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ABSTRACT

This thesis first presents a new cooperative wireless communication network strategy
that incorporates energy cooperation and data cooperation. The model establishment, de-
sign goal formulations, and algorithms for throughput maximization of the proposed pro-
tocol are presented and illustrated using a three-node network with two energy harvesting
(EH) user nodes and a destination node. Transmission models are established from the
performance analysis for a total of four scenarios. Based on the models, we seek to find
optimal energy management strategies by jointly optimizing time allocation for each user,
power allocations over these time intervals, and data throughputs at user nodes so as to
maximize the sum-throughput or, alternatively, the minimum throughput of the two users
in all scenarios. An accelerated Newton barrier algorithm and an alternative algorithm
based on local quadratic approximation of the transmission models are developed to solve
the aforementioned optimization problems. Then the thesis extends the cooperative strat-
egy to multi-source wireless communication network, where /N source users communicate
with the destination via one relay that harvests energy from the RF signals transmitted by
the sources through time-division multiple access (TDMA). We characterize the Energy-
Throughput (E-T) tradeoff regions between the maximum achievable average throughput
of the sources and the total amount of saved energy in three circumstances. For the case
N = 1, all harvested energy will be used to forward the message. For the case N > 1,
we compare two transmission strategies: one is common PS ratio strategy that the relay
adopts the same PS ratio for all sources; the other is individual PS ratio strategy that each
source uses an individual PS ratio. Numerical experiments under practical settings provide

supportive evidences to our performance analysis.
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Chapter 1

Introduction

1.1 Overview

1.1.1 Wireless Networks with Energy Harvesting

In traditional wireless communication networks such as wireless sensor networks, the wire-
less devices are powered by replaceable batteries with limited lifetime. To prolong the op-
erating time of such wireless networks, energy harvesting (EH) technology has become an
appealing solution in recent years. There are two main categories of energy sources to har-
vest, namely, (1) ambient energy sources, e.g., solar, wind energy and radio frequency (RF)
energy, and (ii) human power, e.g., finger motion, breathing and blood pressure [5]. In out-
door environments, the most accessible energy sources are natural energy or environmental
energy sources such as solar and wind energy [6]. However, harvesting natural energy
presents a technical challenge because of the instability of the natural environment. By
contrast, RF energy can provide sustainable and stable power supply, which is employed
in increasingly emerging applications. Example applications of wireless communication
networks with EH are illustrated in Fig. 1.1.

In an early research effort, natural energy is considered as the main EH energy source.
Optimum transmission policies are studied in [7] to maximize the transmission throughput
with limited battery storage constraint. In [8], optimal data transmission strategy is inves-
tigated for wireless EH nodes with finite battery capacity, which take into account quality
of service (QoS) as well as the energy and data causality constraints altogether. Consid-
ering practical processing energy costs in [9], a “directional glue pouring algorithm™ is
developed to solve the proposed throughput maximization problems with multiple energy
conditions and fading levels. In [10], optimal scheduling policies are developed under two
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Figure 1.1: Example applications of wireless communication networks with EH: wire-
less power nodes in Internet of Things systems, wireless sensor networks for environment
monitoring, and smart power grid. The green nodes denote wireless power nodes, which
transmit RF energy to wireless powered devices, denoted by red nodes in the figure. [1]

data traffic scenarios, when all data bits have arrived before transmission or data bits ar-
rive during transmissions. In terms of practical circuit model and transmission protocol, a
save-then-transmit protocol is proposed in [11] where a save-ratio p of time 7' is used for
energy harvesting by main energy storage device and the rest (1 — p)T time is used for data
transmission.

The history of power transmission by radio waves is identified with emphasis upon the
free-space microwave power transmission era beginning in 1958 [12]. It is only recently
there has been an upsurge of research interests in RF energy harvesting/scavenging tech-
nique [13]. A general architecture of an RF energy harvesting network is shown in Fig.
1.2, where the solid arrow lines represent information flows, while the dashed arrow lines
mean energy flows.

To address the energy shortage of solar powered wireless sensor networks during night-



Infrastructure-based Architecture Infrastructure-less Architecture
Information AN U

Transmission zone \\ / Q

N \ ! VR

Cellular Base \ \ Q z
. » 4
Stations N . Energy \\ \\ sl ’
Harvesting zone '\ N

N\ Energy flows //

\
\ \ Ambient \\ ;
» \ Transceiver \\ /
Wireless Routers Information ,l Q : ¥
i

flow
N ~ /! RF- d RF-powered
- < ~ powere p
User Devices N //\ \ device ! device 3 AT ~_ (( ))
Energy flow/ A N S~
Radar Interference \ 4 = Energy
Q)

/
/
/ >
\ Transmitter
- 24 /
Satellite P A\ -
\%
/\

\
/
g / i
Transmitters (( )) e 2 / - /
PR _ - Q “«~ //
FM & AM - L7 /

transmitters G : Q >

| !
Deglca‘ed RF Energy Transmitter Energy /

ources Harvesting zone 0

/
/

Information

DMB transmitters
Gateway £

// Energy flows -
-

Figure 1.2: A general architecture of an RF energy harvesting network.

time, an effective RF energy harvesting wireless sensor network prototype is proposed
in [14].

One important research direction in RF energy harvesting is simultaneous wireless in-
formation and power transfer (SWIPT) by RF signals. SWIPT realizes the efficient de-
livering of energy and information concurrently [13], and also brings tradeoffs between
optimal energy transfer and information transmission. In practice, the received RF signal
has to be split into two parts: one for EH, and the other for information decoding (ID).
Two practical receiver schemes are proposed in [16] to separate energy and information
parts: time switching (TS) and power splitting (PS) as shown in Fig. 1.3. To characterize
the fundamental tradeoff between simultaneous data transmission and energy harvesting,
a capacity-energy function is defined in [15]. Moreover, a rate-energy (R-E) region for a
multiple-input multi-output (MIMO) wireless system is characterized in [16]. Based on TS
scheme, optimal mode switching rules are derived based on the instantaneous channel gain
and interference power in [17].

Another important research direction in RF energy harvesting is wireless powered com-
munication networking (WPCN) where wireless devices are charged by RF signals from
dedicated energy devices. Though WPCN has more reliable and sustainable power supply
compared to the conventional battery-powered network, redesigns are still needed in many
aspects. A brief overview of key challenges and solutions for WPCN designs are illustrated
in [18], including doubly near-far problem, the signal-to-noise ratio (SNR) outage for the

devices located toward the cell-edge, and etc. Schematics of key enhancing techniques for
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WPCN are proposed in [19]. The placement optimization of energy and information access
points in WPCN:s is investigated in [3] to reduce the network deployment cost and improve
the performance effectively, where wireless devices (WDs) harvest the RF energy trans-
ferred by dedicated energy nodes in the downlink, and use the harvested energy to transmit

data to information access points in the uplink shown in Fig. 1.4.

1.1.2 Cooperative Wireless Communications with Energy Harvesting

Challenged by dynamic environment and energy conditions, the problem of developing
techniques to allocate the resources between different nodes efficiently has attracted lots
of attention. Recently, efforts have been made to design cooperative and efficient energy
management strategies in wireless networks with energy cooperation and relay cooperation.

Energy cooperation/sharing refers to techniques such that multiple devices can transfer
energy to each other. In [20], energy cooperation (EC) is introduced that allows the EH
source node to share some energy with the EH relay node. Furthermore, EC is extended to
a two-way and multiple-access channel models in [21]. Two energy sharing mechanisms
are discussed in [22]: direct energy transfer based schemes with wired energy sharing
or wireless energy sharing, and non-direct energy transfer based schemes depending on
traffic offloading and cooperative transmission techniques. In [23], energy sharing is also
considered in a two-hop multi-access relay model, where transmitters are able to transfer
energy to one another. In addition, the optimal solution to the energy transfer problem is

shown to be an ordered node selection, where source nodes are prioritized over the strength
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of their wireless and energy transfer channels. In [24], a cooperative multiple access model
is considered where two EH transmitters can transfer energy to each other, while in [25],
the EH transmitter and EH receiver can transfer a part of the stored energy to each other.
In terms of relay cooperation, multi-access and multi-hop communication networks
are studied with one decode-and-forward (DF) EH relay and two parallel relays respec-
tively in [4] as shown in Fig. 1.5. Furthermore, R-E region is derived at the multi-antenna
EH relay in two-hop MIMO amplify-and-forward (AF) relay communication systems with
SWIPT in [26]. Considering the spatial randomness of user locations in [27], outage prob-
ability experienced by users is characterized in a cooperative network with one EH relay,
where the cooperation among users is modeled as a canonical coalitional game. In [28],
two low-complexity dynamic antenna switching policies for SWIPT are proposed based
on generalized selection combiner in MIMO relay channels, and the outage probability in
closed-form expressions is derived. A wireless information and power transfer protocol
is studied in a two-way AF relaying network in [29], where two source nodes exchange
information through an RF-powered relay. Considering the network with a large number
of randomly located transmitter-receiver pairs and potential DF relays, cooperative density

and relay selection is investigated in a large-scale network with SWIPT in [30]. The outage
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performance and average harvested energy are derived in close-form in function of PS in
both cooperative and non-cooperative schemes. In [31], optimum energy and information
performance boundaries of a two-hop MIMO relay system are derived based on two sce-
narios. The first scenario assumes perfect CSI at receivers. The second scenario assumes

only the second-order statistics of CSI at the transmitter.

1.2 Summary of Contributions

In this thesis, the main results are presented in Chapters 2 and 3, which are summarized

below.



Chapter 2 presents a new cooperative wireless communication network strategy that
incorporates energy cooperation and data cooperation. The model establishment, design
goal formulations, and algorithms for throughput maximization of the proposed protocol
are presented and illustrated using a three-node network with two EH user nodes and a
destination node. Transmission models are established from the performance analysis for a
total of four scenarios. Based on the models, we seek to find optimal energy management
strategies by jointly optimizing time allocation for each user, power allocations over these
time intervals, and data throughputs at user nodes so as to maximize the sum-throughput
or, alternatively, the minimum throughput of the two users in all scenarios. An accelerated
Newton barrier algorithm and an alternative algorithm based on local quadratic approxi-
mation of the transmission models are developed to solve the aforementioned optimization
problems. Finally, numerical experiments under practical settings provide supportive ob-
servations to our performance analysis.

Chapter 3 investigates a new cooperative wireless communication network with multi-
ple sources and one EH relay. Convex problems of characterizing the Energy-Throughput
(E-T) tradeoffs between maximal amount of saved energy and achievable average through-
put are formulated. When there is only one source node, the closed-form solution is derived
by solving Karush-Kuhn-Tucker (KKT) conditions. When there are multiple source nodes,
we propose two strategies: one is a common PS ratio strategy that the relay adopts the same
PS ratio for all sources; the other is an individual PS ratio strategy that each source uses an

individual optimal PS ratio for the performance.

1.3 Organizations

The rest of this thesis is organized as follows.

Chapter 2 considers a three node network with two EH user nodes and a destination
node. The near user to the destination not only transmits its own message, but also for-
wards the far user’s message to the destination. In addition, the far user also has direct
communication with the destination. Two optimization algorithms to find optimal energy
management strategies to maximize the sum-throughput and the minimum throughput of
the two users are developed in Chapter 2.

Chapter 3 extends the three node network to a multiple-source network, where N source
users communicate with the destination via one EH relay that harvests energy from the RF
signals transmitted by the sources. The Energy-Throughput (E-T) tradeoff regions between

the maximum achievable average throughput of the sources and the total amount of saved



energy are characterized based on two transmission strategies: one is common PS ratio
strategy, and another is individual PS ratio strategy.

Chapter 4 concludes this thesis and enumerates open problems for further research.



Chapter 2

Optimal Energy Management Strategies
in Wireless Communications with Joint

Data and Energy Cooperation

2.1 Introduction

Energy harvesting (EH) has attracted significant interests from academia and industry in
recent years, as both the concepts of green communication and practical needs from low
power sensor networks are growing steadily. There are successful industrial EH prod-
ucts that harvest energy through light, kinetic motion, pressure, etc., for sensors and con-
trols [32]. Harvesting natural energy, e.g., solar and wind energy [6], in general presents
a reliability challenge because of the instability of the natural environment. There is much
work in the literature on natural energy harvesting. In [33], two energy management strate-
gies are proposed — one is to maximize the total throughput within a given time slot, and
the other is to minimize the transmission completion time given target data throughputs.
In [34], optimal online and offline energy management policies are designed by applying
dynamic programming and staircase water-filling algorithm, respectively. Relative to nat-
ural resources of which EH can be greatly affected by environment changes, RF signals
are more stable and human-controllable [13]. With rapid development and deployment
of various wireless networks, contemporary radio wave energy harvesting techniques have
emerged as promising solutions in the dealings with crucial energy constraint in battery-run
networks. There are mainly two categories of RF wave based energy supply techniques.

The first category is communication systems with simultaneous wireless information and
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power transfer (SWIPT) first proposed in [16]. Because information and energy receivers
are sensitive to different power values, two co-located receiver schemes for SWIPT, known
as time switching (TS) and power splitting (PS), are described in [16]. Based on TS and PS
receiver schemes, a general PS scheme termed dynamic PS (DPS) is proposed in [35, 36].
The second category is the RF-energy based wireless powered communication network-
ing (WPCN) where wireless devices are charged by RF signals from a hybrid access point
(H-AP) with power supply, first proposed in [37]. A “harvest-then-transmit” protocol is in-
troduced in [37], where the sum-throughput maximization and common-throughput maxi-
mization are investigated. Recently, WPCN has emerged as an appealing candidate solution
in future self-sustainable wireless communication systems [18, 19].

Furthermore, efforts have been made to design cooperative and efficient energy man-
agement strategies based on a three-node network including a relay, where both the EH
source and EH relay harvest energy from nature in [20,38—40]. In [20], an energy coopera-
tion strategy is introduced that allows the EH source node to share some energy with the EH
relay node. A wireless cooperative transmission scheme with energy salvage is proposed
in [38], where the source can harvest energy from the relay signal transmitted to the des-
tination. Under the decode-and-forward (DF) relaying scheme in [39], two optimal power
allocation algorithms are developed to maximize the throughput with delay-constrained
and no-delay-constrained traffic at the destination, respectively. Furthermore, short-term
sum-rate maximization problems are solved in [40], where a two-way half-duplex relay
channel is considered with DF relaying scheme.

Based on SWIPT techniques, the TS and PS protocols are also extended to three-
node communication networks with relay assistance in [41-43]. Considering amplify-and-
forwarding (AF) relaying in [41], the EH relay node has no other energy sources but uses TS
or PS to split the received RF signal from the source into two streams, one for EH and the
other for information forwarding. Considering both AF and DF schemes, the performance
of EH and throughput are analyzed in [42], where the relay node uses TS to split received
RF signals. Furthermore, under the DF relaying strategy, multiple source-destination pairs
with only one relay are considered in [43], where the EH relay adopts PS to harvest energy
from the RF signals transmitted from multiple sources. On the other hand, relay assistance
is also applied to improve the performance of WPCN. In [44], “harvest-then-transmit” is
extended to “harvest-then-cooperate” scheme that enables a relay node to forward the in-
formation transmission of the source node. Different from [44] where the relay node only
transmits the information of the source, in [45] the “relay” node (the near user to H-AP)

transmits its own data and forwards the information of the “far” user, which is called “user
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cooperation”.

Energy harvesting becomes even more relevant in a wireless sensor network for the
rapidly increasing Internet of Things (IoT) applications. Many of these low power sensor
nodes are distributed in areas with no power supply and expected to last for years running
on battery and/or on EH from all available sources. Because nodes are located in different
places, the energy they can harvest may differ as well. For example, a node that resides
at a windy spot will harvest more wind energy than a neighboring node surrounded by
structures. Therefore, not only data cooperation such as relaying will help to improve the
overall performance of the network, RF energy cooperation/sharing will be an important
approach to enhance the network operation. Another consideration is that the order in
which the individual nodes transmit their messages with continuous EH supplies appear to
impact the system’s performance, because the nodes with more natural energy to harvest
are supposed to transmit earlier and share its energy with those who need it. In this chapter,
we are motivated to investigate the joint energy and data cooperation strategies in a multi-
node sensor network, where each node harvests energy from natural environments as well
as from each other. To enable tractable initial study, we consider a simple three node
topology to illustrate the main idea, with potential extensions to more sophisticated network

architectures in the future. The main contributions of this section are summarized below.

e A new cooperative wireless communication network strategy is proposed. The model
establishment, design goal formulations, and algorithms for throughput maximiza-
tion under the proposal are carried out and illustrated using a three-node network
with two EH user nodes and a destination node. Transmission models are estab-
lished based on performance analysis for a total of four scenarios, each with two
cases to distinguish which of the two users transmits first, that take into account node
activity status in terms of whether it transmits (we then call it active) while harvest-
ing surrounding natural energy, or it does not transmit (then call it inactive) while
harvesting natural energy as well as RF signals broadcast by the active user. In addi-
tion, the time-switching strategy adopted by the protocol allows a near-to-destination
user to properly split the power of the RF signals from the “far” user, with one part
for EH and the rest for relaying message to the destination. Collectively, this is a
suite of transmission models for wireless networks with EH capabilities, where opti-
mal throughputs can be achieved with the appropriate network cooperation strategy

adaptive to the energy harvesting and propagation environments.

e Based on the proposed models, the problems of jointly optimizing the distribution
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of time intervals for data cooperation and energy harvesting, power allocations over
these time intervals, and data throughputs at user nodes so as to maximize the sum-
throughput or, alternatively, the minimum throughput of the two users are formulated

as convex constrained problems in all scenarios.

e Two fast algorithms are proposed to solve the aforementioned optimization problems.
To be specific, an accelerated Newton barrier (NB) algorithm is developed to solve
the constrained optimization problem, and the acceleration is achieved by a tailored
line search technique which is required in each NB iteration. An alternative and often
more efficient algorithm is developed based on a local approximation of the logarith-
mic terms involved. The results are convex quadratically constrained quadratic pro-
gramming (QCQP) problems for several complex scenarios and quadratic program-
ming (QP) problems for the rest of scenarios. Primal-dual path-following interior-
point algorithms with closed-form line steps are deduced for these QCQP and QP
problems and the efficiency of their implementations is evaluated and compared fa-

vorably with several available computer codes.

The rest of the chapter is organized as follows. Section 2.2 presents the system model
that consists of channel model, EH model, and transmission models for four possible sce-
narios. Section 2.3 presents problem formulations based on the four scenarios, with the
objective of maximizing the weighed sum-throughput and minimum throughput of the two
users, respectively. In Section 2.4, we describe two convex optimization algorithms to
solve the problems formulated in Section 2.3. Numerical results are given in Section 2.5 to
evaluate how a wireless network in question performs with respect to the variations of the
system parameters. Observations made from the simulation results are found supportive to
our analysis. We conclude this chapter with a remark on notation: In what follows, log(+)

denotes the base-2 logarithm, and [E[-] denotes the statistical expectation.

2.2 System Model

As illustrated in Fig. 2.1, we consider a three-node network with two EH sensor nodes
(called users) Uy, Us and a destination node D, each of which is equipped with a single
antenna. Let d; (i = 1,2) be the distance from U; to D. Without loss of generality, we
assume d; < dy, and name U; and Us the near user and far user, respectively. Concerning
the power supply status in the network, node D, simulating a gateway or data collector in a

wireless sensor network, is powered by a stable energy supply, while the two sensor nodes
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Figure 2.1: System model for a cooperative network with data cooperation and energy
cooperation.

are powered by natural energy resources (e.g., solar, wind) as well as RF signals. The near
user U; has data to send to the destination D, while the far user U5 sends its data either
directly to the destination or with the help of U; acting as a relay. The near user U; in our
model acts as a decode-and-forward (DF) relay node and this message relaying process is
called data cooperation (DC). Without data cooperation, U, must send with higher trans-
mission power in order to reach D, compared with the relay mode. Data cooperation by
U;, however, will consume energy from U; and it is not directly obvious which method
will result in higher sum throughput for U; and U, and lower total energy consumption. In
this section, both users take advantage of RF energy harvesting whenever the other user is
transmitting, which is referred to as energy cooperation (EC). Since information signal and
energy signal are often in rather different power ranges, a time-switching (TS) technique
is applied to separate information transmission and energy sharing. Specifically, the user
will transmit information signal to the receiver with power P; during ith time interval ¢;
and transmit energy signal to the other user with power P,y during ;.. This allows the
system to effectively handle the scenario where P, is considerably larger than F;, which

often occurs in practice.

2.2.1 Channel Model

Referring to the system model in Fig. 2.1, there are four channels in the network. Each
channel can be characterized by a complex random variable h with channel power gain
h = |h

fading. For simplicity, here we only consider the distance-dependent path loss so that the

2, which takes into account path loss and effects due to shadowing and channel
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Figure 2.2: EH in a user node: X, is the rate of ambient natural energy arriving at user
U; and X; the corresponding charging rate. The flow in the red circle indicates that the
energy harvested from the received RF signals is also stored in the storage device before
use, details of this are illustrated in Fig. 2.3.

channel power gain is modeled as h = Ad~“, where d is the distance from the transmitter to
the receiver, « a path-loss exponent and \ an average signal power attenuation at a reference
of 1 unit of distance.

We use h; = |h;|? (i = 1,2) to denote the power gain of the uplink channel from user
U; to D, and use hy; = |hi;|? (i, = 1,2,i # j) for the power gain of the channel from U
to U;. Throughout we assume time-division multiple access (TDMA) is used for the data
transmission among the nodes, hence the channel reciprocity holds, i.e., h1o = hs;, which
we shall denote by h,, for simplicity.

Say the model is applicable to quasi-static block fading where the channel gains remain
constant during each transmission block 7', but may vary from one block to another. For

convenience, 7' = 1 unit of time is assumed without loss of generality.

2.2.2 Energy Harvesting Model

Fig. 2.2 illustrates the energy harvesting and energy flow in a user node. The charging rate
for user U; is modeled as X; = ﬁf(i with 0 < g < 1 fori = 1,2, where X}- denotes the
rate of natural energy arriving at user U; and (3 is a constant specifying charging efficiency.
In what follows, we assume that 1) the charging rates are equal to the associated arriving
energy rates, i.e., § = 1; 2) the charging rates X; remain constant during each transmission
block T'; 3) ideal storage devices are used to store the harvested energy without leakage
so that the harvested energy is used fully for data transmission; and 4) both user nodes are
able to transmit or receive signals and harvest ambient natural energy simultaneously.
Following the setup for TS techniques, two RF signal streams transmitted by the user

nodes are used for information and energy transfer separately. As shown in Fig. 2.3,
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the received information signal with power F; is used for information decoding (ID), and

another energy signal with P, is used for EH in a subsequent interval. An example of a

X S P; |transmitter—o Y
_y| Energy | {10 —
Storage P, [ receiver
<« FEHe+—

Figure 2.3: Receiver in a user node harvests and stores energy from RF signals.

possible scenario is that in a time duration ¢ (0 < ¢ < T') within a transmission block of
length 7', an inactive user harvests F,, from the natural energy and £}, from the RF energy
signal with average transmission power P through a channel with power gain A. In such a

case, we have

E, = Xt (2.1a)
E), = nPht (2.1b)

where 7 is the energy harvesting efficiency [37].

2.2.3 Transmission Models

In order to be adaptive in different environmental circumstances, we propose to choose
an optimal strategy from four scenarios: 1) Both DC and EC are applied; 2) Only DC is
applied - the near user U; relays the information from U, to D, but no energy is harvested
from RF signals; 3) Only EC is applied - all received RF signals from the other user are
harvested but no data relay; 4) Neither DC nor EC occurs - each user is powered by natural
energy and transmits information to D directly. Moreover, in each scenario we consider
two cases: Case A when X; > X, and U, transmits first in order to share energy with
U,, and Case B when X, > X; hence U, transmits first in case to share energy with
U;. In the next section, by formulating and solving optimal power and time allocation for
the eight combinations of energy-data cooperation and user node transmission order, the
final optimal strategy will be obtained. In this section, the data transmission and energy
harvesting protocol for each scenario and case are detailed. In the rest of the section, we

use S1-A to represent case A of Scenario 1, etc.
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Similar to the harvest-then-transmit protocol [37], for all four scenarios, we assume a
possible initial time interval of length ¢y, with 0 < ¢y < 7" when both users harvest natural
energy before transmission.

Scenario I: Both DC and EC are applied, see Fig. 2.1.

Case A: U transmits first.

Each transmission block 7' consists of six non-overlapping time intervals of lengths
{t;;i = 0,1,2,3,4,5}. In the rest of this section, we use superscript to denote which
user node is transmitting and subscript to denote transmission time interval, e.g., P 1o
denote the average transmission power by sensor node U, with b = 1, 2 during ¢, with a =
1,2,3,4,5. The ID and EH activities at receivers in S1-A during time intervals ¢, to, 3, 4
and ¢5 are summarized in Table 2.1. As a simple explanation of the table, during ¢,, Us
harvests the RF energy transmitted by Uy, hence in the U; — U, column the box EH is
marked with a v/. Since U, is inactive, the boxes in the U; — D column and U, — U, are
in gray color with a backslash \.

During ¢,, U; transmits information signal to D with average power Pl(l), as well as
harvests energy from natural resources. The complex baseband signal transmitted by U is
modeled as z; with E[|z[|*] = Pl(l), which is received by D and Uy as 310 and y;9, given
by

Y10 = vV hizi + 219 (2.2a)
Y12 = V hyr1 + 212 (2.2b)

where the noise terms are represented by 219 ~ CN(0, 0?) and 215 ~ CN(0, 03), respec-
tively. Due to energy causality constraints [33], U; cannot use the harvested energy during

t1 until ¢4 starts, and hence the energy constraint
PVt < By = Xity (2.3)

is imposed. On the other hand, U, remains inactive during ¢; and harvests natural energy.
During the subsequent interval ¢,, U; transmits energy signal to U, with average power

Pg(l), hence the energy constraint during ¢, is given by
Pty < Xi(tg +t,) — PVt (2.4)

During t3, Us becomes active and broadcasts RF signals to U; and D with average

power PPEQ). Let x5 be the complex baseband signal transmitted by Us and E[|z,]?] = P3(2).
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The corresponding received signals at D and U can be expressed as

Y20 = \V haxa + 299 (2.5a)
Y21 = V hyTo + 201 (2.5b)

where 259 ~ CN(0,0?) and 2z3; ~ CN(0, 0}) represents the noise at D and U;. And the
energy constraint at U, is given by

PPty < Xo(to + ty + ta) + nPV hyts. (2.6)

During the next interval ¢4, U, transmits energy signal to U; with average power P(2), and

the energy constraint during ¢4 is given by

2)

PPty < Xo(to +tr + to + ts) + nPM bty — PP, (2.7)

During t5, U, uses its remaining energy to relay Us’s message to D. The signal trans-

mitted by U, is denoted as x3 with E[|z3]?] = P;l), which is received by D as y39, namely

Yso = \V/ hiwz + 230. (2.8)

where 239 ~ CN (0, 0%) represents the noise at D. The associated energy constraint during

t5 is given by
POt < Xi(tg+ t1 +ta+ t5 + ta) — PPty — POty + PP hoty. (2.9)

Note that although U, harvests energy from natural energy during ¢4, t5 and U; is supposed
to transfer energy to U, after ¢5, the energy is stored for use in the next transmission block,
and does not contribute to the current transmission block. It is for this reason this energy is
not taken into account in the formulations of energy constraints.

Finally, in one block 7', the amount of data transmission achievable by U; and U, can

be expressed as

(1)

h
Bia =t log(1+ —=1) =t log(1 + P{Vy) (2.10a)

Boa = min[BY) + BSA), B (2.10b)

respectively, where v, = % [46]. And the amounts of data transmission achievable from
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Table 2.1: ID and EH activities at receivers in S1-A.

U1—>D Ul%UQ U2—>D U2—>U1
ID EH ID ID \ EH
t; | Uy’s message .
ty ~ v ~
ts . Us’s message | >~
ty >~ Ve
t5 | Uy’s message ‘ ~

Table 2.2: ID and EH activities at receivers in S1-B.

U — D U —-Uy | Uy —D | Uy, —U;

ID EH ID ID | EH

t1 ~ Us’s message | >
to >~ Ve

t3 | Us’s message
t4 | Up’s message

™~
™~

Usto D (Bgi‘)), from U; to D (B&)), and from U to U, (Bgﬁ) are given by

(2)

PP
BY) =ts3log(1 + 302 2) = t31og(1 + PP ) (2.11a)
rMp
B = t5log(1 + 502 L) = t5log(1 + PMy) (2.11b)
“ PPh,
BéA) = t3log(1 + 302 ) = tzlog(1 + ngQ)%) (2.11¢)

1

respectively, where v, = % and v, = % It is worth noting that we focus on the case
1

where the source-to-relay channel is better than the source-to-destination channel [46],
so that v, > 7 is also imposed. Otherwise the relay U; should not play a role in the
transmission from source U, to destination D.

Case B: U, transmits first.

In this case, each transmission block 7" consists of five non-overlapping time intervals,
to,t1, 12, t3 and t4. Unlike Case A, however, during ¢;, U transmits RF signals with average
power P1(2). During t5, U, transmits energy signal to U; with average power P2(2).

Then during ¢3, U; forwards Uy’s message with average power Pél). And finally, Uy
transmits its own message with average power P4(1) during ¢4. Table 2.2 summarizes the ID
and EH activities at receivers during t1, t2, t3 and t,4.

At the end of the transmission block, the amount of data transmitted by U; and Us,
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denoted by B, and B,p respectively, are given by

Bip = tylog(1 + PMy) (2.12a)
Bop = min[BSY) + BYY, BYY)] (2.12b)
BY) =t log(1+ PP) (2.12¢)
BQB = t3log(1 + P3 fyl) (2.124d)
B2B = tylog(1 4+ PPv,) (2.12e)

where Bég, Bég, ng denote the amounts of data transmission achievable from U, to D,

from U; to D, and from U, to U, respectively. The energy constraints imposed on the

active users are given by

PPt < Xot, (2.13a)
PPt < Xo(to+ 1) — PPy (2.13b)
Pty < Xi(to + t1) 4+ 1P haty (2.13¢)
Pty < Xi(tg + ty + ta) + nPP oty — POty (2.13d)

Scenario 2: Only DC is applied, see Fig. 2.4.

In this scenario, the RF signals received at the relay node are utilized for ID without
EC, and there are no time intervals allocated for energy sharing. Therefore, there are only
four time intervals including ¢,. The data throughputs and energy constraints for Cases A
and B can readily be obtained by substituting 7 = 0 into (2.3), (2.6) and (2.9) - (2.13). The

ID and EH activities during ¢, 5 and ¢3 are summarized in Table 2.3.

Table 2.3: ID activities at receivers in S2-A and S2-B with only DC.

U — D Uy— D | U, — U

ID ID ID
t; | U;’s message .

S2-A | ts ~ Us’s message
t3 | Uy’s message ~

t1 ~ Us’s message
S2-B | t5 | Us’s message ~
t3 | U;’s message ~

Scenario 3: Only EC is applied. See Fig. 2.5.

Each transmission block 7" in this scenario consists of four non-overlapping time inter-
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Figure 2.4: S2: Cooperative transmission model with data cooperation only.

vals to, 11,15 and t3. The two users broadcast their own message during ¢, and t3, respec-
tively. However, all RF signals received at the relay node are utilized for EH but with no

data relay. The ID and EH activities at receivers are summarized in Table 3.11.

— - - Energy flow
—> Data flow

Figure 2.5: S3: Cooperative transmission model with energy cooperation only.

Under this circumstance, the achievable data transmission and associated energy con-

straints in Cases A and B can be expressed by

Bia = tilog(1+ PMv) Pt < Xyt (2.14a)
P < Xi(to+ 1) — PP (2.14b)

Bou = t3log(1 + PPvs) PPty < Xo(to + t1 + ta) + P hyts (2.14c)
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Table 2.4: ID and EH activities at receivers in S3-A and S3-B with only EC.

U — D U, — Us Uy— D Us — Uy
ID EH ID EH
t1 | Up’s message ~
S3-A | s ~ Ve ~
ta ~ Usy’s message ~
t1 ~ Usy’s message ~
S3-B to ~ v
t3 | Uy’s message | ~
Bop = t1log(1+ PPy) PPt < Xotq (2.14d)
PPty < Xyt + 1) — PPty (2.14¢)
BlB = t3 log(l + P?El)’}/l) Pél)tg S Xl(to + tl + tz) + 77P2(2)hut2 (214f)

Scenario 4: Neither DC nor EC occurs.

Here, U; and U, transmit their own messages to D directly during ¢; and ¢5. The data
throughputs and energy constraints in S4-A and B can readily be established by substituting
n = 0 into (2.14).

2.3 Convex Problem Formulation

Given natural energy arrival rates at the two user nodes and channel conditions, we seek to
determine an optimal scenario in which the distribution of time intervals {¢;}, power alloca-
tions over these time intervals, and data throughputs at the user nodes are jointly optimized
so as to maximize the weighted sum-throughput over the present transmission block subject
to the constraints imposed for the chosen scenario. We focus on weighted sum-throughput
because it helps to give more attention to the sensor node with higher priority in a practical
network. An alternative goal instead of weighted sum-throughput maximization is to max-
imize the minimum throughput of the two users [37]. In this section we present two sets
of problem formulations. Based on the analysis and models established in Section 2.2, the
joint optimization problem is formulated for each EC-DC scenario. As will be shown be-
low, these optimization problems turn out to be convex after a simple variable substitution,
hence admit reliable algorithms. The optimal scenario can therefore be identified by eval-
uating the solutions obtained. Furthermore, based on a second-order approximation of the
two-variable “logarithmic perspective”, we derive a set of approximate problem formula-

tions. The simplified quadratic formulations remain convex. Both problem formulations,
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original and approximate, have fast solutions which are developed in Section 2.4.

2.3.1 Convex formulations based on the models from Section II

(1) Weighted sum-throughput maximization

The objective here is to maximize the weighted sum throughput over one transmission
block with given throughput weights w = [wy, ws], by jointly optimizing power and time
allocations for each of the four transmission scenarios. The sensor node U; with larger
weight w; has higher priority.

In Scenario S1, the design variables are time allocation t = [tq, t1, to, t3, t4, 5], power
allocations Py = [P, PV PP p® P Py = (PP PP PV, PY), and through-
puts B,y = [Bya, Boa, B, B B\, By = |Bip, Bag, BY)), B, BSY). Based on the
model for S1 in Section 2.2, the problems at hand for S1-A and B can be formulated,

respectively, as

maximize w;Bia + weBoy (2.15a)
t,Ps,B 4
st. Bos < B + B (2.15b)
By < BY (2.15¢)
(2.3), (2.4), (2.6), (2.7), (2.9), (2.10), (2.11) (2.15d)
t0+t1+t2+t3+t4+t5:1 (2156)
t;>0,i=0,1,2,3,4,5 (2.15f)
and
maximize w;Bip+ wyBop (2.16a)
t,Ps,Bp
(2) (1)
st. DBap < BY) + BLY (2.16b)
Byp < ng (2.16¢)
(2.12), (2.13) (2.16d)
t0+t1+t2+t3+t4:1 (2166)
t>0,i=0,1,2,3,4 (2.16f)

We note that the objective functions in (2.15) and (2.16) are in the form ¢ log(1 + v P)
which is not concave with respect to ¢ and P. However, by using variable substitution

y = Pt [45] and considering {¢, y} as the design variables instead of {¢, P}, the objective
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assumes the form ¢ log(1+4-%) which is the perspective of concave function f(z) = log(1+
~vz). It then follows from Section 3.2.6 of [47] that g(y,t) = tlog(1 +~v¥),t > 0 is also

concave with respect to variables ¢ and y. The same argument applies to the constraints

in problems (2.15) and (2.16) that the variable change y = Pt assures that all constraints

involved are convex.

Also note that the constraints in (2.15e) can be used to eliminate ¢, from these problems

by substituting to by 1 — (¢ + t5 + t3 + t4 + t5) and imposing the non-negativity constraint
1—(t1+ta+t3+ts+1ts5) > 0. In doing so, the problems in (2.15) and (2.16) are simplified

convex problems as follows, where (P1-A) and (P1-B) denote “Problem for Scenario 1,

Case A” and “Problem for Scenario 1, Case B”, respectively:

(P1-A) maximize
tuvaQA

S.t.

(P1-B) maximize
t,y,Bap

S.t.

w1ty log(1 + 71%) + wyBay
1

Byy < tslog(l+ 72%) + t5log(1 + 71%)
3 5
Boa < tzlog(1 + %%)
3

Y1 S Xg(1 =t —ty —t3 —ty — t5)
Yo S Xi(1 =ty —t3 =ty —t5) — 1
ys < Xo(1 —t3 —ty — t5) + nhuyo
Yo < Xo(1 =ty —t5) + nhuys — y3

ys < Xa(1 =15) = y1 — 4o + Nhuys
t1+t2+t3+t4+t5§1
t; Zoayi207i:172737475

witylog(1 + 71:3—4) + weBap
4

Bag < tilog(1 + 72%) +tslog(1 + mf—?’)
1 3

By < t1log(1 +’Vu%)
1

Y1 < Xo(1 =t —ty — 13— ty)
Yo < Xo(1 —ty —t3 —t4) —
ys < Xq(1 —t3 — t4) + nhuys
yas < Xa(1 —t4) + nhuy2 — 3

(2.17a)
(2.17b)
(2.17¢)

(2.17d)
(2.17¢)
(2.17f)
(2.17¢)
(2.17h)
(2.17i)
2.17j)

(2.182)
(2.18b)
(2.18¢)

(2.18d)
(2.18e)
(2.18f)
(2.182)
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tidto ittt <1 (2.18h)
>0y, >0,i=1,2314 (2.18i)

For S2, the formulations of the weighted throughput maximization problems are ob-

tained by
(P2-A) maximize wit: log(1 + 71 2%) + 1w Boa (2.192)
t,y,Baa tl

st Boa <talog(1+ 72%) +tylog(1 + %%) (2.19b)

2 3
Baa < talog(1 + %i—z) (2.19¢)

2
y1 < Xi(1 =t —ty —t3) (2.19d)
Yo < Xo(1 —ty — t3) (2.19¢)
ys < Xi(1 —t3) — (2.19f)
t bty <1 (2.19¢)
>0, >0,i=1,2,3 (2.19h)
and
(P2-B) maximize wit3log(l+ 1 22) + wsBap (2.20a)
t,y,Bap t3

st Bup <tlog(l+50) + o log(1+715) (2.20b)

1 2
Bap < t1log(1 + 'yu%) (2.20¢)

1

< Xo(l =t — by — ty) (2.20d)
Yo < Xo(1 —t2 —t3) — w1 (2.20e)
ys < Xi(1 —t3) (2.201)
tl + tQ + tg S 1 (220g)
> 0,4 >0,i=1,2,3 (2.20h)

For S3-A, it follows from the model in Section 2.2 (see (2.14)) and Table 3.11 that the

throughput maximization problem assumes the form

(P3-A) ma)iimize wsty log(1 + 71%) + wotz log(1 + o Zf’) (2.21a)
Y 1

3

s.t. U1 S Xl(l — tl — tQ — t3) (221b)
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Yo < Xi(1—ta—t3) — (2.21¢)
ys < Xo(1 = t3) + nhays (2.21d)
1+t +t3<1 (2.21e)
t;> 0,4 >0,i=1,2,3 (2.21f)

Similarly, the optimization problem for S3-B can be formulated as

(P3-B) ma)génize witslog(1 + %Zt/_j) + woty log(1 + 7232—11) (2.22a)
st g < Xo(l—ty — ty — t3) (2.22b)

Yo < Xo(1 —ta —t3) — 1 (2.22¢)

Y3 < Xa(1 —t3) + nhyye (2.22d)

bty 4ty <1 (2.22¢)

£, >0,y > 0,6 =1,2,3 (2.22f)

The problem formulations for S4, where no cooperation occurs, can be simply formu-

lated as

(P4-A) ma)iimize wyty log(1 + ’yl%) + wots log(1 + ’}/2%) (2.23a)
Y 1 2

S.t. U1 S Xl(l — tl — tg) (223b)

Yo < Xo(1 — 1) (2.23¢)

t1+1t <1 (2.23d)

>0, >0,i=1,2 (2.23¢)

(P4-B) maximize 1wy, log(1 + %%) + waty log(1 + %i/—l) (2.23)
Y 2 1

S.t. Y1 S XQ(]_ — tl — tg) (223g)

Y2 < Xi(1 —t9) (2.23h)

bAty <1 (2.23i)

>0, >00=1,2 (2.23j)

(2) Maximization of least throughput of the two users
As an alternative goal to the sum-throughput maximization addressed above, we may
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consider the problem of maximizing the least throughput of the two users. Problem of
this type is known as the common-throughput maximization [37], and is regarded as use-
ful as it facilitates balancing the resources between the two users. Denote the individual
throughputs of users U; and U, by B; and Bs, respectively, and let B = [By, By, the

common-throughput maximization problem can be formulated as

(P5) maximize B (2.24a)
t,y,B,B

st. B<B;,i=1,2 (2.24b)

BedtceV yec) (2.24¢)

where ®, U and () are the feasible sets for throughputs B, time allocation ¢ and auxil-
iary variable y, respectively, that can be further specified in accordance with a given sce-
nario. Regardless of the specific scenario involved, B;’s in (2.24b) always assume the form

tlog(1 + %), hence the constraints in (2.24b) are convex.

2.3.2 Convex quadratic formulations

(1) Quadratic approximation of the perspective function
The logarithmic perspective function

)

L,(t,y) = —tlog(l + ; (2.25)

encountered in both objective function and constraints is the only non-linear component
in the problems formulated in Section 3.1. As such, to a large extent it determines the
computational complexity in solving these problems. An effective way to handle [, (¢, y)
is to build a simple local model of the function at a given iterate (¢x, yx). It turns out that
l,(t,y) always has a rank-1 Hessian, hence it admits a very simple convex quadratic model

surrounding (tg, yx) as
1
Lt y) =~ 1, (tk, yr) + gi 6 + §(va 8)> £ 1(t,y) (2.26)

YYk

where g, =

—log(1 + L&) 4 % —= i — ,
b Ry = ‘/E(tv’c;tl;/k) and 8 = [t —tx, y —yi)". Fig.

te Yk etk
2.6 depicts the quadratic 13’“) (t,y) (the surface in black) in comparison with the original

l,(t,y) (the color surface) over a fairly large region 0.1 < ¢ < 0.9 and 0.01 < y < 0.1
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Figure 2.6: Perspective [, (t, y) (the color surface) versus its quadratic approximation with
(tr, yx) = (0.5, 0.05) and v = 1 (the black surface).

with ¢, = 0.5 and y;, = 0.05. Over this region, both ., (¢, y) and lgk) (t,y) vary in the range
[-4.2475,-0.4615], and the closeness between the two functions in terms of the normalized
Frobenius norm of I, (t,y) — lgk) (t,y) over 251 x 251 grid points of the region was found
to be 0.07.

(2) Convex quadratic formulations

Based on (2.26), convex formulations are simplified counterparts of the problems for-
mulated in Section 3.1 that are obtained by replacing all logarithmic perspective func-
tions involved by quadratic approximation of the form in (2.26). For illustration, the local

quadratic formulation of problem P1-A (see (2.17)) at iterate (t, y) is given by

(P1%M-A) maximize — wl® (t1,91) + w2 B (2.27a)
t,y,B 7
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st. B < —1W(t5,y5) — 1P(ts,y5) (2.27b)
B < —1{P(t3,y3) (2.27¢)
(2.17d) — (2.175) (2.27d)

The problem in (2.27) is a convex quadratically constrained quadratic programming (QCQP)
problem. Based on (2.18) - (2.20), the quadratic approximation also applies to other sce-
narios, and QCQP formulations can be constrained for (P1-A), (P1-B), and (P2-B), and QP
formulations can be obtained for (P3-A), (P3-B), (P4-A) and (P4-B). It will be shown later
in Section 2.4, that the algorithm based on approximate QCQP is much faster than that

based on the original problems.

2.4 Fast algorithms for optimal energy harvesting

Energy management and data transmission are supposed to be performed in real-time. As
such, optimal strategies must be constructed fast enough for them to be useful. Reliable
and efficient algorithms for constrained convex problems are available, yet the computer
codes realizing these algorithms are not designed to take advantages offered by particular
problem structures from a particular application. In this section, we first propose an en-
hanced Newton barrier algorithm that is tailored to solve the original problems formulated
in Section 2.3.1. Newton methods are well known for fast convergence and high solution
accuracy. They are especially suited because of the moderate problem sizes encountered
here. A barrier term is incorporated to take care of the constraints and convert the problem
at hand into an unconstrained convex problem. A line search technique is developed to
take full advantage that each Newton direction has to offer so as to accelerate the algorithm
considerably. Furthermore, as an alternative approach, we build an iterative algorithm for

optimal EH based on the approximate quadratic formulations described in Section 2.3.2.

2.4.1 The Newton barrier (NB) algorithm for EH

(1) The algorithm
We consider problem P1-A as a representative formulation to illustrate the technical
details of the proposed algorithm. With some notation simplified, P1-A is clearly equivalent

to the following convex problem which we shall examine in the rest of Section 2.4.1:

minimize f(x) = —w;t; log(1 + 71%) —wyB (2.28a)
t.y,B th



29

Algorithm 1 Newton Barrier Algorithm

Input: Energy arrival rates {X;}, SNRs {~;}, weights {w;}, u, initial point x, and toler-
ance €.

Output: Optimal solution x*.

1: Initialize all variables with strictly feasible points n < 0,7, = ro,a:%o) —

{Bo,to,yo}-
2: while ||z, — x,,_1||]2 > edo
3 Initialize k < 0, ¢, = z
4 while||:ck—:13k_1||2 > ecdo
5 Compute gradient g, of F;.(x) and Hessian Hy, of I (xy).
6: Compute search direction dj, < —H L9k
7 Find a step size «, that minimizes f(x; + ady) subject to (2.28b) - (2.28h).
8 wk+lewk+akdk,k<—k+1.
9 end while
10: mﬁf’jl — X, Tpgl & UTp, N 41+ 1.
11: end while
12: ¥+ x,

st e(x) = B — tylog(1 + 72%) ~t5log(1 + 71%) <0 (2.28b)
5
eo(x) = B — t3log(1 + %‘33) <0 (2.28¢)
3
)=y —Xq(l—t; —ta—ts —ty—t5) <0 (2.28d)
cu(®) =y +yo — Xi(1 —ty —t3 —t4 —t5) <0 (2.28¢)
cs(x) = —Bys +ys — Xo(1 —t3 —tg — t5) <0 (2.28f)
co(x) = —PBys +ys +ys — Xo(1 —t4 —t5) <0 (2.28g)
cr(x) =y +y2 — Bya+ys — Xi(1 —15) <0 (2.28h)
Cg(w) 1 + tQ + t3 + t4 + t5 —1 < 0 (2281)
t; >0y, >20,1=1,2,3,4,5 (2.28))

where B = Byy, 8 = nhy, and © = [t,y, B].
The NB algorithm solves (2.28) by iteratively solving the unconstrained problem

minimize F(x) = —wity log(l—i-’yly—) wgB—— Zlog —c;(x +Zlog )+log(y;))
7j=1

(2.29)
where 7 > 0 is a barrier parameter that increases as the iteration proceeds so that mini-

mizing F,(x) gradually becomes the same as minimizing the original objective function
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in (2.28), yet the presence of the logarithmic barrier term in (2.29) assures that the iterates
produced remain strictly inside the feasible region defined by (2.28b) - (2.28;). The algo-
rithm starts with a strictly feasible initial xy and an initial 7 = 79 > 0. Newton algorithm is
applied to minimize F;, (x) and its solution is in turn used to initiate the next minimization
of F, (x) where 71 = ury with p a constant factor, say p = 10, to yield a larger 7. The
iteration continues until the 2-norm difference between two consecutive iterates is less than
a prescribed tolerance e.

For a fixed 7, the Newton step assumes the form

L1 — T, + Ozkdk (2303)
dp = —(V?F, ()" VE, (2) (2.30b)

where o, minimizes f(x; + ardy) subject to constraints (2.28b) - (2.28h).

A technique for fast identification of «y, is described in part (2) of this section. The
proposed method is summarized in Algorithm 1.

(2) A line search technique for optimal o,

The line search that finds a step size ay, to minimize f(x) + ady) for given x; and dj,
consists of three steps. Denote &), = [tx, Y, By| that strictly satisfies constraints (2.28b) -
(2.28h), and dj, obtained from (2.30b) as dj, = [0, 6, 05| with &; = [0y, 01, , Oy, Oy, O |
and 8, = [0y,, Oy, Oys, Oy, Oy ]. The first step of the line search determines an interval of
a, [0, a], over which x + ad, satisfies the linear constraints (2.28d) - (2.28j). The value
of such a; can be found by simply finding the largest «; such that ¢;(x), + ad)) < 0 over
0, aij] for 3 < j < 8; then the largest & that over [0, &, x) + adj, satisfies (2.28h). Because

of the linearity of these constraints, it can be readily verified that

+oo  if g3 = —X;(6 + Oy + Opy + 01, +0t;) — 6y, >0

ag = = (2.31a)
@) Gtherwise
a3
too if g = —X1(S4 + Oty + 64y + ) — 6,y — 8y > 0
= 44 161, t3 t t5) Y Yo (2.31b)
@) otherwise
q4
—+00 lf qs = —X2<5t3 —+ 5t4 + 5755) + B(Syg — 5y3 Z O
s = (2.31¢)
S@k)  otherwise
g5
+oo  if gg = —Xo(0p, + 0r) + By, — Oyy — 0y, >0
g = de 2( t ts) B Y Y3 Yy (2.31d)
% otherwise
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= +oo it g = —X16y, — 6y, — Oy, + By, — 6y, >0 2.31¢)
a@k)  otherwise
ar
+oo if gg = 0y + Opy + Opy + 0py + 0, >0
s = as t t t3 ty ts 231
s@) otherwise
as
. . i Y
& = min{——, — =, +o0}. (2.31g)
6ti 5%‘
8¢;<0 6y, <0
It follows that
a; = 0.99min{as, ay, as, ag, a7, ag, &} (2.32)

where the scaling factor 0.99 assures strict feasibility of x; + ady on [0, ;] for (2.28d) -
(2.28h).

Next, we identify the largest subinterval [0, ay;| of [0, as], where @y, + adj, is strictly
feasible for constraints (2.28b) and (2.28c). Note that over [0, 7] the logarithmic terms in
(2.28b) and (2.28c) are well defined because the first six components of x; + ad; (that
are the ¢ and y components) remain strictly positive due to (2.28h). Also note that both
c1(xy + ady) and co(x), + ady,) are convex functions of « over [0, 7). This in conjunction
with the fact that both ¢;(x;) and () are strictly negative (because xy is a strictly
feasible iterate) implies that ¢i(xy + ady) and c3(xy + ady) each has at most one zero
crossing over [0, a;] and the zero crossings, denoted by a") and a® for ¢, (x;) and cy(x},),
respectively, can be identified by standard bisection which checks the sign of the function
at the mid-point of the interval to decide which part of the interval to keep in order to
proceed the bisection procedure. Evidently, a;; = 0.99 min{a("), a(®} assures that both
c1(xy, + ady) and co(xy + ady) remain strictly feasible for « over [0, o).

The final step of the line search looks for a minimizer of the objective function f(x) +
ady,) in (2.28a) as a function of « over [0, a7]. Because f(xy + ady) is convex with
respect to «, it has a unique minimizer over [0, az/|, and the minimizer, denoted by «y,
can readily be identified using, for example, the golden-section method that only requires

a small number of evaluations of the objective function [48].

2.4.2 An iterative algorithm based on local quadratic formulations

For illustration purpose we consider the problem in (2.27), which we call P1(®)-A as it is ob-
tained through quadratic approximation of the logarithmic perspective functions involved

in P1-A and the formulation is valid in a vicinity of the kth iterate ({, yx).
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With a strictly feasible initial point x(, the proposed algorithm calls a convex program-
ming (CP) solver to solve the convex QCQP subproblem P1©-A as formulated in (2.27)
for a global solution denoted as x;. This xj serves as an initial point for the next iteration
in that the quadratic approximation is carried out at j and the updated QCQP subproblem
is solved to obtain iterate . The iteration continues until ||z — x;_1||2 falls below a
prescribed tolerance e.

The reader is referred to Algorithm 2 for a step-by-step outline of this iterative ap-
proach. Our numerical experiments have demonstrated that Algorithm 2 converges within a
small number (typically in less than 10) iterations. Therefore, the complexity of Algorithm
2 is largely determined by the complexity of the QCQP subproblem. We have developed
an interior-point path-following primal-dual algorithm which is tailored to the structure of
problem (2.27) with a closed-form exact line search step. The customized MATLAB code
implementing the above algorithm was evaluated in comparison with a CVX-based coun-
terpart, and the average CPU time required by our code was found in the range 0.0086 to
0.01 normalized time units versus 1 time unit by the CVX-based code. Note that the pro-
grams are all run on a MacBook Pro with 2.7 GHz Intel Core 15 processor and 8 GB 1867
MHz DDR3 memory.

We remark that Step 3 of Algorithm 2 where a CP solver is called to solve a QCQP
subproblem will have to be modified to solve a QP subproblem when scenarios P3 and P4
are examined. The QP subproblem can be solved by an efficient interior-point algorithm
[48]. Comparisons of average CPU time required by several available computer code are
illustrated in Table 2.5 where the average CPU required by MATLAB function fmincon

was normalized to one unit.

Algorithm 2 An iterative algorithm based on local quadratic formulations

Input: Energy arrival rates { X;}, SNRs {~;}, PS ratio p, weights {w;} and tolerance e.
Output: Optimal solution x*.

1: Initialize all variables with strictly feasible points k& < 0, xj < { By, to, Yo}, dify > €.
2: while dif, > ¢ do

3:  Use «; to initiate a CP solver for P1%")-A in (2.27). Denote the solution obtained
by xy ;.
dify, = ||x;, — xl[2, k — K+ 1.
5: end while

6: T < T},
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Table 2.5: Comparisons of Average CPU Time Ratio where Average CPU Time
Required by MATLAB Function FMINCON was Normalized to 1 Unit

Our proposed methods Other available methods
original model | approximate model | original model | approximate model
NB QCQP QP fmincon | CVX quadpro
P1-A 0.5517 0.4917 - 1 55.25 -
P3-A 0.0294 - 0.2169 1 60.24 3.602

2.5 Numerical Results

In the numerical study reported below, the path loss exponent was set to a = 2 and the
average signal power attenuation at a reference of 1 unit of distance was set to 30dB, hence
channel gain h; = 10_3d; % for i = 1,2, u, where d, denotes the distance between U; and
U,. All receiver noise power density was set to -160 dBm/Hz and the bandwidth was set
to 1 MHz. The energy conversion efficiency n = 0.75 [25]. The weights of two users
were set to be equal as w; = we = 1. Through numerical study, the optimal strategy
that employs EC or DC or both is searched for different channel conditions and energy
harvesting environments in a three-node setup. For illustration purpose, the three nodes are

assumed to be positioned on one line.

2.5.1 Performances of Case A versus energy arrival rate of U,

In this part of numerical study, the distance between U; and D and distance between U
and U, were set to d; = 1 (unit), and the distance between Us and D was dy = 2.

When X; > X,, Case A is employed hence U; can share energy with U,. By fixing
the energy arrival rate X; = 2000 mW (millijoule per unit of time), the maximum sum-
throughputs and common-throughputs in S1-A to S4-A when X5 increases from 0 to 1 mW
are compared and shown in Fig. 2.7. It is observed in Fig. 2.7(a) that when X; > Xo, four
maximum sum-throughputs in Case A are pretty close to each other, compared with four
maximum common-throughputs in common-throughput maximization. It is because when
X is extremely small, sum-throughput maximization strategy allocates most resources to
U, and throughput of U; is nearly zero. On the other hand, common-throughput maximiza-
tion is illustrated in Fig. 2.7(b). When X, = 0, common-throughputs of U; and U, in
S2-A and S4-A are restricted by U;. However, in S1-A and S3-A, U, shares its energy to
U, before U transmits. Therefore, the common-throughputs of U; and U, are improved.

When X, increases from 0 to 1 mW, S1-A is seen as the best strategy employing both en-



34

ergy cooperation and data cooperation, and S3-A is the second best. Both S1-A and S3-A

include EC strategies, which is in agreement with our analysis.

2.5.2 Performances of Case B versus energy arrival rate of U;

In this part of numerical study, the distance between U; and D and distance between U
and U, were also set to d; = 1 (unit), and again the distance between U; and D was dy = 2.

When X, > X, Case B is employed so that U; can share energy to U;. By fixing
the energy arrival rate Xy = 2000 mW (millijoule per unit of time), the maximum sum-
throughputs and common-throughputs in S1-B to S4-B when X increases from O to 1 mW
are compared and shown in Fig. 2.8. We observe in Fig. 2.8(a) and Fig. 2.8(b) that when
X5 > X, the maximum sum-throughputs and common-throughputs in S1-B and S3-B are
pretty close to each other, while the results from S2-B are close to those in S4-B. Similarly,
when X; = 0, the common-throughputs of U; and U, in S2-B and S4-B are zero because
of U;. In contrast, the common-throughputs of U; and U, are enhanced by energy sharing
from Us in S1-B and S3-B.

In summary, when X5 increases from 0 to ImW, S1-B and S3-B strategies employing
EC perform better than S2-B and S4-B, which is in agreement with the results obtained in

case A.

2.5.3 Performance versus distance from U; to D in case A

In this part of numerical study, performance in S1-A - S4-A versus changing distance from
Uy to D is analyzed. Energy arrival rate of U/; was fixed to 2000 mW (X; = 2000mW)
and X5 was fixed to 0.5 mW. Uy, U, and D were located in a line, i.e., d, = dy — d;. In
addition, the distance between U, and D was fixed to dy = 2, and d; varies incrementally
from 0.2 to 1.8.

The results obtained are shown in Fig. 2.9 where optimal sum-throughputs versus dis-
tance from U; to D are compared with the common-throughput obtained by common-
throughput maximization. It can be observed that four trajectories of sum-throughputs
almost coincide with each other when U, is far from U, (d; < 1.4, d,, > 0.6). In addition,
with d; increasing from 0.2 to 1.4, the sum-throughputs in S1-A - S4-A are decreasing.
However, if two users are close enough, the sum-throughputs in S1-A and S3-A with EC
begin to rise at d; = 1.6 (d, = 0.4). On the other hand, the common-throughputs in S1-A
and S3-A with EC begin to rise at d; = 0.6 (d, = 2.4), much earlier than that in sum-
throughput maximization. And both sum-throughputs and common-throughputs in S4-A
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with neither EC nor DC are decreasing throughout. This is because when two users get
closer, the channel condition between the two users improves, which helps increase the
both energy harvested from the other user according to (2.1b) and the quality of relay for-
warding. In summary, EC strategies are shown to be more adaptive to distance changing
relative to DC, and we see that among the four scenarios S1-A performs the best in both
sum-throughput maximization and common-throughput maximization due to the advan-
tages of both EC and DC, while without any cooperation S4 performs the worst.

Numerical results of optimal individual throughputs achieved by sum-throughput max-
imization with the common-throughput from common-throughput maximization in S1-A
are shown in Fig. 2.10. It can be observed that the throughput of U; is decreasing while the
throughput of Us is increasing when two users are getting close. Even though Us is lack
of natural energy, it is surprisingly found that the throughput of U, approaches to U; when
dy = 1.8 (d, = 0.2) due to energy sharing and data cooperation.

The above analysis demonstrates that when there is a disparity between energy arrival
rates of two users, i.e., X; > X5 or X5 > X, the use of EC strategies leads to rather re-
markable improvement in system performance. We also observe that EC and DC strategies

become more effective when two user nodes are sufficiently close.

2.6 Summary

In this chapter, we have proposed an adaptive cooperative wireless communication net-
work strategy with energy cooperation (EC) and data cooperation (DC) techniques. Taking
into account the transmission order of two users in a three-node network, optimal energy
management strategies are investigated in terms of maximal weighted sum-throughput or
minimum throughput of the two users for four possible scenarios. An accelerated Newton
barrier algorithm and an alternative algorithm based on local quadratic approximation of
the transmission models are developed to solve the proposed optimization problems. Nu-
merical results have shown that employing EC and DC strategies does help to enhance the

performance of the system.
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Figure 2.7: Sum-throughput and common-throughput maximization in S1-A - S4-A with
X; fixed to 2000 mW.
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Figure 2.10: Comparisons of optimal individual throughputs by sum-throughput maximiza-
tion and the common-throughput by common-throughput maximization in S1-A with X

fixed to 0.5 mW and X5 fixed to 2000 mW.
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Chapter 3

Optimal Energy Management Strategies
in Wireless Energy Harvesting

Communications with Multiple Users

3.1 Introduction

Recently, energy harvesting (EH) from ambient radio frequency (RF) signals has been a
promising solution to prolong the lifetime of wireless communication networks [1,13]. One
important EH research direction is simultaneous wireless information and power transfer
(SWIPT) via RF signals [2]. To characterize the fundamental tradeoff between simultane-
ous data transmission and energy harvesting, a capacity-energy function is defined in [15].
Moreover, a rate-energy (R-E) region for a multiple-input multi-output wireless system is
characterized in [16], where two practical receiver schemes, known as time switching (TS)
and power splitting (PS), are proposed so that EH and information decoding (ID) are op-
erated independently. The achievable R-E region with SWIPT techniques is also studied
under the proposed dynamic PS scheme in [35].

With the rapid development of SWIPT techniques, researchers are interested in optimiz-
ing the performance of wireless EH communication networks via cooperative relay assisted
system [38,41,43,45,49,50]. In [38], the proposed cooperative transmission protocols en-
able the relay node to forward the source’s information and the source to harvest energy
from the relay’s transmission signals. Two different relay protocols based on TS and PS
techniques to separate EH and ID parts are proposed in [41], where an relay node replen-

ishes energy from the received RF signal transmitted by the source node. In [43], an EH
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Figure 3.1: System model for a cooperative multi-user network with relay assistance.

relay employs PS to harvest energy from RF signals transmitted by multiple sources, and
then forwards information to multiple associated destinations. On the other hand, in [49],
tradeoffs between the quality of data transmission and total amount of harvested energy are
investigated under different relay selection policies with multiple EH relays. In [45], the
near user to the hybrid access point, selected as the “relay” node, transmits its own data
first and then forwards the information of the “far” user. Furthermore, in [50], through-
put analysis is investigated based on two TS modes for the EH duration time of the re-
lay, continuous time EH and discrete time EH, where both amplify-and-forward (AF) and
decode-and-forward (DF) relaying protocols are considered. Considering both data and
energy cooperation in Chapter 2, optimal energy management strategies are studied based
on a new cooperative EH protocol adaptive to the energy harvesting and propagation envi-
ronments.

Prior works focus on a simple relay system model with only one source [38,41,45,49,
50]. In this chapter, we are motivated to study in a multi-source network with relay assis-
tance as shown in Fig. 3.1. We assume that N source nodes 57, 55 ... Sy transmit their
individual messages via an EH relay R through time-division multiple access (TDMA). In
addition, the power-splitting strategy is employed that allows the relay to replenish energy
from the RF signals transmitted by the sources, and then forwards the information from
each source to the destination D through TDMA. In this chapter, DF relaying is considered

and the relay has no other energy supply. Based on the proposed protocol, the convex prob-
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lems of characterizing the Energy-Throughput (E-T) tradeoffs between maximal amount of
saved energy and achievable average throughput are formulated. When there is only one
source node, the closed-form solution is derived by solving Karush-Kuhn-Tucker (KKT)
conditions. When there are multiple source nodes, we propose two strategies: one is com-
mon PS ratio strategy that the relay adopts the same PS ratio for all sources; the other is
individual PS ratio strategy that each source uses an individual optimal PS ratio for the
performance. We adopt the Newton Barrier algorithm in Section 2.3 and 2.4 to obtain the
solutions of the associated multi-source convex problems.

The rest of the chapter is organized as follows. Section 3.2 presents the system model
and transmission protocols. Section 3.3 presents E-T tradeoffs and a corresponding convex
problem for the one-source scenario. In Section 3.4, E-T tradeoffs for both common PS
ratio and individual PS ratio strategies are analyzed in multi-source scenarios. Numerical

study and useful observations are provided in Section 3.5.

3.2 System model

As illustrated in Fig. 3.1, we consider a multi-source network with N source nodes S;, 7 =
1,2,... N, an EH relay R and a destination D, each is equipped with an antenna. All
source nodes transmit their own messages via the relay R through different time intervals,
and there is no direct communication between sources and D.

Each channel in the network is characterized with a complex random variable h with
channel power gain h = |iL|2, which only considers distance-dependent path loss effects
for simplicity. In doing so, the channel power gain is modeled as h = Ad™“, where d is
the distance from the transmitter to the receiver, a an path-loss exponent and \ an average
signal power attenuation at a reference of 1 unit of distance. In this section, we use h; =
|hi|? and hp, = |hp|? to denote the power gain of the channel from the user .S; to R and the
power gain of the channel from R to D, respectively, with d; and dp to denote the distance
from S; to R, and R to D, respectively. All channels in our system model are assumed
quasi-static block-fading, thus the channel gains remain constant during each transmission
block 7', but may vary from one block to another. For convenience, 7" = 1 unit of time is
assumed in the rest of the section.

1

During the first phase of length % = 3, each source node S; transmits RF signals

with constant transmission power P to the relay within an equal time duration of length

1

5> respectively. We model the complex baseband signal transmitted by S; as s; with
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o—transmitter|« 1
ID

\_ lp %4
| recelver | EH

D

Figure 3.2: Energy harvesting and information decoding inside the relay node.
E[|s;|*] = P, which is received by R as y,.;

Uri =V hisi + Zni (3.1)

with noise terms z,; ~ CA(0,0?) at R.

At the end of the first phase, the relay uses PS technique [16] to split received RF signals
from each source .S; into two parts: p; P with 0 < p; < 1 for EH as its energy supply, and
the rest (1 — p;) P for ID as shown in Fig. 3.2, where the decode-and-forward strategy is
considered. In such case, the amount of harvested energy from each source S; at R, denoted
by E;, is expressed as

1
oN 1P (3.2)

where 7 is the energy harvesting efficiency.

During the second phase of length %, the relay forwards decoded data of each source
to D within an equal time duration of length ﬁ respectively. Let x; denote the com-
plex baseband signal for source S; transmitted by R with transmission power ();, hence

E[|z;]?] = Q. The corresponding received signals at D can be expressed as

Yai = \ haTi + 24 (3.3)

with noise terms zg4 ~ CAN(0,03%) at D. At the end of the second phase, we have energy

constraint

1 & 1 &
— Ph; > — : 3.4
QN;UP _QN;Q (3.4)
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imposed on R. If the harvested energy is not used up, we have saved F/; amount of energy

1 & 1 &
E, = oN Z;Upiphi ToON ZQi- (3.5)

1=1

For every transmission block 7', the amount of data throughput achievable by each source

node S;, and the amounts of data throughput achievable from .S; to R and from R to D are

given by
B; = min[B! , B} (3.6a)
B! = % log, (1 + (1%7;)1%) = % log, (1 + p; Py;) (3.6b)
By, = % log, (1 + Qai—gd) = % logy (1 + Qiva) (3.6¢)

respectively, where ~; = %, Yo = %, and p; = 1 — p; [46].
T d

3.3 Throughput and Energy Tradeoffs in one-source sce-

nario

In this section, we investigate the tradeoffs between the amount of saved energy F; at the
relay and achievable average throughput of all source nodes 7, which is characterized by
the boundary of Energy-Throughput (E-T) region Cg_1 below [35]

N N N
A 1 1 1
Co-1(Qp) 2 {(Bum) B 50 Y noPl = 5 3 Qur S 5 3B} G)

where transmission power vectoris Q = [Q1, ..., Qx|" and PS ratio vector p = [py, . .., pn|’.
First we consider a simple scenario where there is only one user in the network. Given
a target amount F; of saved energy, we can obtain the boundary point (£, 7) of Cp_1 by

solving following convex optimization problem based on (3.4), (3.5) and (3.6)

(P1) maximize 71 = B; (3.8a)
Q1,p1,B1
1
S.t. Bl < 5 10g2<1 + ﬁlp’}/l) (38b)
1
By < S logy(1 + Q17a) (3.8¢)

2
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1 1
E, = §np1Ph1 - 5@1 (3.8d)
1>0, 0<p <1, B >0 (3.8¢)

where p1 =1 — p;.

Lemma 3.3.1: The equality of (3.8b) and (3.8c) holds for the optimal solution of P2,
denoted by p7, Q7.

Proof: Please refer to Appendix A. [

According to Lemma 3.3.1, we derive the closed-form solutions of P1 as follows

. m(nPhy —2E;)
= = max 3.9a
Qp = MR = g (3.90)
2, + Q7
* = ——— . b
P1 1Phy (3.9b)
1
By = 5 log, (1 + Q17y) (3.9¢)

where [ = w1+7717gh1 and Qax = nPhy — 2E,, when p; = 1.

Fig. 3.3 is an example to illustrate the E-T tradeoff for the only one source S;. We
assume the distances from S; to R and from R to D are d; = 1 (unit) and dp = 1. The
path loss exponent is set to o = 2, the average signal power attenuation at a reference of
1 unit of distance is set to A = 1, and noise at R and D is set to -10 dBm (10~%). Thus
~v1 = 40 dB. The transmission power by S is P = 200 mW and the energy efficiency
isn = 0.75. In Fig. 3.3a, we can see that when transmission power () by the relay R is
increasing, the amounts of data transmission achievable from S; to R, denoted by B, is
decreasing while the amounts of data transmission achievable from R to D, denoted by
B, 4 1s increasing. With three different target amounts of saved energy £ = 10, 30, 60 mJ,
all the three trajectories of By, and B,; meet at )7 = [SQmax, Where the throughput of
Sp reaches maximum. By substituting our parameter settings into optimal solutions (3.9),
B = - +leg - = 0.57is obtained as shown in Fig. 3.3a. When the amount of saved energy
E increases from 10 to 60 mJ, the maximum throughput 7* decreases from 4.7 to 3.7.

Moreover, the E-T tradeoff for S is illustrated in Fig. 3.3b. It can be identified that when

there is no energy left, the maximum throughput of 5] is close to 5. The maximum amount
of saved energy E is 75 mJ when data transmission is decreasing to zero for the one source

scenario.
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3.4 Throughput and Energy Tradeoffs in multi-source sce-

nario

In this section, we consider two strategies in a multi-source network. One strategy is that
all source nodes share a common PS ratio. The other is that each source node has an
individual PS ratio. Based on different strategies, we formulate two convex optimization
problems and illustrate the E-T tradeoffs between the amounts of saved energy and average

throughputs for both two cases.

3.4.1 Common PS ratio

First, we consider a strategy where PS ratios for each source are equal at the relay. The
common PS ratio is denoted by p., and the convex optimization problem for the boundary

points (E, 7) of the E-T region is formulated as

N
1
P2 imi = — B; 3.10
P2) m%>§;?éze T N ZZI ( a)
1 _
st. B < W10g2(1 + pePy;) (3.10b)
1
B; < oN logy (1 + Qiva) (3.10¢)
1 & 1 &
E,=— Ph; — — i 3.10d
oI ; np N ; Q (3.10d)
0<p. <1 (3.10e)
Qi>0, B;>0 (3.10f)

The enhanced Newton Barrier algorithm in Chapter 2.4 is adopted to solve this convex
optimization problem.

Fig. 3.4 illustrates optimal transmission power ()7 and common PS ratio p under
different target amount of saved energy F, and Fig. 3.5 shows the E-T tradeoffs for each
source in the network. We assume that there are three source nodes in the network with
distances from each source to R are d; = 1,d; = 2 and d3 = 3, respectively. All the
other parameters are the same to those in Section 3.3, so that 7, = 40 dB, v, = 34 dB and
~v3 = 20 dB. From (3.10d), it is clear that the transmission power (); for each source and the
common PS ratio p, are linear to the saved energy I, which is observed in Fig. 3.4. Also

from (3.10d), the maximum saved energy can be derived as F,.x = ﬁ Zfil nPh; = 34
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mJ, when p. = 1 and ; = 0 with ¢ = 1,2, 3, as shown in Fig 3.4 and 3.5. From Fig.
3.4(a), S with the best channel condition is allocated with the largest transmission power,
hence we see that S; has the largest throughput in Fig. 3.5. This is in agreement with
the intuition that the source with the best channel condition is supposed to make the most

contribution to the average performance of the network.

3.4.2 Individual Optimal PS Ratios

In this part, we consider a strategy where each source has an individual PS ratio p; at the

relay R. In such scenario, the convex optimization problem is formulated as

N
1
P3 imi - — VB 3.11
(P3) maximize 7= ; (3.11a)
1 & 1 &
S N ;m) N ;Q (3.11b)
1 _
B; < N logy (1 4+ p; P;) (3.11¢)
1
B; < oN logy (1 + Qiva) (3.11d)
Qi>0, 0<p; <1 (3.11e)

where p; =1 — p;.

Using the same parameter settings in the previous part, E-T tradeoffs for each user
source with individual optimal PS ratios are illustrated in Fig. 3.6. In Fig. 3.6(a), it can
be observed that optimal p; for S; with the best channel conditions is always larger than
p2 and p3. Moreover, it is interesting to find that there is a particular value for £, denoted
by £, e.g., By ~ 15 in Fig. 3.6. Specifically, in Fig. 3.6(a), inclination angles of three
trajectories for PS ratios when E; < E; are different from £ > E;. And in Fig. 3.6(b), all
three sources have same throughputs from FE; = E; until F reaches the maximum value
Erax = 34 ml.

3.5 Numerical Results

In the numerical study reported below, all receiver noise was set to 1074, and the energy
conversion efficiency was set to 7 = 0.75. There were three source nodes in the network,

and the distance from each source 5; to the relay R were setas d; = 1,dy = 2 and d3 = 3,
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respectively.

3.5.1 Performances versus path loss exponent o

In this part of the simulations, the transmission power of sources was fixed to P =200 mW
and performances of the network with different path loss exponent o were investigated. In
Fig. 3.7, if all sources share the same PS ratio p., the optimal common PS ratios versus the
amount of saved energy L are illustrated when the path loss exponent o =2, 2.5 and 3,
respectively. We see that all three trajectories of p. meet at the same point (£, peo). When
E, < Fy, the optimal p. with lower path loss exponent « is greater than that with larger a.
However, when F; > E, the optimal p. with larger « is greater than that with lower a.
Next, comparisons of E-T tradeoffs with the common PS ratio and with individual PS
ratios with different path loss exponent « are illustrated in Fig. 3.8. Intuitively, the larger
path loss exponent « leads to poorer channel condition and thus worse average through-
put, which is proved in Fig. 3.8. It is also observed that the average throughput with the
individual PS ratios outperforms that with the common PS ratio, which is expected in our

analysis.

3.5.2 Performances versus transmission power P of sources

In this part of the simulations, the path loss exponent was fixed to o = 2 and performances
of the network with different transmission power P were investigated. The optimal com-
mon PS ratio p. versus the amount of saved energy F, under different transmission power
P is shown in Fig. 3.9. We observe that the increasing speed of the common PS ratio p,
gets smaller when the transmission power of sources P increases from 100 mW to 300
mW. This indicates that the relay will raise the ID ratio when the transmission power of
received signals increases.

On the other hand, Fig. 3.10 compares T-E tradeoffs from the common PS ratio strategy
with the individual PS ratio strategy under different transmission power P. First, it is in
agreement with Fig. 3.8 that individual PS ratio strategy outperforms the common PS
ratio strategy. And it can be also observed that the larger transmission power P is more
beneficial to both strategies. Furthermore, when E increases, the fading speed of the
average throughput with P = 100 mW is much larger than that with P = 200 mW and
P = 300 mW. This indicates that the network with lower transmission power P is more

sensitive to the changes of other system parameters, e.g., changes of target saved energy
E.
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3.6 Summary

In this chapter, we proposed a new cooperative wireless communication network protocol
with multiple sources and one relay. Energy-Throughput (E-T) tradeoff regions are charac-
terized between the maximum achievable average throughput of the sources and the total
amount of saved energy in three circumstances. When there is only one source node, the
closed-form solution is derived by solving KKT conditions. When there are multiple source
nodes, we consider two strategies: one is common power splitting (PS) ratio strategy that
the relay adopts the same PS ratio for all sources; the other is individual PS ratio strategy
that each source uses an individual optimal PS ratio. Optimal solutions to the proposed
convex optimization problems are obtained via the Newton Barrier algorithm developed in
Chapter 2. Numerical results have shown that individual PS ratio strategy outperforms than

the common PS ratio strategy.
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transmission power by the single source .S, and (b) E-T tradeoff for 5.
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Chapter 4
Conclusion and future work

This thesis studies two wireless EH communication systems with joint energy cooperation
and data cooperation. Chapter 2 considers a three-node model with two EH user nodes and
a destination node, while Chapter 3 investigates a multi-source network with one EH relay
but multiple sources. This chapter concludes the above research topics and presents some

open issues and expectations for the future research.

4.1 Optimal Energy Management Strategies
in Wireless Communications with Joint Data

and Energy Cooperation

In this thesis, we have proposed an adaptive cooperative wireless communication network
strategy that incorporates energy cooperation (EC) and data cooperation (DC). By examin-
ing a three-node network for detailed analysis under the proposal, optimal energy manage-
ment strategies in terms of maximal weighted sum-throughput or minimum throughput of
the two users are investigated in detail for four possible scenarios. Numerical results have
shown that whether to include EC and DC depends on the availability of natural energy for
harvesting and the topology of the nodes, and that employing EC strategies is of help when
disparity between energy arrival rates of two users exists. We also observe that when two

user nodes are sufficiently close, both EC and DC strategies are shown to be more effective.
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4.2 Optimal Energy Management Strategies in
Wireless Energy Harvesting Communications

with Multiple Sources

In this thesis, we also proposed a new cooperative wireless communication network proto-
col with multiple sources and one relay. When there is only one source node, the closed-
form solution is derived by solving KKT conditions. When there are multiple source nodes,
we propose two strategies: one is common PS ratio strategy that the relay adopts the same
PS ratio for all sources; the other is individual PS ratio strategy that each source uses an
individual optimal PS ratio for the overall performance. The Energy-Throughput (E-T)
tradeoffs are investigated in detail for above three cases. Numerical results have shown
that individual PS ratio strategy outperforms than the common PS ratio strategy, and the
network with higher transmission power by sources are more adaptive to the changes of

other system parameters.

4.3 Future Work

There are several issues appear to be worthwhile for future research. These include:

e As an initial study of optimal energy strategies with joint energy cooperation and
data cooperation, in this thesis we have focused on problem formulation and algo-
rithm development. The channel model and energy arrival conditions are relatively
simple. More realistic channel models with increased degree of complexity should

be investigated in the future.

e This thesis considers only one transmission block where the energy harvested is ex-
hausted for information transmission. In practice, the system performance can be
improved if user nodes can accumulate the energy and perform energy scheduling

across multiple consecutive blocks.

e Currently only limited number of user nodes are considered in our model. It would
be of interest to extend the proposed scheme to large scale cooperative networks in

the future research.
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Appendix A

A proof of Lemma 3.3.1

From (3.8d), we can derive the optimal PS ratio p] = B and eliminate the PS ratio
variable by doing such substitution as follows
maximize B, (A.1a)
Q1,B1
1 2Es + Ql
t B <=1 1+(1 — ————)P A.1b
S 1 = 2 OgQ( +( nPhl ) 71) ( )
1
B, < 5 logy (1 4 Q17a) (A.lc)
@120 (A.1d)
2Es + Ql
—— <1 A.l
WPh, S (A.le)
The Lagrangian of convex problem (A.1) is given by
1 2E, +
L1(B1,Q1, 1) = — Br + pun(B1 — 5 logy(1+ (1 — —QI)P%))

2E, +

—1
nPhy )

1
+ p2(By — 2 logy (1 + Q17va)) — 13Q1 + 1a(

The Karush-Kuhn-Tucker (KKT) conditions for optimal solutions (Q)7, p*) are expressed
as

oL,
oB;

=0 (A.3a)
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oLy _ i hr o V4

QT 2 (1+ El — 2 py)m2 2 (14 Qi) In2 (A3b)
(] — G logy(1-+ (1= 22 ) pay)) —o (A30)
(B — 3 logy(1 + Qi) = 0 (A3d)
15Q; =0 (A3e)
ui(QE;P—ZlQ{ —1)=0 (A3
pi>0, i=1,23,4 (A.39)
Qi >0 (A3h)

1) If %—tﬁn = 1 or 7 = 0, throughput of S; is zero, i.e., Bf = 0, which is a
meaningless case that we do not take into account in practice.

2) If 25490 < 1and Qf > 0, we have ;15 = 0 and 1z} = 0 based on (A.3e) and (A.3f).
By solving (A.3a) and (A.3b), we derive the optimal Lagrangian multipliers as follows

* 21
= Ada
=T + 27 ( )
1
5 = A.4b
Ho 1+ 2 ( )
where zf = 1+22d’{rd (’7% + nhi P — 2E; — Q). Because both pf and p are positive, the

equality of (3.8b) and (3.8c) holds. This completes the proof of Lemma 1.
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Key MATLAB functions for Newton

Barrier algorithm

Below is Newton Barrier function to find an optimal solution xs:

o\

Use Newton Barrier to solve problem P1-A.

o\

Output:
xs (1) = B;
Xs (6) = tb5;
xs (11) =

optimal solution xs
xs(2) = tl; xs(3) = t2;
xs (7) = xs (8) =

o\

xXs (4) = t3;

vil; y2; xs(9) = y3;
ySi

% Input:

% x0: a feasible initializiation of soltuion

% A,b: linear conditions, where Axx <= Db

% gam: array of SNRs
tolerance

[xs,fs,k] =

% epsi:
function
k =1;
xk =

newton (x0, epsi, A, b, gam)

x0;
gk =
hk =
dk =

gradient (xk, gam) ;
hessian (xk, gam) ;
—-inv (hk) xgk;
dhk = Axdk;
bw = b - Axxk;
if (dhk < 0)

a_tmpl = 1;

else

xs (5) =

t4;

xs (10) = vy4;



ind = find(dhk > 0);

a_tmpl = 0.99xmin (bw (ind) ./dhk (ind)) ;
end
ak = golden_sect (’afunc’, a_max, xk,dk, gam) ;
adk = akxdk;
er = norm(adk);
while (er > epsi),

xk = xk + adk;

gk = gradient (xk,gam) ;

hk = hessian (xk,gam);

dk = —-inv (hk) *gk;
dhk = Axdk;

bw = b - Axxk;

if (dhk < 0)

a_tmpl = 1;
else
ind = find(dhk > 0);
a_tmpl = 0.99xmin (bw(ind) ./dhk (ind)) ;
end
ak = golden_sect ('afunc’, a_max, xk,dk, gam) ;
adk = akxdk;
er = norm(adk);
end
% Solution point
xs = xk + adk;

% Objective function at the solution point

fs = funO (xs,gam);

63

Below is Golden-Section Search function to find a optimal step size a:

function [a] = golden_sect (fname, xL1l,xUl, rou, xk, dk, p)
% Generate xal, xbl, f(xal), and f (xbl)

K = 0.5% (1+sgrt (5));

k =1;

I1 = xU1l - xL1;

I2 = I1/K;

xak = xUl - 1I2;
xbk = xL1 + 1I2;



fak = feval (fname, xak, xk,dk, p) ;
fbk = feval (fname, xbk, xk,dk, p) ;

Ikl = I2;
xLk = xL1;
xUk = xUl;
xw = xak;

[o)

% Perform Golden—-Section search

while Ikl >= rou & xak <= xbk,

Ik2 =

if fak
xLk1
xUk1
xakl
xbk1l
fakl
fbk1l

Tk1/K;

>= fbk,

= xak;

= xUk;

= xbk;

= xLkl + Ik2;

= fbk;

= feval (fname, xbkl, xk, dk, p) ;

xw = 0.5+« (xakl + xUkl);

else
xLk1l
xUk1
xakl
xbk1l
fbkl
fakl

= xLk;

= xbk;

= xUkl - Ik2;

= xak;

= fak;

= feval (fname, xakl, xk, dk, p) ;

xw = 0.5* (xLkl + xbkl);

end

xLk = xLk1;
xUk = xUk1l;

xak = xakl;

xbk = xbkl;

fak = fakl;

fbk = fbkl;

Ikl = Ik2;

k =k + 1;
end
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Appendix C

Key MATLAB function for local

quadratic approximation algorithm
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o\°

o\°

<)
°
<)
°
)
°
o
o

o
°

To solve QCQP problem for problem P1-A.

Output: optimal solution xs

xs(l) = B; xs(2) = tl; xs(3) = t2; xs(4) = t3; xs(5) = t4;
xs(6) = t5; xs(7) = yl; xs(8) = vy2; xs(9) = y3; xs(10) = vy4;
xs(11l) = y5;

input:

x0: a feasible initializiation of soltuion
A,b: linear conditions, where Axx <= Db
gam: array of SNRs

epsil, epsi2: tolerance

function [xs,fs,iter] = gcgp_pla(x0,A,b,gam,epsil,epsi2)
nl = 11; % number of design variables

n2 = 18; % number of constraints

muk = mu0;

iter = 0;

x0w = x0;

err2 = 1;

while err2 >= epsi2,

o

°

generate gradients and hessians of objective funtion and
non-linear constraints

[g0,v0,cl,gl,v]l,c2,92,v2] = gen_data (x0w);

HO = v0*v0’;
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Hl = vl1xvl’;
H2 = v2*v2';
xk = x0w;
dk = doO;
f0 = funcO (xk,gam,wl,w2);
fk_old = £0;
% mul, mu2: lagrange multipliers for two non-linear constraints
mul = muk(1l);
muk (2) ;
% mu3: lagrange multipliers for linear constraints
mu3 = muk(3:n2);
bw = b - Axxk;
gk = bw - Axdk;;
gki = 1./gk;
d = min(le+16,mu3.xgki);
Ad = diag(d) *A;
hO = HOxdk + g0;
hl = Hlxdk + gl;
h2 = H2xdk + g2;

mu2

rdl = - (0.5x (norm(vl’*dk)) "2 + gl’*dk + cl);
rd2 = —(0.5x(v2’+dk) "2 + g2’ xdk + c2);
rp = —(h0 + mulxhl + mu2+«h2 + A’*mu3);

gap = mul*rdl + mu2xrd2 + mu3’ xgk;

tau = gap/rho_g;

k = 0;

errl = 1;

while errl >= epsil,
% Calculate d_x and d_mu

H = HO + mul*H1 + mu2*H2 + (mul/rdl)x(hlxhl’) +
(mu2/rd2) * (h2+«h2’) + A’ *Ad;

rpt = rp + (mul-tau/rdl)+hl + (mu2-tau/rd2)*h2 +
A’ x (mu3-tauxgki);

d_x = H\rpt;

d_mul = (mul/rdl)=*(hl’*d_x) + tau/rdl - mul;

d_mu?2 (mu2/rd2) *x (h2’ *xd_x) + tau/rd2 - mu2;

d_mu3 = Adxd_x + tauxgki - mu3;

[o)

% Calculate step size
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dhk = Axd_x;
if (dhk < 0)
al = 1;
else
ind = find(dhk > 0);
al = min(gk (ind) ./dhk (ind));
end
£t10 = 0.5x (norm(vl’ xd_x) "2);
tll = hl’'xd_x;
tl2 = cl + 0.5x(norm(vl’*dk)"2) + gl’xdk;
a2l = real ((sgrt(tll”2-4+t10+tl1l2) - tl1l1)/(2+«t10));
t20 = 0.5%(v2’'*xd_x) "2;
t21 = h2'xd_x;
t22 = c2 + 0.5« (v2’'xdk) "2 + g2’ «dk;
a22 = real ((sqgrt(t2172-4%t20%t22) - t21)/(2xt20));
ax = 0.99+min([al a2l a22]);
ax = max([ax le-6]);

if d_mul >= 0,

aul = 1;
else
aul = -mul/d_mul;
end
if d_mu2 >= 0,
au2 = 1;
else
au2 = —mu2/d_mu2;
end
ind = find(d_mu3 < 0);
auld = min(-mu3 (ind) ./d_mu3 (ind)) ;
au = 0.99+*min ([aul au2 au3l]);
a0 = —(h0’*d_x)/ (v0"*d_x) "2;
a0l = - (HOxd_x)\hO;
if a0 > 0O,
a = min([a0 ax]);
else
a = le-5%*ax;

end



o

% Generate a new iterate
dk = dk + axd_x;

mul = mul + auxd_mul;

mu2 mu2 + auxd_mu2;
mu3 = mu3 + auxd_mu3;
gk = bw - Axdk;

gki = 1./qgk;

hO = HOxdk + gO;

hl = Hlxdk + gl;

h2 = H2xdk + g2;

rdl = — (0.5 (norm(v1l’xdk)) "2 + gl’«*dk + cl);
rd2 = —(0.5% (v2'xdk) "2 + g2’xdk + c2);

gap = mul*xrdl + mu2xrd2 + mu3’ xgk;

tau = gap/rho_g;

rp - (h0 + mul*hl + mu2+«h2 + A’+mu3l);
fk = funcO (xk+dk,gaml,wl,w2);

errl = abs((fk_old-fk)/fk);

fk_old = fk;

k =k + 1;

end

% update xk and muk

xk = xk + dk;

muk_new = [mul; mu2; mu3];

dm = muk_new - muk;

muk = muk_new;
x0w = xk;
iter = iter + 1;

sk

err2 1/ (sqgrt (nl)+sgrt (n2)) * (norm (dk) +norm (dm) ) ;
end

xs = xk;
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