information and power transfer. As noted earlier, EHU opportunistically
harvests energy from the information-bearing signals transmitted by the NEHUs which are
intended for the AP. This can lead to much better utilization of available energy resources
and higher energy efficiency if the energy demand at the EHU can be satisfied with the
energy-efficiency-maximizing input. Nevertheless, this cannot be guaranteed when the de-
mand increases further. For the ease of analysis, we begin with two-users model and then

generalize to multiple users settings.

6.3.1 Optimal Strategy for Two-Users

In principle, incorporating energy transfer along with information-bearing signal influences
not only the optimal transmission policy but also the conventional definition of energy ef-
ficiency. Hence, when the information-bearing signal transmitted by NEHU is also used to
energize the EHU, the harvested energy should be deducted while analyzing the system’s
net energy consumption as discussed in the literature [42] [43]. Based on this remark, the
expression to determine the system energy efficiency for two-users model, i.e., one EHU and
one NEHU, when transferring R bits of information to the destination while supporting

the energy demand at EHU is given as

log, <1—|—7"c72>
TP AP P

Nes (6.13)

where y denotes the required harvested energy at the EHU.

Proposition 6.3.1 The system energy efficiency n,, s a pseudo-concave function of the

signal components transmitted by NEHU.
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Proof: See Appendix

It is clear that both Ry and &, depend on the transmitted power levels, and any incre-
ment in the harvested energy demand requires additional AP that could change the system
efficiency by An. Thus, we formulate the following maximization problem in order to deter-

mine energy efficient solution given the harvested energy constraint.

(PR:6.2) Inga(;( Npg (6.14a)
subject to  Epy > x (6.14b)
P < PPk, (6.14c)

This is a non-convex problem, and cannot be easily solved using available convex optimiza-
tion tools. However, since the energy efficiency is a pseudo-concave function according to
Proposition and the constraints are convex, Karush-Kuhn-Tucker conditions are nec-
essary and sufficient to obtain the globally optimal solution. Hence, Lagrangian for the

optimization problem (PR:6.2) can be expressed as follows:

L=n,, +7(Emw —x) + AP — PPF) (6.15)

where v and A are the Lagrange multipliers associated with the energy constraint and trans-

mitted power level given in (6.14b)) and (6.14c|), respectively. The corresponding optimality

conditions are

oL oL
Y (Em — X) = A (P* — PP*) =0 (6.16b)
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Applying (6.16a)) to (6.15)), we get

h
Wn(2) _ logy(1+ hao®)

(14 hqo?)(K + P) (K + P)?
_ 2¢logy(1+ hqo?)
(K + P)?

+7he + A =0
(6.17)

+v(20he + ) + XA =0

where K = P.+ P4 — x. For the ease of analysis, we split the problem considering two

scenarios based on the slackness condition given in ({6.16h]), i.e., for the harvested energy.

Constraint Satisfied with Strict Inequality

This case refers to the situation when the optimal solution satisfies the harvested energy in
(6.14b)) with strict inequality, &, > x, while information-bearing signal is transmitted at
the energy-efficiency-maximizing power level. However, we assume that only the demand
can be harvested, and hence it would be fair to deduct y instead of &, from the total energy
consumption for energy efficiency analysis. Thus, problem (PR:6.2) can be equivalently
expressed as

(PR:6.2a) WAX 1)y (6.18)

We know that v = 0 according to the slackness condition, and hence substituting this into
(6.17), we get

h
ﬁ _ 10g2<1+hd0'2) _|_>\:0
(14 hqo?)(K + P) (K + P)?

~logy(1 + hyo?)
(K + P)?

(6.19)
+A=0

However, this equation is not feasible for Yhy; # 0 unless either ¢ = 0, i.e. there is no non-
zero mean component on the transmitted signal by N-EHU, or 02 = 0, i.e., the transmitted
signal does not convey information. In fact, it is more energy-efficient to have o2 # 0 instead
of ¢ # 0 and 0* = 0. Thus, we conclude that transmission of information-bearing signal

with non-zero mean is not needed when the required harvested energy at the EHU can be
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satisfied with the energy-efficient input.

Theorem 6.3.1 The analytical expression for the optimal transmit power when the energy

demand at the FHU is satisfied with energy-efficiency-maximizing input level is given as

ew(hglle(fl)Jrl -1
o? = Vx < x*. (6.20)
hq

where W(-) is Lambert function, and x* is the maximum demand at which efficiency-
maximizing input satisfies the required harvested energy.
Proof: See Appendix [P]

The above theorem explicitly shows how the transmitted power level from the NEHU
changes with the harvested energy demand at the EHU. Accordingly, we observe that an in-
creases in y reduces K, or o2 in general, as the Lambert function is non-decreasing function.
Hence, we claim that the power level decreases with y, and this leads to the fact that op-
portunistically harvesting energy improves the system energy efficiency. Mathematically, let
us first substitute into . Then, the expression for the optimal energy efficiency

becomes
hg

. W(e)+1

e (6.21)

where ) = hyK — 1. Applying first order derivative on ((6.21) with respect to the new

parameter ), we get

Opp __ha_ 0 | W(E)+1
o0 In(2)9Q | + V(2)+1 (6.22)
1 Q 0 1+ W (2) M)+ '
[ (2) - P () o o
Q+6W(z)+1 e e (Q+ew(z>+1)2
After several manipulations, we have
Opp _ (L= DOV (2) + W (2) +1 (6.23)
o (Q + V(212 ' '
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Thus, it is obvious that 82% < 0 and hence optimal energy efficiency function decreases with
each incremental value of €2. However, () increases with a reduction in x, which then implies
EE is clearly an increasing function of the required harvested energy x so long as it is below
the threshold level y*. Within this range, the system energy efficiency improves with the
demand while satisfying the harvested energy constraint with inequality, i.e., &y, > x. The
threshold x*, i.e., the maximum demand which can be satisfied with the energy-efficiency-

maximizing input, is at a point where &,, = x*, and this can be obtained by substituting

(6.20) into (6.5)) with ¢ = 0. This leads to the following equation:
hy(Pe+Pay—x*)—1
ha(xX* —1Ps) = 2 (ew( e )+ 1) . (6.24)

While this is an implicit equation and obtaining a closed-form expression is unlikely, ([6.24])

can be easily solved for x* using standard numerical tools.

Constraint Satisfied with Equality

When the required harvested energy exceeds the threshold y*, the constraint given in (|6.14b)
is active, and in such a case the optimal way is to satisfy the demand is with strict equality.

In such a case, the optimization problem given in (PR:6.2) becomes

PR:6.2
(PR:6.2b)  max 7, 6.25)
s.t. Enw =X

This is a concave-linear fractional problem, and (PR:6.2b) can be equivalently solved using

its dual problem which is given as

min G(v, ) (6.26)

YA
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where G(v,\) = max,2 4 L(0?, ¢,7, ) and the Lagrange function £ is as defined in .
We know that applying the KKT conditions in lead to , but now the solution
for information-bearing component o2 and the mean ¢ of the signal from NEHU depends on
its transmitted power level. Hence, we consider two possible scenarios as follows:

Case I - Inactive peak power constraint: In this case, the optimal transmitted power is
beyond the energy-efficiency maximizing input with zero-mean but it still satisfies the peak
power constraint with strict inequality, i.e., P* < PP*. This forces constraint in
to be inactive, and hence the slackness conditions given in ({6.16b)) result in A = 0. Thus,

substituting this into (6.17)), we have

hd . log(l + hd0'2) _
(1+hwo?)(K+P)  (K+p2 6.27)
log(1 + hqo?) o '

(K+ P2 "7 2

Despite the difficulty in getting analytical expression for the optimal solution of ¢? and ¢,
the above equations in ((6.27) can be easily solved using numerical tools, which then can be
used to evaluate G(, A).

Case II - Active peak power constraint: In such a case, it is required to utilize all the available
resource, i.e., the peak power, to satisfy the harvested energy constraint in . Then,
K+ P becomes a constant given the energy demand, and let us denote this with k, = K+ PP¥.

Thus, simplifying the expressions in (6.17]) according to the current scenario, we have

kohg yak?
= a 6.28
(1 + hd02) 2¢ ( )
which leads to
1
o= (h_d - 02) (6.29)
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where 3 = 0.5yak,. Substituting 0 = P* — ¢? into (6.29)), and solving for ¢, we get

b+ VbV +4e

¢ 2

(6.30)

where b = % and ¢ = hid + PPk Note that these are solutions given the lagrange multiplies,
and hence once 02 and ¢ are determined using either (6.27)) or (6.30) depending the existing
constraints, solutions are substituted into £ to obtain G(v) and iteratively update the la-

grange multipliers. The detail procedure is given in Algorithm [I0, and sub-gradient method

is applied to determine the optimal solution.

Algorithm 10 Algorithm for EE full-duplex WIPT

1: Given: Tolerance €

2: Compute E}, at 02 = PP*
3. if £}, < x then

4: A=0,¢0=0

5. Compute o2 using
6: else

7 repeat

8 Solve ,) for ¢,

9: Compute 02 = PP — ¢

10: update v and A using subgradient method
11:  until v and X converge to the accuracy e

12: end if

13: update the solution for o2 and ¢

6.3.2 Optimal Strategy for Multiuser Settings

Extending the discussion in the previous section to multiple NEHUs, the system energy

efficiency is modified as
log, (1 +3 rial~2>
YL 07+ @7+ Pat P~ x

n= (6.31)

where PK" is the total circuit power consumption of the system. Here, the goal is to deter-
mine an optimal allocation of information-bearing and non-zero mean component to each

transmitting node so that the system energy efficiency is maximized while the harvested en-
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ergy constraint is satisfied. Except adding more parameters to control, neither the pseudo-
concavity of the objective function nor the characteristics of the optimization problem given
for two-users model are changed. Thus, the KKT conditions given in (6.16al) can be directly
applied, and these result the following condition:

% log, (1 + hio?)
i 9 N - N Z2+’}/he+)\i20
(L+hgo?)(K+320,P)  (K+3,0 P) (6.32)

2¢ log,(1 + hyo?
_2¢logy( ]JVF dal)+fy(2¢h6+a)+>\i:0
(K+Zi:1Pi)2

where )\; is the lagrange multiplier for the i** user peak power constraint. From the same
argument stated in the proof of Theorem [£.2.1 an energy-efficient strategy allows the user
with the best link to transmit and keep the rest silent. In fact, this is the true solution
provided that the optimal solution satisfies the harvested energy constraint with inequality.
Any incremental in the harvested energy demand could require to transmit at the peak,
and beyond this point, the decision relies on whether to allow the NEHU with the second
best link to transmit or introduce non-zero-mean at the previous NEHU. Similar approach

is followed when the constraint is satisfied with equality, but details are omitted for brevity.

6.4 Numerical Results

In this section, we provide simulation results to justify the theoretical frameworks presented
in previous sections. For the analysis, we consider that hy; = 0.8 and h, = 0.35. In addition,
P, =10dB and P. = 1dB. In order to compare the performance improvement and identify
the effect of non-zero mean input, we consider two different values based on the channel
characteristics, i.e., &« € {0.1,0.75} and g € {0.1,0.75} where a # ¢ as indicated in the
figures.

Fig. and Fig. illustrate the optimal power allocation strategies based on the

required harvested energy. As can be seen in Fig. [6.2al zero-mean input is optimal until
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Figure 6.2: Performance parameters under more favorable channel conditions between EHU
and AP, ie., a=0.75 and g = 0.75

the demand exceeds a certain threshold. In addition, in this region, the transmitted power

level decreases with y. However, once the demand exceeds the threshold, the transmitted
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power level increases with the demand until the sum of information-bearing and non-zero
mean components reaches the peak. Similar trends is observed in Fig. except that, in
this case, the optimal policy encourages to transmit with zero-mean. This is because the
link between EH and NEHU experiences very bad channel condition. Hence, we observe
that introducing non-zero mean into the information-bearing signal have significance impact
when the wireless link from AP to each user has better channel gain compared with between
the users, i.e., a > hy. Likewise, a < hy encourages NEHU to transmit the signal with
zero-mean as can be seen in Fig. On the other hand, the variance and non-zero mean
component increases with y until the total transmitted power reaches the peak. This is
clearly shown in Fig. , and once P = PP*_ any incremental energy demand is satisfied
by sacrificing the data conveying component, i.e., by reducing 2.

On the other hand, Fig. [6.2bland Fig. demonstrate how the system energy efficiency
changes with the required harvested energy. We observe that the optimal energy efficiency
improves as the demand increases. This is because when the demand is satisfied by the
energy-efficiency maximizing input, opportunistic harvesting leads to smaller overall energy
consumption, i.e., the net consumed energy is reduced. However, this depends on the channel
characteristics, as noted earlier, and the circuit power consumption. This is due to the fact
that each incremental energy demand Ay is satisfied by the increasing transmitted power
level or equivalently the variance of the data signal, and hence there is still a gain in the
number of bits transferred. Whereas, since relatively higher a value encourages introducing
the non-zero mean component when the energy demand increases beyond the threshold x*
indicated in , this hurts the system energy efficiency as can be seen from Fig. m
Although it is difficult to observe the significance of the non-zero mean component on the
overall energy efficiency in Fig. [6.3D] it is more clear to understand in Fig. [6.2D] In this
figure, if NEHU transmits the information-bearing component only, the maximum harvested
energy is much lower than that can be obtained with non-zero mean component. In addition,

while 7 for the zero-mean input starts to decrease, i.e., the slope becomes negative, introduc-
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ing a non-zero mean component achieves better efficiency with positive slope. Furthermore,

it becomes possible to meet higher energy demand with better efficiency in the presence of
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non-zero mean compared with the input having zero mean.
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Figure 6.5: Energy efficiency (bpJ/Hz) vs. peak power level

We also demonstrate in Fig. the impact of peak power level of the transmitted
signal from the NEHU on the variance and non-zero mean component for a given required

harvested energy . As can be seen from the figure, the optimal allocation policies for o2
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and ¢ vary with PP* depending on whether the transmitted power is fully utilized or not.
When the available peak power is higher than the optimal transmitted power level for the
given harvested energy constraint, i.e., P* < PP* the solution of the variance and the mean
become independent of the peak power constraint. In regard to system energy efficiency
NeE, we observe from Fig. that there is an information transfer as long as the available

resource is at least sufficient enough to satisfy the required harvested energy.

Throughput (bps/Hz)

N =T oo =R

Optimal energy efficiency
[e2]

0 s . B L L A n
0 10 20 30 40 0 o 10 . 2? ; 30 | 40
Required harvested energy ( 11J) equired harvested energy ( J)

(a) Energy efficiency maximizing solution (b) Throughput maximizing solution

Figure 6.6: Transmit power level (W) vs. harvested energy constraint al = 0.75, a2 = 0.5,
a and g = 0.75

In the presence of multiple NEHUs, the optimal power allocation strategy depends on
their channel characteristics and the performance metric to maximize. For instance, in the
case of energy efficiency maximization, since UE has higher channel gain both with the AP
and EHU, it starts to transmit until the required harvested energy forces to UE 2 to introduce
non-zero mean component as can be seen from Fig. Further increment in y encourages
to give more weight to the non-zero mean component, and the information-bearing com-
ponent begins to decrease when the total transmitted power from the corresponding user
reaches the peak. On the other hand, in [6.6D] both users transmit at peak power without
having non-zero mean component so long as the harvested energy constraint is not binding.
Once this constraint is active, the harvested energy constraint overrides the throughput-

efficient solution, and hence non-zero mean becomes important to satisfy the additional
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demand. Thus, the information-bearing components of both users decrease with incremen-
tal of x until the demand reaches the maximum energy that can be supported by the users

under the given channel condition.
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Chapter 7

Analysis of Wireless-Powered Cellular

Networks

In this chapter, performance analysis of energy harvesting communication networks with
randomly distributed access points and user equipments is well studied considering three
different scenarios, i.e., downlink WPT and uplink WIT, downlink SWIPT and uplink WIT,
and downlink WPT and uplink WPT with mmWave. In all the three scenarios, average
harvested energy, SINR coverage probabilities, average achievable rate, and system energy
efficiency are characterized as a function of uplink and downlink operating intervals, and
other relevant parameters such as AP density and directivity gain. We introduce system
model and fundamental concepts in Section 7.1. Then, performance analysis is explicitly
carried out for each scenario in Section 7.2, Section 7.3 and Section 7.4. Finally, numerical

results are illustrated in Section 7.5.
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7.1 System Model and Preliminaries

7.1.1 Cellular Networks Model

We consider a cellular wireless communication networks in which APs and energy-harvesting
UEs are spatially distributed according to an independent and homogeneous Poisson point
process (HPPP) ® and &y with spatial density A and A\ypg, respectively. We assume that
these UEs are more densely deployed compared with the APs; i.e., A\yg > A, and hence in
the cellular region partitioned into Voroni cells as shown in Fig. every AP serves at least
one UEs within its coverage area. Without loss of generality, due to Sylvinyak Theorem [90]
and stationary property of HPPP, the analysis is performed for the typical UE located at
the origin of coordinate system. The AP associated with the typical UE is denoted by APy,

whereas the set containing interfering APs is denoted by @ .

Figure 7.1: Voroni tessellation for the wireless-powered cellular network

Physically, UEs are designed without having an embedded power source, but they operate
based on harvest-then-transmit protocol. We assume that APs are directly connected to
external power supply, and every active AP operates in two sequential phases: In the first
phase, it broadcasts a signal with power P, over the downlink channel to energize the nearby
UEs. Indeed, the typical UE harvests energy not only from the associated AP, but also

from the interfering APs located outside the cell. In the case of wireless power transfer,
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Figure 7.2: Downlink energy broadcasting and uplink information transfer

interference has a positive contribution to the performance of UE, i.e., additional energy
can be harvested. All UEs harvest energy simultaneously during the downlink operation
from all the APs located within and outside their cell. Then in the second phase, APs
receive faded information-bearing signals transmitted uplink by these UEs. Since UEs are
highly dense, multiple UEs can be located in a given cell coverage area. In such a case,
we assume that the corresponding AP receives information-bearing signals from each UE
over non-overlapping time intervals. This avoids any interference from the UEs in the same
cell, i.e., intercell interference. However, depending on the distance and transmit power
level, APs may still experience interference arising from the signals transmitted by UEs
in the other cells as shown in Fig. [7.2] Symbolically, 75 denotes the fraction of time
allocated for the downlink operation, and hence T — 7 becomes available for the uplink
data transfer. We assume block fading scenario, and the downlink and uplink operation
intervals remain the same over the consecutive fading state realizations. Without loss of

generality, we use a normalized unit for each block, i.e., T = 1, in the sequel. Similar to
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the remark in [64], UEs can store the harvested energy in a battery equipped with a super
capacitor which eliminates the randomness of instantaneous received power and provides
fixed transmit power. Furthermore, we assume that each wireless-powered user fully utilizes

the harvested energy to support data transmission in one cycle or a communication block.

7.1.2 Channel Model

As noted above, we assume that fading state realizations, channel gain, and related channel
characteristics parameters are constant over a block duration. In order to mathematically
model the wireless link, we consider the distance dependent path loss and the small-scale
multipath fading. More specifically, the path loss model between a UE and the corresponding
AP is given by

g = [max(d,r)]™® (7.1)

where « is path loss exponent, r is the Euclidean distance between the UE and AP, and
d > 1 is used to avoid model inaccuracy for a very short distance [13]. Similarly, g; denotes
the path loss for the i AP and its respective active UE. The probability density function

(PDF) of the distance between a typical user and its serving AP is given as
Fo(r) = 2mAre ™™ (7.2)

In addition, the link between UE and serving AP experiences Rayleigh fading, and the
magnitude square of the fading coefficient, which is exponentially distributed with mean pu,
is denoted by h; ~ exp(u) where i € ®. Note that i = 0 for the serving AP, i.e., associated
to the typical user.

Assuming densely deployed UEs, we stated that each active AP serves at least one UE in
its coverage area. However, how a typical UE is associated to a particular AP needs certain
criteria. For instance, smallest path loss and highest received power are two ways among

other cell association criterion. In this section, we consider that a single cell consists of all
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the UEs that achieve the lowest path loss, which is formulated as

go = min {g(r) } (7.3)

1€d

where 7 denotes the Euclidean distance between a typical UE and a serving AP.

7.1.3 Downlink Harvested Energy

As mentioned above, every AP operates in half-duplex mode, i.e., it broadcasts energy in the
first phase and then decodes the received signals transmitted by wireless-powered UEs in the
second phase. Depending on the distance and strength of the transmitted signal, there could
be considerable interference due to the AP and UEs in the downlink and uplink operations,
respectively. It is obvious that the interference in the second phase reduces the received
SINR and degrades the performance, i.e., throughput. Nevertheless, wireless-powered UEs
benefit from the interfering APs while harvesting energy from the AP within the associated
cell, and this can support to transfer additional bits of information.

Thus, the amount of harvested energy at the typical UE during the downlink operation

interval can be computed using

Egv = 78E § Pahogo + Z P,h;g; (7.4)

1€P\0

where the second term describes opportunistically harvested energy from all active interfering

APs located outside the associated cell. The above equation can be simply rewritten as

E(])WITB(PO—FP]) (75)
:TBP(?v
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and the explicit expressions for Py and P are as follow:

Py =E{ Pahogo }

= uP,E, { [ max(r, d)] _a}

= phy { /0 d d=* fy(r)dr + /d e fr(r)dr} (7.6)
= ”5“ d*“( — e O 1) v 03F<_a2+ 2,0d2)

where I'(a, x) is the incomplete gamma function, and C' = 27 \. In addition, the second

equality above uses the fact that E{h¢} = p. Similarly,

Pr=EQ Y Phig
1€P\0
=E Z Pahi[max(xi,d)]_a

1€P\0

where z; is the distance between the typical user and an interfering AP, and indeed z; >

r. Applying Campbell’s theorem, which states that IE{ Y oseN f(a:)} = )\/ f(z)dz where
Rd

N denotes a stationary point process defined on the d-dimensional Euclidean space, ([7.7))

becomes

Pr =2m\uP, /000 [/TOO [max(u,d)} _audu} fr(r)dr (7.8)

which leads to

—a+2
Py =21 \uP,

d d
/ [.5d‘°‘+2 —0.5d 2 —
; 2

— o a— 2

}f,«(r)dr + /doo rot? fr(r)dT‘]

—Q

(A ) (c e 1)+

— Pa
K 2 \2 2_4 AC

2 C%il —a+4
2 —Cd | 2
{(Cd +1)e 1] 5 4F< 5 ,C’d) .

(7.9)
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On the other hand, the amount of harvested energy at UEs which are not near the generic

AP can be easily determined using

E!" =75 |y Puhy[max(y, )]~
hed (7.10)

=15 Pihv

where y denotes the distance between UE in the i** cell and any active AP.

7.2 WP Cellular Networks with Harvest-then-Transmit
Protocol

In this section, we analyze energy efficiency and throughput of the energy harvesting cellular
networks as a function of the downlink-uplink operating intervals. In fact, there is always
a tradeoff in allocating time for the downlink energy broadcasting and uplink information
transfer since the performance of wireless-powered nodes rely on how much time is allocated
for the energy harvesting operation. In addition, the transmit power level from the APs
as well as their spatial density have an impact on the network throughput and energy con-
sumption. Hence, in our performance analysis, we initially derive the expressions for SINR
coverage probability and achievable data rate as a function of the parameters to be optimized

such as harvesting interval.

7.2.1 Received Signal-to-Interference-Noise Ratio

In the uplink information transfer phase, each UE sends an information-bearing signal to the
AP that has the lowest path loss link. In case there are multiple UEs associated to a given
AP, they will transmit over orthogonal time intervals based on the time-division multiplexing
scheme. As noted above, a typical AP in the uplink phase can experience interference from

the UEs in the nearby cells. But, the overall impact depends on channel characteristics and

153



uplink transmitted signal power level of each UE. We assume that each UE utilizes (8 fraction
of the harvested energy to transmit information while the rest is consumed by the circuitry
to carry out the transmission process. Hence, the uplink transmitted signal power level by

the UE that is associated with the k' cell is given as

TBPI?U

1—TB

By = (B (7.11)

where £ € ®, and ( is the RF-to-DC conversion efficiency, and without loss of generality,
we assume that all UEs have the same conversion efficiency. Thus, the received signal-to-
interference-noise ratio (SINR) at the typical AP over the uplink transmission interval is

given as

aphogo
or+ Zie@\o a;higs

SINRy = (7.12)

where o2 = 02%, ap = CBoPM, and a; = (B P for i € ®\ 0. In addition, g; =
[max(d,y)]~® denotes the pathloss for the link between generic AP and an interfering UE
which is found at a distance y.

The interference from wireless-powered nodes might be small, specially when they are
distant and transmit at low power level, and in such cases, noised-limited scenario is an
approximately best model and further simplification can be done to carry out performance
analysis. On the other hand, the higher density of UEs might result a significant interference
compared with the noise power, and this leads to interference-limited scenario. In the fol-
lowing sections, we formulate mathematical expressions for the achievable ergodic rates and
outage capacities considering noise-limited and interference-limited scenarios, and study the
corresponding system performance. Thus, we begin with a generalized model considering

both noise and interference simultaneously, and then we specifically analyze the characteri-

zation for each scenario.
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7.2.2 Coverage Probability

For energy-harvesting UEs, the uplink transmission coverage probability describes the proba-
bility that the received signal from UEs at a randomly chosen AP exceeds a certain threshold.

Given the target SINR, v, the coverage probability is defined as
P.= / Pr {SINR > fyT’r}fr(r)dr. (7.13)
0

Substituting (7.29) into ([7.13), and simplifying the expression, we obtain

o] I 2\,
P.= / Pr {ho > o Line £ 04)7 |7“} fr(r)dr
0

o

(7.14)

_aTHoE o

:/Oooe ag " E{GXP(SIint)}fr<T)dT

ao

where s = #2272 . — Zi@\o a;h;g;. Applying Campbell’s Theorem to E{ exp(sfmt)} and

computing the expectation over the variable h;, we get

E{eslmt} — ]E{BS 2ica/o aihigi}
—F H e saihiy™®

i€®/0 (7.15)

= exp < — 27\ /OO [1 — E{e’saihiy_a}]yd@

= exp ( — 27?)\/ [&] ydy).
ro Lt saiyT®
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Thus, the probability that the received SINR at a typical AP exceeds a given threshold ~r

in the uplink information transmission phase can be expressed as

o0 ‘73 o o0 ¢
P.= / e e T exp ( - 27r)\/ %yd@ fr(r)dr
0 o Mt sayT

0, o2 . A 2—« -9 2 ; -«
—/ e T exp —L2F1< L, ra ;2__;_5‘@7’ ) fr(r)dr.
0 (=2 + ) a « K

(7.16)

Proposition 7.2.1 In the energy-harvesting cellular communication network, coverage prob-

ability s an increasing function of the harvesting interval Tg under noise-limited scenario.

Proof: See Appendix

According to Lemma [7.2.1], we see that allocating more time for downlink energy broad-
casting improves uplink SNR coverage probability, i.e., as 73 — 1, we have P. — 1. However,
this does not necessarily imply that the achievable data rate also increases with 75 as will

be discussed in the following section.

7.2.3 Achievable Data Rate

One of the performance parameter for the wireless-powered cellular network illustrated in
Section is the number of bits successfully received by a typical AP during the uplink

transmission interval, and mathematically this can be formulated as

R= /OOO E{(l — 75) log, (1 + SINR) }fr(r)dr (7.17)

which can be further expressed as

R /Ooo [/OOO Pr{SINR > fya}fr(r)dr] dt (7.18)
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where 7, = 977 — 1. The inner integral is indeed the SINR coverage probability for the
threshold ~,, and this can be computed using the explicit expression provided in ((7.33) by
replacing yr with 7,. Thus, substituting (|7.33)) into (7.18)), we have

R= /0 OO/OO;%(T, ) exp é—t(r) o ([1, b c; d)) . (r)drdt (7.19)

_ ll"/ao'g ro

where K(r,t) = e a0 " H(r) = —MTE’YZM), b= = ¢c=2-2 andd = —Yajt. This

2—a

is a general expression that takes into account of both noise and interference, and in the

following subsections, we explicitly consider noise-limited and interference-limited scenarios.

Noise-limited scenario

In this scenario, the thermal noise at the receiving end is assumed to dominate the interfer-

ence signal from other UEs outside the associated cell, and in such a case, the rate expression

given in ([7.19) becomes

e —|:c01;;3<21_tTB—1)r0‘:|
Rnp = E,qe dt (7.20)
0

po?re . . . . .
where ¢,(r) = #2-—. Since expectation preserves convexity/concavity and exponential func-

tion is convex, the characteristics of rate expression formulated above depends on the function

t
on the exponent, i.e., H = =& [ZI—TB — 1}. Applying first order derivative to H, we have

B

dH _ (1—7p)277 —1) 2775 —1 | tlog(2)275 (7.21)

dtp T3 B (1—75)78

This is neither an increasing nor a decreasing function of 75, and hence, unlike to the
characteristics of SNR coverage probability described in Proposition7.2.1], it is obvious from
(7.21]) that the achievable data rate given in is not a monotonically increasing function

of harvesting interval.
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Interference-limited scenario

Due to the highly dense network deployment, noise power could be negligible compare with
the aggregated interference power. In this scenario, there is a very strong interference at a
typical AP in the uplink transmission compared to the thermal noise, i.e., 02 < I, and

hence the signal-to-interference ratio (SIR) is derived from the SINR as follows:

7 (CBo P hogo

02+ o) Toag (Cﬁipih”higz) (7.22)

«

SINR =

ahgr™

~="—"—=5IR
2 icw)o @iligi

Since both the information-bearing signal and the interference change by the same factor
IZ—EB given the harvesting interval, it is interesting to observe from |D that 75 does
not have an impact on the received SIR. Nevertheless, the achievable data rate, which is

expressed as

«

o ahor™
Pr{ —=——— > 7, ¢dt| f.(r)dr, 7.23
/o { Zi@/o aihigi } ] ) ( )

RIL:/
0

still depends on the harvesting interval as the threshold ~, is a function of 75. The expression

given in ([7.23) can be simplified as

o] 71_)\,'027& a;
R[L = A ET {exp <— m2F1<[1, b] , CY —’)/aa—())) } dt (724)

where b= =22 and ¢ =2 — 2.
(6% «

7.2.4 Energy Efficiency

An energy-efficient strategy is an essential in the presence of energy constrained nodes in

wireless communication systems, and the system energy efficiency can be quantitatively
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measured as the bits of information reliably transferred to a receiver per unit consumed
energy at the transmitter as well as the receiver. Basically, energy is required in the system
to transmit energy-bearing signal to the harvesting nodes as well as due to static power
consumption including signal processing, cooling, and so on at the AP. Since the circuitry
consumption at the users is supplied by the harvested energy, it will not be included in
the net system energy consumption. Let P? and PY denote the total power consumption
during downlink and uplink operation intervals, respectively. As mentioned above, the energy
consumption during the harvesting interval 75 is due to the transmitted energy-bearing signal
and the required energy to carry out the signal process, i.e., PP = (P, + PP, where % is
the efficiency of the power amplifier. On the other hand, energy is consumed at the APs

during the uplink operation interval in order to decode the received information, and hence

PY = PY. Thus, the average energy consumption of APs in the cellular network is given as
Bt = Atp(PP + CP,) + A(1 — 75)PY (7.25)

where PV and PZ denote the static power consumption of a typical AP. Thus, the system
energy efficiency of a wireless-powered cellular network, denoted as 7¢ey, can be defined as

the ratio of network throughput to the average power consumption of the system, i.e.,

Network throughput
Ptot ‘

Noell = (7.26)

The expression for the cellular throughput of the energy-harvesting network modeled in
Section is given as AR where R is as defined in (7.19). Therefore, the system energy

efficiency can be expressed as

R(75)
TBPIP—i‘(l —TB)P}]

Neen(TB) = (7.27)
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where R € {Ry1, Ri}. Based on the above characterizations, we understand that there is
a trade-off between the time allocated for the downlink harvesting and uplink information
transfer. Indeed, if UEs are allowed to scavenge energy over a longer time, they can harvest
more energy, but there might not be enough time to support data transfer. Thus, it is
necessary to investigate how operating intervals affect the network throughput as well as

system energy efficiency.

7.3 WP Cellular Network with Downlink SWIPT

In this section, we consider that the randomly distributed APs jointly transfers information
and power to the UEs during the downlink operation interval. These UEs are assumed to
be equipped with information decoding and energy harvesting components, and hence the
transmitted signal from the AP not only targets to power nearby UEs but also conveys
information to establish data connectivity. In fact, these users also send their data uplink
to their associated APs using the harvested energy. As mentioned earlier, the analysis is
conducted for a typical UE located at the origin based on the Slivnyak theorem [06]. We
address the performance analysis applying power-splitting scheme at the typical UE, and

details are provided for the downlink and uplink operation intervals as follow.

Phase I: Downlink operation

A serving AP broadcasts a signal to the typical user for an interval of 75 sec., and the

harvested energy during this time can be computed as

E = 15(1 — po) (P + Pp) (7.28)

where p denotes the fraction of power allocated to the ID component. Note that the explicit
expression for Py and Py are as given in (7.6) and (7.9)), respectively. As can be seen from

the equation, the presence of interference allows to harvest additional energy, and hence P;
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could help to allocate more power to the information decoding component which in turn

support data rate. The received SINR at UE, during the downlink operation is given as

Pahogo
o?
=40’ + >icano Lahigi

SINRy" = (7.29)
where 02 is the noise component introduced due to the conversion of the received bandpass
signal to baseband, and in practice, this could be higher than the thermal noise component,
i.e., 02 < ¢2. Intuitively, when the interference dominates the noise power, the SIR becomes
independent of the splitting factor p, and this encourages to allocate more power to the
energy harvesting component. Mathematically, the downlink ergodic rate can be expressed

as

RDY = / E{TB log, (1 + SINR§L> } fr(r)dr (7.30)
0

which leads to

ROM(p,75) = /0 /0 67%227«& exp(— u(ﬂ—)\;—taa) 2o F1 <[17 _2;— a};Q - %; —7;>>fr(r)drdt
(7.31)
where 7, = 275 — 1, and assuming that p; = py = p. It is clear that the downlink achievable
data rate is a function of both the harvesting interval and the power splitting factor. Indeed,
allocating more time for the downlink operation improves not only the harvested energy but
also the downlink information transfer rate. However, performance for the uplink operation,
i.e., uplink data rate, depends on the advantage of the additional harvested energy and the
penalty due to less available time for information transfer.
Similarly, the outage capacity when the generic AP transmit data at a fixed rate during

the downlink operation can be determined using

RDY (75, po) = PP*(po) 75 logy (1 + r) (7.32)
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where PPL is the coverage probability, which is given as

*© P,h
PPL = / Pr { e 090 > 7T|T}fr(r)dr
0 7c + o0+ Zie@\o Pahigi

C ypue? 4 A2~ -2+« 2
= e P e ——F(l, 12— —;— ) (r)dr.
/ Xp( me (Rl ”T)f”

Note that the coverage probability depends only on the power splitting factor, but the

(7.33)

outage capacity is still benefits from longer harvesting interval. Further simplification can be
done considering noise-limited and interference-limited scenarios. For instance, the coverage
probability expression in ([7.14]) under noise-limited scenario becomes

00 2, .a
Bl (73, po) Z/ Pr{ho > %V} fr(r)dr

0 Pola

o (7.34)
:/ e " fo(r)dr
0

Now, the coverage probability is dependent on not only the downlink operating interval
but also the power splitting factor at the UE. In addition to the coverage probability, we
are also interested in the joint complementary cumulative distribution function (JCCDF) of

harvested energy and achievable data rate, which is given as
FPL(R,,x) = Pr {E{REL > Ry, EPL > x} (7.35)
where * € {erg,out}.

Phase II: Uplink operation

In the second phase, UEs send information-bearing signal to their serving AP simultaneously

over the entire uplink operation interval. The transmitted signal power level at the typical
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UE depends on the amount of harvested energy, and it is expressed as

(1 — po)Ey°
1-— B

RYE = (B (7.36)

where E! is as defined in (7.5). Hence, received SINR at the serving AP during the uplink

interval is given as

(1 — po)aohogo
05+ 2icoro(l — pi)aihigi

SINRU: = (7.37)

As can be seen from the above equation, the downlink power splitting factor affects the
performance of uplink information transfer . More specifically, in noise-limited scenario, each
incremental of py at the typical user degrades the SNRS’ linearly, and this has an impact
on the energy efficiency as well as throughput of the system. However, every additional bits
of information transferred in the first phase counts toward the overall performance. Thus,
following similar procedure as mentioned earlier in Section 7.2, the coverage probability and
the ergodic capacity for the wireless-powered cellular network during the uplink operation

interval can be explicitly expressed as follow:

PYE = / Pr {SINR(I{L > ”)/T‘T}fr(’r’)d’f’ (7.38a)
0

RUL — /0 h E{ (1 — 75) log, (1 + SINR{{L) } F.(r)dr (7.38b)

which lead to

S _ Gg o S 1 J— p)ay_a
PCUL :/ e A p)ao” exp(— 27r)\/ s( A ydy)fr r)dr
0 r At s(1—pyagy— (r)

X qppo? ro A2~ -2 2 1—pi)a;r™@
— / e (1TPO)GO exp — LZF:[ ( |:1’ —l_ a:| ; 2 . _; _ 8( p )a T > fT(T>dT
0 K ) @

(-2 4« o i
(7.39)
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and

P et e Ar? e —2 2 1 — pi)a;
Rgrg = / / e (1—pg)ag eXp . TAT 2F1 ([17 + a] 7 2 - = _,yaﬂ) fy(r)drdt
0 Jo 2 Q (

(—2+ a)

Therefore, the total throughput and the system energy efficiency can be computed as

R(tp,p) = RDL + RO (7.41a)
Rtot

T 75(PP ¥ CP) + (1 — )PV

(7.41b)

7.4 WP-Cellular Network with Uplink mm-Wave

In order to increase spectral efficiency, mm-wave is considered as one of promising solution for
the ever increasing demand of bandwidth in Internet-of-Things (IoT) where billions of devices
will get data connectivity. With this motivation, we assumed that randomly distributed APs
can broadcast the energy-bearing signal to the nearby UEs on the unlicensed frequency band,
but these users send their data uplink to the corresponding serving APs using mm-wave
frequency band. In such a case, the channel modeling for the uplink information transfer
experiences different characteristics since the wave length of GHz signals is so small that
the mm-wave signals are very sensitive to the blockage effects [72]. Hence, the wireless link
between the UEs and APs could be either line-of-sight (LOS) or non line-of-sight (NLOS).
According to channel measurements for the LOS/NLOS propagation characteristics, the
probability function for being LOS/NLOS can be modeled as exponential function such that
p(r) = e " where 3 is a constant which depends on the channel characteristics and 7 is the
Euclidean distance for the link between AP and UE. Intuitively, the larger the distance, the
lesser the probability to establish LOS link. In fact, the geometry of the surrounding and the
presence of blockage materials, e.g., buildings, have also significant impact on this probability.

Furthermore, the distance-dependent path loss in both scenarios will be different, and they
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are defined as vy (r) = Kpr~®F and vy (r) = Knpr~ @~ for the LOS and NLOS, respectively.
Note that a; and apyp are the corresponding path loss exponents, and it is expected that
anr > ar. We assume that the typical UE and generic AP adjust their antenna steering
orientations to maximize the directivity gain, and hence UE, establishes LOS link with the
serving AP. However, the interfering links could be either in LOS or NLOS. As noted in the
literature, an equivalent LOS ball, which is an approximate model for the irregular shape of
LOS region, is considered to simplify analysis, and in this section, we assume that the generic
AP certainly has LOS link with the nearby the UEs located at a distance r < Rp where Rp
is the radius of the ball, and otherwise it forms NLOS link. In addition to the path loss,
we assume that the every link between UE and AP experiences a small-scale fading, and
u; denotes the Gamma function for the channel gain assuming an independent Nakagami
fading between a generic AP and UE in the i*" cell coverage area.

Assuming sectored antenna model, the array gains for the main lobe and side lobe are
constant, and denoted by M, and m,, respectively. Note that the subscript * € {u,a}
describes whether the antenna directivity gain is for the UE or AP. We assume that there
is perfect beam alignment between a typical UE and generic AP, ie., G = M,M, where
(G is total antenna array again. Meanwhile, the beam direction of the interfering nodes is
uniformly distributed on [0, 27], and the antenna gain for the link between the generic AP

and the UE served by the interfering AP have a discrete probability which is defined as

(&)  for the gain Gy = M, M,
(é—”> for the gain Gy = M,m,
Py = (%) (&) for the gain G5 = M,m,

<i> (9—“) for the gain G4 = m,m,

(7.42)

where 6, and 0, for * € {a,u} denote the beam width of the main lobe and side lobe,
respectively.

As mentioned above, we apply a new operation protocol, known as harvest-then-(mm-
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W)transmit, in which downlink and uplink operations are carried out over different frequency
bands, i.e, the UEs transmit information in mm-wave frequency band during uplink operation
interval, but the downlink energy broadcasting is performed at lower frequencies. Hence, the

harvested energy at the typical UE is given as

4
Bl = 15E{ PGP hogo + Z Z P.hiGP*g;
ied\0 k=1 (7.43)

:TB(P0+P[)

where GPF is the directivity gain of the antenna array between thel UE and associated AP.

The explicit expressions for Py and P; are as follow:

pPL — E{PaGé)LhogO}

= nP,GY'E, { [ max(r, d)] _a}

d > 7.44
= uP,G* {/ A~ f.(r)dr +/ T_afr(r)dr} (7.44)
0 d
. /LPGGODL —af _ —Cd? % —a + 2 9
= ld ( e +1)+C r( 5 ,Cd>

where I'(a,x) is the incomplete gamma function, and C' = 27\, In addition, the second

equality above uses the fact that E{ho} = u. Similarly,

4
PPY=EQ Y Y PGP hig,

i€®\0 k=1

4
Z]E Z PaGkDLhi[max(xi,d)]
k=1

i€e®\0

—Q

(7.45)

W~

Py

M
I

where x; is the distance between the typical user and an interfering AP, and indeed z; >

r. Applying Campbell’s theorem, which states that IE{ Y oseN f(:z:)} = )\/ f(z)dx where
Rd
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N denotes a stationary point process defined on the d-dimensional Euclidean space, ([7.7))

becomes

Py =27 \uP,GP*E /000 [/TOO [max(u,d)] oludu} fr(r)dr (7.46)

which leads to

Py = 2 \uP,GP*

/d [.5d_o‘+2 —0.5d"7r* — d—a+2] fr(r)dr + /00 e fT(T)dT]
0 d

2 —« a—2
d—o+2 /1 1 ) d— ) cC: ' _/—a+4
_ DL L _—cd @ 2 -Cd?_q 1 2
= 1FaGi 2 <2 2—a>( ‘ +1>+4C {(Cd +1)e 1}'204—4F( 2 ’Cd> ‘
(7.47)

During the uplink operation interval, the typical UE sends information-bearing signal to

its serving AP uplink over mm-wave bandwidth, and the received SINR is given as

Pip1Grugvg

e Sy

(7.48)

where P;,; is the total interference power, and ug and vy are denote fading power gain and
path loss, respectively, in the presence of mm-wave propagation. From Lemma 1 in [72], we
note that the probability density function for the distance to the nearest LOS AP given that

the typical UE observes at least one LOS AP is expressed as

2 r
f(?") _ W;p(?”) 6—271')\ Jo xp(z)de (749)
L

where By = 1 — e 2™ Jo 2p(@)dz  According to our assumption, p(r) = 1 for r < Rp and

p(r) = 0 otherwise, and hence we have By = 1 and ([7.49)) becomes

Fr) = 2mwe™™ ", (7.50)
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Thus, the conditional coverage probability of a wireless-powered network that operates with
harvest-then-mm-transmit protocol is given as

> Pop1Grugvg
P.(yr, = Pr{ ——— > d
(vr,7B) /0 f{ Zip, T f(r)dr

00 ’yTTaL(U2 +Pint)}
= Pr< ug > r)dr
/0 { ’ PyKip1Gy f( )

(7.51)

EY . . . .
i o2, and |up|? is a normalized gamma random variable with parameter Ny

where Py =

for the link between the typical UE and the generic AP. Based on the tight approximation

given in Lemma 6 in [72], we have

a 2 . N naypr®L (o2 4 Py,
Pr {Uo S orr L(o? + Pmt)} _ Z(_l)nﬂ (NL)E [6_ SR )}

Py Kppi1Gy — n
o y ) (7.52)
naypr®Lo naypr®L P,
= (—1)"+1 (NL)Q_ J~'W’0T1/’1G1 E |:e_ P’Z)Y;(LplGl :|
n
n=1

_1
where a = N (Ny) M. The term in the expectation is due to the interference signal, and it

can be explicitly expressed considering the LOS and NLOS links as indicated below.

@ 4 —ay,
_ naypr L Zk:l ElE‘I)L/O lelkale

e PoKpp1G1

E

e PoKppr1Gy

_na'yTrD‘L Pt
E |e Pop1G1 =K

et 4 —ay,
_ navpr®L 3 Ziew yp /0 1 PPRCGETy ]

(7.53)
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where ® = &, UPy, and &1 /Py, denote the PPP in which the the AP is forms LOS/NLOS
link with the UEs. The first expectation in (7.53) can be further simplified as follow

af, 4 —ap 4 R —nypng luyl? ok (5)°L
_navpr®L 31 Yieajo i Pipp Ok —27APpy [B|1-E |e PoGy p(t)tdt
E |le PyK1,p1G1 = e
k=1
727r/\pkaRB 1— e 113G ~— |p()tdt
4 BL 1%k (ryor L
<1+MTRL KLNIZ1G1 ¢
=11
k=1
(7.54)
Similarly, for the NLOS link, we have
_ Rp|q1_ 1
. - ) 2mpy [P [ 1 o ENLPCE an \VE p(t)tdt
_na'yTr szzlzletp/o“lPkaKNL""z m T"L PyK Gy ‘T )
Ele PoKpp1Gy = | |@ Ne
k=1
(7.55)

Note that based on our assumption, p(¢) = 1 inside the ball, and hence we can substitute in
the above equations accordingly. Therefore, the achievable data rate for a wireless-powered

networks operating at mmWave frequency band is given as

R = /000(1 - TB)E{ log, (1 n SINRgnm—W) }fr(r)dr
= /0 h { /0 h Pr{SINR;™ " >} f,.(r)dr} dt (7.56)
_ /OOO P, 7).

where v, = Qﬁfl, and P.(, ) is the coverage probability defined in ((7.51).

On the other hand, the system energy efficiency for the wireless-powered network with
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uplink mm-Wave can be computed using

R
8PP + (1 — 73)APY

Neell = (757)

7.5 Numerical Analysis

In this section, we provide numerical results on the performance analysis and optimal resource
allocation strategies considering throughput maximization and energy efficiency maximiza-
tion problems. In both cases, we assume that the uplink and downlink channels of a given
UE have the same characteristics, and the channel gains are exponentially distributed with
means (1 and s, respectively.

Fig. [7.3a] illustrates how the downlink/uplink operation intervals affect the network
throughput. As can be observed from the figure, allocating more time for energy harvesting
initially improves the uplink information transfer rate, but once it reaches an optimal point,
each incremental harvesting time sacrifices data rate. Besides, the optimal point which max-
imizes the network throughput depends on the downlink transmit power level. As expected,
transmitting energy-bearing signal at higher power level reduces time allocated for energy
harvesting operation, for instant 7 = 0.25 for P, = 10dB whereas 7;; = 0.16 for P, = 20dB.
Furthermore, we observe that this benefits the uplink information transfer. On the other
hand, Fig. shows that SINR coverage probability improves with harvesting interval, but
the characteristics of the curve change with the threshold. We observe that higher threshold
forces the allocation of more time to energy harvesting in order to secure SINR coverage.

The impact of downlink transmitted power level on the maximum energy efficiency is
shown in Fig. [7.4al From the figure, we observe that broadcasting at higher power achieves
better system energy efficiency, and this is because, more energy can be harvested with
shorter downlink operation interval, and hence there will be less power consumption. In

addition, this provides extra time for uplink information transfer. As can be seen from the

170



0.8 T " T :
-=~ P -10dB
07t ¢ S a 1
// ~ P_=16dB
Y2 S a
& 06}, N - = =P =20dB|]
Q N R a
S o5l EERN
- |t -
=3 i A S
o 045l RIEN
2 Ll SN
= 0.2} \‘\_
0.1 A3
0 1 1 1 1
0 0.2 0.4 0.6 0.8 1
s
(a) Throughput vs. harvesting interval (Sec.)
1 - - =
-4: -
._5 08 Fl v VT=0dB
©
s — — —y,=—10dB ‘
| —
Q 0.6
()
o
©
o 04
>
O
o
oC
= 0.2
)]
0
1
T
B

(b) SNR coverage probability vs. harvesting interval (Sec.)

Figure 7.3: Impact of downlink/uplink operating interval on the network performance

171



0.67

[
|||||
066- ‘‘‘‘‘‘‘
. v
v
v
v
VL

o
o))
o

D u
—— PP=10, P=1

Average energy efficiency

D u
o PP=1, U5

0.6 ‘ ‘ ‘ ‘
10 12 14 16 18
Downlink transmitted power (dB)
(a) Average EE (bpJ/Hz) vs. downlink transmit power at A = 1072

4

PP=1, P)=5
35 - PP=10, PY=5
C? —%— P2=1, P/=1 '
g 3r | PP=10, PY=1
k3] o=
5 25} /
> 0.7 g /
5 2 /
5 065
& 7 06—
5 1! 107%% 1077
>
< 4
0.5}
0 -4 .—3 .—2 -1
10 10 A 10 10

(b) Average EE (bpJ/Hz) vs. AP density at P, = 16dB

Figure 7.4: Impact of downlink transmit power and AP density while maximizing system
energy efficiency

172



figure, the energy efficiency increases significantly comparing at P, = 10dB and P, = 20dB
if the circuit consumption is dominant, i.e., P. > P,. On the other hand, AP density also
has an affect on the system energy efficiency as illustrated in Fig. [7.4b] It is interesting to
observe that there is an optimal AP density at which maximum energy efficiency is obtained.
In fact, when the APs are located more densely, the distance between UE and nearby serv-
ing AP is expected to reduce, and as a result more energy can be harvested over a given
duration. This helps to improve the energy efficiency. However, these characteristics can
not be achieved if A exceeds a certain threshold. Furthermore, circuit power consumption
determines the impact of AP density on the overall performance. As can be seen from the
figure, the uplink consumption has significant effect on average energy efficiency compared
with the downlink circuit power consumption. For instance, the maximum EE reaches close
to 3.5 b/J for PV = 1 whereas it is below 1b/J when the uplink consumption is increased

C
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Figure 7.5: Impact of AP density and 75 (Sec.) on the network throughput (bps/Hz)

In regard to downlink SWIPT with uplink information transfer for wireless-powered net-

173



work discussed in Section 7.3, Figure[7.5 and Fig. illustrate impact of network parameters
in the achievable data rate while maximizing the system energy efficiency. As can be seen
from Fig. [7.5] when the AP are densely deployed, the network throughput improves. This
is because the distance between the generic AP and typical user decreases, and this reduces
the path loss significantly compared with the increase in the aggregate interference. Further-
more, the power splitting factor and the time allocated for the downlink operation affects
the system performance, and we observe that allocating too small or too much time for the
energy harvesting hurts the network throughput, especially when the density of AP is higher
A values.

Similarly, Fig. and Fig[7.6D] show that increasing the downlink transmit power level
improves the network throughput, as expected, and for a given downlink operating interval,
the point at which maximum achievable data rate is obtained changes accordingly. For in-
stance, at 7 = 0.9, higher data rate is obtained for P, = 10 when p = 0.36, but this changes
to p = 0.45 for P, = 15. In addition, comparing these two figures, we observe that the time
allocated for energy harvesting has an impact on the network throughput, even for the same
downlink transmit power level.

On the other hand Fig. [7.7] shows how the system energy efficiency changes in response
to the AP density and the power splitting factor at the UE. It is interesting to observe that
the energy efficiency improves when the APs are densely populated, and we claim that there
exists an energy-efficient downlink /uplink interval given the harvested energy constraint at
the UE. In addition, this energy demand has direct impact on the characteristics of the
system energy efficiency curve, and more importantly the maximum achievable operating

point.
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Chapter 8

NOMA-Based Energy-Efficient

Wireless Powered Communications

In the previous chapters, we considered that multiple transmitting nodes transfer information
employing either TDMA or MAC scheme. In this chapter, we study the significance of non-
orthogonal transmission for wireless information and power transfer, and the system model
is described in Section 8.1. Assuming delay-tolerant sources, optimization strategies are well
investigated for half-duplex and asynchronous transmission in Section 8.2. Subsequently,
energy-efficient time allocation for the above mentioned protocols are investigated in Section
8.3 for delay-sensitive sources. Despite the difficulty of obtaining analytical expressions for
uplink and downlink operating intervals, optimal solution can be obtained numerically and

algorithms are included to summarize the procedure.

8.1 System Model

We consider multiple energy harvesting nodes as shown in Fig. [B.1], which operate based
on the harvest-then-transmit protocol. The wireless power transmitter (WPT) has an em-
bedded power source, and it broadcasts a deterministic signal, denoted by W, with power

P, = |[W,]?, over the downlink channel to power the nearby UEs. We employ similar as-

177



sumptions as in [49] and [50] that each user fully utilizes the harvested energy to support
data transmission and circuit power consumption in one cycle. Without loss of generality,

we use a normalized unit for each cycle, i.e., T = 1.

o o
-
Wireless
power
transmitter Information
(WPT) receiver (RX)

Figure 8.1: Network model

In regard to the harvest-then-transmit protocol, UEs first harvest energy from the dedi-
cated source (i.e., WPT), and then transmit data uplink to the access point (AP) employing
the NOMA schemeﬂ. More explicitly, we consider two scenarios, namely half-duplex op-
eration and asynchronous transmission, based on how downlink and uplink operations are

coordinated.

Half-duplex operation:

Here, the downlink and uplink operations are carried out over non-overlapping time intervals,
i.e., all the UEs harvest energy while WPT transfers power through the downlink wireless
channel over a duration 7y, and then they simultaneously transmit information-bearing sig-
nals to the AP for the rest of the period, i.e., 1 — 79, as shown in Fig. [8.2al In such a case,

the harvested energy at user i € S = {1,2,--- , N} in one cycle can be expressed asE|

EM = 10g;P, (Joules) (8.1)

I Although the WPT and AP are depicted as separate nodes in Fig. they can also be co-located or
be the same node.

2Note that the formula for the harvested energy generally includes an energy harvesting efficiency factor,
which we assume, without any loss of generality, to be equal to one.
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Figure 8.2: WPCN uplink-downlink operation schemes

where 7y is the downlink energy harvesting interval which is allocated to all the users, and
g; denotes the fading coefficient between the i** user and WPT, and hence |g;|? is the chan-
nel power gain. We assume that the WPT-user links and user-AP links all experience
frequency-flat fading, and uplink as well as downlink fading coefficients stay fixed in each

frame duration. Thus, the received signal at the AP is expressed as

N
Y =) hiX;+ Ny (8.2)

=1

where h; is fading coefficient capturing the effect of path loss as well as small scale fading
for the wireless link between user ¢ and AP, and N, ~ CN(0,1) is the circularly symmetric,
complex Gaussian noise at the AP with unit variance. In addition, X; for ¢« € S denotes
the uplink signal from UE ¢ transmitted with power P; based on power domain NOMA
scheme such that P, > P; for |h;| < |hj|. Moreover, the AP decodes the information sent
from the users in the reverse order of improving channel qualities, i.e., signal from the UE
with the best channel condition is decoded last without any interference from the signals
transmitted by other UEs, while the signal from UE with the worst channel is decoded first

in the presence of interference from all other users.
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If, without loss of generality, we assume that |hy| < |he| < ... < |hy], then the achievable
instantaneous information transfer rate of user ¢ over an uplink operation interval of 1 — 7
is given as

k=i+1 Tk

where v; = |h;|?P; is the received SNR from user i. Therefore, the throughput or sum-rate

capacity for the half-duplex scenario becomes

N N

Reum = Z R; = (1 — 1) log, (1 + Zm) bps/Hz. (8.4)

i=1 i=1
Asynchronous transmission

In this scenario, UEs start harvesting energy at the same time, but as the name implies,
they begin transmitting data signals to the AP at different time instants, as depicted in Fig.
8.2bl The advantage of this approach is that it provides an opportunity for some UEs to
harvest more energy while others are scheduled for uplink information transfer. Without
loss of generality, we assume that UEs are ordered according to their uplink transmission
starting sequence, i.e., UE 1 begins sending data first, then user 2 and so on. Hence, the

harvested energy at the i UE is given as follows:
i—1
EM = (7-0 + er> lgs|*P,  (Joules) (8.5)
j=1

where 7; is the time interval between the uplink starting points of i"* and (i + 1)"* UEs such

that

N
Y n<i-n (8.6)
=1

Once each UE has harvested the required energy, it transfers information to the AP until
the end of the cycle. This implies that : number of UEs simultaneously carry out the uplink

information transfer operation during the interval 7;. Thus, the received signal at AP during
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interval 7; is expressed as

Y=Y hXi+ Nop. (8.7)
k=1

In addition to the amount of harvested energy, each UE’s transmit power level directly
depends on the information decoding order applied at the AP. As noted above, we consider
power domain NOMA scheme which encourages the UE with the best channel condition to
transmit at the lowest power level as well as to be decoded without interference. As a result,

the achievable information rate of UE j € {1,2,--- ,i} over the interval 7; is given as

R; = 7;log, (1 4 % ) bps/Hz (8.8)
LD it Ve

where |h;| < |hy| for k =7+ 1,7+ 2,...,i. Note that following each incremental operating
interval, one or more UEs join the uplink operation, and hence the information decoding
order at the receiving end is modified accordingly. Therefore, the total throughput becomes
the sum of the sum-rate capacity of the system over each interval until the end of 7y.

Mathematically, we have

k i
Rgum = Z 7; log, (1 + Z ’yj> . (8.9)
i=1 j=1

8.2 Enmnergy-Efficient Time Allocation without Statisti-

cal QoS Constraint

In this section, we analyze time allocation strategies for energy harvesting and data transmis-
sion phases, considering both half-duplex and asynchronous operations. No delay or buffer
constraints are imposed initially. Delay-sensitive sources and statistical QoS constraints are
introduced into the analysis in Section IV. We consider system energy efficiency which is

defined as
Throughput

n (bits/Joule), (8.10)

~ Total consumed energy
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and let P, denote the circuit power consumption at WPT during downlink operation, and
assume that it is independent of the transmitted power level for P, > 0. However, if no
wireless power is transferred, there is no consumption, i.e., P, = 0 and F,, = 0. Hence,
the total energy consumption during the entire downlink-uplink operation of a given cycle

becomes
T0Ppr + (1 —710) P, Half-duplex

Etor = (8.11)
N-1 N
(7'0 + D im1 Ti) Ppr+ P, > ;- 7, Asynchronous

where Ppyr = P., + F,, and P,

, 15 the power consumption at the receiver for decoding

information during uplink operation.

8.2.1 Optimal Harvesting Interval in the Half-Duplex Protocol

Assuming that the harvesting interval depends on the fading state realizations, the uplink

transmitted signal power level from the ¥ user becomes

70
1 —7'0.

P = gi’gi‘QPa (8'12)
Note that & denotes the fraction of harvested energy utilized for data transmission while the

rest, i.e., the fraction of 1 — §;, is consumed by the circuit to carry out the process. Then,

substituting (8.12)) into (8.3)) and simplifying the expression, we get

Ri(10) = (1 — 7o) log, (1 + iTo ) (8.13)

1 =7+ Z;V:i—&-l ;7o
where a; = &|g:|?|hi|* P,. We first have the following characterization.

Lemma 8.2.1 The individual achievable rate of a wireless-powered UE operating in half-

duplex mode with uplink NOMA strategy is concave in the harvesting interval 7.
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Proof: See Appendix [R]
Note that the total throughput, i.e., the sum of individual achievable data rates, is given
by

N

Rsum(TO) = Z Ri(TO)
= (8.14)

N
70
1=y 14 2o %)

Therefore, the system energy efficiency (EE), which measures the numbers of bits of infor-

mation reliably transmitted to the AP per consumed unit energy, is given as

N 4
(1 —10)log, <1 + i ail—%)

TO(PCD+PG_PCU)+PCU

(8.15)

nup(T0) =

Note that each UE’s circuit power consumption is supported by the harvested energy, and
hence it is not necessary to consider these explicitly while defining the total energy consump-

tion of the system.

Proposition 8.2.1 The system EE of a wireless-powered communication network given in

is a pseudo-concave function of the harvesting interval .

Proof: See Appendix [5

Proposition [8.2.1| guarantees that there is a unique optimal time allocation strategy that
maximizes the system EE such that the harvesting interval is within the feasible set. In order
to obtain the optimal time allocation for downlink and uplink operations that maximizes

the system energy efficiency, we formulate the following optimization problem:

(PR:8.1)  max nyp(7o) (8.16a)
70

subject to 79(1 — 79) > 0. (8.16b)
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The constraint in dictates that the optimizing parameter 7y is always within the
feasible set, i.e., 0 < 79 < 1. Since this constraint is convex, and the objective function is
the ratio of a concave function over an affine function, it is obvious that (PR:1) is a concave-
linear fractional programming (CLFP) problem. As noted in [93], Dinkelbach’s method can
be used to solve concave-convex and concave-linear fractional programming problems, and
we employ this method to identify the optimal solution. Thus, (PR:8.1) can be equivalently

expressed as

A 0

min {max c<70)} (8.17a)

subject to (8.16b)) (8.17b)

where £(70) = (1—79) log, <1+M> . A(TOPA—i—PcD), ar =N a;and Py = P, + P, — P,y .

1—79

Since L(7) is a concave function and the constraint is convex, Karush-Kuhn-Tucker (KKT)

conditions, i.e.,

oc

3 =0 (8.18a)

TO=T§

s (7‘0 - 7'02> =0, k15 =0, (8.18b)

are necessary and sufficient for the global optimality of the solution of the inner maximization
problem. From the characteristics of the EE curve, when 77 = 0 or 77 = 1, we have
nup(1y) = 0 for P., # 0. But, this cannot be the optimal value, which implies 0 < 75 < 1.
As a result, u* = 0 and k* = 0 in order to satisfy the complementary slackness conditions
given in . Taking these into account, and applying the first order optimality criteria
given in (8.18a)), we obtain

ar

_ln(1+OéT1 i

_— —In(2)APAr =0 8.19
1—T0+06T7'0 ) H( ) A ( )
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which leads to

zln(z) + Qz = o (8.20)

or equivalently

") In(ze?) = /e (8.21)

where 2 = 1 + ar™%-, Q@ = In(2)APA — 1, and o/ = ar — 1. Mathematically, (8.21) has

1-19’

the form of Xe* =Y whose solution is given by the Lambert function, i.e., X = W(Y) for

Y > —1 Thus, the solution to (8.21)) can be analytically expressed as

o = e[V (8.22)

Therefore, the optimal harvesting time as a function of A is

o — W<a/‘e(/\P’—1)>

) = o [1 + W(a’.e(’\P'*l)ﬂ

(8.23)

where P’ = In(2)Pa. The parameter A is iteratively updated until the optimal solution

satisfies Rgum (7%) — A* By (7%) = 0. We provide the complete procedure below in Algorithm
1l

Algorithm 11 EE maximization using Dinkelbach’s algorithm

until |[F(\,, 75)] <€
: Set 75 = 71¢-

1: Given: €, A\g

2:n<+0

3: repeat

4:  Determine 7§ using

5 F(A,15) = R*Sum(rg) — M Eiot(15)
6: )\n+1 - %(%9))

7 n<—n-+1

8:

9
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8.2.2 Energy-Efficient Intervals with Asynchronous Transmission

In this section, we consider overlapping and non-overlapping scenarios for the uplink opera-

tion as follow.

Overlapping uplink operation

As noted above in Section II, asynchronous transmission is defined in such a way that UEs
do not necessarily begin sending information-bearing signals to the AP at the same time in
each downlink-uplink operation cycle. However, if a UE has started transmission, it stays
active until the end of the cycle. Assuming that UEs are ordered according to their uplink

starting point as mentioned earlier, the transmitted signal power level from UE 7 is given as

B¢
2k Th (8.24)
To+ 31T '
—&i|g?P, | =il
Zk:i Tk

where E denotes the harvested energy by UE i in the asynchronous scheme, and ¢&; is the
fraction of harvested energy utilized for data transmission while the rest, i.e., the fraction of
1 —&;, is consumed by the circuit to carry out the process.

Then, we substitute into (8.8]), and derive the expression for the sum-rate capacity
(within the interval of duration 7; in which ¢ users are transmitting) as a function of the

operating intervals as

Rium(’ro? TN) =T 10g2 <1 + Z bl (825)

N
=1 Zk;:l Tk

i -1
To + Zj:l Tj)

which leads to

. : b
R;um(T()? TN) =T logQ <ai + Z l ) (826)

N
=1 Zk:l Tk
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where b; = &|gi|? P, a; =1 — 22:1 by and T = [11, 72, ,TN]

Proposition 8.2.2 The achievable sum-rate capacity for the two-user setting during the

transmission interval of duration 1; is jointly concave over the operating intervals (1o, 71, To).

Proof: See Appendix [T}

From Proposition [8.2.2] we conclude that the system throughput is a jointly concave
function since concavity is preserved under summation. Note that the total sum-rate capacity

is given as
Rtot TN Z T 10g2 <a'z + Z ) (827)
Zk 1 Tk

Then, the system energy efficiency (EE) for asynchronous transmission scenario becomes

71 log, <a1~|— p +T2) +72log, <a2~|— pemar +i—§>
(8.28)

PDT(T() +T1) + (7'1P01U +T2PC2U)

77AT(7—0a7—177_2):

where Pc"U denotes the total uplink circuit power consumption during the interval 7;.

Since the throughput is proved to be a concave function, and the total consumed power
is an affine function of the operation intervals, the system EE given in (8.28) satisfies the
criteria for pseudo-concavity based on Proposition 2.9 stated in [93]. Unlike the previous
scenario where we had only one parameter to adjust, i.e., 7, to achieve maximum energy
efficiency, now there are 3 optimizing parameters, i.e., 7,71, 72, and hence obtaining the
optimal time allocation strategy which maximizes the EE is a more challenging task. Thus,

we formulate the following optimization problem:

(PR:8.2)  max nar (8.29a)
T0,TN
N
subject to Zn <1l-1 (8.29b)
i=1
>0, i€{0,1,2-- N} (8.29¢)
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As noted above, the objective function in is pseudo-concave since the total achiev-
able sum-rate capacity is jointly concave with respect to operating intervals (79,71, 72). In
addition, the constraints and , which define the feasible operating intervals,
are convex. Thus, the optimization problem (PR:8.2) is also a concave-linear fractional pro-
gramming problem, and hence it can be easily solved using Dinkelbach’s algorithm following

a similar procedure as in the earlier scenario, but we skip the details for brevity.

Non-overlapping uplink operation

In this subsection, we consider a special scenario where energy harvesting by a user can still
occur concurrently with the data transmission of other users, but the uplink data transmis-
sion among users follows time-division multiple access instead of allowing the activated user
to use the channel until the end of the block duration. Hence, data transmissions by the
users occur over non-overlapping time intervals. In such a case, the system energy efficiency

expression for N users is given by

i—1
fo\il T 10g2 (1 1 b Zk:vo Tk)

PDT(TO + Zf\gl Tz‘) + By sz\; Ti

nar (70, Tn) = (8.30)

where P, denotes the circuit power consumption of a UE assuming that each UE consumes

the same amount. Therefore, the optimization problem is reformulated as follows:

(PR:8.3) max 7ar (8.31a)
T0, TN

N
subject to ZTZ' <1l-m (8.31b)

i=1
Ri(70,7:) > Rl (8.31c)

where
i—1
To + T
Ri(m0, Ti) = 7;log, (1 + bi@> (8.32)
T;
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and 7; = [r, - ,7;]. The additional constraint given in (8.31c] is introduced in order to
guarantee that each user’s rate is above a certain minimum level when non-overlapping time
slots are being allocated to the users. From Lemma 2 in [56], we know that R; is a jointly
concave function of downlink and uplink time intervals, i.e., 7 and 7;. Thus, the above
optimization problem is still a concave-linear fractional programming problem, and (PR:8.3)
can be equivalently expressed as

min {max g(m,ri)} (8.33a)

A 0,74

subject to (8.318) and (8.31) (8.33b)

i—1_
where G(79, T;) =T7; log, <1+ bz#_jzlﬁ — A(PDT (To—l—zij\:ll Ti) + P, vazl TZ'>, and P =
Ppr — P.,. Given A, the objective function for the inner maximization problem G(7) is a
concave function while the constraints are convex, and hence Karush-Kuhn-Tucker (KKT)

conditions, i.e.,

oL oL
> = = 34
Tz = R (8.34a)
N

C*(ZTZ —-1)=0, K (Ri(TO, Ti) — R%@m) =0, (8.34D)
=0

are necessary and sufficient for global optimality where the Lagrangian is given as
N

L=G(1,T;) + B(Zn - 1) + R(Ri(ﬁ], T;) — R;nm) (8.35)

1=0
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Applying the first order optimality criterion in (8.34a)), we obtain

N
1 —
oL _ Z U=rebe  \p 5 (8.36a)
67-() —1 ln 1+ b TO+ZJ 1TJ>
N T0+350175
1-— b + 1- Rj bz—J
gﬁz ( “’“zz’“ —|—(1—/fz)log2<1—|—bo L > (1~ r) ey 2 =0
S ) ) i tn(2)(L+ b7 Z510)
(8.36h)

N—1_.
To + 23 LT (1-— /<a]\/)l7z\/—OJFZT‘ZV:1 - \P 0
) - TO+Z§V:_11 7_]) - cu - B —_=

oL
— = (1 — ky)log, <1+b

o7y ™ In(2) (1 + by
(8.36¢)
where Z = \(Ppr + P.,) — . Taking the difference of (8.36al) and (8.36b]), we have
(1= k)b
S b Lz AR, In(2) = 0 (8.37)
1 1+ bkzk
which leads to '
b; AP, In(2) <~ b
Zi(z) — — _Ma % 8.38
S TR — 1 +0jz (539

T+l T
— Similarly, from (8.36¢]), we have

where Z;(z;) = In(1 + b;2;) — % and zj, =

APpr+ Py In(2) = by
= . 8.39

1
* p— 8.40
N 1 + ZN ( a)
* J=i+1 "]
¥ I J 8.40b
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where

O [ew<e¢i+1>+“”“ - 1] , (8.41)
VieS={12- N} with

i—1

AP, In(2) b,
T T\ —J 42
o - 2 T3 b5 and (8.42a)
7=1
oy = A(Por + ) @ - Nzl e (8.42b)
N 1—]£N kzll—l—bkzk. ’

N
.—1 Ti - From the above expres-

Hence, the optimal time interval, 7y, becomes 75 = 1 — >
sions, we observe that the energy-efficient time allocation depends on the minimum data
rate constraint. For instance, if this constraint is inactive for all UEs, then x; = 0 Vi due
to complementary slackness conditions. However, if it is active for any UE, then the corre-
sponding optimal solution will be changed in such a way that the constraint is satisfied while
maximizing the system energy efficiency. Therefore, we first determine the best solution as-
suming all the rate constraints are satisfied with inequality, i.e., k; = 0 Vi € S and then
check if the optimal solution satisfies the rate constraint for each UE. For any constraint

violation, the optimal time allocation policy will be updated taking into account all of the

active constraints, and the detailed procedure is provided below in Algorithm

8.3 Impact of Statistical Queuing Constraints

In this section, we analyze the impact of QoS constraints on the optimal time allocation
strategies that target the maximization of the system energy efficiency. Since effective ca-
pacity describes the maximum constant data arrival rates, i.e. characterizes the throughput
in the presence of delay-limited data sources, we focus on the effective-EE to determine the
number arriving bits that can be supported per one joule of consumed energy by the system

in the presence of statistical queuing constraints. Let us first address half-duplex opera-
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Algorithm 12 Energy-efficient time allocation for non-overlapping scheme

1: Given: €

2: Define: F(7y) :E{Ti log, <1+ b;—0+ZT;:1TJ>}

o) = () (ot S5 7) + P S}
3:n<+0
4: Initialize A\, k1 = kg =--- =Ky =0
5: repeat
6: 740
7.  repeat
8: Determine z; using
9: Update 7; using

10: Update o =1 — Zil T;

11: r—r+1

12: for i=1to N do

13: if |R; — R .| > € then

14: ki £ 0

15: Update k; using gradient method
16: end if

17: end for

18:  until |R; — Ri,.| <¢€
19:  Determine A, = F(Tn) — M\g(Tn)

200 An1 = Gy
21: n<n+1

22: until |A,| < e
23: Set 75 = 79 and 7 = 7.

tion. Since UEs harvest energy simultaneously and send information-bearing signals to the
AP using NOMA, harvesting time becomes the only parameter to optimize for maximum
performance. In the case in which each user harvests energy to support data transfer with
half-duplex operation, the corresponding effective capacity expression of user ¢ given in ([2.5))
is modified by incorporating the additional parameter 7, i.e., the harvesting interval, as

follows

Ci(0s,10) = —

1 —(1—70)6; 1o <1 L2470 )
70, log (E{e e }) (8.43)
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The sum effective capacity of users transmitting through a multiple access channel can be

determined by summing up the individual effective capacities:

N
C*(0,7) = Z C5 (i, 70) (8.44)

i=1
where the vector of QoS exponents of different users is denoted as @ = [61,0,,--- ,0y].

Now, the optimization problem for maximizing the effective-EE with half-duplex operation

is formulated as follows:

N a; T
SR
=1

(PR:8.4a) max (8.45a)
0 TeiE{TopDT —|— PcU(l — 7'0)}
subject to 7(1 —719) <0 (8.45b)

Note that in (8.45]), the objective function is the system effective energy efficiency while the

constraint specifies the feasible range of the harvesting interval.

Proposition 8.3.1 The effective-EE of energy-harvesting UEs with half-duplex protocol is

pseudo-concave with respect to the harvesting interval .

Proof: See Appendix [U]

Based on Proposition [8.3.1] the objective function of (PR:8.4a) is pseudo-concave and
hence the problem is a concave-linear fractional problem, and the optimization procedure
described in earlier sections can easily be applied to obtain the optimal solution. Similarly,

for the asynchronous transmission scenario, we have

SN CL(0;,7)

(PR:8.5) max (8.46a)
o IE{PDT (To +3.5 Ti) + Py Y0 Tz‘}
N
subject to Zn <l-m (8.46b)
i=1

193



where

1 —®; log <1+biipi >
T e

T0;

i—1
with @ = [01,605,--- ,0x], ®; = 1,0; and p; = % Again, similar algorithmic approaches
j=iTJ

can be employed to solve (PR:8.5).

8.4 Numerical Analysis

In this section, we provide numerical results considering two energy harvesting UEs commu-
nicating with an AP. We assume that the channel gain for the link between UE i € {1,2}
and the AP is exponentially distributed with mean ;. In order to compare the performance
gains, we consider three cases denoted by I, IT and III. In the first case, we focus on energy ef-
ficient solutions that are obtained for both half-duplex and asynchronous transmissions using
uplink NOMA | as discussed in this paper. In the second case, we determine the throughput
maximizing time allocations for the same problems, and in the last case we apply energy-
efficiency maximization for time-division multiple access (TDMA). Additionally, we consider
two values, i.e., P, = 5dB and F,, = 15dB, for the uplink power consumption in order to
capture its impact on the overall characteristics.

Fig. [8.3|illustrates the performance of WPCN operating in half duplex mode with uplink
NOMA. According to Fig. [8.3a], we observe that broadcasting the downlink signal at a higher
power level improves the system energy efficiency for case I. This is because, as P, increases,
more energy can be harvested over a smaller time duration 7y as shown in Fig. |8.3b, and
hence the UEs get an opportunity to transfer information over a longer time period which
in turn benefits the energy efficiency. Meanwhile, comparing case I and case II as shown
in Fig. [8.3a] we notice that allocating the harvesting interval with the goal to maximize

the throughput hurts the system energy efficiency, and the degradation becomes more sig-
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Figure 8.3: Impact of downlink transmit power level P, with half-duplex downlink-uplink
operation

nificant at higher values of the downlink transmit power level. Furthermore, comparing all
the three cases, we observe that NOMA based uplink information transfer outperforms up-

link TDMA. According to the figure, throughput maximizing time allocation strategy using
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uplink NOMA is more energy-efficient than energy-efficiency maximizing policy for uplink
TDMA. One reason for this could be that the latter approach requires more time for down-
link operation, and this means more energy consumption over the interval 75. However, this

is not necessarily the case for very high P, values.
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Figure 8.4: Achievable rates (bps/Hz) vs. P,

In regard to the achievable data rates, intuitively we expect throughput in case II to
be higher than that in case I, and Fig. demonstrates this fact, i.e., R;Q Case II >
R;@ Case I VP, where i € {1,2}. As can be seen from the figure, the performance gain
in terms of throughput is not significant at lower downlink transmit power levels, but this
changes as P, increases. Furthermore, comparing the individual data rates, UE 1 always
achieves better channel capacity, but the gap is smaller for case II than case I and this re-
veals that uplink NOMA encourages fairness in data rate among UEs. It is also interesting
to observe that the performance difference between uplink NOMA and uplink TDMA lies
in the optimal time allocated to each UE to transmit data uplink to the receiver. As can
be seen from Fig. [8.3b| energy-efficient downlink operating intervals for Case I and Case III

are very close specially for higher P, values, and hence the way uplink interval is allocated
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determines the system performance.
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Figure 8.5: Average energy efficiency (bpJ/Hz) vs. P,

cu

Figs. - demonstrate the system performance and the corresponding optimal oper-
ating parameters when the UEs operate in the asynchronous transmission mode. As can be
seen in Fig. the system energy efficiency decreases with an increase in circuit power con-
sumption at the receiving end, and this tradeoff characteristic depends on the wireless link
power gain between each UE and the receiver. More specifically, when UEs have relatively
favorable channel conditions, i.e., higher gains, each incremental circuit power hurts the EE
significantly. This is because the energy efficient strategy dictates both users to harvest
and to transmit synchronously, i.e, 71 = 0 (as seen in the case with ; = 10 and 5, = 2).
Besides, more time is allocated to information transfer. On the other hand, worse channel
characteristics lead to 7 # 0, and the reduction in the average energy efficiency decreases
as AP circuit power consumption increases. In such a case, more time is allocated to energy
harvesting, and this in turn reduces throughput and system energy efficiency. Intuitively,

the impact of WPT circuit power depends on the downlink transmit power level and for
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Figure 8.6: Effect of uplink (receiver) circuit power consumption P, on the performance
with asynchronous transmission

higher values of F,, i.e., when P, > P, , the change in EE along with P, is expected to

D
be small. Meanwhile, from Fig. [8.7] we observe that EE increases with downlink transmit
power level (similarly as discussed earlier for the half-duplex operation) unless throughput

maximization is the goal as in Case II. In addition, WPCN with uplink NOMA achieves

better energy efficiency compared to case III in which TDMA is considered.
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The impact of QoS parameter on the optimal time allocation strategy and the corre-
sponding system energy efficiency is illustrated in Figs. and [8.8b] In general, stricter
QoS constraint (i.e., higher value for the QoS exponent ) degrades the system energy ef-
ficiency as can be seen from Fig. [8.8a) and higher circuit power consumption hurts the
efficiency further as expected. In addition, we observe that uplink NOMA outperforms the
TDMA approach regardless of the value of . However, the performance gain due to uplink
NOMA diminishes with an increase in the aggregate circuit power consumption of UEs. In
regard to the optimal time allocation strategy for TDMA, we observe that higher 6 forces
to allocate more time for energy harvesting, i.e., leads to increased 7y, which in turn reduces

the time for uplink information transfer.
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Chapter 9

Conclusion

9.1 Summary

In this thesis, performance analysis of wireless information and power transfer in WPCNs
has been studied in terms of network throughput and energy efficiency, and optimal resource
allocation schemes for SWIPT with orthogonal and non-orthogonal MACs have been deter-
mined in the presence of delay-limited sources. Specifically, the contribution of this thesis
are summarized below.

In Chapter 3, we studied SWIPT with finite-alphabets input focusing on the through-
put for single user and multiple users settings. In this chapter, we introduced non-uniform
probability distribution which assigns probability to each signal in the constellation space
based on its energy level. This novel approach considers practically appealing finite signal
constellations, and we investigated the significance of non-uniform probability assignment
to these signals in order to improve the tradeoff in SWIPT. We explicitly defined two ap-
proaches, namely static slope and dynamic slope characteristics, to determine each alphabet
probability according to the required harvested energy. In both single user and multiple
user settings, we discussed that assigning higher probability to the signals with higher en-

ergy level allows to allocate more power to the ID component, assuming the receiver applies
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power-splitting scheme to perform information-decoding and energy-harvesting operations.
We formulated optimization problems that maximize information rates subject to harvested
energy constraint and boundaries to the alphabets probabilities. Since obtaining closed form
expression for the receiver power-splitting factor is difficult, we provided an algorithm to
solve the optimization problem using standard numerical tools. Furthermore, we incorpo-
rated delay-sensitive sources and analyzed the impact of exponential decaying QoS exponent
on SWIPT. In such a case, we provided explicit expression for the network throughput,
i.e., effective capacity, as a function of power-splitting factor and signals probabilities. We
considered time-division multiple access scheme for the transmitters, and operating time
intervals, signal probabilities and receiver power-splitting factor are optimally adjusted ac-
cording to the minimum harvested energy constraint such that the performance metric, i.e.,
effective capacity or system energy efficiency, is maximized. Theoretical formulations are
justified using numerical results. According to the rate-energy tradeoff characteristics, we
observed that non-uniform probability assignment improved the network throughput given
the required harvested energy constraint. In addition, static slope characteristics has better
performance compared to the dynamic scheme for lower energy demand. Furthermore, for
looser QoS constraint, higher network throughput was attained.

In Chapter 4, we studied the optimal resource allocation strategies for MACs taking en-
ergy efficiency as the major performance metric. We provided energy-efficient node selection
and power control policy by formulating an optimization problem which maximizes the sys-
tem energy efficiency subject to peak power constraint. From the control policy, we noted
that the node with the best link, i.e., with the highest channel gain, is selected to transmit
while the rest nodes are kept silent. Activation of multiple UESs, for instance with the second
highest channel gain, is possible when the mathematical solution for the optimal power of
the activated UE exceeds its peak power constraint. Furthermore, we observed that the opti-
mal transmitted power follows channel inversion approach, i.e., more power is required when

the wireless link experiences very poor condition. Besides, an increase in the circuit power
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consumption shifts the optimal transmit power level. On the other hand, we studied energy-
efficient SWIPT in MAC considering two types of receiving architecture, namely separated
antenna architecture and common antenna architecture. We formulated optimization prob-
lems in both scenarios to determine optimal policies, and we provided explicit expressions
for the energy-efficient transmission strategies as well as the system energy efficiency. We
noted that the node selection, i.e., activation of UEs, and the corresponding optimal trans-
mit power level depend not only on the peak power level but also on the required harvested
energy. In addition, the system energy efficiency is always a non-increasing function for the
common antenna architecture, but for the separated architecture, there exists a constraint
at which the system energy efficiency achieves the highest value. Numerical results justified
the theoretical characterizations and impact of peak power constraint on the power alloca-
tion policy among the transmitting nodes. In addition, impact of circuit power consumption
on the energy-efficient transmit power level and the optimal average energy efficiency were
illustrated. We observed that the optimal splitting factor changes logarithmically when the
transmitted power is below the peak power level, but once it reaches the peak, the factor
linearly changes as the harvested energy increases.

In Chapter 5, we studied the performance of WPCNs in terms of throughput and en-
ergy efficiency under various wireless information and power transfer protocols, namely syn-
chronous TDMA synchronous MAC and asynchronous TDMA. In addition, we investigated
the impact of statistical QoS constraints on the optimal harvesting time as well as overall
performance of the networks in the presence of delay limited sources. For each operation
protocol mentioned above, we formulated throughput maximizing and energy-efficiency max-
imizing optimization problems. Assuming that the harvesting interval is dependent of the
fading state, we determined the KKT conditions to identify the optimal operating inter-
vals. We provided analytical expressions for the operating time intervals in the synchronous
MAC protocol, and suboptimal solution for the TDMA protocols. Also, because of the dif-

ficulty in obtaining closed-form solution in some cases, we proposed algorithms to solve the
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problems numerically. Finally, several insightful observations were made through numerical
results. We observed that asynchronous TDMA achieves highest throughput compared with
other protocols, but synchronous MAC is an energy efficient protocol. In addition, as the
exponential decaying component # increases, more time will be allocated for the downlink
operation, i.e., energy harvesting, and hence there is less time for information transfer which
in turn hurts the sum effective capacity. Meanwhile, we observed that the QoS constraint
can override the doubly near-far problem mentioned in the literature, i.e. UEs closer to the
AP might not transmit at higher data rate when the distant UEs have loser constraint or
lower buffer overflow probability. Furthermore, increasing the downlink transmit power level
improves the system average energy efficiency of WPCNs. However, higher 6 value still hurts
EE.

In Chapter 6, we investigated the significance of introducing non-zero mean component
on the information-bearing signal for full-duplex wireless information and power transfer.
We modeled a hybrid system having energy harvesting and non-energy harvesting UEs, and
formulated optimization problem subject to harvested energy and peak power constraints
considering throughput and energy efficiency as the major performance metrics. In order
to offset the channel phase shift and benefit the harvested energy, we applied pre-channel
co-phasing to the transmitted signals by the AP and NEHU. Throughput-maximising power
control strategies were identified, and an iterative algorithm was proposed to obtain optimal
solution numerically. Furthermore, we derived energy efficient policies for two-users model
taking various scenarios for the harvested energy constraint. According to the analytical ex-
pressions, signals transmitted from the NEHU with zero-mean were considered to be energy-
efficient when the harvested energy constraint was not binding, i.e., for smaller demand.
Furthermore, simulation results illustrated that introducing a non-zero mean information-
bearing signal achieved higher energy efficiency compared with zero-mean based on the
harvested energy constraint and channel characteristics. On the other hand, we observed

that the optimal energy efficiency improved while the harvested energy demand increased
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within certain boundaries. Any additional increment beyond the boundary hurts the EE.

In Chapter 7, we studied the impact of harvesting time interval, AP density, transmitted
power level and related parameters on the overall performance of energy-harvesting cellular
networks using stochastic geometry. We provided analytical framework to compute the SINR
coverage probabilities, average data rate and energy efficiency for different types of downlink-
uplink operation schemes that are categorized as WPT-WIT protocol, SWIPT-WIT protocol
and WPT-WIT(mmWave) protocol. For the wireless-powered cellular network operating on
lower frequency band with harvest-then-transmit protocol, i.e., WPT-WIT, we explicitly
characterized coverage probabilities considering noise-limited and interference limited sce-
narios. We noted that SNR coverage probability is an increasing function of harvesting
interval, but not achievable data rate. Meanwhile, in the case of SWIPT-WIT protocol, al-
locating more time for energy harvesting benefited the downlink data rate since the splitting
factor became higher but the uplink data rate suffered from shorter duration for informa-
tion transfer despite sufficient energy being harvested. On the other hand, we explicitly
characterized average harvested energy and average throughput of cellular UEs when uplink
information transfer is done on mmWave frequency band. Finally, several insightful obser-
vations have been made through numerical results. More specifically, densely deployed AP
improves both the throughput and energy efficiency of WP cellular networks. In addition,
transmitting the downlink WPT signal enhances the average energy efficiency. In the case
of downlink SWIPT, there exists an optimal power-splitting factor that achieves maximum
throughput or energy efficiency, and the downlink transmit power level and the harvesting
time interval affects this optimal solution given the AP intensity.

In Chapter 8, we considered energy efficiency as a performance metric, and we investi-
gated impact of uplink-NOMA on the overall performance of energy-harvesting communica-
tion networks. We took into account half-duplex and asynchronous transmission downlink-
uplink operation modes, and formulated optimization problems in both cases focusing on the

maximization of the system energy efficiency. Since these are concave-linear fractional pro-
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gramming problems, Dinkelbach’s method can be directly applied. With this, we obtained
closed-form characterizations for the optimal time intervals and provided an algorithm to
obtain the optimal solution for half duplex operation. Meanwhile, because of the difficulty
in obtaining closed-form solutions for asynchronous transmission, we analyzed the optimal
solution using standard numerical tools. Finally, several insightful observations were made
through numerical results. According to the these results, we observed that downlink trans-
mit power improved the system energy efficiency. In addition, circuit power consumption
hurts EE, but this was dependent on the channel characteristics. Time intervals for energy
harvesting and data transmission display intricate dependence on system parameters and op-
erational modes. Finally, we noted that stricter delay constraints could lead to degradation

in energy efficiency.

9.2 Future Research Directions

9.2.1 Analysis of SWIPT in MIMO Networks with Finite-Alphabet

Inputs

In Chapter 3, we studied optimal resource allocation for SWIPT with finite-alphabet input
assuming that the transmitter and receiver are equipped with single antenna. On the other
hand, in the presence of multiple antennas at both ends, we can exploit more by introducing
not only non-uniform probability distribution but also non-zero mean component. In such a
case, channel co-phasing can be applied and constellation shifting can be designed so as to

improve the overall performance.

9.2.2 NOMA-based SWIPT under Delay-Limited Sources

In Chapter 8, NOMA technique is well investigated for wireless-powered communication

networks considering various harvest-then-transmit protocols. This work can be extended
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taking into account of delay-limited sources as well as simultaneous transfer of information
and power. Indeed, this introduces more variables to control and additional characteristics

curves to analyze.

9.2.3 Optimal Resource Allocation for WPCNs with finite block-

lenghth

In Chapter 5 and Chapter 8, we assumed that energy harvesting UEs transfer information
uplink approximately without error , i.e. infinite block length. However, when finite block
length is considered, each UEs uplink and donwlink operating interval, i.e., transmitting

block length, will be affected and the overall performance changes accordingly.
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Appendix A

Proof Theorem 3.1.1

We consider n being even and odd scenarios separately as follows.

1. Square Geometry: n-even

Under this assumption, let the constellation has Ny x N, square configuration with (z,y) co-
ordinates in a 2-dimensional space where z,y € {—K,...,—3,-1,1,3,.. . K}, K = VM -1
and Ny = K + 1. Assuming the constellation is centered at the origin, it can be divided into
four Ng/2 x Ng/2 symmetrical sub-squares in which the number of different energy levels in
the constellation space, IV, is the same as in one of the quadrants. Without loss of generality,

considering the 1% quadrant, z, y € {1,3,... K}, we have

E1 &3 ... &k
E =
k1 k3 ... Ekk
where &, is a matrix consisting of each signal energy level, &; = |X(;;|?, at constellation

coordinate point (7, j) in the square QAM constellation. For E;; = Ej;, it is optimal to have
Pij = Pji, where p;; is the probability of the signal located at (4, j). Let @ be a vector having

only different energy levels, i.e., Q = {&1,...,Exk} fori, 7 ={1,3,... K} with i < j. Note
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that & is symmetrical, and hence the number of different energy levels in this quadrant,

N' = |Q], can be determined using either upper or lower diagonal matrix of & as follows

e R )

v (A.1)

Therefore, based on the fact that N = N!, the total number of different energy levels can

be expressed as in (3.31}).

II. Rectangular geometry: n-odd

In this case, let each signal coordinate be denoted as (x, y) where x € {—K,, -+ ,—3,—1,1,3, -+ - K,},
K,=+/M/2—1andy € {—-K,,...,-3,—1,1,3,... K}, K, = vV2M — 1. The constellation

has N, x N, rectangular configuration with N, = K,+ 1 and N, = K, + 1, and using similar
arguments as stated above, we consider the 1°* quadrant to determine the number of different

energy levels. Hence, we have

811 513 N gle
57, _ 531 533 cee gle
5Ka1 g}(gg ce gKaKb

where &, is a matrix consisting of each signal’s energy level in the rectangular constellation.
Since N,/2 < N,/2, &, can be partitioned into two sub-matrices £* = N,/2 x N,/2 and
E® = N,/2 x (N,/2 — N,/2) whose numbers of different energy levels are denoted as N
and Nt~ respectively. Since £2¢ has square configuration, N can be easily determined
using , whereas in the case of £, it is obvious that each coordinate has a unique energy

level. Hence,
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Nal

2 Na ‘
N = Z (7—z> (A.2a)
1=0
a—a) _ Na [Ny _ No
Ne® _2<2 2). (A.2b)

Therefore, the total number of different energy levels in N, x NV, constellation space becomes

N = N + N9*=9) which is the same as given in (3.31p) after a minor substitution.
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Appendix B

Proof of Proposition [3.1.1

As noted in Theorem [3.1.1] signals are grouped based on energy levels so that it is possible to
adjust their probabilities in such a way that the subset with the highest energy level signals,
Sy € S, gets high priority for transmission as the minimum required harvested energy
level increases. Considering the boundaries, when X = 0 input is uniformly distributed
with p; = ﬁ, VX, € § according to Remark whereas when X = FE,,,,, only highest
energy signals are chosen, i.e., p; =0, VX, ¢ Sy. In the latter case, assuming |Sy| # 1, the
transmitted signal can be either among these signals that are equiprobable, p; = ‘;—N‘, or one
of them almost a surely, i.e, {X,, Xp} € Sy with Pr{X = X,} =1 but Pr{X = X,} =0,
Vb = {1,2,...,|Sn|} and b # a. In both cases, the same amount of energy is harvested,;
however, equpiprobable assignment benefits information transfer under opportunistic or ideal

harvesting/decoding scheme.
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Appendix C

Proof of Proposition [3.1.2

First, let us re-write the achievable rate expression given in [3.19] as follows:

M 00 00
_ Z Pk — |2
R(,O) = — £ 7'('_]\70 /_OO /_006 o] fk(p)dvldvg (Cl)

where
M
f(p) = log [ijea“’] (C.2)
=1
and a; = —|v+4*+ |v|?. Since non-negative weighted summation and integration preserves

convexity, it is necessary and sufficient to show the convexity of the function f(p) in order

to verify that R(p) is concave in p. Thus, applying second-order derivative, we get

2(p) _ Sopazerr  (Sipaer) (Tipaie)
o Y et B (Zipieai’))Q

(C.3)
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_ W _(Z:piazzeaip> (zi:pieaip> _ (;piaie%p) 2]

SiplEaEe) -] e
= [(*2) (v"0) - ()]
(Zepiene)

; pietif

where z = [p1aq, paag, -+, Ppay] and v = [e®P %P ... ¢®P]. From the Cauchy-Schwarz

inequality, we know that

(X, Y)]* < (X, X)- (YY) (C.5)
where X and Y are vectors, and (-, -) is the inner product. Hence, we claim that (ZTZ) (vTv) >
(ZTU), and this guarantees 628{) ¥ > . Therefore, f(p) is a convex function of p.

213



Appendix D

Proof of Theorem 4.2.1

Without loss of generality, we assume that hy < hy < --- < hy. The Lagrangian of (PR:3.1)

is
o log (1370
Po+ YL, P

) S gu(p— P (D.1)

where ¢;s are the Lagrange multipliers associated with the power constraints. Hence, the

corresponding KKT conditions are

oL
OF;

—0, GP(P—F"™) =0 (D.2)

where i € §. Based on the complementary slackness condition, ¢, = 0 for 0 < P, < P/™* and
the boundary conditions P; = P/™* will be considered later. Now, the first order optimality

criterion is given by

on h; log, (1 + E@]\il %’)
= R - ——4 =0 (D3
By rearranging the terms, we can rewrite (D.3)) as
whn(w) —w =Ty (D.4)
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which can be further expressed as

e (£) = In (D.5)

where I'y = Z;.V:_ll(hN — h;j)P; —1+hyPoand w =1+ YV v,. Mathematically, (D.5) has

the functional form of Xe* = Y whose solution is given by the Lambert function W, i.e.,

X =W(Y) for Y > —1. Thus, the solution to (D.5)) can be analytically expressed as

w* = eW(FéV)“, Iy > —1. (D.6)

Given P; for j =1,...,N — 1, the optimal transmit power level from node N becomes

* N—-1
p w'—1-— Zj:l Vi

= D.7
N I (D.7)
Substituting and (D.7)) into (4.6)), we have
W) + 1
nln)=c (D.8)

(FN + €W(Fév)+1)

where ¢ = % Thus, the optimal efficiency depends on I'y, and considering its slope char-

acteristics using W'(z) = - @) We obtain
0 W(EE) +1
n _ ( e )FN <0. (D.9)
o'y (Tx _|_6W(?)+1)2

This implies that energy efficiency is a decreasing function of 'y, and hence the maximum
energy efficiency is achieved at the lowest value of I'y. This occurs when P; = 0 for all
h; < hy and j € {1,2,--- , N — 1}. Therefore, the user with the highest channel gain will

be active, and its optimal transmit power is given as

Py="—--— " . (D.10)



However, if Py exceeds the peak, then node N operates at Py, = Py*. In such a case,

other nodes could be allowed to transmit based on the corresponding optimal strategy. Let

us assume that the nodes N, N —1,..., k+1 are transmitting at their peak power levels, i.e.,
Py = Py, -+, Pr, = PY. Then, the transmit power for node k, under the assumption
hny > --+ > hgy1 > hg, needs to be determined in such a way that the system energy
efficiency

B logy (1 + i + Zj'v:k—&-l hjpjmm)
PE+ Y PP + P

(D.11)

is maximized. Applying the optimality criteria and following a similar procedure as noted

earlier, we get

O A B S WY
P, = hkzﬂ’““ S (D.12)

where T’y = Z?f:kﬂ(hk — hj)P"™* — 14 hyPF. Note again that unless P, exceeds the peak
power level, we again have to set P =0 for7=1,...,k— 1 in order to maximize the energy

efficiency.
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Appendix E

Proof of Theorem 4.3.1

Without loss of generality, we again assume that h; < hy < --- < hy. The Lagrangian for

problem (PR:4.2a) is expressed as

[, _ lng (1 + Z’fil Vi
K+ Zfil P

) _ > ¢P(P - P (E.1)

where {¢;} are the Lagrange multipliers associated with the power constraints. The com-
plementary slackness condition is the same as stated in (D.2)), and KKT conditions for the
first order optimality are

N
an, h, (1 — g;)log, (1 + i %-)
Ms _ — 5 =0, for B> x

O wm@)(1+ £ %) (Po+ (- g)R) (Pe+ (1 - g)P)

(E.2a)
o, ) h, - log, (1 + Zfil ’Yi) 0, By
OP, In(2) (1 + sz\il %> <PC + Zfil P — X) (PC + Zz]\;l b — X)

(E.2Db)
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i) B > x : When the additional harvested energy beyond the demand can be stored, we
have (E.2al) and this can be expressed as

wn(w) —w =T (E.3)

where w = 1 + Zf\il ~v; and I'; = Zj.v:w#(hi —hj)P; — 1+ hillj—fh_. Based on ([E.3|), the

problem is feasible if

when nodes 7 and j are transmitting. Following a similar procedure as in the proof of
Theorem [4.2.1] we conclude that 7 is a decreasing function of I'; and hence energy efficiency

is maximized at the lowest possible value of the corresponding I';. As a result, we have

P
FN:—l—f-hN (E5a)

assuming P; = 0,Vj € {1,...N — 1}, and

Pk k—1
Iy =—1+hy 77—+ Z (hN—k — hN_j> Pn_; (E.5Db)

7=0

fork=1,2,--- N — 1, assuming P; = 0,Vj € {1,...N—k—1}. It seems there are N different
node selection strategies, but we show by contradiction that the one with the best channel
link should be active for maximum energy efficiency. For instance, let us consider I'y_;, and
in this case, both Py # 0 and Py_; # 0 implying node N and node N — 1 are active. This

leads to Ty > Ty = —1+hN1f§N + (hy —hn_1)Py_y for PY=1 > P. but Iy > 'y which

contradicts the optimality condition in (E.4). Therefore, P; = 0,Vj € {1,...N — 1} and

P
W(}LNl_egN 1>+1
- e —1

Py = . E.
N . (E.6)
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i1) B = x : In case there is a limited capacity to store harvested energy, i.e., B = Y, the
optimality condition given in ([E.2b]) is similar to (D.3)) except the additional term y. Hence,

applying the same procedure as in the proof of Theorem we get P; =0 Vh; < hy and

w(taley
Py = . (E.7)
hy

In both cases above, when the optimal solution Py exceeds the peak power constraint,
the transmitted power level from node N is kept at Py*, and similar steps can be followed
as in Appendix @ to determine Py_; and iteratively the other power levels if peak power

constraints become active. Furthermore, the threshold at which the harvested energy con-

straint becomes active can be determined, for instance, by substituting Py = f;;—; into ([E.6

or (E.7) and solving for x*. Thus, we have

hy® —1 h
w(EE) s 1= (14 22y) (E.8)
€ gn
where
P,

z B> E.9a
P s X (E.9a)
P.—x B=yx. (E.9Db)

It is difficult to get a closed-form expression for x* from this equation, which, nevertheless,

can be easily solved using numerical tools.
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Appendix F

Proof of Proposition 4.3.1

Without loss of generality, we assume that h; > h; for i, j € {1,2}, and the conditions in

(4.26) are explicitly expressed as

h log, (1+ X, %)
N N - ~ 7 — MHGi
In(2) (1 + D im1 %) (PC +2 i b - X) (PC +> i P X)
(F.1)
hj 10g2 (1 + Z@]\Ll %’)
- 2 = Kngj,

)1+ X5%) (Po+ S P x)  (Pet £, P —y)

assuming the two-user setup. Accordingly, there are two possible conditions that need to be
addressed independently.

(a) h; > hj and g; > g; : When user ¢ has higher power gains with the ID and EH components
than user j, holds true if either P, = 0 or P; = 0. Since user j achieves a lower EE for
the same transmit power, it is better to keep user j in silent mode and let user ¢ to transmit.
The maximum energy that can be harvested from user i is x}, = ¢;P/™*. When the demand
exceeds this, user j begins transmission to satisfy the extra energy demand Ax = x — xJ.

(b) h; > h; but g; < g; : In this case, (F.1)) can be satisfied with P; # 0 and P; # 0. Now,

(@_@)(;: (1_1)( In (1437 %) (F2)

9 9) (1+X%) 9 9i) (P.+ P+ P;—x)

we have
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which leads to
A=zIn(z) -z (F.3)

959 gj 959 gj

where A = PC<M) +X(ﬂ(w) - ﬁ) —1and z = 1+X% —l—R-(hi - hj—g)
J

Hence, solving for P;, we obtain

A
_ g — i — hyx

by (F.4)
gihi — gih;
and substituting this into g; P/ = x — ¢;:F;", we get
. W(2)+1 s
P; _ gi€ + Gi =+ ZX. (F5)

gihi — gih;

Then, the maximum energy x; that can be harvested from user ¢ while user j is silent can

be obtained by setting P/ =0 and x = xj, in (F.5)). This results in

In (%Xé + 1> =W (é)

)

+1, (F.6)

X=X},

which can be solved numerically. Thus, user j becomes active when x > x;, and this
continues until P; = P/** which occurs at xy = x”. Any additional demand Ay = x — x" will

be satisfied by user 7 until it reaches its peak.
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Appendix G

Proof of Theorem 4.3.2

The Lagrangian of (PR:4.3) is given by

N N
L=n.=) wi(Pi=P")+ ) 6P (G.1)
=1 i=1

Applying similar procedure as in proof of Theorem [4.2.1] the first order criteria, which is

given as

e h; ~ log, (1 + 3 v — x)
op ln(2)<1 + 2~ x) (Pc + L P X) (Pc +3N, P x)2

—0, (G.2)

Onec e
7 OF; OP;

can not be satisfied, i.e. for h; # h;, unless a single node is active at a time while

the rest silent. Since the energy-efficient approach is to let the node with the highest channel
gain transmit, from (G.2|) we have

¢lng — ¢ =Qy (G-?’)
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where Qn = AxyP. — 1+ x(1 — hy) and ¢ = 1 + vy — X, and the corresponding optimal

transmit power becomes

eW(%)+1 + X _ 1
hn '

Py = (G.4)

An increment in harvested energy requires transmission at a higher power level, and
eventually this leads to transmission at the peak power. Hence, the maximum demand X"

that can be satisfied by node N is obtained by solving

hy Pe—1+xR" (1—h )

hnPy* +1 = eW( c )+ + XN (G.5)

which is derived from ((G.4]). The threshold at which node N — 1 becomes active depends on

its the impact on the optimal energy efficiency. For x > x\*, we have

1Og2 (1 + hNP]TVnI + hN—IPN—l — X>

G.6
Pcl‘i‘PJ"\?x—f—PN_l—X ’ ( )

Ne =

and following the same procedure as in the previous cases, the transmitted power level from

node N — 1 becomes
W(M)H

e

€ — ay

* —
PNfl_

(G.7)

hn-
where a; = 1+ hyPy* — x and by = P! + Py — x. Mathematically, P}_; can take any
value, but note that it is feasible only for Py_; > 0. Hence, the maximum demand at which
node N —1 is still silent can be computed by substituting Py,_; = 0 in (G.7]), and this results
in

+1=In(14hyPy* —x) (G.8)

X=XN"1 X=X7N"1

W (CNA +edN1X>

where cy_1 = hy_1P. + (hN_l — hN)P]\}” — 1 and dy_1 =1 — hy_1. Therefore, for 3", >
X > xX§° the optimal strategy dictates node N — 1 to be silent while node N transmits at

its peak. Beyond this threshold, node N — 1 operates based on (G.7) until Py_; = Py*;. In
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general, for node N — k, its transmitted signal power level is determined as follows:

W ( hN—k:k*% ) 11

(& — Q

Py = (G.9)

hn_g

where a; = 1+Z§V:k h; Pj"* —x and by, = Pck—l—Zj-V:k P"* —x. Correspondingly, the minimum
and maximum demand, i.e., x;'" and x}'*, for which node k£ operates within the boundaries

can be obtained by substituting Py_, = 0 and Py_, = P§*, into (G.9)) and solving for x.
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Appendix H

Proof of Proposition [5.1.1

Applying second-order derivative criterion to the instantaneous service rate of user i, we get

ORi(15) a7 B .

In(2) aq—BB =—In (1 + (1-— TB)iTBCL*) +(1—17p) (1 + 1p(a; + a, — 1)) (1 S CL*TB)
1n(2)% _ <1 - TB) (2‘“‘“* +a; ) + 2a;0.7p (a* + cm)
87_]% (1 —TB T a*TB)2<1 — T+ a;Tp + CL*TB>2

(H.1)

?;@i < 0 for all 75 € (0,1), and hence the
B

Hence, it can be inferred from (H.1) that

instantaneous service rate is concave in the domain set. This completes the proof.

225



Appendix 1

Proof of Proposition [5.1.2

First, let us consider that the downlink and uplink operating intervals, i.e., 75,71, -+ , TN,

are non-overlapping. Let H; denote the Hessian of R;(7g, T;) with respect to 75 and 7; where

i € S. Thus, the diagonal and off-diagonal entries given in [56] are modified as:

a, T; .
— - oy > m <1
(73 + agT + D51 a;7)
. i i—1 2
40— (apTB + 3251 a;7)) .
m,m — - 1 5 m =1
1
Ti(Ti + apTE + Zj:l a;7;)
0 otherwise
\
( i i
a' al T . .
— — m<iandn <i
(s + alyrp + 3% a;7;)?
( B'B j=1%3"]
; i—1
40 — ) am(apTe + 3251 a;7)) . .
m,n : — > m<tandn =1
1
(i + a7 + 2252 4;7;)
0 otherwise
\
Hence, for every non-zero column vector denoted by z = [21, 22, -+ , z;_1]7, we have

i—1 2
1 .
T 7
z2 Hz=———""—|m g ZnCm — Zi <0
7,(1 + B;)? ( o] P )
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where 8" = a;7p + Z;;ll a;7;. This shows that H; is a negative semi-definite matrix, and
hence based on Theorem 21.5 given in [97], R;(7;) is a concave function of operation intervals,

and this completes the proof.
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Appendix J

Proof of Theorem 5.2.

3 _ (Z?T — 1 —01’12 T
First, let h;(15) = (1 — 75) log (1 + m) and H,(7p) = — - log (E{e~%"("8)}) where
0;’s are assumed to be known. Earlier from ([U.1]), we observed that h;(7z) is concave or

—h;(Tp) is convex in the domain set. Applying the second-order derivative criterion to

hi(tg), we get

Oh(7p) ( a;Tp ) a;
In(2 =—log |1+ +(1-7
@ O7p (1 —7p) + Tpa. ( ) (1 + 7p(a; + a, — 1)) (1 —TB + a*TB)
8%(7’3) B <1 — TB) <2aia* + a?) + 2a;a.TB (a* + ai>
IH(Q)W = — 2
B

2
(1 —TB + CL*TB) (1 — Tt a;7B + G*TB)

(J.1)

It can be inferred from (U.1) that Z22) < 0 for all 75 € (0,1), and hence h;(7p) is

2
oty

concave or —h;(7g) is convex in the domain set. This implies that e (") is log-convex,
and E{e~"(78)} is log-convex as well, as log-convexity is preserved under sums. Noting that
log(g(+)) is convex for log-convex g(-) [08], clearly H(7g) is a concave function of 75 for

0 < 78 < 1. Meanwhile, the sum effective capacity can be re-written as
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2 . . . . sy s
where Hy,, = Y ;| H(7p,0;). Since convexity/concavity is preserved under sums, it is

obvious that Hy,, is also a concave function. Thus, C¢(7g), is a concave function. Theorem

is then proved.
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Appendix K

Proof of Proposition [5.2.1

First, the Lagrangian of (PR:5.1) is

L- _Tiellog (E{eR1Y) 4 A(r(1 — 72)). (K.1)

Since the problem is convex, KKT conditions are necessary and sufficient for optimality, and

they are given as

oL

- = K.2
aTB 0 ( a)
Nt —15°) = 0. (K.2b)

In regard to the complementary slackness condition given in (K.2b]), we have A\* # 0 provided
7 = 0 or 7 = 1. However, in both cases it is not possible to transfer a single bit of
information. Hence, the optimal solution lies 0 < 7 < 1, and this implies A* = 0. Thus, we

have

6_01R1 8R1

= K.3
TE{efglRl} 87‘3 0 ( )

230



which leads to

In (142 ) - o — 0. (K.4)
1—TB 1—TB—|—CL1TB
After several manipulations, we get
() In (C—d> _4 (K.5)
e e

where A =a; — 1 and w =1+ %. The above equation has the form of Xe® =Y whose

solution is given by the Lambert function, i.e., X = W(Y') for Y > —1. Thus, the solution

e

to (K.5|) can be analytically expressed as

eW( >+1, A>-1 (K.6a)
v(2)a <A<, (K.6b)
Hence, the optimal harvesting time interval during &' fading state is determined by

2 —1
p=—0—. K.7
'B zZx—=1+a (K.7)

Accordingly, 75 has two mathematical solutions when —1 < T' < 0, but only one of them is
the solution as will be noted later. Using the fact that 75 is neither negative nor zero, i.e.,

78 > 0, we have

*

Zr>1 (K.8)

Substituting (K.6al) and (K.6b|) into (K.8)), it results

4% (é) > —1 (K.9a)

W4 (—) > —1 (K.9b)
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Nevertheless, (K.9al) cannot be satisfied with strict inequality as W_1(A/e) < —1 for —1 <
A < 0, whereas (K.9b)) is always feasible based on its definition. Therefore, the solution

becomes

2t = VL (K.10)

The harvesting interval is independent of the exponential decay component, and this com-

pletes the proof.
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Appendix L

Proof of Proposition [5.2.2

Knowing that service rates of wireless-powered users are concave function of operating in-
tervals for TDMA scheme as stated in Section II, we claim that each user effective capacity,

and the total throughput, preserves concavity for the same argument given in the proof of

Theorem (.2.1]
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Appendix M

Proof of Lemma 6.1.1

Assuming that f(z) and g(y) are convex function, their sum h(z,y) = f(x) + g(y) will be

convex if

h(Azy + (1 — Naxg, Ay + (1 — N)ya) < Ah(z1,y1) + (1 — A)h(ze, yo). (M.1)

In order to compare, let us simplify the LHS and RHS as follow:

h()\l’l + (1 — )\)iL‘Q, )\yl + (1 — )\)y2) = f()\l'l + (1 — )\)1'2) + g()\yl + (1 — )\)yg) (MQ)
A(z1,y1) + (1 = Nh(@2,y2) = Af(21) + (1 = A) f(z2) + Ag(yr) + (1 = N)g(y2)  (M.3)
which leads to

Qa1+ (1= Naz) + g(hyr + (1 = Ny2) < Af(21) + (1= A)f(2) + Ag(y1) + (1 — N)g(y2)

Ja+ga <0
(M.4)

where fa = f(Az1+ (1= A)z2) = Af(21) + (1= A)f(22) and ga = g(Ay1+(1=A)y2) = Ag(y1) +
(1 — N)g(y2). Based on the fact that f(z) and g(y) are convex, we claim that fao < 0 and

ga < 0. Therefore, fa + ga < 0 which guarantees that g(z,y) is convex.
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Appendix N

Proof of Proposition [6.1.1

First of all, it is obvious that f(o?) is an affine function of ¢, and hence it is convex/concave.
Then, let g(®) = Zi\; hi(®;) where h; = 2;®? + a;¢; + C; and C; = % Here also, we can see
that h; is a quadratic function, and hence it is convex since z; > 0. According to Lemma|6.1.1}
g(®) is also a convex function of @1, Py, -+, ®y. Therefore, again Lemma [6.1.1] guarantees
that the harvested energy function &, is also jointly convex since both f(o?) and g(®) are

convex.
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Appendix O

Proof of Proposition [6.3.1

)

-) and p(-) are concave and convex, respectively. In addition,

=}
L~

First, let us express 7n,, = According to Proposition 2.9 stated in [93], ngg is a

p

pseudo-concave provided that ¢

both should be differentiable, and non-negative. In this case, it is obvious that q(¢?) =

log, (1 + 7’02) is a concave function as 5(252(5)2 < 0. Meanwhile, the denominator can be

equivalently expressed as p(c?,¢) = Py + 0 + ¢* where P, = P. + P4 — x is a constant for

a given harvested energy demand. In order to check convexity, we determine the Hessian

matrix
My, Mo
M =
My Moy
for which we have
MIV?p( )M = 2M3, > 0 (0.1)

This implies p(+) is a convex function. Hence, 7, is a pseudo-concave function.
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Appendix P

Proof of Corollary [6.3.1

Substituting v = 0 and ¢ = 0 into (6.17), we have

h
(%) _ logy(1 + hao?)

(14 hao®)(K +0%) (K +0%)

FA=0. (P.1)

Based on the slackness conditions given in (6.16b]), we know that X # 0 only when o2 = PP,
Otherwise, A = 0 and (P.1)) is simplified as

ha(K + %) = (1 + hqo?) In(1 4 hgo?)
(P.2)

Q=zIn(z) — 2
where Q = hyK —1 and z = 1 4 hgo?. The above equation has the form of XeX =Y whose

solution is given by the Lambert function, i.e., X = W(Y)) for Y > —%. After several steps,

the solution becomes

2 = ew<%)+1, (PB)

Therefore,

o = . (P4)
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Appendix Q

Proof of Proposition [7.2.1

When the interference signals from energy harvesting UEs are assumed to be insignificant
compared with the thermal noise, the signal-to-noise (SNR) coverage probability becomes

Pr = /OOO e~190B) £ (r)dr (Q.1)

[

where G(15) = % and [ = % Applying the first order derivative to G(7g), we get

—T%, and this shows that G is a decreasing function of 75 € [0, 1]. Since exponential functions
B

are monotonic, we immediately observe that e~ is an increasing function. Furthermore,

noting that e~ is monotonically increasing function and integration preserves monotonicity

for nonnegative measurable functions [99], we have, Pr, is an increasing function of 7p.
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Appendix R

Proof of Proposition [8.2.1

The expression given in ({8.13) can be re-written as

Ri(10) = (1 — 7o) log, <1+ diTo ) (R.1)

1 + W;To

where w; = —1 + Z;V:Z 41 @j. Hence, applying the second order derivative criteria to (R.1)),
we have
82Ri(7-0) — o ozi((Zwi + 1)7’0 + ].) + 2((,(}1 + 1)(&)1‘7'0 + ].) (R 2)
org (wiTo)?(viTo + wiTo + 1)? .

Knowing w; > —1 and 0 < 79 < 1, it is obvious that (2w; + 1)79 < 1 if w; < 0, otherwise

9% R; (7o)
87’3

(2w; + 1)79 > 1. This guarantees < 0 for any «; # 0, and hence R; is a concave

function.
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Appendix S

Proof of Proposition [8.2.1

Proof: Since the system EE in is a fractional function, it will satisfy pseudo-concavity
according to Proposition 2.9 stated in [93] if the numerator is concave and denominator is
convex. In this case, the denominator is an affine function, and hence we only need to show
that the throughput, i.e., the numerator, is concave with respect to 7y. Using the fact that
concavity is preserved under summation and R;(7) is a concave function of 75 based on

Lemma 1, we conclude that Rgy.m, i.e., the throughput, is concave as well.
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Appendix T

Proof of Proposition [8.2.2

For the case of two users, we have 7, and 75, and hence we show that the throughput in each
interval is jointly concave with respect to the opeating intervals:

(i) During 71: In this case, only UE 1 transmits information uplink to the access point, i.e.,

b
Rium =N 10g2 (a’l + T _ﬁ 7_2) . (Tl)

Let F? denote the Hessian matrix of R! ~ with respect to 7, and 75. Then, applying the

sum

second-order derivatives, we get

Lo 0 Ry _ Cbi2aim(re + 1)) + 01212 + 1)
Hoon (11 + 72)2(a1 (71 + 72) + b1)?
17212 — aif%um — blTl (231 (7-2 + 7—1)) + bl - (TQ)
) (7'1 + 72) (al(Tl + 7'2) + b1)
Fl — PRy _ _bl(al(TQ —7)(2 +71) + b172)
12 87'187'2 (7'1+7'2)2<(11(7'1+7'2)+b1>2 ’

Since F\Fy, — (F};)* < 0, the Hessian F is a negative semi-definite matrix. Based on

Theorem 21.5 given in [97], R!

<um 18 a jointly concave function of 7 and 7.

(ii) During 7»: Here, both UE 1 and UE 2 are transmitting, and the corresponding achievable
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sum-rate capacity is given as

b b
R?um = T2 10g2 (a’2 + . + _2> ) (T3)

T1—|-T2 D)

and applying the second order derivative, we get

F2 B azRgum B 2b1 (7'1 + TQ)(CLQ -+ f__z) + b%

H 87—12 (Tl + 7—2)4<a2 + 7'1131}72 + %>2

b b

2 a2R§um (712-(:-17'y2)3 Tl(_é B (71+17'2)2)2 T 4

Iy = 92 Lk +b_2_( + b 22 (T-4)
2 a2 T1+7T2 T2 az T1+72 T2
2 azRgum B bl’l'g(ag’i'z(’/‘l —7'2)—1-7'1(262—}—[)17_127_2))
12 87’187'2 (7‘1 + 72)3(7'2(&2 + Tll-)ﬁ7'2) + b2)2

It is obvious that F} F3 — (FE)? < 0 and hence R?

Zum 15 also a jointly concave function of

the operating intervals using a similar argument as stated above.
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Appendix U

Proof of Proposition [8.3.1

First, let h;(75) = (1 —75) log, (1 + L) and H;(1p) = — log (E{e~%"("5)}) where

1+ a*—l B
0;’s are assumed to be known. Applying the second-order derivative criterion to h;(7g), we

get
1n(2)ah<TB) = —log (1 + 475 ) + (1 —7p) ai
O7p (1 —75) + 75 <1+TB(az‘+a* - 1)) (1—TB+CL*TB>
82h(TB) B <1 — TB> <2aiot>k + a?) + 2a;a.,Tp (a* + a,-)
In(2) 5 = — 2
ot

2
(1 — 7B+ CL*TB) (1 — T+ a;7TB + G*TB>

(U.1)

9%h; (1)

oy < 0 for all 75 € (0,1), and hence h;(75)

, and it can be inferred from (U.1)) that

is concave or —h;(7p) is convex in the domain set. This implies that e~"("8) is log-convex,
and E{e~""®)} is log-convex as well, as log-convexity is preserved under sums. Noting that
log(g(+)) is convex for log-convex g(-) [98], clearly H(7g) is a concave function of 75 for

0 < 7 < 1. Meanwhile, the sum effective capacity can be re-written as

C¢(rp) = 2\ TB) (U.2)
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where Hy,, = > .., H(7p,0;). Since convexity/concavity is preserved under sums, it is
obvious that Hg,, is also a concave function. Thus, C¢(7g), is a concave function, completing

the proof.
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