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Abstract

In this dissertation, online power control strategies amppsed for wireless communica-
tion systems equipped with energy harvesting devices aitd-iapacity batteries. The
methods are proposed for the unbounded fading environnerd.to the time-dependent
and random behavior of the energy arrival and fading, théseftation focuses on the
stochastic optimization problem to maximize the long-teawerage transmission rate.
Leveraging the Lyapunov technique, online algorithms asghed based on the current
battery energy level and fading condition. The performagees to the optimal scenarios
are mathematically derived. The proposed algorithms daetptire any statistical infor-
mation (of the energy arrival and fading) and have a novehbien of conservative energy
harvesting and opportunistic transmission. The algorstlane designed for point-to-point,
and relay networks.

For a point-to-point channel, a three-stage closed-fortimerpower control policy
is proposed. The proposed algorithm has an opportunistiavier based on the energy
arrival and channel fading. The proposed methodology is/aho be applicable for multi-
antenna beamforming scenarios including MISO, SIMO, antMl The analytical per-
formance gap to the optimal solution is presented. The sitiauis are compared with other
online algorithms in the literature and provides a supgreformance.

A joint online power control strategy is designed for a twapramplify and forward
(AF) network. Both transmitter and relay are equipped witlitdi capacity batteries and
energy harvesters. The proposed algorithmis a joint ckdsed scheme that has an unique
behavior in terms of the channel fading and energy arrivédath hops. Analysis is pro-
vided to illustrate the performance gap of the proposedrihgo to the optimal solution.
The simulation results show that the performance signifigdmgher than that of existing

online algorithms.
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Chapter 1

Introduction

1.1 Energy Harvesting in Wireless Communication

The excess carbon emission due to the growing energy denasnchlised significant en-
vironmental concern. To address the increasing energyacmkteduce carbon footprint,

the renewable energy has increasingly been consideredalteamative energy source. In
particular, wireless communication systems equipped @nrgy harvesting (EH) devices
have recently attracted a growing attention. Energy héngss a process that captures
the energy from the environment, converts and stores fardutransmission. Unlike the

conventional fixed power supplies (either from the grid otdrg), EH devices scavenge
energy from the environment and provide a continuous powgply.

There are many different ambient energy sources for theggrervesting including
natural and other ambient energy sources. Natural sounoésas solar, wind and water
flow provide an unlimited amount of energy from the enviromtnélong with the natural
sources, there are other methods to scavenge the ambiegy esoeirces such as vibra-
tional, electromagnetic, thermal, biological systeis8]. One of the promising source of

energy harvesting is solar energy (light) which providesralant amount of energy with-
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out generating any carbon footprint. Using photovoltail, tight energy is converted to
the electrical energy. This technique provides a higherggnkevel compared with that
of other alternative sources of energy harvesting. Thisggndepends on the day time
and also the geographical location. For example, this naetiarks properly in Asian

and African countries where the sun light is available tigttaut the day. Another natu-
ral source of energy harvesting is wind suitable for coestthat their weather is mostly
cloudy and windy 9].

Although the convectional renewable energies such as aothwind energy provide a
high amount of energy, the nature of these sources couldri®dependent e.g. the solar
energy is not available at night. To address this concedip feequency (RF) has gained a
great importance in various EH wireless systems. Radiafregy energy harvesting (RF
EH) exploits the energy from the environmental electronegigrsignals that continuously
exists in the surrounding environmedt]. Using RF EH, energy cooperation among var-
ious wireless receiver devices was recently introducedce RR EH technique, however,
has not been investigated at the transmitter side althdw@RFE environment presents con-
stantly.

There is a growing demand for a low-cost reliable source efggnthat is applicable
for a wide range of applications. The EH devices have iytighined a lot of attention in
remote applications where the conventional energy supphot accessiblelfl, 12]. For
instance, energy harvesting devices provide an unlimioeeep supply for wireless sensors
to maintain the lifetime network operation without the needeplenish batteries. These
systems later used in biological applications where the@®srare used in the human body
and not accessible for chargintd 14].

In wireless communication, EH technique is a promising tsatuto provide a sustain-
able energy source to base stations, relay stations, soaerthe mobile device$%]. The

recent technologies in wireless systems require a higlegggrronsumption. For example,
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EH would benefit the high speed multimedia transmission liaiceetworks specifically in
5G systems10].

In practice, the ambient energy sources have a stochasticendn other words, the
ambient energy is available at random times and in randonuataoThe stochastic nature
of the ambient energy is one of the challenges in energy bangetechnology specifically
wireless communication. Furthermore, signal fluctuat®mmnother challenge to design
an effective wireless transmission model. Fading and [msh-are responsible for signal
attenuation in wireless communication systed®.[ The channel fading has a random be-
havior and would greatly influence the performance of thevagk. Additionally, energy
storage and management should be considered along with Eirbdsein designing a re-
liable EH system to address the stochastic energy arrilsdtirces should be managed
effectively before utilizing and exploiting.

To address these challenges.(random energy arrivals and fading environment), an
effective EH methodology is needed that maximizes the pexdoce of wireless system
using ambient energy sources. Based on the energy arrovegégs and storage structure,
various methods in wireless communications were propo8edHig. 1.1 illustrates the
common classification of system design with energy hamgsechnology in wireless
communication network. Modeling the energy arrival pracesn be categorized into of-
fline and online strategies. In offline methods, the energyair(in terms of arrival time
and arrival amount) and channel quality (in the case of damgig the fading environment)
are assumed to be known in advanice. (prior to beginning of transmissiond[15]. In on-
line methods, however, the energy arrival and channel ¢pgi@in are assumed to be causal
where only past and current information of random eventsasadable. offline methods
are unrealistic since the nature of environment is unptalie and has a stochastic be-
havior. However, these methods present an upper-bountidgrdrformance of the online

methods 17]. The online methods are challenging to be designed dueaimplex nature
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Figure 1.1: Energy harvesting systems classification

of random ambient energy sourcds

Scavenging the ambient energy can be considered regaafléss battery storage,
however, the battery storage, in practice, benefits thepaence of the wireless commu-
nication system. In terms of the storage management, theoHinzinication systems can
be divided intowith storageand without storage In without storagenethod, the harvested
energy is used immediately to supply the power of the netwbik a system to perform
constantly, the harvested energy should be more than thienomm required energy for
the network operation. Emith storagemethod uses an energy storage or rechargeable
battery to save the excess amount of harvested energy. Thétkldtoragecan be catego-
rized into ideal and non-ideal in terms of battery capaaity enplementation5,17]. EH
methods (online /offline alongith storagemanagement) can be applied in various wireless

system models including point-to-point, broadcast, rpldtaccess, and cooperative relay
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networks.

This dissertation proposes novel practical online powetrocd strategies using EH in
the fading environment to maximize the long-term average oé wireless networks. A
realistic battery storage with a finite capacity is conseden the proposed methods. The
algorithms are proposed for the point-to-point and relayoeks. Furthermore, an online
joint power control and operation management (schedulsdgveloped using RF EH at

the transmitter side to maximize the long-term averageindtee multiple access network.

1.2 Literature Review and Background

In the followings sections, the existing EH works in the wess communication are re-

viewed and compared.

1.2.1 EH in Wireless Communication without Storage

There are some works that focus on the capacity of a comntionazhannel where there is
no battery to store and save energy for future use. In this, ¢as channel input is limited
to the instantaneous stochastic amplitude constrabjt Reference 18] considers Ampli-
tude White Gaussian Noise (AWGN) channel with time-varyangplitude constraints and
derives the capacity of this channel by using Shannon’swgpstthemel1] with no battery
to store energy. The transmitter has the causal informatighe energy arrival, and the
receiver does not have any knowledge of it. The numericalltesf this work illustrate
that the capacity can significantly increase with considgen unlimited battery storage.
Reference 19] extends this work to a two-user multiple access channéi nat batteries
and assuming the static amplitude constraints. Havingtidgtributions, they presented

the boundary of the capacity region.
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Besides renewable sources such as solar and wind, haryestargy from radio-
frequency energy signals has been recently consideredirfeless transfer of information
and power simultaneousl2(-25]. First proposed inZ0], simultaneous wireless infor-
mation and power transfer (SWIPT) has been studied exiegsimder different system
model assumptions. Point-to-point single antenna trassion is considered ir2p, 21]. A
multiple input-multiple output (MIMO) SWIPT system is firgtesented ing2], and then
is extended to a multiple input-single output (MISO) withmadhan two users ir23-25|.
Note that no energy storage unit is considered in these wdties SWIPT method enables

the receiver to share the same antennas for receiving iatoavmand harvesting RF energy.

1.2.2 EH in Wireless Communication with Storage

For wireless transmission powered by renewable energicalypy an energy harvesting
device is implemented with a battery to store the harvestedyy and provide power for
the transmission. Due to the randomness of the energy samdtéhe wireless fading
channels, existing works on the transmission power cod#sign can be grouped into two

categories: offline and online power control strategies.

1.2.2.1 Offline Methods

For an offline power control design, energy arrivals and oeafades within a time pe-
riod are known non-causally. In this case, typically a detaistic power optimization
problem can be formulated with various criteria. Seventarditure works have consid-
ered offline strategies for AWGN channeR6E33]. From information theoretic point of
view, the capacity of the AWGN channel with an energy haimgstransmitter has been
derived in R6]. Optimal power allocation solution to minimize the tranission time for

point-to-point transmission has been obtained?if.[ For the multi-user setting, optimal
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power allocation are studied i34, [35, 36|, and [30] for broadcast, multiple access and
interference channels, respectively. Power allocationtiooughput maximization in a
Gaussian relay channel under the energy harvesting hascoesidered in28]. In all
these works, infinite capacity of the battery is assumedhferenergy storage. With finite
battery capacity, power allocation policy for rate maxiatian has been investigated for
both single user and two-user Gaussian interference chg2®8&0]. For fading channels,
power allocation solutions for throughput maximizatiorvéadeen obtained for infinite
battery capacity31, 32, 37] and finite battery capacity case33[38]. For [31], different
from the commonly used harvest-store-use models for erfegyesting, the authors have

considered a harvest-use-store model to improve the effigief energy usage.

1.2.2.2 Online Methods

online power control design based on the current and pasrayiaformation, such as en-
ergy arrivals, is a more practical but much challenging @b A few existing works have
formulated the power control problems by the Markov Decigtoocess (MDP) and obtain
the power solutions by Dynamic Programming (DP) for rate im&ation or transmission
error minimization B2, 33,39-44]. For example, in32], the online power control for the
rate maximization over a fading channel in finite time slas heen considered, where the
harvested energy and fading are modeled as first-order Mamozesses. To compute the
power solution by DP, these works generally require thessieg of harvested energy and
fading channel to be certain types and known at the transmibth addition, the numer-
ical solutions by DP are typically obtained with high comgdidnal complexity which is
impractical for real implementation.

Some low-complexity heuristic online approaches are pedan B3,4549]. How-
ever, they also assume certain known statistical infolmnagind there is no performance

guarantee. Other heuristic online algorithms includingnpetitive ratio analysis and stor-
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age dam model are applied i8d and [51], respectively. For the sensing application in a
sensor network with energy harvesting, without the knogéedf energy arrival statistics,
an online power control for the AWGN channel i85 is considered. Using Lyapunov
technique, an online power solution is provided to maxintieelong-term average sensing
rate. The maximization of utility performance for a netwavith energy harvesting nodes
is studied in $3], where an online algorithm based on Lyapunov techniquedsgnted to

jointly manage the energy and power allocation of packeistrassions.

Heuristic online approaches are proposed38 #5,46]. However, all these heuris-
tic schemes need the statistical information of random tsveReference33] proposes
a water-filling method based on the channel fading distidiout Reference45] consid-
ers the AWGN channel and presents a three-level power thgothat needs the knowl-
edge of the harvesting process distribution. Without aberéng fading channels, ref-
erence 46] presents a heuristic power algorithm based on the averagsnit power
for offline method. Note that this method requires the dstion of the harvested en-
ergy. Without knowing the energy statistics, the online powontrol is considered for
the AWGN channel in32] for both infinite and finite battery capacities, where Lyapu

technique p4] is used in providing an online power solution.

To the best of our knowledge, an online power control stsateg energy harvesting
without considering any statistical information of hategsenergy and channel fading has
not been considered yet. Different from most existing anlmethods that suffer from
high computational complexity, this dissertation aims ésign a novel method based on
the realistic battery charging and power output charagtiesi that is practical and easy to

implement.
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1.2.3 EH in Relay Networks

Energy harvesting has also been studied recently for redédywarks P8 55-60]. of-
fline strategies are proposed in all these works. Gaussiap cdannels are considered
in [28,55-57], where infinite battery capacity is assumed for energy éstimg. Consider-
ing EH at the relay only, throughput maximization is consgdkin [55,57]. Considering
only EH at the transmitter, the short-term throughput mazation and transmission time
minimization is studied ing6]. In [28], power control for decode-and-forward (DF) re-
laying with energy harvesting nodes is considered for theutphput maximization over
a finite horizon. Considering DF two-hop network with offligél at the transmitter and
relay, the maximization of transmit data by a given deadhrstudied in p0]. A joint relay
selection and power allocation method to maximize througlopAF multi-relay network

in high SNR values is proposed i5g].

In [58], a sub-optimal online algorithm is also proposed for joiay selection and
power allocation that depends on the statistical inforamatf energy arrival and fading
channels. In§9], for DF relaying, link selection and power control at thiagewith energy
harvesting is considered for the outage probability miaation by both offline and online
DP approaches. Using discrete MDBY] studies throughput maximization of AF two-
hop network by considering the non-causal (offline) and ab{mline) harvested energy.
However, the online solution is proposed for a special cAsmaff power transmission
to reduce the complexity of MDP method. Referer@d fonsiders a cooperative network
in which multiple source-destination pairs are equippetthwne energy harvesting relay.
The outage probability for this network is examined by takihe spatial randomness of
user locations into consideration. Moreové&3|[considers the cooperative network with
transmitter nodes that are capable of transmitting andvieagefrom other nodes. They

study offline maximization of the sum-throughput of the tway, two-hop, and multiple
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access channels by focusing jointly on the optimal trangower and energy transfer
policies. They solve the joint optimization problem by degmsing into energy transfer

and consumed energy allocation problems.

Few works have studied online algorithms for a two-hop nekwo a fading environ-
ment. The statistical distribution of the harvested enésgssumed to be known in those
studies. Most of the proposed methods suffer from high cdatjmnal complexity. To the
best of our knowledge, there is no comprehensive onlineriéihgo that considers EH at
both transmitter and relay with finite batteries without Wuhedge of statistical distribution
of the energy arrival and fading condition. A joint onlinewsr strategy along with the
battery storage management is developed at both transanterelay. The main objective
is to propose a practical and easy-to-implement onlinereilgo that does not require any

statistical information of random inputs including the egyearrival and fading channels.

1.2.4 RF-Enabled EH

The ambient radio signals provide a sustainable and reliabergy source for wireless
energy harvesting (WEH). RF energy harvesting enables thedess devices to leverage
the RF environment to process their information and transhhiere are different methods
to implement WEH including inductive coupling, magnetissaant coupling and elec-
tromagnetic (EM) radiation (64, 65]). Due to the prevalence of wireless systems, EM
radiation-based RF environment is constantly availalvid,thus this new energy scaveng-
ing approach has attracted a significant attent&69].

RF-enabled devices have a wide range of applications fogl@ss sensor networks
[69-71], wireless body networks (medical applications,[73] and radio-frequency iden-
tification (RFID) tags 74, 75. RF energy harvester enables the low-power micro size

medical devices to operate without having battery. Appiloces of medical devices can be
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found in [76,77).

RF energy harvesting technology has gained a lot of attentiovireless communi-
cation networks 18, 79]. Since RF signals carry both information and energy, siaaul
neous wireless information and power transfer (SWIPT) o réceiver has been intro-
duced PO, 21, 66], where the receiver is able to harvest the energy and detedafor-
mation simultaneously from a transmitted signal. In p@tithe signal power degrades
due to signal propagation and path loss. To overcome thig issRF EH, beamforming
with multi-antenna technique can be considered to incraasmergy transfer efficiency of
SWIPT system§5,80,81]. Reference25] considers SWIPT for a multi-user wireless sys-
tem with energy beamforming. Considering timae switchingnethod at the receiver side
and collaborative energy beamformingy] presents the rate-energy trade-off over fading
channels.

In practice, harvesting energy and decoding informatiamuianeously from one sig-
nal is not possible due to the complexity involved in degigngircuits. It is worth men-
tioning that information decoding (ID) and energy harvagt{EH) receivers work in dif-
ferent power levels (e.g. -10dbm for EH receivers and -60 @D receivers) 64].

To overcome this limitation of SWIPT technique, there armesavorks that propose the
practical methods to reduce the complexity of designingixes. Referenced] intro-
duces gower splittingmethod where the receiver has two co-located receivers ahiD
EH. The received signal is divided into two streams with tbe@r ratio within the range
of zero to one. This work focuses on the optimal transmisstoategy by studying rate-
energy trade-off considering the power ratio. Recen8%] gtudies SWIPT for multiple
user MIMO interference channels. Usingawer splittingtechnique, this work proposes a
suboptimal solution to minimize the total transmission powf all transmitters subject to
signal-to-interference-plus—noise ratio (SINR) and gperrival constraints. Usingower

splittingalong with SWIPT method, reference®] and [85] focus on minimizing the total
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transmission power of MISO and k-user MIMO interferencercieds, respectively. More-
over, [86] presents amtegrated receivemethod to verify the rate-energy region where the
receiver first converts the signal into DC current, thentsptie signal into two streams for
EH and ID. ReferenceBp] proposes thenergy modulatiomethod that encodes the data
in the power of signal. Referenc87 studies the optimization of resource allocation for
a two-user multiple access channels for SWIPT. It is comsiiéhat the energy harvester
and information decoder are spatially separated at thevexceA time switchingmethod

is proposed in§6]. The receiver consists of EH and ID parts that can eitheodednfor-
mation or harvest energy at any time. RefererG® $tudies the optimal switching mode
at the receiver and presents different rate-energy reditin and EH. Referenced8] con-
siders theime switchingat the receiver for multiple input-single output (MISO) ricéhst
SWIPT network. Applying the single random beamforming,wuek achieves the asymp-
totic optimal trade-off between the average informatiote rand average harvested rate
when the transmit power approaches the infinity. HowevertHe finite transmit power,
along with a large amount of energy harvesting, the simutatesult demonstrates the
best information and outage probability trade-off with #iegle random beamforming.
Reference89] considers the optimal design for SWIPT in downlink mulgusrthogonal
frequency division multiplexing (OFDM) system. At the reas side,time switchingand
power splittingmethods are investigated to maximize the weighted sum f&tes work
proposes a joint time division multiple access (TDMA)-khaad frequency division mul-
tiple access (FDMA)-based transmission policies basedetirhe switchingand power
splitting methods, respectively. The authors show that for the siregleiver case, the
time switchingmethod outperformpower splittingmethod with either finite peak power
or without any peak power constraint on each sub-carrieer@Vtime switchingnethod
benefits more among the other alternative methods. The ndaengage of this method

is a low complexity implementation. For implementing tiv@e switchingscheme, any
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conventional decoder and energy harvester can be usedened¢mo need to design any
sophisticated receiver. Furthermore, ID and EH componeatk within a different range
of power consumption. Therefore, thiene switchingmode provides an effective power
management scheme in terms of different applications. lusstot the least, the wireless
channels suffer from fluctuation (fading) and spectrum islgafinterference). Thus, the
time switchingscheme operates dynamically to exploit the energy of sigtmabptimize

both performance and switching operati@]|

1.2.5 EH Cognitive Radio Networks

Cognitive radio is a promising method for wireless commatan to share the spectrum
efficiently between the primary and secondary networksautlsubstantial impact on the
network performance. Employing energy harvesting teaig cognitive radio networks
(CRN) enhances the wireless transmission in terms of eredffgpyency and spectrum ef-
ficiency [90-95]. For EH CRN, an access scheme for the secondary users witls EH
proposed in96]. The secondary users are equipped with EH and a batterysddendary
users consider random spectrum sensing and random ac@egghesprimary automatic
repeat request (ARQ) feedback. This work focuses on maMgithe secondary users’
throughput under the constraints that both the primary aodredary queues are stable.
While the primary users are only equipped with data quehessécondary users have data
and energy queues. This method has been expandéd]ito[achieve the optimal service
rate of the secondary users with randomly accessing to thepr channel. Considering
the channel condition and time-varying energy sour@g], investigates the maximization
of the secondary users’ throughput over a finite time horiadsing the sliding window
approach, 98] proposes a suboptimal algorithm for the energy allocati@onsidering the

probability of the available energy, a channel selectiothme for EH CRN is introduced
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in [98]. The optimal policies for the secondary users are desigoextlect the channel
for spectrum sensing and maximize the average spectraleeffic In P9], the achiev-
able throughput of the secondary users with EH is studiedidenng the opportunistic
accessing to the spectrum licensed to the primary usergdsscrete Markov process, this
work proposes the upper-bound on the achievable throughptiiepends on the energy
arrival rate, the primary traffic correlation and the ddtecthreshold for a spectrum sensor.
In [100], the spectrum sensing optimization is proposed for EH C&Nevelop a sensing
configuration under the energy causality constraint.

A self-sustainable method with RF EH in CRN is investigated92, 95, 101-103).
In [95], secondary transmitters can either harvest energy fram#arby primary trans-
mitters or transmit information. The throughput maximiaatof the secondary network is
investigated considering a stochastic-geometry modeé grimary and secondary trans-
mitters are modeled as independent homogeneous Poisstippmiesses. Under the given
outage-probability constraints, the optimal transmisgiower of the secondary transmit-
ters are derived. Applying the temporal correlation of tmengry traffic, 2] aims to
enable the efficient usage of the harvested energy. It pespsechnique that a secondary
transmitter can opportunistically access the spectrunteviairvesting energy from the am-
bient or wireless energy transfer. Cognitive radio sengoimoed with RF EH is studied
in [92]. It aims to determine the operation mode and the decisioiabl@s for sensor
nodes. In 102, a joint information and energy cooperation between theg@ry and sec-
ondary transmitters is investigated. Referent@3 presents the employing microwave
power transfer (MPT) for the cellular networks that are segled by microwave radiation
through power stations. To utilize MPT for mobile rechaggifi03 adopts the stochastic

geometry and proposes a hybrid network architecture.
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1.2.6 Other Types of EH Networks

Hybrid energy source combines the conventional energycsoue., power grid, diesel
generator, etc. with an EH source. A point-to-point comroation system equipped with
a hybrid energy source is considered I®f]. A power allocation scheme is proposed
for both offline and online methods. The objective is to mizienthe constant energy
source while efficiently utilizing EH for the data packetrtsanission over a finite time slot.
In [105, the throughput maximization of an EH transmitter equipppdth a hybrid storage
is proposed for an off-line transmission. For a base staqnpped with both an EH and
a power grid, 106 uses the statistical information to allocate resourcesafsingle cell.
This reference proposes a trade-off between the averagjpgnier and outage probability
for the users.

Data packet scheduling is another problem that has beerdjaonsiderable attention
in EH. The proportional fairness scheme is introducedLBi/]. Reference 10§ uses the
proportional fairness scheme to maximize the throughpthiehetwork while considering
the channel quality differences among users. The heusshtieme is proposed for a bicon-
vex optimization problem. Focusing on minimizing the tnamssion time, 27] and [109
propose optimal scheduling policies to transmit all dataalrwithin a certain time period.
Reference 27] considers a single user network whitE0F applies the method to a two-
user broadcast channel. The references consider bothrthenargy queues and propose
optimal algorithm for the off-line scheme. For a two-userltiple access channelllQ

proposes an optimal packet scheduling.
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1.3 Lyapunov Optimization

Lyapunov optimization is a powerful method for optimizinghé average problems in
stochastic queueing networksl[l-115. Although Lyapunov techniques have a long his-
tory in the area of control theory, Lyapunov drift was firsepented in116 to build stable
routing and scheduling policies for queueing networks.eRafce 113 provides a drift-
plus-penalty theorem that presents a technique to designot@algorithms to maximize a
time average network utility subject to a queue stabilitheTheorem also presents per-
formance trade-offs between the utility maximization andrage queue backlog. The
algorithms are interesting because they only need knowletithe current network states,
and they do not need any knowledge of the probabilities @ssacwith future random

events.

Consider a stochastic network that operates in a discnete with unit time slots
t € {0,1,2,...}, [54]. The network is described by a group of queue backiQg,) =
(Q1(1),Q2(1), ..., Qk(t)), whereK is a non-negative integer. Every stog control action
is taken and this action affects arrivals and departureBeofjtieues and generates a group

of real valued attribute vectosgt), y(¢) ande(t) :

x(t) = (21(t), 22(t), orrry 21 (1)) (1.1)
y(t) = (o(t), y2(t), ..., yL(t)) (1.2)

e(t) = (61(t)762(t)7"'76J(t)) (13)
for non-negative integet®/, L, J. These attributes are given by general functions:

wm(t) = 2(a(t),w(t)) VYm € {1, .., M} (1.4)
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u(t) =y(a(t),w(t)) vied{0,..,L} (1.5)

e;(t) = é(alt),w(t)) Vje{l,.. J} (1.6)

wherew(t) is a random event observed on sl@ind«(t) is the control action taken on slot
t. The actionn(t) is selected within a set,,;) that possibly depends an(t). Let z,,(t)

define the time average of,(¢), under particular control algorithme.,

T (f) 2 %ZE[%(T)]. (1.7)

whereE|] is the expectation over the random eveft). Lety,(¢) ande;(t) represent the
time average of;(¢) ande;(t), under a particular control algorithms, similarly. Let eefi

Z,, as follows

Ty = 1im Z,, (1), (1.8)

t—o0

Objective is to design an algorithm that solves the follayypmoblem:

Pl: min7gp (1.9a)
st. ;<0 forallle{l,...,L} (1.9b)
e;=0 forallle{l,...,J} (1.9¢)
a(t) € App VYt (1.9d)
Stability of all Network Queues (1.9e)

The above problem can be considered as stochastic progrims amilar to the classic
linear program and convex program of static optimizaticeotly. Its solution is an algo-

rithm to choose the control decisions over time based onufreist network state, such that
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satisfies all of the constraints. These types of stochaptim@zation have a wide range of
applications and the queueing theory plays a crucial rotkem. Regardless of underly-
ing queues in the original problems, the virtual queuesti®duced as a strong method
to ensure the the required time average constraints asgisdtp4]. Designing inefficient

control decisions result in larger backlog in certain qeeue

The general stochastic proble®l can be solved using the theory of Lyapunov drift
and Lyapunov optimization. The virtual queues are defineddet the desired constraints.
For problemP1, let define virtual queueg,(t) and H;(t) for eachl € {1,...,L} and

j € {1, ..., L} with the dynamic equations:

Z(t+1) = max{Z,(t) + y(t),0} (1.10)

It is worth mentioning that the virtual queug(t) is designed to satisfy the constraint
7, < 0. The virtual queued;(t) is defined to transform the time-average constraint 0
into a pure queue stability problem. L&X(t) £ [Q(t), Z(t), H(t)] represent a vector of
all actual and virtual queues. Then define Lyapunov funclig®(¢)) as a sum squared of
backlog in all virtual and actual queues on slot t as follows

L(®()) = H;(t)*. (1.12)

1

Qu(t)’ +

J

N —

>4 +

| =

NN
I

J

In fact, Lyapunov function is a scalar measure of networkgestion. Intuitively, if
L(©(t)) is small, then all queues are small, andLif®(¢)) is large, then at least one

queue is large. Define the conditional Lyapunov dif©®(¢)) as follows

A(O(t) £ E[L(O(t +1)) — L(O(1))|O(1)] (1.13)



CHAPTER 1. INTRODUCTION 19

which is the expected difference in the Lyapunov functi@amfrone slot to the next, given

©(t) as the current state at slot

Theorem 1.1 ( [54]) Consider quadratic Lyapunov functiorfl.12, and assume
E[L(©®(0))] < oco. Suppose there are constarfis > 0, ¢ > 0 such that the following

drift condition holds for all slots- € {0, 1,2, ...} and all possibled(7):
N
A(O(7)) < B =€y [0(1) (1.14)
n=1

where©,,(t) represents the queue component in the queue véxtor Then:
e If € > 0, then all queue®),,(t) are mean rate stable.

e If ¢ > 0, then all queues are strongly stable and :

t—1 N

limsup%ZZEH@n(t)H < - (1.15)

t—o00

| &

7=0 n=1

Proof: See p4].

Besides queue®(t) to be stabilized, there is an associated "penalty” proggss
whose time average should be less than (or close to) sonet tatyey*. The process
y(t) represents the penalty related to the control decisionsyglott. Suppose that the
expected penalty is lower bounded by a finite vajug, therefore for alk and all possible

control decisions, we have:

Ely(t)] > Ymin- (1.16)

Theorem 1.2 ( [54], [113) Supposé(©(t)) and y..;, are defined by1.12) and (1.16

and assume théi[L(©(0))] < co. Consider that there are constants> 0,V > 0,¢ > 0
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andy* such that for all slots- € {0, 1,2, ...} and all possible values @& (7), we have:

A(O(1)) + VE[y(1)|O()] < B+ Vy™ —e¢ Z_: On(7)] (1.17)

n=1

Then, all queues are mean rate stable. Furthel/it> 0 ande > 0 then time average

expected penalty and queue backlog satisfy:

e B
li - <yt 4= .
im.sup EZOE[y(T)] <Yty (1.18)
1208 B+ V(y* = Ymin)
lim sup — E[l©, @) < 1.19
im sup ;:O n§:1 [1©,(1)]] ; (1.19)

Finally,
e If V =0, then(1.19 still holds.

e If ¢ =0, then(1.18) still holds.

Proof: See p4].
We can conclude the following strategy from theorems. Theative function (.99
is mapped to a penalty function. Therefore, instead of miiimg the existing problem,
by using drift-plus-penalty theorem 13, the following expression is minimized greedily,

subject to the knowm (%), in every time slot

A(O(1) + VE[y(1)[O(t)] (1.20)

whereV is a non-negative weighted control parameter. It is easgédisat setting” = 0
leads the drift-plus-penalty to the drift alone problem,ilwi” > 0 offers a trade-off
between backlog reduction and penalty minimization. Refee p4] shows that this time

average objective function deviates by at moét/1") from optimality.
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The drift-plus-penalty method can be viewed as a dual-bagptbach to the stochastic
problem and it can be simplified to the well known dual subgmaidalgorithm for linear
and convex problems when applied to non-stochastic prab[B#h117]. One of the ad-
vantage of the drift-plus-penalty approach is the expfieitformance bound which results
in [O(1/V'),0(V)] performance-delay trade-off.

The following theorem shows the convergence analysis aridrpgance bound of drift-
plus-penalty method, in terms of performance-delay traifie-et definew(t) as a station-

ary process with distribution(w).

Theorem 1.3 Suppose that(¢) is i.i.d over slots with probabilities (¢), the problenP1
is feasible, and thaE[L(©®(0))] < oo. Fix a valueC' > 0. If we use the C-additive

approximation' of the drift-plus-penalty algorithm every slgtthen:

e Time average expected cost satisfies

t—1 B+C

, 1
lim sup 7 > Elyo(r)] <y + —— (1.21)

7=0

Whereygpt is the infimum time average cost achievable by any policyrtiests the

required constraints and B is defined as

L

Elai (t) + bi(1)|©(1)] + % Y Eli0e)

S

v
T
[~

S EEWOW] - LY Bhbaniew) (1.22)

e All queues are)),(t), Z,(t) and Hj(t) are mean rate stable, and all required con-

straints are satisfied.

Proof: See p4].

1C is a constant parameter proposedsd] fand later is considered to be zero without loss of gengralit
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1.4 Thesis Motivation

In reality, the statistics of the energy arrival for harvegtare difficult to obtain or predict
accurately. More specifically, for practical system desjdpoth harvested energy and chan-
nel quality can only be acquired causally. Thus, it is botsirddle and practical to design
an online power control policy that only relies on the hated®nergy and fading condition
up to the current time without requiring their statisticabkvledge. In addition, exploiting
EH adds the new challenge of energy management in terms w@rpatperational con-
straints. These constraints limit the amount of energy ¢taat be stored or drawn, and
affect the performance of the wireless transmission. Moeeipely, the excessive energy
usage may lead to future interruption in transmission duengrgy outage. On the other
hand, the conservative energy usage may cause to miss thergew opportunity due
to battery storage limitations. Thus, a more realisticdygtbperation model for energy

harvesting and power supply should be considered in the pooverol design.

Due to the stochastic nature of EH sources, a time-depeigéntization (stochastic
optimization) considering the energy storage managersaequired. to propose reliable
power control policies for wireless networks. To the besbof knowledge, until now
few works have proposed effective online power control rmeéthogies for the wireless
transmission over fading channels, specifically when thgssics of energy source are un-
known. Online solutions obtained by DBZ, 33, 39-42] suffer from high computational
complexity. Also, considering the fading environment ighly nontrivial in both design
and performance analysis, where Lyapunov optimizatiohrtiggie cannot be directly ap-
plied. Therefore, a practical and easy-to-implement @npower solution is required to
address the unbounded fading environment. The cooperaliag network is a promis-
ing solution to overcome the fading and path-loss and to avgpthe performance of the

wireless transmission. Online EH method along with the eoafve relay network can be
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considered as a reliable solution to maximize the long-teamsmission rate in wireless
networks.

Furthermore, most existing works assume an infinite stobadgery capacity which is
not a realistic operational constraint in terms of storage power supply. The energy
storage not only provides a buffer for the harvested endnggyalso is important for alle-
viating the impact on the system from a renewable energycsauhich is often stochastic
and unpredictable. As a result, the power management atahsntitter is crucial for a
reliable performance, and therefore an effective tranpoviter control design is needed to

maximize the potential benefit of the energy harvestingrietdyy.

1.5 Thesis Contributions

This dissertation focuses on designing online power costrategies for wireless systems
equipped with energy harvesting and storage devices. hicpkar, the main objective of

this work is to design power control policies to maximize tbheg-term average trans-
mission rate over fading channels. The proposed algorithonsot require any statistical
information of energy arrivals or fading profiles. The felimg presents the contributions

of this dissertation:

e Online Wireless Transmission in a Point-to-Point Channel wth EH

First, an online power control policy is developed for a paorpoint fading channel
equipped with EH and storage devices. A practical finitedpgatstorage is con-
sidered to model the battery operational constraints ongaigand power output.
The statistics of energy arrivals and fading are unknowheatransmitter. The goal
is to maximize the long-term time-averaged transmissioe wader the battery op-

erational constraints. The optimization problem is stesticaand technically chal-
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lenging to solve. In particular, the finite battery storag@acity and operational
constraints cause the power control decision coupled awver Wwhich complicates
the control decision making. Leveraging Lyapunov optiric@aframework p4], an
online power control strategy is proposed. However, apglyidyapunov technique to
the problem is nontrivial. Specifically, a couple of issuasrot be directly handled
by Lyapunov framework, including battery operational domisits and unbounded
channel fading. A novel technique is developed to handlsetuhallenges in the
online power control problem. In the proposed methodoltgysmission behavior
is opportunistic in terms of the fading condition and thetdxgt energy level, re-
sembling a “water-filling” scheme. Although the policy f@as on a single-antenna
transmission system, it is shown that the proposed onlimespoontrol algorithm is
applicable to general multi-antenna beamforming scesafia analysis is presented

to show the bounded performance gap to the optimal solution.

e Online Power Control for Two-Hop Network with EH

Next, an online joint power control policy is developed fama-hop amplify-and-
forward (AF) relaying network where both transmitter anthyeare equipped with
EH and finite storage devices. The proposed strategy aimsatinmee the long-
term time-averaged transmission rate of the relay netwogk fading environment.
The methodology does not require any the statistical inftion of random events
including energy arrivals or fading channels over the twp-imetwork. The ran-
dom behavior of energy arrival imposes a time-coupling agnimatteries and trans-
mit powers. Specifically, the power control policy shouldia the time-dependent
behavior of both transmit powers and batteries. A combiresed-form and nu-
merical online power control solution is proposed emplgyligapunov optimization

technique. The developed algorithm jointly controls tlesmit power of both trans-
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mitter and relay based on the current energy state of theergdevels and the fading

environment. This method provides a deep insight into tlegggnmanagement and
transmission control actions. It is shown that the propagestegy has a bounded
performance gap to the optimal scenario. Simulation resi@inonstrate a significant

improvement over the alternative approaches.

1.6 List of Publications
The following is the list of the publications correspondinghis thesis:

1. F. Amirnavaei and M. Dong, "Online Power Control Optintiza for Wireless
Transmission with Energy Harvesting and StoradfeEE Transactions on Wireless

Communicationvol. 15, pp. 4888-4901, July 2016.

2. F. Amirnavaei and M. Dong, "Online Power Control Stratégy Wireless Trans-
mission with Energy Harvestingjh Proc. IEEE Workshop on Signal Processing

advances in Wireless Commun.(SPAWOe 2015.

3. F. Amirnavaei and M. Dong, "Online Power Control for Coogieve Relaying with
Energy Harvesting,in Proc. of Asilomar Conf. on Signals, Systems and computers

November 2015.

1.7 Thesis Outline

Chapter2 considers a point-to-point fading channel that the trattemis equipped with
energy harvesting and storage devices. An online poweraoalgorithm is proposed
to maximize the long-term average rate under realisticebatperational dynamics and

constraints for data transmission.
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Chapter3 considers a two-hop amplify and forward relay network egagwith energy
harvesting and storage devices that supply power to batisrivdter and relay. An online
joint power control algorithm is developed for the trangeritand relay to maximize the
long-term rate over two-hop fading channels.

Chapter4 presents the conclusions and future work.



Chapter 2

Online Power Control for Point-to-Point

Wireless Transmission with EH

2.1 Introduction

In this chapter, we consider a transmitter with energy retmrg and storage devices for
transmission over fading channel. Assuming finite battéoyagie capacity, we design an
online power control strategy aiming at maximizing the laagnm time-averaged expected
data rate. The design challenge is the coupling of contraistin over times due to finite

battery storage, besides unknown system statistics. ghrptoblem transformation and
Lyapunov optimization technique, we develop an online powantrol algorithm based

on the current energy state of battery and fading condit@uar power solution does not
require any statistical knowledge of energy arrivals amtinfig channel. The closed-form
solution provides the insight of energy management andgmnésion control actions, and
has minimum complexity for implementation. We also showt tha proposed strategy has
a bounded performance gap to the optimal performance. &troolresults demonstrate

the significant gain under the proposed strategy over thedgrapproach.

27
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2.2 System Model

We consider a point-to-point wireless transmission systehere the transmitter is
equipped with energy harvesting and storage devices asrdbed in Fig2.1 The system
operates in the discrete slotted time {0, 1,2, ...} with durationAt¢, and all operations
are performed per time slot. The transmitter is powered leygnharvested from the envi-
ronment é.g.,solar, radio wave) using the harvesting device. Egft) denote the amount
of energy arrived at the harvesting device at time sl@nd £,(¢) denote the amount of
energy actually harvested into the battery at the end of sliotg. We haveF,(t) < E,(t).

A battery storage device is used at the transmitter to skaréarvested energy and to sup-
ply power for data transmission. Lé&j},(¢) denote the energy state of battery (SOB) at the

beginning of time slot. This amount is bounded by
Emin S Eb<t) S EmaX7Vt7 (21)

where E,,;, and E,,., represent the minimum and maximum energy levels allowetden t

battery, respectively; their values depend on the type emedof the battery.

The battery has its maximum charging and discharging rdtes$.E. ... denote the
maximum charging amount per slot. L&, denote the maximum transmit power that
can be drawn from the battery, which should to satiSfy’,,.« < Fuax — Emin. 1N addition,

We asSUM&. o < AtPhax, 1.€., the maximum charging rate is less than or equal to the
maximum discharging rate Let P(¢) denote the transmit power drawn from the battery

at time slott for data transmission, which is determined at each timetséotd remains

!Based on the battery technology, for current rechargeatterties, it is typical that the maximum charg-
ing rate is less than the maximum discharging rats[119.
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unchanged during the time slot. It is bounded by

0< P(t) < Pmaxth (22)

In each time slot, energy is harvested into the battery and power is drawn trem

battery for transmission. The dynamics of S@GRt) over time slots is given by

Byt + 1) = Ey(t) — AtP(t) + Ey(t). (2.3)

where by battery capacity constraint and dynamicgigf) in SOB, P(t) should satisfy

AtP(t) < Ey(t) — Euin, Vt. (2.4)

The harvested energy;(t) is determined by the amount of energy arrived, available

room in the battery, and the maximum charging rate as follows

Ey(t) = min{ Enax — (Ep(t) — ALP(1)), Ea(t), Eemax}- (2.5)

Remark Note that, we assume perfect charging and dischargindnébattery model-
ing. In practice, due to battery charging inefficiency, ghisran energy loss during charging
and discharging. The actual stored energy is less than #rgiolg amount and the con-
tributed power through discharging is larger than the dqiower output. Lep,. € (0, 1]
andp, € [1,00) denote the charging efficiency and discharging efficienasffanents,
respectively. Considering the charging/discharging,ltss actual stored energy;(¢) is
given by Ey(t + 1) = min{En.x — (Ey(t) — AtP(t)), peEo(t + 1), peEemax}, and the
actual contributed energy through discharging &t P(t). We assume,. = p, = 1. Our

developed online power control algorithm and its analyarslze straightforwardly applied
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Figure 2.1: The system model with energy harvesting anégéodevices.

to the battery model with general valuesgofandp,.

For the transmission over fading, we focus on the case whatettansmitter and re-
ceiver have a single antenna. In Sect8.5 we extend our proposed algorithm to the case
of multi-antenna transmit beamforming. We assume a slowkblading scenario, where
the channel, denoted by(¢), is assumed to be constant during time gl@nd changes
over time slots. Assuming the receiver noise is additivetevliaussian noise with zero
mean and variance?,, we definey(t) as the normalized channel gain (against receiver
noise) byy(t) £ |h(t)|?/c%. We assume(t) is perfectly known at the transmitter at each
time slott. With transmit powerP(t), the instantaneous rate over the channel is given by

R(t) £ log [L + P(t)y(t)]

2.3 Power Control Design for Rate Maximization

Define the system statdt) = [FE,(t),~v(t)]. At the beginning of each time slot the
transmitter observes(t) and E,(¢) to determine the transmit powét(t) for time slott.
Our objective is to design a power control algorithm {ét(¢) } to maximize the long-term
time-averaged expected rate, while satisfying the batipgrational constraints. It can be

formulated as the following optimization problem
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P1: max lim —ZE

) T—oo T
subjectto 0 < P(t) < Puax, Vt, (2.6)
Ey(t+1) = Ep(t) — AtP(t) + Eq(t), (2.7)
AtP(t) < Ey(t) — By, Vt, (2.8)

where the expectation is taken with respect to the systeimssta.

Due to the randomness of energy arrival and fadifyjs a stochastic optimization
problem that is challenging to solve. Furthermore, const@.8) depends on the SOB
Ey(t), which has time-coupling dynamics over time as showrRi@)( This results in the
power control decision§P(t)} being correlated over time. If the random proced3gs) }
and{E,(t)} are Markovian and their statistics are all known, it is pobkesio solveP1
through Dynamic Programmind.20. However, this approach typically faces the curse
of dimensionality in computational complexity to providepeactical solution. Further-
more, in practice, the statistical information{f(¢)} and{E,(t)}, especially the energy
arrival procesg F,(t)}, is difficult to obtain ahead of time, making such an assuompti

less realistic.

We aim to develop an online power control algorithm withaelyying on the statisti-
cal knowledge of v(¢)} and{E,(t)}. In particular, we apply the Lyapunov optimization
framework p4] to design an online (sub-optimal) power control solutio®i. Under Lya-
punov optimization, certain time-averaged constraintsasatransformed into queue stabil-
ity constraints and further be utilized to provide an onlopéimization solution. However,
the transmit power constrair2.g) on P(t) is per time slot, resulting in time-coupled deci-

sion. Thus, to employ Lyapunov optimization, we first relag per time slot constraint to
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a long-term time-averaged relation betweeyt), £,(t) and P(t).

2.3.1 Problem Relaxation

Define the following long-term time-averaged quantities:

L 1 T-1

E £ lim — ; E[E,(t)] (2.9)
~ 1 T-1
P2 lim - > E[P(t)] (2.10)

We have the following long-term time-averaged relation
E, — AtP = 0. (2.11)

To see this, note that fron2(7), the battery energy level over tin¥e has the following

relation

E[E,(T)] — E[Ey(0)] = Y | E[E,(t) — AtP(t)]. (2.12)

By constraint 2.1), the left hand side (LHS) is bounded. Dividing both side$2012
by T" and taking the limitl" — oo, we have 2.11). The relation in 2.11) is intuitive. It
indicates that over the long run, the average energy hauwsbsibuld be equal to the average

energy used from the battery for transmission.

Now, replacing per-slot constrain.() by the long-term time-averaged constraint

(2.11), and removing battery capacity constraiatl], we relax the optimization problem
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P1to the following problem

Gl %fgonE

subjectto 0 < P(t) < Pyax, Vi,

where the dependency of power control decisiof) on E(t) in constraint 2.8) is re-
moved. It can be easily verified that any feasible solutioR1as also feasible t&2, but
not vise versa. Thu$2is indeed a relaxed problem BfL.

With the knowledge of only current system state), P2 is still challenging to solve.
However, the relaxation enables us to employ the Lyapundvnigation framework to
develop an online power control algorithm to soR2 In the following, we develop our
online algorithm. Furthermore, we will show that by our dgsiour proposed solution is

feasible to the original probleidl.

2.3.2 Online Power Control via Lyapunov Optimization

We now develop an online power control algorithm to sdd& Based on Lyapunov opti-

mization p4], we introduce a virtual queu® (¢) for the SOBE,(t) as
X(t)=Ey(t) — A (2.13)

whereA is a time-independent constant. It can be show fhat keeping the stability of
the queueX (t) is equivalent to satisfying constrair?2.(1). We will later determine the

value of A to ensure the proposed solution is feasibl@1o

Since X (t) is a shifted version ofs,(t), by (2.7), the queuing dynamics oX (¢) is
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given by

X(t+1) = X(t) — AtP(t) + E,(t). (2.14)

Note that, althougli,(¢) > 0, the value ofX (¢) can be negative.
Define the quadratic Lyapunov function a$X (¢)) = X?2(t)/2. Define the per-slot

Lyapunov drift, conditioned oX () at time slott by

AX (1) £ E[L(X(t +1)) = LIX (1)) X (8)] (2.15)

where the expectation is taken with respect to the randotersystates(¢). By Lyapunov
optimization framework, instead of directly using the abpe in P2, we consider the
minimization of adrift-plus-costmetric, a technique to stabilize a queue while optimizing

the time-averaged objective function. The drift-plustcustric is defined by

A(X (1) + VE[=R(#)| X (1))

which is a weighted sum of the per-slot Lyapunov diiftX (¢)) and the cost functiori.g.,
negative of the rate) conditioned of(t) with V' > 0 being the weight.

We first provide an upper bound on the drift-plus-cost metrithe following lemma.

Lemma 2.1 Under any control algorithm and for any values &f(¢) and V' > 0, the

drift-plus-cost expression has the following upper bound

A(X (1) = VER@®)|X (1)] <

B+ X(1)E[E,(t) — AtP()| X ()] — VE[R(H)| X (1)]. (2.16)

whereB = max{E. mayx, AtPpax}?/2.
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Proof: See Appendi®.7.1

Due to the dynamics involved i X (¢), minimizing the drift-plus-cost metric directly
is still difficult. Instead, we consider minimizing its upd®ound in €.16). Specifically, we
develop an online algorithm to determifét), by minimizing the upper bound of the drift-
plus-penalty in2.16) in a per-slotfashion. That is, givet, (t),v(¢) and X (¢), taking the
per-slot version of the upper bound 116 by removing the expectatidil-] and removing
the constanB3, we have the following equivalent per-slot optimizationlglem

P3: rlgl(itr; X(t)[Es(t) — AtP(t)] — Viog (1 + P(t)v(t))

subjectto 0 < P(t) < Puax-

Objective inP3is a summation of linear and logarithmic functionsft), thus it is
convex. Since the objective I3 is convex and the constraint is linear ft(¢), therefore
P3is a convex optimization problem and can be solved analijtiddle obtain the optimal

power P*(t) in closed-form as follows.
Proposition 2.1 The optimal transmit poweP*(¢) for P3is given by

p

Pmax for X(t) > MT};}/(%))
* — Ve 1 V() -V
P(t) ax@ o for - < X(1) < APt =) (2.17)
for X (t) < =@
\0 or X(t) < Al

Proof: See AppendiR.7.2
Thus, at each time slaf the transmitter observes the system sséteand determines
the transmit poweP*(¢) using @.17). It then updates\(¢) according to 2.14). Note that
determiningP*(t) does not require any statistical information of the enenmgiya £, (¢)

or channel gainy(t).
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As mentioned earlier, sind@2 is the relaxed problem, its solution may not be feasible
to P1. To ensure the solutioR*(¢) of P3is feasible tdP1, we need to guarantee the SOB
E,(t) satisfies the battery capacity constraidtl]. Recall that two parameter$ and V'
are introduced in developing the online power solutitit) for P3. We will design the
values ofA andV to ensure the feasibility. However, the challenge to do gbas the
normalized channel gai(t) is unbounded in general for a fading channel. This prevents
us to properly desigmd andV'. To provide our online algorithm feasible i, in the
following, we first consider the case where the fading chhgam is upper-bounded and
derive our feasible solution. Then, we extend the solutimthe case where the fading

channel gain distribution has unbounded support.

2.3.3 Algorithm for Fading with Bounded Channel Gain

We first assume the channel gairit)|? is upper-bounded. Consequently, the normalized
channel gainy(t) is upper-bounded ag(t) < ~max, Wherey,., denotes the maximum
gain.

As mentioned at the beginning of Secti@rB.2 maintaining the stability ofX (¢) is
equivalent to satisfying constrain2.(1). The following lemma provides the upper and

lower bounds of the virtual queu€(t). Define(uayx = Ymax/AL.

Lemma 2.2 With the proposed power control solutid?i(t) in (2.17), the virtual queue

X (t) is bounded for alt as follows

whereXiow = —V (nax — At Prax and Xyp = E max.

Proof: See AppendiR.7.3
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0 for Eb(t) < Eb,thl@)-
P* (t) = At(VCmax-i-AtPXax+Emin—Eb(t)) — ﬁ for Eb,thl(t) < Eb(t) < Eb,ch(t) (221)
Pmax for Eb(t) > Eb,ch(t)

With Lemma2.2, the following proposition provides the conditions of tigfsconstant

Ain (2.13 and the weigh” for which the solutionP*(¢) is feasible tdP1.

Proposition 2.2 Assumey(t) < ymax, Vt. With the proposed online power control solution

P*(t)in (2.17),if Ain (2.13 is set as

A = AtPuax + Euin + VG nax, (2.19)

andV € (0, Viax) With

Emax - Emin - Ec,max - Atpmax
Cmax

Vmax - 5 (2 . 20)

thenE,(t) satisfies battery capacity constraif2. 1), and the power solutionsP*(¢)} pro-
vided by(2.17) are feasible td°1.

Proof: See AppendiR.7.4
From Propositior2.2, substituting the expression dfin (2.19 into (2.13, we obtain
the power solutiorP*(¢) as a function of the SOB’,(¢) shown in .21) at the top of next
page, wherd, 1,1(t) and £, in2(t) are two time-dependent thresholds on the battery energy
level, defined by

Eb,thl(t> = Athax + Emin +V <Cmax - %) (222)

t
Eb,ch(t> = Athax + Emin +V <Cmax - At(P 7(7215) + 1)> . (223)
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We summarize our proposed online power control algorithilgorithm 1. In addi-
tion, we provide the following remarks.

Remark 1 We see from2.21) that the solutionP*(¢) in (2.21) is a three-stage solution
depending o1, (t) of the battery: 1) Whelk,(¢) is lower than certain level, the transmitter
stops transmission to conserve energy for future trangonis8) WhenFE)(¢) is sufficiently
high, the maximum transmit power is used for transmissipiyBen £, () is between the
above two energy levelse.,the battery energy level is moderate, the transmit powaestis s
betweerD and P,,.,, depending on the curret,(¢) and fading conditiony ().

Remark 2 In determiningP*(t), the two thresholds foF),(¢) depend on the normalized
channel gainy(t) at the current time slot. In particular, a higher value of(¢) (i.e.,
good channel condition) results in lower values of the thoégs for the energy level and
higher P*(t) for data transmission. On the other hand, when the channelitaan is bad,
the transmitter tends to conserve energy and use less powgahsmission. Thus, we
see that under the proposed power control algorithm, timstnégssion is carried out in an
opportunisticfashion based on the channel condition. In particular, fogivan E,(t) that
is between the two thresholdg;(¢) in (2.21) resembles the water-filling power control

strategy, where more power is allocated for a better chasoredition.

To clearly demonstrate the above, consider the case whenV/,,... The two thresh-

olds Ej, 1) and 5 mo(t) in (2.22) and @.23) are respectively given by

t
Eb,thJ.(t) - Emax - Ec,max - 7( ) (Emax - Emin - Ec,max - AthaX) (224)

v(t)
At(Paxy(t) + 1

Eb,ch(t) - Emax - Ec,max -

) (Emax - Emin - Ec,max - AthaX) .

(2.25)

We see thatF, n1(t) is a decreasing function of(t). For E,na(t), if v(t) > 1/Puax,

then £, m2(t) is roughly constant with respect tgt). The power allocation”*(¢) for
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Algorithm 1 Online Transmit Power Control Algorithm under Energy Hatieg (y(¢) <
Ymax)
SetV € (0, Vinax) With Vi, givenin 2.20).
At time slot¢:
1: Observe the system statg).
2: SolveP3to obtainP*(t) as in @.217).
3: Output transmit power solutior?*(t).

Eym(t) < Ey(t) < Eyno(t) is given by

Vi 1
= max — ) 2.26
At(Eimax - Ec,max - Eb(t)) V(t) ( )

P(t)

It is clear thatP*(¢) depends on the channel conditigft), and the “water line” depends
on the current battery energy levj(¢). Note that the consideration df = V/,,.« is hot a
random choice. In Sectio&.4, we will show that for the best performance, we should set
V' = Vinax-

Remark 4 SinceV > 0, V.. in (2.20 should be positive. This means the battery
energy storage capaciy,... — Fn.i» should be larger than the sum of maximum charging
and discharging amount per slbt ..« + At Pax. This assumption generally holds for the

typical battery size and usage.

2.3.4 Algorithm for Fading with Unbounded Channel Gain

Now, we consider a more general fading scenario where thenethgain distribution has
unbounded suppore(g.,Rayleigh fading). The normalized channel gain is unbounided
v(t) < oo. To deal with this case, we now develop a modified algoritromfAlgorithm 1
to provide a feasible power solution for the case Whén > vax.

Define A £ [0, Yimax] @NAA° = (Ymax, o0). We define the casg(t) € A° as an outage

event. Lety denote the outage probabilitye., Prob(~(t) € A°) = n. When~(t) € A,
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Algorithm 1 still provides the feasible solutioR(¢) to P1. When~(t) € A°, however,
constraint 2.8) may be violated, and’(t) in (2.21) may not be feasible. In this case, we

propose the following scheme to determifg).

Define B¢ (t) = E,(t) — AtP(t) as the SOB at the end of time slotDefine £5(t) £
1S~ E¢(7) as the time-averagels (¢) up to time slott. Forvy(t) € .A° and P*(¢) in
(2.2 not satisfying constrain®(8), we set the transmit power as

_[Bo(t) - Egt-1)]"

P4(t) N

(2.27)

where[z]* £ max(z,0).

Remark:The main idea of our scheme is that we use the time-averagshbanergy
level E,(t) from the past to determing(¢), so that at the end of the time slot, the bat-
tery energy level remains at its historical time-averaga@ll This idea comes from the
observation that in the case ¢ft) € A, our proposed algorithm under Lyapunov opti-
mization tries to maintain the SOB,(¢) at a certain level. Thus, when the outage event
occurs temporarily, we control the transmission power shahF,(¢) is still roughly being
maintained at its historical level as in the non-outage .cAsea result, the battery energy

dynamics over time will not be disturbed due to the outagaeve

We summarize our online transmit power control algorithmtfe general unbounded
fading case in Algorithn2. As discussed earlier, there are two main benefits proviged b
our proposed algorithm to improve the long-term time-agedhexpected rate: 1) strategic
energy conservation through energy control in the batt2yygpportunistic transmission
through power control over fading. As we will see, these fienhare evident in the simu-

lation results in Sectiog.5.
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Algorithm 2 Online Transmit Power Control Algorithm under Energy Haxtuay
((t) < )
Choose). Determiney,,., from .
At time slott:
1: Observe the system statg).
Apply Algorithm 1 to produce’*(t). SetP*(t) = P*(t).
if v(t) € A°andP*(t) > (Ey(t) — Emin)/At then obtainP*(t) as in @.27).
UpdateEs (t) = Ey(t) — AtP(t).
UpdateE;(t) = 1 [(t — 1)Eg(t — 1) + Eg(t)].
Output the transmit power solutidf’ ().

O aRr N

2.3.5 Extension to Multi-antenna Beamforming Scenarios

In the above, we have focused on the single-antenna casepr@uosed algorithm can
be easily extended to the scenarios of multi-antenna beamfg.For example, consider
the MISO system withV transmit antennas and a single receive antenna. Underdblk bl
fading model, the channel vector between the transmittgrtlae receiver at time slatis
denoted byh(t) = [h(t), ..., hy(t)]T. With perfect knowledge dfi(¢) at the transmitter
and the optimal transmit beamforming, the normalized ckhgain at time slot is given
by v(t) £ ||h(t)||?/o%. The instantaneous rate over the channel during timet dtais
the same expression as we consider befdté:) = log (1 + P(t)v(t)). Thus, the only
difference is about channel gairit) and its distribution. Our proposed online algorithm

(Algorithm 2) can be directly applied for this transmit beamforming scenm

Similarly, the algorithm can be applied for the single-ihpwilti-output (SIMO) case
with receive beamforming, or MIMO beamforming. For the éatttransmit and re-
ceive beam vectors are selected as the principle right aftdsitggular vector of the
MIMO channel, denoted b¥(¢). In this case, the effective normalized channel gain is
v(t) = oi(t)/o%, wherea?(t) is the largest singular value & (¢). The expression of

instantaneous ratg(t) is still the same as before.
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2.4 Performance Analysis

In this section, we analyze the performance of our proposgide power control algo-

rithms.

2.4.1 Bounded Fading Scenario

We first consider the case wher@) € A, Vt, and analyze the performance of Algoritim
Let R*(V, .A) denote the achieved objective valueRf under Algorithml. Let RPY(A)
denote the maximum objective value BL under the optimal solution. The following

theorem provides a bound of the performance of Algorithio R°PY(A).

Theorem 2.1 Assume(t) € A, Vt. Assume the system state) are i.i.d over time. Under

Algorithm1, the performance is bounded from the maximum vaitR§ A) of P1 by

ROPY(A) — R¥(V, A) < (2.28)

<| %

whereB is defined below?2.16).

Proof: See AppendiX.7.5.

We have the following remarks on Theor@m.

Remark 1 Theorem2.1 provides an upper bound on the gap of the long-term time-
averaged expected rate of our proposed algorithm away ft&#i.4) by the optimal so-
lution. Itis in the order ofO(1/V'). Thus, largelV is desirable. However, due to battery
capacity constraint, by Propositi@i2, 1 has to be chosen withif, V},..<]. Thus, to min-
imize the performance gap, we should always chése V..

Remark 2 For the upper bound in2(28), note thatB is only related to the battery

maximum charging and discharging rates, not the battergagp while V... in (2.20
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increases with battery capacity. Thus, Algorithiproduces an asymptotic optimal solution
to P1, as the battery storage capadiy,,.x — Emin) increases .

Remark 3 Although the upper bound ir2(28) is provided under the i.i.d. assumption,
the system statgt) can be relaxed to accommodate the case wd{eéyevolving in ergodic
non-i.i.d. fashion. Specifically, if both normalized chehgain{~(¢)} and energy arrival
{E.(t)} processes are modeled as the finite state Markov chains, mwehcav a similar
bound (.e.,O(1/V")) under Algorithml, by applying a multi-slot Lyapunov drift technique
[54]. We omit details for brevity.

2.4.2 Unbounded Fading Scenario

With probabilityn, v(t) € A°. In this case, the outage event occurs, and power solution is
determined differently. LeR°P'(A°) denote the maximum objective valueRt under the
optimal solution andz*(.A¢) denote the achieved objective usiR¢) in (2.27), both in the
presence of the outage. The following lemma provides anrpmend on the performance

when such outage occurs.

Lemma 2.3 Assume that system state) is i.i.d over time, and the channel has a normal-
ized channel gain distributiofi(~). For v(t) € .A°, under Algorithn, the performance is
bounded by

ROP(A°) — RY(A°) < G (2.29)

where constan < G < o is a function off (v) andyyax-

Proof: See AppendiX.7.6.
As indicated in Lemma.3, the upper bound: can be obtained for any specific channel

distribution. In particular, for SIMO or MISO beamformingtiv channel vectoh(t), as-
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sume Rayleigh fading.e.,elementh,,(t) in h(¢) is complex Gaussian with zero mean and
variances?, forn = 1,..., N. Let7 represent the average received SNR per charmel

E[|h,(t)]?/c%]. By Lemma2.3, we obtain the expression 6f in the following corollary.

Corollary 2.1 Assume Rayleigh fading channels. Under the assumptiorenofia?.3, G

is given by

G=C [ Tog(14 7R ? e iy (2.30)

Jmax

5

with ¢ £ [f (N, %Txﬂ , whereT'(n,y) £ [*z"~'e~*dx is the upper incomplete

Gamma function. In particular, folV = 1, we have

G =10g (1 + PaaxYmax) + €710, 7,) (2.31)

AL

Where% - ’}/max/v + ]-/('7Pmax)-

Proof: See AppendiR.7.7.

Let R°P* denote the the maximum objective valueRE. Let R*(V,n) denote the
achieved objective under AlgorithBh where we emphasize the dependency of the achieved
objective value on the control parametérand the outage probability used in our al-
gorithm. Combining the results in Theorerl and Lemma2.3, we have the following

performance bound.

Theorem 2.2 Assume the system stai{e) is i.i.d over time. For the fading channel with
any given fading distribution, given the outage probapilit the performance under Algo-

rithm 2 is bounded fronkR°" by

o B
R = R*(V.n) < (1=n)37 +nG. (2.32)
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Proof: See AppendiR.7.8

Theoren®.2provides an upper bound on the performance of Algoritmthe optimal
solution ofP1 for Rayleigh fading scenario. The bound depends on the eytegpability
n we choose. So long is chosen to be small, the effect due to outage on the bournd wil
be small. As we will see in our simulation, the difference ba actual performance of
our proposed algorithm under the bounded channel and udledurhannel is negligible,
providedr is small. In Sectior2.5 we show through simulation that the performance
approaches to the optimal solution quickly as battery sizesiases.

Note that in the unbounded fading channel scenario, Algorit is used fory(t) € A
with probability 1 — . Thus, Remarks 1 and 3 after Theor@m are also applicable to
Theorem2.2 However, due to the ga@ in the case of outage(t) € A°, we cannot

guarantee Algorithn2 to be asymptotically optimal fde 1.

2.5 Simulation Results

In this section, we examine the performance of our proposdidepower control algo-
rithm. We assume that the energy arrival amaklint) per slot follows a compound Pois-
son process with a uniform distribution. We set the defaalsgon arrival rate\ = 0.5
unit/slot. The amount of energy per unit is uniformly distied betweefo, 2a].J, with the
default mean amount = 0.2J. The battery minimum energy level is setf,;, = 0. For
the battery maximum energy level, unless specifically djgekiwe set the default value
t0 Enax = 50J. Also, the maximum charging amount per slotHs,,.. = 0.3/, and the
maximum transmission power 13,.. = 0.5WW. We set time slot duration to b&t = 1
sec.

By default, we consider single anteniva= 1. We generate each chanmgt) as i.i.d.

complex Gaussian random variable over titneith the mean normalized channel gain
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E[y(t)] = 10 dB. We set the outage probability= 1%. This results iny., = 16.6 dB.

For comparison purpose, we consider our proposed algasithiwo fading scenarios:

(a) Bounded fadingy(t) < ymax: We first generate the channel as described above. |If
Y(t) > Ymax, We S€ty(t) = ymax- We apply Algorithml to obtain the transmit powe?(t).

(b) Unbounded fadingThe channel is generated as complex Gaussian as deschivesl a
We apply Algorithm2 to determine the transmit powét(¢). For both (a) and (b), we set
default = V..

To compare with other online power control algorithms, ribtd, as discussed in Chap-
ter 1, existing online power control strategie82,[33,39-42,121)) are either for AWGN
channels only, or based on known statistical knowledge efggnarrivals and fading chan-
nels. Also, we have a more detailed model of battery operatioonstraints on energy
harvesting and power supply. As a result, our proposed ighgoicannot be directly com-
pared with algorithms in32, 33,3942, 121]. Nonetheless, we include a heuristic online
water-filling algorithm proposed i3] for comparison, in which the fading statistics is
assumed to be known to determine the transmission power. diléyrhe solution to meet
the battery operational constrain&s2) and @.5). Furthermore, for a fair comparison, we
consider two alternative online algorithms that also orlly Ion the current system state
without requiring its statistical information. The thrdga@ithms are described below.

(c) Energy adaptive water-filling algorithm (EAWR}3]: Compute a cutoff fade, at each

time slot as the solution of the following equation

[ °° (i - 1) F)dr = Ey(t). (2.33)

Yo o
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Then, giveny(t), the transmission power is determined as

1 17"
P(t)=min< | — — ——| , Puax, (Ep(t) — Emin) /At . 2.34
() {[7 | P (B0~ B } (2.30
(d) Greedy algorithmAt each time slot, the transmitter uses the maximum pasgitiver

based orF,(t) to maximize the transmission rate at current time sloe.,

I}Dl(zg( R(t) (2.35)

subjectto 0 < P(t) < Puax, Vi,
Ey(t+1) = Ey(t) — AtP(t) + Es(t),

AtP(t) < By(t) — Eun, Vt

which givesP(t) = min{(Ey(t) — Fumin)/At, Puax}-
(e) Power halving algorithmAt each time slot, the transmitter uses half of the maximum
possible power given by the greedy algorithm in (d). Différigom greedy algorithm, this
simple heuristic algorithm intends to conserve harvestetgy in the battery.

Note that, when implementing algorithms (c)—(e), the caxrpbaussian channel is

used as in (b) unbounded fading case.

Let R*(t) denote the achieved rate at time gloln Fig. 2.2 we plot the time-averaged
expected rate; ZtT:‘Ol R*(t), averaged over Monte Carlo runs, vs. time slots. We set
Ey(0) = Enax = 50J. As we see, with 1% outage probability setting, the perforcea
of Algorithms1 and2 under the two fading scenarios (bounded and unboundedjs@su
nearly identical performance. Furthermore, our proposemh® power control algorithm
provides a significant performance improvement over aleothree algorithms (c)—(e).
Compared with the greedy and power halving algorithms, tiested average rate by our

Algorithm 2 is nearly 80% and 30% higher, respectively. Noticeably, gared with the
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Figure 2.2: Time-averaged expected rate vs. timetq(6t,.. = 50J, £,(0) = Erax)-

EAWF algorithm in B3] which assumes known fading statistics, AlgoritBrstill provides
more than 20% improvement on the average rate without rieguany fading statistics.
The performance gain of our proposed algorithm over thesenaltive algorithms comes

from strategic energy conservation and opportunisticsirassion.

The plot also shows the time-averaged expected rate forflmeobptimal algorithm
known as recursive geometric water-filling (RGWF) algaritf87]. The method can be
considered as an upper-bound of the time-averaged ratexfor000. As seen in Fig2.2,
the average rate of the proposed algorithms achi@&Vgof that of the RGWF. RGWF pro-
vides an optimal solution for an infinite battery capaciiy,(, > 0) with a known channel
fading and energy arrival. This method does not considebatigry operations. The pro-
posed algorithms, however, do not require any staticakim&ion of channel fading and
energy arrival and considers a practical battery capaéity,( = 50.J). Note that, for the

E.... > 15J, the performance of the proposed algorithms convergesatofit’,,,., > 0
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(See Fig. 2.7for further details).

Fig. 2.3illustrates the time-averaged expected rate vs. time slothree different
channel gains with the average®fy] = {10,0, —10} dB. In the first 3000 time slots, the
average of the channel gainli$y] = 10 dB. The average of the channel gairkig/| = 0
dB for t = 3000 to t = 6000 and isE[y] = —10 dB for ¢ > 6000. Other simulation
settings are the same as the previous figures. This plot derates how the performance
of the algorithms evolves with the variations of the chargegh. As seen in the figure,
the performance of the proposed algorithms reaches to ©.8[fd = 10 dB. Once the
average of the channel changesfio] = 0 dB, the performance of all algorithms drops
significantly and then it reduces continuously. Changirgaverage channel gainlidy| =
—10 further reduces the average rate of all algorithms. Howehkerrate of change from
E[y] = 0 to E[y] = —10 is not significant. As seen in the figure, the proposed algarst
outperform significantly better than all other algorithrasJarious fading channel statistics
(average).

We repeat the experiment with a smaller battery capacith Wit., = 10.J. The ini-
tial state of battery is set t&,(0) = Euax/2. As shown in Figs2.4, similar perfor-
mance comparisons after convergence can be observed. itroaddlthough not shown,
we observe that for the same ratio of initial energy levelrdhe battery capacityi.g.,
Ey(0)/(Emax — Fuin)), the convergence time is much shorter for a battery withliema
capacity. This behavior is intuitive since with a smallepaeity room, it takes less time
slots to search for the converging energy levelfpft) under the same system setup.

We study the dependency of power allocation by the propoggditnm on the fading
channel. For this purpose, we consider the bounded fadegasio and Algorithnd. In
Fig. 2.5, we plot the normalized channel gaijt), the SOBE,(t) and threshold<;, ()
and E, m2(t), and the allocated powdt*(t) by Algorithm 1 versus time slatin the top,

middle, and bottom subplots, respectively. We Bgt, = 10.J. As discussed in Remarks
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Figure 2.3: Time-averaged expected rate vs. timets{él, ., = 50J, £,(0) = Eyay) for
E[y] = {10,0,—10} dB.

3 at the end of SectioR.3.3for V' = V.., we see that threshol, i1 (¢) in (2.25 changes
according to—(t), while Ejn2(t) is roughly the constant over time. The battery energy
level E,(t) roughly maintains at a level between the two thresholds. hatlottom of
Fig. 2.5 we see that the powdr*(t) is determined approximately according to the chan-
nel condition with a higher power for a better channel gaimisTdemonstrates that the
transmission is opportunistic based on channel quality.

We evaluate the performance of our proposed algorithmgfer (0, V;,.] in Fig. 2.6.
The long-term time-averaged data rate is averaged over kffieMCarlo rung. We see
that, under the proposed algorithms, the average datawasdly increases with” sharply,
and then gradually converges to a stable value. This tremdnsistent with results in
Theorem=2.1and2.2, where the bounded gap to the optimal performance decreases

V. Furthermore, since the average rate quickly converges steible value with a relatively

2The mathematical expectation is calculated using MontéoGampling.
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Figure 2.4: Time-averaged expected rate vs. timetq6t,.. = 10J, £,(0) = Frax/2).

small value ofV/, the value ofl/},., can be relatively small. Sincg,., is a function of
battery capacity, this indicates that a smaller battermagi® capacity would be sufficient to
achieve a near-optimal performance. This observationifrooed in our next study on the
battery capacity. In contrast, the other three alternatligerithms does not change with

and thus the average rate remains flat.

In Fig. 2.7, we show the long-term time-averaged expected rate untferatit battery
capacityF,,... We see that the performance gain over the other three aliezralgorithms
grows fast as the battery capaciy,., increases fromi.J to 10/ and becomes saturated
afterwards. First, this demonstrates the effectivenessioproposed online power control
algorithm even for a small ratio of the battery capacity over expected energy arrival
ratea\. Second, we observe that under our proposed algorithmgpetiermance ben-
efits significantly from a larger battery capacity, becalmedtorage is crucial for better

performance.
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Figure 2.5: Time trajectory of system parameters: Toft); Middle: E,(t), Epmn(t),
Eymo(t); Bottom: P(t). (Emax = 10J)

As the battery size continues to increase, the maximum péwerand charging rate
E. max become the limiting factors, and &3, increases witlt,,,«, the performance grad-
ually converges to that of the optimal solution. This clgatiows that, under Algorithr®,
a relatively small battery storage capacity would be swfitifor a near-optimal perfor-
mance. Further increasing battery size will not be effectivimproving the performance.
In contrast, for the greedy algorithm, due to the greedyneaits performance is limited
by E. max and P,,., and does not change with the battery size. The same appliés t
performance of the power halving and EAWF algorithms whidhaso unchanged with
the battery size.

In Fig. 2.8, we examine the long-term average data rate under variarg\earrival in-
tensities specified by arrival raleand mean arrival amount The data rate monotonically
increases with both anda. The rate of increment becomes smallendsecomes larger.

As more energy is stored in the battery, higher transmit paswesed and the data rate is in
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the non-linear region with respect to transmit power. Thess rate increment is observed.
For the comparison purpose, the performance of the gregdyigdm is also plotted. We
see the gain of our proposed algorithm over the greedy algoiis consistent over various
values of\ anda.

Next, we evaluate the performance of Algorit2ninder different received SNR with
MISO beamforming Fig2.9 shows the long-term time-averaged expected rate vs. the
average received SNR per chanfglh,, (¢)|* /%], for the number of transmitter antennas
N = 1,4. We seta = 0.1 andX = 0.3. We also include the greedy and power halving
algorithms for comparison. We observe that, the averageimateases wittv due to the
beamforming gain, as well as with SNR. As we see, Algorittnoutperforms both the
greedy and power halving algorithms for all values of SNR anhd

In particular, as SNR becomes higher, the rate improvemg#@tdporithm 2 over the
greedy algorithm is significantly increased. The rate improent by Algorithn? over the
greedy algorithm also increases with Comparing with the power halving algorithm, the
rate improvement by Algorithr is roughly consistent over SNR ard. This is because
the power halving algorithm also attempt to conserve engrdglie battery for the future
use. This demonstrates the importance of controlling theedtenergy in the battery for

transmission over fading, especially as SNR anahcreases.

2.6 Summary

We have designed an online transmission power control ithgoifor transmission over
fading with energy harvesting and storage devices at thesitnéter for power supply.
Aiming at maximizing the long-term time-averaged transiuos rate under the battery
operational constraints, we formulate the stochastiowpttion problem for transmission

power control. By developing a technique to transform tlubf@m, we leverage Lyapunov
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optimization to propose an online power control algorithmparticular, we develop an ap-
proach to tackle the difficulty faced in handling unboundearmel fading which otherwise
cannot be dealt with directly through Lyapunov optimizatitnlike most existing online
power control algorithms, our proposed algorithm only dwjseon the current energy ar-
rival and channel fade condition, without requiring theatstical knowledge. In addition,
our online power solution is provided in closed-form thasisple to implement. We
show that our power control solution not only provides egergnservation control of the
battery, but also results in an opportunistic transmissiyte based on fading condition,
resembling a “water-filling” like solution. Through analyswe show that our proposed al-
gorithm provides a bounded performance gap to the optinhatiso. In addition, we show
that our solution applies to the general multi-antenna feamng scenarios. Simulation
studies show that our proposed online power control algarisignificantly outperforms

other alternative online algorithms.
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2.7 Appendix

2.7.1 Proof of Lemma2.1

Proof: From the dynamics oKX (¢) in (2.14), we have

LIX(t+1)) = L(X(1))

X2(t+ 1) — X2(1)
2
(Es(t) — AtP(t))?

- : + X(1)(EL(t) — ALP(L)). (2.36)

From @2.5), we haved < E,(t) < E. max. Along with constraint2.6) on P(t), we have

(Ey(t) — AtP(t))* < max{ F, max, At Prax - (2.37)

Taking expectation at both sides @.86) conditioned onX (¢) and consideringa.37), we

have the per-slot Lyapunov drift being upper bounded by

AX(@) =E[L({t+1) = L)X ()]

< B+ X(OE[E,(t) — AtP(1)| X (1)] (2.38)

where B £ max{F, nax, At Puay }2/2. Adding —VE [R(¢)| X (¢)] to both sides 0fZ.39),

we have the upper bound on the drift-plus-cost metric ag.ig. [ |

2.7.2 Proof of Proposition2.1

Proof: Denote the objective d?3as.J(P(t))

J(P(t)) £ X(t) (Es(t) — AtP(t)) — Vog (1 + y(t) P(t)).
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SinceJ(P(t)) is convex and differentiable with respect®gt), its minimum can be found

by taking derivative of/(P(t)) with respect toP(t). Let P’'(t) denote the solution to

dJ(P(t))

ey = O- Itis given by

=V 1
CAX(H) ()

P'(t) (2.39)

By constraint 2.6), to determine whetheP’(¢) is an optimal solution oP3, we consider

two cases:

2721 IfX(t) <0

In this case,J(-) is not a monotonic function. DefinB*(¢) as the optimal solution d?3.
It is determined by comparing’(¢) with the two bound$ and P, by constraint2.6). In
order forP*(t) = P'(t), it means) < P'(t) < Pnax. By substitutingP’(¢) in (2.39 into
(2.6), the range ofX (¢) for P*(t) = P’(t) can be found as

—VA(t) -V 1
W0t (ts) e

y(t)

Thus, if X (¢) < =2 thenP*(t) = 0. If X(t) > =¥ ( 1 ),thenP*(t) = Poox-

At E Prhax+ ﬁ

2.7.22 1fX(t) >0

In this case,/(-) is a decreasing function dP(t). SinceP’(t) < 0, it does not satisfy

constraint 2.6). Therefore, the minimum value of P3 is found BY(t) = Py.x - [ ]

2.7.3 Proof of Lemma 2.2

Proof: We first present the following lemma that will be used to prbeenma2.2
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Lemma 2.4 The optimal power allocation of probleR8 has the following properties:
e If X(t) > 0then the optimal solution always choogeqt) = Pax.
o If X(t) < —V (max then the optimal solution always choosegt) = 0.

Proof:

Based on Propositio.1, we know that if X (t) < —2% | then P*(t) = 0. For

Cmax = 22, the sufficient condition foP*(t) = 0is X (t) < —V (uax. Similarly, we can
derive the sufficient condition faP*(t) = Pax , Which isX (¢) > 0. u

Using Lemma2.4 and Algorithm1, we now prove the bounds i2.(l8. Note that by
Lemma2.4, when X (t) < —V (uax, I the next time slotX (¢ + 1) in (2.14) is always
increasing,i.e., X (t + 1) > X(t). When—V(u.. < X(¢), by Algorithm 1, we have
P*(t) > 0. From @.14), the maximum possible decrease Xft) to X (¢ + 1) is when

P*(t) = Puax @andE,(t) = 0, i.e.,using maximum transmit power and no energy harvested.

In this case, we have

X(t41) > X(£) = AtPrax > —VCaax — At P,

Since the above inequality holds for anywve conclude thaX (¢) > X, where

XIOW - _VCmax - At]:)max- (241)

From @.5), we haveFE,(t) < min{Ey. — Ep(t —1)+AtP(t—1), E, max ;- Combining

this with (2.14), we have

X(t+1) < X(t) — AtP(t) + min{ Epay — X(t —1) — A+ AtP(t — 1), B, pmax}-
(2.42)
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If X(¢) >0, by Lemma2.4, P*(t) = Pyax- ThismeansX (t + 1) < X(t) — At Ppax +
Eemax < X(t). Thus, X (¢t + 1) is decreasing. IX (t) < 0, we haveP*(t) € [0, Pyax)- IN
this case, the maximum increase froft¢) to X (¢ + 1) is whenP*(t) = 0 and E,(t) =
E. max- Inthis case, we hav& (t + 1) < X (f) + Eemax < Eecmax, Vt. It follows that X (¢)

is upper bounded aX (t) < E, ax = Xup: u

2.7.4 Proof of Proposition 2.2

Proof: In order for P*(t) to be a feasible solution t81, E}(¢) needs to meet the
battery capacity constrain(l). Since X (¢t) > Xpw, by (2.13 and @.41) , we have
Ey(t) — A > —V(nax — At Ppax. Thismeansd < Ey(t) + V (nax + At Prax, Vt. It follows

that set
A = FEyin + Vax + At Phax (2.43)

would satisfy the above constraint. In order #8t(¢) to be feasible, it requireX (¢) =
Ey(t) — A < Enax — A. SinceX(t) < Xyp = Ecmax, the feasibility is guaranteed if

E. max < Emax — A. ReplacingA in this inequality by the expression i@.43, we have

Emax - Emin - Ec,max - Atpmax

V<
Cmax

(2.44)

2.7.5 Proof of Theorem2.1

Proof: We adopt the approach in Lyapunov optimization the@d] fo derive the
bound. We first show that there exists a stationary, randesn@ower control policy

{P"(t)} for P2, where P"(t) only depends on the current system stdte, and we can
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bound the expected values of the cost objective and the reamtst per slot. Using these
bounds and the upper bound of drift-plus-cost metric2ri), we derive the bound in
(2.28.

The following lemma can be obtained straightforwardly fribra results in$4].

Lemma 2.5 For system statg(¢) i.i.d. over time, there exists a stationary randomized

power control solutionP” (¢) that only depends on the current state) and guarantees

E4[R(t)] £ R'(A) = R°(A), (2.45)

EALEL ()] = EA[ALP"(2))] (2.46)

whereR"(t) and E’ (t) are instantaneous rate and harvested energy under theoataty
randomized solutior¥ 4[] is taken with respect to the random system stateconditioned
onv(t) < Ymax and the randomized power solutidti (¢), and R"(A) and R°(A) are the

objectives oP2 achieved undeP’(¢) and under the optimal solution, respectively.

Our proposed algorithm is to solve per slot optimizationgpeon P3, which minimizes
the upper bound in.16) over all possible power control solutions, including thetimal
stationary randomized solutiaf"(¢) in LemmaZ2.5. Plugging P’ (¢) into the right hand

side of .16 and by Lemm&.5, we have

A(X (1) = VEA[R* (1) X (2)]

< B+ X(OEA[ES(t) — AtP"(8)| X (1)] = VEAR ()| X (2)]
= B+ X(OEA[E(t) — AtPT(1)] = VEA[R'(1)]

=B —-VR’(A)

< B —VR"(A) (2.47)
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where the first equality is due t8"(¢) only depending os(t), the second equality is by
(2.495 and @.46 of Lemma2.5, and the last inequality is becauBg is a relaxed version

of P1and therefore we havg™ < R°(A).

By the definition ofA(X (¢)) in (2.15), taking expectations of both sides 147 over

X (t), and summing overfrom0to 7" — 1, we have

T-1

VY Ea[R(1)]

t=0

> TVRP(A) = TB + Ea[L(X(T))] — E4[L(X(0))]

> TV RP(A) = TB — E4[L(X(0))]

where the last inequality is due (X (7")) being non-negative by definition. Dividing
both sides by/7" and taking limits ovefl’, and noting that. (X (0)) is bounded, we have

T-1
: 1 s Dopt - E
;gjz?MRWZR(M v (2.48)
where the left hand side o248 is R*(V, A). |

2.7.6 Proof of Lemma2.3

Proof: To find an upper bound, we know that in each time slot, an optimate

R°PY(t) is less or equal to the maximum achievable rate whidR,js, (¢):

ROP(t) < 1og (1 + Prax¥(t)) £ Ruax(t) (2.49)
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So (.49 can be written as
R®(t) — R(t) < Ruax(t) — R(1) (2.50)

whereR(t) is the instantaneous rate under random evéhte A°. RHS of .50 can be
written as

B 1+ Praxy(t)
Ruyax — R(t) = log (H—Ps—(t)v(t)) (2.51)

By taking expectation of.50) over-(¢) and considering2.51), (2.50 can be written
as
1 4+ Poax7(t) )]
E 4c[RP(t)] — E4e[R(t)] < Ey4e |1 — 2.52
lF0)] - ExlR0)] < B flog ({15t 252)
whereE 4[] & E[|y(t) € A°]. Defineg(t) & E [log <ﬂ§“7(5)18)} Summing both
sides of .52 over T, and lefl” — oo, we have

T-1
.1 = ot
Jim ;:o Exc[R(t)] > R% — g(t) (2.53)

where LHS of 2.53 is *(A°). From the definition of;(t), we have

o ]-+Pmaxfy
t) = log [ — L —max/ > Yinax )d
qg(t) [me Og(1+PAc(t)v) SOV > Ymax)dy

< / 108 (14 Pana?) (77 > Vo) Y

“Ymax

1 / o
= log (1 4+ Puaxy) f(7v)dy
1 - F(’ymax) FYII\'(IX ( ) ( )

=¥¢ (2.54)
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where for simplicity, we lety(¢) = ~, and f(v|y > 7max) denotes the conditional proba-
bility density function (pdf); alSoF (Ymax) = Proly < ymax), i-€.,the cumulative distri-
bution function (cdf) ofy. Note thatG < oo since the integration in the second equality is

finite. Thus, combiningZ.53 and @.54), we haveR®(A°) > R — G as in @.29. [

2.7.7 Proof of Corollary 2.1

Proof: Note that forh,(t) being complex Gaussian with varianeg, for n =

1,---, N, ~(t) has they-square distribution witR N degree of freedom. Thus, we have

1 7
f(7>:,7N(N_1)'rYN e 7
1= Flimm) = o ! 2, (2.55)

wherel'(n,y) £ fy‘x’ 2" te~*dx. The upper bound’ of ¢(¢) is given by

G=C [ Tog(14 7R ?" e Ty

5

~ 1
as shown in2.30, whereC' £ [F (N, ’Y‘?Y—X)] . A special case is whev = 1. The

channel has a Rayleigh fading an@) has an exponential distribution. Therefore,

f(’y) 1 _1+Wmax
SAN VS e (2.56)
1- F(VmaX) v
It follows that
1 Ymax o0 _
G=—-e7 / log (1 + Puaxy) € 7d7y. (2.57)
ry 'Ymax
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By using integral by part, we have

]_ _ 'Ym_ ax

o ~ * 7Pmax
5 / 10g (1 + Panaxy) €7 7dy = 10g(1 + Praxymax)e” 5 + /_ vaiPmaxveﬂdv

Ymax 5

For the second term above, we use the following result

/OO 3 i xe_xdx =10, u + f) (2.58)

Thus, we havér as in 2.31) [ ]

2.7.8 Proof of Theorem2.2

Proof: The achieved long-term time-averaged expected rate underithm 2 can

be written as
R*(V,n) = (1 = n)R*(V, A) + nR*(A°) (2.59)

whereR*(V,n) = limy_ & 3.1 E[R(t)]. Also, the optimal solution oP1 can be writ-

ten as
RP' = (1 — )R A) + nR°P(A) (2.60)
By subtracting 2.59 from (2.60), we can write

R™ — R*(V,n) = (1= n) (RP(A) - R*(V, A))

+n (RP(A%) — R*(A°)). (2.61)
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Combining the results of Theorendsl and2.2, the performance gap of Algorithxto

the optimal solution foP1in (2.32 follows. [ |



Chapter 3

Online Joint Power Control in EH Relay

Network

3.1 Introduction

In this chapter, we consider a two-hop amplify and forwar@&)£felay network equipped
with energy harvesters and batteries in the fading enviesrimWe assume the statistics
of energy arrivals and fading are unknown at the transméattet relay. Our objective is
to maximize the log-term time-averaged expected rate inahop network with finite
batteries. We design an online joint power control stratégging Lyapunov optimization
technique, we develop an algorithm to determine joint trahpowers of the transmitter
and relay based on the current energy level of the battenastzannel fade conditions. The
joint power control algorithm is provided in a closed forndarmumerically. We propose a
scheme to tackle the problem of unbounded fading channei€#mnot be addressed with
Lyapunov technique directly. We further bound the perfanoeeof the proposed algorithm

to that of the optimal solution.

67
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3.2 System Model

We consider a half duplex two-hop AF relaying network cotesisof a pair of source
and destination nodes and a relay, as illustrated in Fiy. We assume the source and
destination are far apart and no direct link is assumed flmrsburce to the destination.
The system operates in a slotted time {0, 1,2, ...} with slot durationAt. The channel
coefficients on the first and second hops are denotdd, @@y andh,.(t), respectively. We
assume a slow block fading scenario, whétét) and h,.(t) remain unchanged during
time slott and change from slot to slot. Assuming the receiver noiséate¢lay and
the destination are additive white Gaussian with zero meahvariancer? = ¢? = 1,
we definey,(t) and+,(t) as the normalized channel gain givenyt) = |h;(t)|?/o? =
|hi(t)]?, wherei = s, r is the node index denoting the source or the relay. In additiee

assume the channel gains are known at both the source arelaiérevery time slot.

We assume the source and the relay are stand-alone devieesegoby the energy
harvesting and storage devices. [Z{t¢) and £7 (¢) be the amount of energy arrived at the
harvesting device of the source and the relay, respectigélthe end of time slat. Let
E;(t) andE] (t) be the amount of energy harvested into the battery of at tlnes@nd the
relay, respectively, at the end of time slotWe haveE; (t) € [0, E.(t)], wherei = s, r.

A battery storage unit is used at the source and the relaypte #te harvested energy and
supply power for data transmission in each hop. Egtt) and £} (t) be battery energy
level at the source and the relay at the beginning of timetslohich are bounded by the

battery storage capacity as
Emin S Elzg(t) S Emaxa 1= S, T (31)

whereE,,;, and E,,.., represent the minimum and maximum energy levels alloweben t
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battery, which depend on the battery specifications.

Each battery has its own charging and discharging rate.limithe thesis, we assume
identical storage batteries at the source and the rélagt E.. ,,... be the maximum charg-
ing amount per slot and,,.. the maximum transmit power drawn from the batteryat
time slott, the transmission power at the source and the relay, debgtéd¢) and P.(t),

respectively, should satisfy

0 < Pi(t) < Puax, 1=8,T. (3.2)

0 < AtP(t) < Ej(t) — Enin, 1 =s5,T. (3.3)

The energy level in each battefj(¢) evolves over time as follows

Ei(t+1)=Ej(t) — AtP(t) + EL(t), i=s,r, (3.4)

where the harvested energy () depends on energy arrival afd ... and available room

in the battery as

By, (t) = min{ Bnax — (E(t) — AtPi(#)), £, (1), Eemax}- (3.5)

By the AF relaying strategy, the received SNR at the destinatt time slott is given

!Extension to different batteries at each node is straigiviod.
2t is clear that the maximum power satisfid$P,,.x < Fuax — Emin



CHAPTER 3. ONLINE JOINT POWER CONTROL IN EH RELAY NETWORK 70

Eéj(t) Ej(t)

EH EH
. l E; (t) . l By (1)
Ep(t) Ey(t)
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Figure 3.1: A two-hop network with energy harvesting andage devices.

by

Vs ()7 (8) Ps () P (2)
Yo (L) Pr(t) + s (t) Ps(t) + 1

SNRy(t) = (3.6)

in which it is assumed that> = 02 = 1. The instantaneous rate at time slas given by

R(t) £ Llog (1+ SNRy(t)).

3.3 Long-Term Rate Maximization
At the beginning of time slat, the relay network system state is given by
s(t) £ [vs(8), 7 (8), B3 (), By (), By (), By (1)), (3.7)

Our objective is to design a joint power control poliéye., a mappingr(t) : s(t) —
{Ps(t), P.(t)}, to maximize the long-term time-averaged expected dagawdtile satisfy-

ing all the battery operation constraints at the source headdlay. The joint optimization
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problem is given by

P1: i — IE
(pmex  lim o Z

subjecttd) < Pi(t) < Ppax, ©=5,7
0 < AtPi(t) < Ei(t) — By, 1=s5,7.

Ei(t+1)=Ej(t) — AtP(t) + Ei(t), i=s,,

whereE[-] is the expectation taken with respectitdt), v, (t), £:(t), andE! ().

In practice, the distribution or statistics of the energyvats { E3(t)} and{E’(t)} are
difficult to predict. This makes the existing methods refyon the distribution of system
inputs difficult to apply €.g.,Dynamic Programming). Instead, we develop an online power
control policy which does not require the distribution caititics of the energy arrivals

{Ei(t),i = s,r} and channel gaingy;(t),7 = s, r}.

P1is a joint stochastic optimization problem which is diffictd solve. The control
decisionsP;(t) and P,.(t) are correlated over time, becauBg(t) and £ (t) in (3.4) are
coupled over time as a result of the finite transmit power taid (3.1). To handle this, we
first relax the per time slot battery capacity constrat8)to a long-term time-averaged
energy input and output relation. This enables us to empi@punov optimization to
design an online control policy. Fron3.d), the expected battery energy level and the

expected energy input and output over time durafidmave the following relation

v

E[Ey(T)] — E[E,(0)] = ) E[E,(t) — AtR(t)], i=s,r. (3.8)

t

Il
=)

By (3.1), the left hand side 0of}.8) is bounded. Dividing both sides d.8) by 7" and taking

the limitT" — oo, we arrive at a long-term time-averaged battery energytiapd output



CHAPTER 3. ONLINE JOINT POWER CONTROL IN EH RELAY NETWORK 72

relation
E} —AtP;=0, i=s,r (3.9)

where £} £ limy o = > E[EL(t)] and P, 2 limg o = > E[Pi(t)], i = s, 7. P1

is now relaxed to the following problem

P2: {PS{nax }Ill—rfolonE

subjectto0 < P;(t) < Ppax, ©=5,T,

E} = AtP;.

where per slot power constrair8.8) is replaced by time averaged power constra®®)(
As a result, per slot battery capacity constraBil)f is removed. Note that since the power
control decisionP;(t) andP,(t) on E;(t) and £} (t) are removedP2is the relaxed problem
of P1. Thus, any feasible solution @1 is also feasible té&2, but not vise versa. In fact,
P2is still a challenging joint stochastic problem to solvefditowing, we first develop an
online power control policy to find a solution f&2 by using Lyapunov optimizatiorbf.
We then design the system parameters to ensure that ourgaeggolution is feasible to

P1

3.4 Online Control Policy via Lyapunov Optimization

We now apply Lyapunov optimization to develop an online poaentrol algorithm to

solveP2. We first define two virtual queues for the battery energyle¥#(t) and £} (¢)
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at the source and the relay, respectively, as
X;(t) 2 Ej(t)— Ay, i=s,m, (3.10)

whereA;, i = s,r, are constants. The value df will be determined later to ensure the
solution being feasible t®1. Since X;(t) is a shifted version of;(¢), from (3.4), the

queueX;(t) evolves over time as
Xi(t+1) = X;(t) — AtP(t) + Ej(t) i=s,7. (3.11)

The purpose of introducing virtual queu&s(t)’s is to enforce constrainB(9) to be met
through Lyapunov optimization. LeX(t) = [X,(t), X,(t)]. Define the quadratic Lya-

punov function as
L(X(1)) £ S (X2(0) + X2(1). 3.12)

Define a per-slot Lyapunov drift, conditioned 3{t) at time slot, as
A(X(1) ZE[L(X(¢ +1)) — LOX(H) X (1) (313)

wherekE|-] is taken with respect to the system random inputs), -,.(t), E(t), andE” ().

By the Lyapunov optimization framework, instead of using thbjective inP2, we
minimize adrift-plus-costmetric. The drift-plus-cost metric consists of the weighseim
of the per-slot Lyapunov drif(X(¢)) and the cost objective function (the negative of the
rate), conditioned oX ;(¢) and X,.(t) given byA(X(¢)) — 2VE [R(t)|X(t)], whereV > 0
is the weight between the drift and the cost. Note that faZisrused to cancel out factor

1/2in R(t) to simply our derivation later. It does not affect our sasuti
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3.4.1 Transformation to Online Optimization

We now provide an upper bound on the drift-plus-cost metviuch enables us to design

online joint power control algorithm.

Lemma 3.1 Under any control policy and for any queue lengthis(¢) and X,.(¢), the

drift-plus-cost metric is upper bounded by

A (X(t) —VE[R()|X()] < B+
3 Xt — AtP(1)|X()] - VE[R()|X()]  (3.14)

ZS?"

whereB £ max{E? AtPrax)?}/2.

c,max’ (

Proof: See Appendix3.8.1

Considering the upper bound i13.04 on the drift-plus-cost metric, we design an
online control policy to minimize iper slotby removing the expectation. L&(t) =

[Ps(t), P.(t)]. The per-slot optimization is given by the following profvle

s(0)7, (1) P (1) P (t) )

P3: min Xi(t)(B,(t) — AtP(t)) — V log (1 i %(t;P( t) +7s(0) Ps(t) + 1

P(t) = S,T

subjectto 0 < Py(t) < Puax, 0 < Pr(t) < Prax-

where we have removed the constant terms in the upper boutie @nift-plus-cost metric
to arrive at the objective expression #8. Note that the objective dP3 is not jointly

convex with respect t&;(¢) and P, (¢). By approximating the last term in the objective, the
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rate, with its upper bound, we modiB3into a jointly convex problem as follows

%@%@R@Bﬁ))

P3 : win > Xi(t)(Ej(t) — AtP(t)) — Viog <1 T OB ORI

1=s,T

subjectto 0 < Py(t) < Puax, 0 < Pr(t) < Ppax-

ComparingP3 andP3, P3 is minimizing a lower bound of the objective 3. Fur-
thermore, the bound is tight when the received SNR at eitbelidihigh. In the following,

we show thaP3' is a convex optimization problem. Denote the objective8fy f(P(t)).

For notational convenience, we remave from P;(t), X;(t) and~;(¢) fori = s,rin

the following equations. To verify that the objective fuct f(P(t)) is convex, first we

write the Hessian matrix of as follows

f 0% f
v2p_ | Pz oo 3.15
¥ . s ( )
oP.0P;  OP2
where

% f 2(vsYr Ps Py + v Pr + s Ps) + (- Pr)?
:VSTPT2 sYrd sty rir sts rer , 3.16
oP? b2 Mwﬂ+%ﬂﬂwﬂ+%ﬂ+%%ﬂﬂy (810

82f v 2’7373Pr
OPOP, (% Py + VsP) (% Pr + 7 Ps + 757, Ps Pr)

+ (’VTPT)z'VS’Yr ((%”Pr + 7P + 'VS'VTPSPT) + ('VTPT + ’YSPS)('VSPS + 1))
(Ve Py + 75 Ps) (e Pr + s Ps + 757 P Py )? '

(3.17)
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It can be seen that the Hessian matrix is symmetric and iesm@tant is as follows

2(VPTPS)2(7871“)4
(Psvs + Py )2 (Peys + Py + PsPr’Ys’Yr)g‘

de( V2 f) = (3.18)

Since% > 0 and detV?f) > 0, the Hessian matrix is positive semi definife2p].

Therefore, we conclude that th&P(¢)) is a convex function with respect t;(¢) and
P.(t). As the constraints are linear functio®g' is a joint optimization problem 123.
Since P3 is convex, we obtain the optimd?;(¢) and P’(t) by analyzing the par-

tial derivative of f(P(t)) and considering the range constraift?. Denote R £

log (1 + VV(S)I;Y((f))fV“&fP(z)) Depending on the sign of,(¢) and X, (t), we have the fol-

lowing four cases.

3.4.1.1 CaselX,(t)>0and X,(t) >0

Taking partial derivative of (P(¢)) with respect taP;(t), i = s, r, we have

9f(P()) _ —AtX;(t) - V&Jii)’

aP1) 1=s,T. (3.19)

It is easy to verify thathR/dP;(t) > 0. SinceX;(t) > 0 andV > 0, we have
df(P(t))/0P;i(t) < 0. Thus, givenP.(t), f(P(t)) is a decreasing function a?,(¢), and

vise versa. Thereford)*(t) = P*(t) = Puax-

3.4.1.2 Case2X,(t) > 0and X,(t) <0

From the discussion in Case 1, wh&n(t) > 0, we haveP!(t) = Pupax. With PX(t) =
Poax in f(P(t)), we have

f([Pmaxa Pr(t)]) :XS(t)(EiSz(t) - Atpmax) + X?”(t) (E}C(t) - AtPr(t)) - VRr(t) (320)
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whereR,(t) £ log (1+ Do (£)7e (1) Pmex Pr 1) ) For X,(t) < 0, df(P(t))/0P,(t) in (3.19

'Y'r‘(t)Pr'(t)"F'Ys (t) max

is no longer monotonic itP,(¢). The root ofd f ([Puax, Pr(t)])/OP-(t) = 0, denoted by

P°(t), is derived as

Ns (t)Pmax
1+ 75(t) Prnax)

P2t = 5 (=2 +75(6) Paws) + ) (3.21)

whereC, £ \/ (5(£) Praas)? — 42525 (14 75 () Panae) @NAN, (1) £ 4 (8) /7 (£). With the

power constrain® < P,(t) < Pnax, the optimalP’(t) is

P (t) = max{min{ P’(t), Puax},0}. (3.22)

T

3.4.1.3 Case3X,(t) <0and X,(t) >0

Following the similar discussion in Case 2, we obtain théogaksolution as”*(t) = Pyax,

and
P> (t) = max{min{ P?(t), Pyax},0} (3.23)
where
PO = 5 e (2490 (8) P + ) (3.24)

with C, £ \/ (3 (1) Pavae)? = 4525055 (1 4 7, (£) Pana) @NCN, () £ 7,(8) /75(2)-

34.14 CasedX,(t)<0Oand X,.(t) <0

In this case, the objective function #fP(¢)) is not monotonic with respect to eith&(¢)

or P.(t). However, we show in Sectior3.4.1that f(P(¢)) is convex and problerR3 is
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a joint convex optimization problem with respect/®g(t) and P,.(t). The optimal solution
Px(t) and P*(t) can be numerically obtained by the standard convex opttinizaolver
like fmincon solver in MATLAB.

The optimal solution oP3 is summarized in Propositidh 1 below
Proposition 3.1 The optimal solution oP3' is given by

1. If Xs(¢t) > 0and X,.(t) > 0, thenP(t) = P(t) = Puax;

T

2. If Xs(t) > 0 and X,.(t) < 0, then P(t) = Pnax and Pi(t) =
max{min{ P°(t), Pmax}, 0}, WhereP?(t) is given by(3.21);

3. If X,(t) < 0and X,.(t) > 0, thenP(t) = max{min{ P2(t), Puax}, 0}, WhereP?(t)
is given by(3.24), and P*(t) = Puax;

4. If X4(t) < 0and X,(t) < 0, thenP:(t) and P(t) can numerically be obtained.

3.4.2 Online Power Control Algorithm

The optimal solution td®3 has some structural properties that will be useful in anatyz
its performance later. These characteristics are preséentbe following Lemma.

Lemma 3.2 Define(ax ; e ﬁ%,max fori = s, r. The optimal solution of proble3 has

the following properties:

(i) If Xs(¢t) > 0and X,.(t) > 0, then the optimal solution is always given By(t) =
P*(t) = Ppax-

T

(i) If X(¢t) > 0and X, (t) < —V (maxr then the optimal solution is always given by

P*(t) = Ppax and P*(t) = 0.

s

(i) If X (t) < —V(maxs and X,.(t) > 0, then the optimal solution is always given by
Pi(t) =0and P’ (t) = Puax-
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Proof: See Appendix3.8.2
Using properties of Lemma.2, we show below that the virtual queu&s(¢) and X, (¢)

are bounded.

Lemma 3.3 Under the proposed power solution, the virtual quetest) and X,.(¢) are

bounded for all’s as

Xlow7z’ < Xz(t) < Xup,i 1=85,T, (3-25)

WhereXlOW,i £ _VCmax,i - AthaX anqup,i £ Ec,max-

Proof: See Appendix.8.3
Remark 1 The optimal solutiorP;(¢) and P*(¢) of P3 depends on the values &f,(¢)
and X, (t). To help summarize the solution, based on ProposBié@and Lemmag.2and

3.3 we partition the values dfX(¢), X, (¢)) into six regions as follows

Ri = {(X.(1), X,(1)) : X,(t) € [0, Xups, X (t) € [0, Xup,r|}

Ro & {(X,(1), X, (1)) X(t) € [0, Xups], X0 (8) € [V Cmar 01}

R £ {(X,(1), X (1) Xo(t) € [~V Cmanss 0], X, (F) € [0, X}
Ra2{(X(1), X (1) Xo(t) € [0, Xups], Xo(8) € [~Xiow,rs =V o]}

Rs £ {(X:(1), Xo (1) Xu(t) € [~ Xiow,s =V Cmax,s), Xo(t) € [0, Xup,]}

Re = {(X:(1), X,(1)) : Xs(t) € [Xiow,s, 0], X (t) € [Xiow,r, 0]} (3.26)

Fig. 3.2shows the six regions fdX(t), X,.(t)). In each region, the optimal solution

of P3 is given with a unique form, shown as follows
(i) For (X(t), X.(t)) € Ri: PI(t) = Py (t) = Praxi

(i) For (Xs(t), X, (t)) € Ro: PX(t) = Puax, PF(t) in (3.22;
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Figure 3.2: Power control policy at virtual queues
(ii)) For (X,(t), X, (1)) € Ry: PX(t)in (323, P7(t) = P

(V) FOr (X,(t), X,(£) € Ra: P(t) = Pruas, P1(£) = 0;

T

(v) For(X,(t),X.(t)) € Rs: P*(t) =0, P*(t) = Puax;

(vi) For (X,(t), X,(t)) € Re: PX(t) and P*(t) can numerically be solved.

Note that inP3, we have removed the battery capacity constratl)( By the
bounded-ness ok ,(t) and X,.(¢) given in Lemma3.3, we can design parametesfs, A,
andV to ensure that the optimal power solutionR3 is feasible toP1. The results are

shown in the following proposition
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Proposition 3.2 Under the optimal solution of probleR3, if A;, i = s,r in (3.10 satis-

fies

Ai = Atpmax -+ Emin -+ VCmax,i; 1= s, T, (327)

andV € (0, Vinax] With

vmax = min{vmax,& Vmax,r} (328)

where

Emax - Emin - Ec,max - AthaX

Cmax,i

vmax,i = ) 1= S, T, (329)

then £} (t) and E; (t) satisfy the battery capacity constrair{&1), and the optimal power
solution(P*(t), P*(t)) of P3 in Proposition3.1is feasible td?1 for all ¢'s.

Proof: See Appendixd.8.4

Substituting the expression of; in (3.27) into (3.10 and from Propositior8.1, we
express the joint power control solutioR;(¢), P(t)) as a function of battery energy levels
and the channel fading condition. Define three energy dtaésholds for the batteries as

follows

Ej i £ AtPrax + Euin + Vmax, (3.30)

Eli,thQ = Athax + Emin + V(Cmax,i - Oy (t)) (331)

Yi(t)

Eg,th3 £ Atpmax + Emin + V(Cmax,i - A

) (3.32)
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Algorithm 3 Online Transmit Power Control Algorithm with EH
(Vz(t) S f}/i,maxa fori =S, ’I“)
SetV € (0, Vinax) With Vi, givenin 3.28).
At time slott:
1. ComputeE; ,,.(t) fori = s,r andj = 1,2, 3 by (3.30-(3.32.
2: ObtainP;(t) and P*(t) according to the following cases:
S1) IfE(t) > Ejw and By (t) > B} tho thenP(t) = P*(t) = Puax;
S2) I Ej(t) > Ejyy and By s < Ep(t) < Ejyy, thenP}(t) = Ppa and P (t) =
B,
S3) IfEj(t) > By and By (t) < Ef s, thenP; (t) = Pra and Pl (t) = 0;
S4) W Ej o < Ey(t) < Ejgy andEj(t) > Ly, thenP (i) = PX(t) = Prax;
S5) If Ejys < Ej(t) < Ejyp and Ef(t) > Epyy, thenPy(t) = P2(t) and P (t) =

S

Pmax-
S6) If B (t) < By g @and By (t) > B} 4,1, thenPy(t) = 0 and P} (t) = Puax;
S7) If Ej(t) < Ejyy and Ej(t) < Ejy,, thenP;(t) and P} (t) can numerically be
obtained.
3: Update £ (t + 1) and X;(¢t + 1) with P?(¢), for i = s,r, using 8.4) and @.10),
respectively.
4: Output source and replay transmit power solutidfs:t) and P*(t).

fori = s,r, where

1y () 7s(t)/ At
1 (£)? 4 7, (8)(2 + 79 (8) Pnax) + (1 + 72 () Prnax)”
a (t) A ( )’77"( )/At )
' 15(£)? + 0s(8)(2 4 75() Prax) + (1 + 75() Prnax)

Q
»
~~
<~
~—

lI>

The joint power control solutioP;(¢), P*(t)) in terms of E;(¢) and Ej (¢) is provided in

Algorithm 3, where we summarize our proposed joint power control gjyate

Remark 2 Note that for Cases S3 and S6 in Algoritt8nthe power solution is such
that the transmit power of either source or relay iswvhile that of the other node iB,, .
Both of these cases will result iR(¢) = 0. Thus, in practical design, to save energy

consumption, both powers should be sdi thbone of them i9), i.e., P;(t) = 0or P.(t) = 0
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Algorithm 4 Online Modified Transmit Power Algorithm with EH
(7i(t) < Yimax, fOri =s,r)
SetV € (0, Vinax) With Vi, given in 3.28).
At time slott:
1. ComputeE; ,,.(t) fori = s,r andj = 1,2, 3 by (3.30-(3.32;
2: ObtainP(t) andP’(t) according to S1)-S7) in Algorithi®, except S3) and S6) which
modify to S3) and S6) as follows

S3) If Ej(t) > Ej gy andEf(t) < Ef s, thenPy(t) = Px(t) = 0.
S6) If E;(t) < Ejys andEj(t) > Ej .\, thenPy(t) = Pr(t) = 0.

3: Update E;(t + 1) and X;(¢t + 1) with P?(¢t), for i = s,r, using @.4) and .10,
respectively.
4: Output source and replay transmit power solutiaRs(t) and P*(t).

replace withP;(t) = P.(t) = 0. Considering this condition, we modify the solutions of
S3 and S6 in Algorithn8 to be P*(t) = P*(t) = 0, as shown in the modified version
Algorithm 4, where we replaced S3 and S6 of Algoritlwith Cases S3and S6.

3.4.3 Algorithm for Fading with Unbounded Channel Gain

So far, we assume that the normalized channel gain is bounded< v; max,7 = s, 7.
For a more general fading scenario, the distributions ohnkbfading over two hopke.,
hs(t) andh,(t) have unbounded suppo#.§.,complex Gaussian distributions). Thus, the
normalized channel gaing(t) and~,.(¢) are unbounded. Our previous approach for online
power control decision cannot directly accommodate theountded channel gain. In the
following, we develop a modified algorithm from Algorith#hto provide source and relay
transmit power solutions when (t) > s max and/ory,.(t) > v, max-

DefineA; £ [0, Yimax] aNAAS = (Yimax, 00), i = s,7. When,(t) € AS,i = s,r, we
call an outage event occurs over that hop (in terms of theitondo execute Algorithm

4). The outage event for the relay network occurs when eitfi¢he two hops has an
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outage. The corresponding outage probability, denotefpby, is given by

po=P({7s(t) € A U{(t) € A7}) = Do,s + Por — Do,sPors (3.33)

wherep,; £ P(v;(t) € A¢) is the outage probability for each hop. The channels over two
hops are statistically independent, therefore the abouatam is simplified as shown in
the last part of equation. For Rayleigh fading channels asxample, assumk; being
complex Gaussian with zero mean and variamﬁg i = s,r. The outage probability for
each hop is”(7:(t) € Af) = exp(—7imax/0} ;), and the outage probability for the network
iS po = exXP(—Ys,max/0%.5) + EXP(—Vrmax/Ot,) — €XP(—Ys,max/Oh s — Vrumax/Of)-

Note that, wheny(t) € A, and~.(t) € A,, Algorithm 4 still provides a feasible power
solution toP1. However, when outage occutB;(t) or P*(t) in Algorithm 4 may not be
feasible. In other words, the battery capacity constr&r8 (may be violated. In this case,

we propose the following method to determiRgt) and P, (¢).

Define E,°(t) £ FEi(t) — AtPy(t) ,i = s,r, as the battery energy level (at the source
or relay) at the end of time slat before the energy is harvested into the battery. Define
Ep°(t) £ 1370 E)°(t) as the time-averageH,“ up to time slott. When~;(¢) € A,
if P}(t), j = s,r, in Proposition3.2 does not satisfy constrair.g), we set the transmit
power as

P/(t) = ,forj=s,r (3.34)

Ei(t) - Bt -1
At

where[a]* £ max{a,0}.

Remark 3 Note that, first,P?(¢) in (3.34) is clearly feasible t&1; second, whenever in
outage Algorithm4 produces an infeasible solution, our proposed method abdweecon-

trol the power such that at the end of the time slot, the reingianergy level (excluding
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Algorithm 5 Online Transmit Power Control Algorithm with EH (OTPC-EH),(t) < oo
fori =s,7)
Choosep, ;, and obtainy; yax Usingp,;, fori = s, r.
At time slott:

1: Observe the system statg).

2: Apply Algorithm 4 to produceP;(t) and P*(t). SetP?(t) = Px(t) and P°(t) =
Px(t).
if vs(t) € AS or~,(t) € AS then

for i = s,r do
if Pr(t) > (Ej(t) — Emin)/At then obtainP?(¢) in (3.34).

UpdateE;“(t) = Ej(t) — AtP?(t). '
UpdateE,“(t) = 1 [(t — 1) Ey°(t — 1) + E,°(1)].
Output source and replay transmit power solutiaR&(t) and P°(t).

O N O R®

the harvested energy) would be roughly maintained at itetésil average level. The rea-
son to do so is that in the case of bounded channel gains, line ahgorithm by Lyapunov
technique converges to and maintain a steady-state batergy level at the long-term.
When in outage, which happens only occasionally, we setr#msmit power such that the
battery energy level is maintained at its steady-stateawitbeing disturbed.

We summarize our online transmit power control with EH aildpon for the general

fading scenario in Algorithnd (OTPC-EH).

3.5 Performance Analysis

We first analyze the performance of our proposed algorittonthie bounded fading chan-

nels; then we study the performance for general unbounaagahannels.

3.5.1 Bounded Fading Channels

We first consider the case wheygt) € A;, vt andi = s, r, and analyze the performance of

Algorithm 4. Let R*(V, A,, A,) denote the achieved objective value of the long-term time-
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averaged expected rate B by Algorithm 4 under a chosen V value. Lét°P(A,, A,)
denote the maximum objective valuef under the optimal power control policy.

We show below the performance gap of Algoritdrto R°P(A,, A,.).

Theorem 3.1 Assumey;(t) € A;, Vt andi = s, r. Assume the system stafeé) being i.i.d
over time. The performance gap between Algorithend the optimal power control policy

of P1is upper-bounded as

ROP(A,A) — RV, Ay A) < (3.35)

<@

whereB is defined below3.14).

Proof: See Appendix3.8.5

From 3.35 we note that the bound on the performance gap of our propdiggdithm
4 to the optimal one decreases with Due to the battery capacity constraiit,has to
be chosen withir{0, V},.x]. Thus, to minimize the gap to the maximum performance, we
should choséd” = V... Furthermore, from3.28 and @.29, V.. increases with the
battery capacity. Thus, Algorithrhis asymptotically optimal foP1as the battery capacity
goes to infinity. Finally, the i.i.d. assumption §f(¢)}, {7.(t)}, {E:(t)} and{E.L(t)}
can be relaxed to accommodate the case where these proasssesdeled as finite state
Markov chains. By applying a multi-slot Lyapunov drift tegfue [b4], a similar bound

can be shown for our proposed power control algorithm.

3.5.2 Unbounded Fading Channels

As we mentioned earlier in Sectidh4.3 the outage event happens when at least one
channel gain locates in;(t) € .A¢ region. B.34 shows how to obtain the source and

relay transmission powers when the outage happens. In @hisye present the upper-
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bound on the performance of power control strategy in thegaree of an outage event. Let
ROPY( A, A¢) denote the maximum objective of probldé?i under the optimal solution and
R*(A¢, A°) denote the achieved rate of probléth using @.34), both in the presence of
outage.

In the following lemma, we propose an upper-bound on theoperdnce of Algorithn®d
in the outage event. For simplicity, without causing anyfasion, we drop the time nota-

tion and lety,;(¢) = ~; in the following

Lemma 3.4 Assume that the system stag is i.i.d. over time. Fory; € A¢, the perfor-

mance gap of Algorithrd and the optimal policy is upper-bounded as
ROPYAS, AD) — R(AS A7) < G (3.36)

where0 < G < ~o is a constant as a function of the channel gains distribufion) and

’}/i,max-

Proof: See Appendix3.8.6
For the general fading case, wheygt) < oo, let R°P denote the maximum objective
value ofP1. Let ?*(V,p,) denote the achieved objective by Algoritfinwhere the value
depends on both the control paraméteand the outage probability, in our algorithm.
Combining the results in Theore®l and LemméB.4, we have the performance bound in

our proposed (OTPC-EH) algorithm at Algoritiéras follows

Theorem 3.2 Assume the system stai{e) is i.i.d over time. For the fading channel with
any given fading distribution, given the outage probapili;, the performance under Al-
gorithm5 (OTPEH) is bounded fromk°"! by

. _ B
R — R*(V,p,) < (1 — Po)37 + PoG- (3.37)
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Proof: See Appendix3.8.7.

3.6 Simulation Results

We now evaluate the performance of our proposed algorithragwo-hop relay network.
For the batteries at both source and relay, the default maxiand minimum energy levels
are set tol,,., = 50J and E£,;, = 0, respectively. The maximum charging amount per
slot is set toE, ax = 0.3J, and the maximum transmission powerAs,, = 0.5 W. We
set the time slot duratioAt = 1 sec. We assume that the independent energy arfri\a)

for i = s,r follows a compound Poisson process with the arrival ratg; @$ unit/slot for
the source and relay. For each unit arrival, the amountat) is i.i.d. and uniformly
distributed betweefD, 2a;|, whereq; is the mean foi = s, r. The energy arrival for both
channels have a same statistical settiag, a; = 0.3J and\; = 0.5, fori = s, r.

We generate the channéls(t) andh,.(t) as i.i.d complex Gaussian random variable
with the normalized channel galf]~;(t)] = 10 dB; then set the outage probability over
each hop to be,; = 0.01 which results iny; .. ~ 16 dB. Finally, we setl/ = V,,. in
verifying the algorithms performance. We study our proplaagorithms under two fading

scenarios

(a) Bounded fadingy;(t) < 7;max: We assume the same channel setting as described
above. Ifv;(t) > 7imax, W€ Sety;(t) = vVimax- Under this scenario, we perform

Algorithm 4 to find source and relay transmit powers.

(b) Unbounded fading;(t) < oo: We apply Algorithm5 (OTPC-EH) to obtain source

and relay transmit powers.

To the best of our knowledge, the online methods in the liteearely on the statistical

information of energy arrival and random events. In orderdanfy the our methodology,
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the proposed algorithms are compared with three onlingigthgas in the literature. These
algorithms were proposed for different system models aettore, we modify them based
on our problem setting. In addition, in Chapt&rthe online power control policy for a
point-to-point channel is proposed that only relies on tineent energy arrival and fading
condition. As a benchmark, we extend the proposed Algorignim a two-hop network.

The four algorithms are described below

(c) Energy adaptive water-filling algorithm (EAWHN [33], EAWF is proposed for a
SISO network. This heuristic algorithm determines the potrensmission based
on the channel distribution and computes a cutoff faglat each time slot for the
channel. Then, by finding cutoff fade and given channel gagach time slot, the
transmit power is computed based on water-filling methoce B&ttery operational
constraint 8.5) is first imposed to EAWF scheme. Then the scheme is applied to
each hop to find the instantaneous cutoff fage for the corresponding hop. Note
that the channels are statistically independent. Thezetbe cutoff fadey, , is the

solution of the following equation

(11 o
/ (7_0 - ;) fOi)dys = Ey(t), i=s,r. (3.38)
Yi,0 2 7

Then, giveny;(t), the transmission power of each hop is determined as

, 1 177" P
Pz(t) = min { |:77,0 - T@)] 7Pmax7 (Eb(t) Emln)/At} (339)

(d) Greedy algorithmAt each time slot, the transmitter at each hop uses the marim

possible power based dtj (¢) to maximize the transmission rate at current time slot
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t,i.e.,

subjectto 0 < P;(t) < Ppax, @ =5,7

Ei(t+1) = Ei(t) — AtP(t) + Ey(t), i=s,m,

which givesP;(t) = min{(E}(t) — Ewmin)/At, Puax }-

(e) Power halving algorithmAt each time slot, the source and relay use half of the max-
imum possible powers given by the greedy algorithm in (d)thé&digh greedy and
power halving algorithms are both heuristic algorithmdikethe greedy algorithm,

power halving scheme works to conserve the harvested eiretiyg batteries.

(H Algorithm 2: In Chapter2, Algorithm 2 is presented for a point-to-point channel.
The proposed online power control policy only relies on therent energy arrival
and fading condition. We apply Algorithxfor the two-hop network. At each time

slot, the source and relay use AlgorittZto determine the transmission powers.

Algorithms (d) and (f) only depend on the current systemestathout requiring their
statistical information. Note that, when implementingaalthms (c)—(f), the complex
Gaussian channel is used as in (b) fading scenario. As weionent Section3.4.2 we
modify the power allocation solution of S3 and S6 of AlgomitB to S3 and S6in Algo-
rithm 4 to save energy consumption. In order to provide a consistanparison, we apply
this energy saving approach for all algorithms (c) to (f).tHé transmit power of either

transmitter or relay i8 while the other node i#,,.., we set both transmit powers @oi.e.,
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P,(t) = P.(t) = 0.

In Figs.3.3and 3.4, we plot the time-averaged expected rate vs. time slotswor t
different initial battery settings. Each time-averagete ia averaged over 50 Monte Carlo
runs. We set the initial state of batteriesHg.. /2 and £,,..x for Figs.3.3and 3.4, respec-
tively. The performance of Algorithm&and5 under fading scenarios (a) and (b) is almost
identical andl.5 times higher than that of Algorithr®. It can be seen that the transmis-
sion rate for the proposed algorithms are nearly doubledtbeg of the power halving and
EAWF algorithms and more than two times of greedy algoritfilme proposed algorithms
outperform significantly the EAWF algorithm while the latt;ne uses the fading statistics
to determine the transmission power. It is worth mentioniveg the proposed algorithms
benefit from the energy preservation and opportunisticstrassion based on the energy
levels of batteries and fading conditions.

Moreover, we study the effect of fading condition on the perfance of the proposed
algorithms. In Fig.3.5, we plot the normalized relay-destination channel gaie stiate of
relay battery level and the transmission power of rgkiyt) vs. time slott. We examine
the performance of Algorithrd under the bounded fading scenario (b). The middle subplot
shows the relay battery level along with the three threslesléls defined in3.30-(3.32.
We can see thaky ,,; varies by—-,(t). ThresholdE; ., is a constant value based on the
maximum transmission power, the minimum battery energglland weight parametéf.
Also, Ej,, does not fluctuate noticeably over time as it is a function-of (¢). The last
subplot illustrates the opportunistic behavior of powertedl strategy. In other words, the
proposed algorithms perform based on the channel conditenthe transmission power
is higher whenever the channel is stronger.

To study the effect of battery capacity on the performancinefproposed algorithms
(Algorithms 3 to 5), we plot the long-term average rate vs. battery capacifyign 3.6.

For the proposed algorithms (AlgorithrBgo 5), the long-term average rate significantly
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increases under smaller battery capacities. The long-#®Barage rate converges quickly
to the maximum value as the battery capacity increases. dimeaying behavior is due
to the influence of the maximum powe, .. and charging raté’, ... It can be seen that
the performance of the joint power control policy of the psed algorithms (Algorithms
3 to 5) are substantially higher than Algorithen Although Algorithm?2 uses the online
power control policy for the source and relay individualpgrforms significantly better
than EAWF, power halving and greedy algorithms. Note thatMEApower halving and
greedy algorithms do not depend on the battery size andgbegiormances do not change
with the size. As seen in the figure, AlgorithBrshows a similar performance as that of
Algorithm 4 and therefore, only Algorithmd and5 will be presented and discussed in this
section.

In Fig. 3.7, we plot the long-term average rate V5for V' € (0, Vi,..x]. We see the aver-
age rate improves ds increases under Algorithmwhich is consistent with Theoref2
that the gap to the optimal performance decreasds ereases. Also, the average rate
of Algorithm 2 increases a¥ grows, however the increase rate is much lower than Al-
gorithm5. On the other hand, since EAWF, power halving and greedyridhgos do not
change with//, their average rates remain flat.

Finally, we study the long-term average rate under diffeegrergy arrival parameters,
i.e.,arrival rate\; and mean arrival amount, in Fig. 3.8. For this plot, we set, = a, and
As = A.. It can be seen that the average rate is monotonically isgrgavith botha; and
A;- The plot demonstrates clearly that the proposed algosthatperform significantly
over power halving, EAWF and greedy algorithms within a widage of energy arrival
rate \; and mean arrival amoumt. As a; increases, we see that the improvement of the
average rate gradually reduces for all Algorith@s5, EAWF, power halving and greedy
algorithms. This is because, as the amount of energy amieedases, the maximum power

Pax and charging raté ... become limiting factors for the performance. As shown in
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Figure 3.3: Time-averaged expected rate vs. time withaihitattery ofZze

Figs 3.33.4, 3.6, 3.7, Algorithm 5 outperforms significantly over Algorithra. To avoid

confusion in Fig.3.8, we focus on three other alternative algorithms as bendksnar

3.7 Summary

In this chapter, we considered an online power controlegraof a two-hop network over
wireless fading channels. The transmitter and relay argpgd with energy harvesters
and batteries to scavenge the ambient energy. Aiming atmmzixig the long-term time-
averaged expected rate, we developed an online joint powdrat algorithm under the
battery storage and operation constraints. We derived &ic@u closed-form and numeri-
cal solution for the online power control strategy. The msgd scheme jointly determines
the transmission powers for both the transmitter and reldye method performs based
on the energy arrival of both transmitter and rely, battergrgy level of both transmit-

ter and relay and also fading condition of both hops. The @sed algorithms do not
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require the current information of random events includiagding condition and energy
arrival. We propose a scheme to tackle the difficulty of umiated fading channels that
cannot be directly handled by Lyapunov technique. We furdtmalytically bounded the
performance gap between our proposed algorithm and thealgblution. The numerical
results demonstrate the effectiveness of our proposedealgorithms as compared with

three other online approaches.
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3.8 Appendix

3.8.1 Proof of Lemma3.1

Proof: From 3.12), the quadratic Lyapunov function for slatsand¢ + 1 are as

follows
LOX(0), %.(1) = 5 (X2(0) + X2(0) (3.42)
and
LOXy(t+1), X, (t+1)) = %(Xf(t 1)+ X2t + 1)) (3.42)

From the dynamics ok (¢) in (3.11), we have

_X2t+1) - X2(t) n XP(t+1) — XZ()

L(Xs(t+ 1), X, (t+ 1)) — L(X,(t), X, (2))

2
- B MPOR | ()(E5(1) - AtP0)
LD = BROF L X, (0(E30) - At(0), (3.43)

From @3.5), we have) < E (t) < E.ax, fori = s, r. Along with constraint8.2) on P;(t)

fori = s,r, we have

(B (t) — AtPi(t))? < max{ Eemax, At Prax - (3.44)
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Taking expectation at both sides 843 conditioned onX,(¢) and X,.(¢) and considering

(3.44), we have the per-slot Lyapunov drift being upper bounded by

A (X (1), X, (t) < B+ Z Xi(t — AtP(H)|X,(t), X, (t)] (3.45)

where B 2 max{E, max, At P }2/2. Adding —VE [R(t)| X, (1), X,(t)] to both sides of

(3.45, we have the upper bound on the drift-plus-cost metric 48.1¥). [ |

3.8.2 Proof of Lemma3.2

Proof: Based on the solution of probleR8’, all optimal power solutions should
satisfy the power constraind ). For part (i), we show in Case 1 in Secti8nit.1.2that if
X,(t) > 0andX,.(t) > 0, thenP*(t) = P*(t) = Puax-

For part (ii), considering Case 2 of Secti®¥4.1.2 we can show thatX,(t) <
—V Cmaxr- Using @.21) and B.22), we see thaP}(t) = 0if P°(t) <0, i.e.,

UE (t)PmaX
2(1 + 5(t) Pyax)

(_(2 + ’}/s(t)Pmax) + Cr) <0. (346)
Smce% is not negative, we conclude that

_(2 + ’}/spmax) + Cr S 0. (347)

Substituting the expression 6f. into (3.47), we have

7V
stax 2 — 4 1 stax S 2 stax . 348
P~ 4250149, ) < (24 7P (3.48)

V'Yr

Rearranging equatior3(48, we haveX, (t) < . Therefore, the sufficient condition

for P¥(t) = 0is X,.(t) < —V(uax,- Using the result of Case 3 in Secti@m.1.2and
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applying the similar approach, we can show part (iii). [ |

3.8.3 Proof of Lemma3.3

Proof: From 3.5, we write the battery evolution of the source A%(t) <

min{ B — B (t — 1) + AtPs(t — 1), Ecmax }- Combining this with 8.11), we have

Xs(t+1) < X((t) — AtPy(t) + min{ Eyax — Xs(t — 1) — A, + AtP(t — 1), B¢ max }-
(3.49)

From the optimal solution o3, we know that if X (t) > 0, then P (t) = Pnax. Con-
sidering this property and maximum possible valuefift), the equation3.49 can be
written asX(t + 1) < X (t) — AtPuax + Eemax < Xs(t). Thus, X (t + 1) is decreas-

ing. If X,(t) < 0, we haveP;(t) € [0, Puax)- In this case, the maximum increase from
X;(t) to Xs(t + 1) is possible wherP!(t) = 0 and E} (t) = E.max. Therefore, we have
Xs(t+1) < Xo(t) + Eemax < Eemax, Vt. It follows that X,(¢) is upper bounded as

X,(t) € Eemax = Xups The similar approach is applied fof, (¢).

3.8.4 Proof of Proposition3.2

Proof: In order for P*(¢) to be a feasible solution 1, E;(¢) needs to meet the
battery capacity constrainB8(). Using X.,.(t) > X, and equation3.10, we have
Ej(t) — Ay > =V naxr — AtPpax. This meansd, < EJ(t) + V(uaxr + At Prax, VE.

It follows that

Ar - Emin + VCmax,r + AthaX (350)
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satisfies the lower bound constraint. Also, in order fji(¢) to be feasible, it requires
X, (t) = Ej(t) — A < Epax — Ay, Since X, (1) < Xypr = Eemax, the feasibility is

guaranteed if

Ec,max S Emax - Ar- (351)

Using A, from (3.50 and substituting into3.51), we have

Emax - Emin - Ec,max - Athax

Cmax,r

V< (3.52)

where the RHS 0f3.52) is defined ad/,,.x .. The similar approach is applied fof,. .

Finally, the maximum possible control weigVitis derived by choosing,,.., as

Vmax = min{Vmax,sa Vmax,r}~ (353)

3.8.5 Proof of Theorem3.1

Proof: We adopt a similar approach to Theorém to obtain the performance
bound. We first consider the stationary randomized powetrabpolicy {P%(t)} and
{PE(t)} for P2, where PE(t) for i = s,r only depends on the current system stte.
Then, we bound the expected values of the cost objectivehancnstraints for each time
slott. Using these bounds and the upper bound of drift-plus-cestiain (3.14), we derive
the bound in 8.35.

The following results can be obtained straightforwardlynirthe results ing4] and

Lemmaz2.5. For the system statdt) i.i.d. over time, there exists a stationary randomized
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power control solution?’(¢) for i = s, r that only depends on the current state) and

guarantees

EA[R"(t)] # R¥(A,, A,)
— R(A,, A,), (3.54)

EA[E,"(1)] = EA[AtP(1)], i=s,, (3.55)

wherePR(t), R (t) and £ " (t) for i = s, are the randomized power, instantaneous rate
and harvested energy under the stationary randomizedaul@ndE 4[] is taken with
respect to the random staté) for the bounded fadingd,e., E4[-] £ E[|v(t) € Ai,i =
s,r]. Also, RE(A,, A,) andR°(A,, A,) are the objectives d?2 achieved under stationary
randomized policy and the optimal solution, respectively.

Our proposed algorithm is a solution of per slot optimizagwoblemP3. The per slot
optimization minimizes the upper bound of drift-plus-coetric in 3.14) over all possible
power control solutions, including the optimal stationempdomized solutiorP?(t) for
1=8,T.

Plugging P2(t) for i = s,r into the right hand side 0f3(14 and using 8.54) and
(3.595, we have

A<Xs<t)7 Xr<t)) - VEA[RS(t>|Xs<t)7 Xr<t)]
< B+ X (OEA[E(8) — AtPF () X, (t), X, (#)]
+ X (OEA[EL () = AtPR (1) X (1), X, (8)] = VEA[R(£)| X, (), X, (1)]

=B+ Y X(OEA[E;"(t) — AtPMF(t)] — VEAIRR(t)]

— B-VRU(A,A,)

< B — VR(A,, A,) (3.56)
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where the first equality is due to dependencyif(t) ons(t). The second equality is
derived by 8.54) and 3.55. The last inequality is sincB2 is a relaxed version oP1.
Therefore, we hav&®PY(A,, A,) < R°(A,, A,.).

ReplacingA(X,(t), X,(t)) in (3.13, taking expectations of both sides iB.%6) over

X;(t) for i = s,r, and summing overfrom0to 7" — 1, we have

T-1

VY EalR(t)]

t=0

> TVRP(Ay, A) = TB+ Y (EA[L(X:(T)] — Ea[L(X;(0))])

i=s,r

> TVRP(A,, A,) = TB = Y EA[L(X;(0))] (3.57)

i=s,r

where the last inequality is due 1d X;(7")) for i = s, r being non-negative by definition.
Dividing both sides by/T" and taking limits ovefl’, and noting that.(.X;(0)) is bounded,

we have

RV AL A) > BP(ALA) T (3.58)

whereR*(V, Ay, A,) = limg o0 = 30 EA[R3(1)]. m

3.8.6 Proof of Lemma3.4

Proof: To find an upper bound, we know that in each time slot, an optrata

R°PY(t) is less or equal to the maximum achievable rate whidR,js, (¢):

RPY(t) <log (1 + SNR™) £ Ry . (1) (3.59)
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where SNRE'™* is obtained by 3.6) using P;(t) = P,(t) = Punax. Therefore, 8.59 can be

written as
ROP(t) — R(t) < Runax(t) — R(t) (3.60)

whereR(t) is the instantaneous rate under random evgij € A¢, fori = s,r. RHS of

7!

(3.60 can be written as

Rume — R(t) = log (iig—:\\:g@) (3.61)

where SNR(¢) is derived by replacing3(34) in (3.6). Taking expectation of both sides of

(3.60 over~;(t) and considering3.61), (3.60 can be written as

E 4 [RP(t)] — Eac[R(t)] < Ege [log Gig—:\\:g;ﬂ (3.62)

whereE 4. is taken with respect to the outage everg,, E4.[-] £ E[| (7,(t) € A°) U
(7:(t) € AS)]. Summing both sides 08(62) overT’, and letl” — oo, (3.62) is written as

follows
. 1 DO c c
lim — > Ea[R(t)] = RP(AZ A - G (3.63)

where LHS of 8.63 is defined byR*(A¢, A°) andG is the maximum bound of(t) as

follows

g(t) £ Ex [log <i:—%)} <G (3.64)

whereG £ E 4. [log (1 + SNR}**)]. The upper-bound is finite,i.e., G < cc. u
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3.8.7 Proof of Theorem3.2

Proof: The achieved long-term time-averaged expected rate underihm5 can

be written as
RE(V,po) = (1 — po)R*(V, As, A,) + po RS (AS, A°) (3.65)

where R*(V,p,) = limr o = 31 E[R(t)]. Also, the optimal solution oP1 can be

written as
RO = (1= po) R™(A,, A,) + po RPHAC, A2). (3.66)
By subtracting 8.65 from (3.66), we can write

Ropt — RS(V7 po) = (1 - po) (Ropt(Am AT) - RS(‘/? ‘AS? AT))

+po (ROPY(AS, AS) — RP(AS, AS)) . (3.67)

Combining the results of Theore&land LemméaB.4, the performance gap of Algorithm

5 to the optimal solution foP1in (3.37) can be obtained. [ |



Chapter 4

Conclusions and Future Work

4.1 Conclusions

This dissertation focused on designing an online powerrobpoblicy and storage manage-
ment using the EH technology in wireless fading networkstoglsastic (time-dependent)
optimization was considered to maximize the long-termayermate of a wireless network
addressing the stochastic nature of the ambient energraband fading conditions.

In Chapter2, a point-to-point fading channel was considered in whiehtthnsmitter is
equipped with the energy harvester and storage device. lmegoower control algorithm
was proposed to maximize the long-term time-averaged radenthe battery operational
constraints. A stochastic optimization problem was defiee the power control policy. A
technique was proposed to transform the problem into a ftaton where the Lyapunov
optimization can be applied. However, Lyapunov optim@atcan not directly be em-
ployed for the unbounded channel fading, therefore, ancaubr was developed that uses
the historical average power to tackle this challenge. kénihost existing online power
control algorithms, our proposed algorithm only dependthercurrent energy arrival and

channel fade condition, without requiring their statigtiknowledge. The proposed on-
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line power control scheme is closed-form and simple to im@et. It was shown that our

power control solution not only provides energy conseoratontrol of the battery, but

also results in an opportunistic transmission style basethding condition, resembling

a "water-filling” like solution. The proposed algorithm mides a bounded performance
gap to the optimal solution. We also presented that ourisolig applicable to the general
multi-antenna beamforming scenarios. Simulation stushesved that our proposed online
power control algorithm significantly outperforms otheteahative online algorithms.

In Chapter3, an amplify-and-forward two-hop relay network was consedewhere
both transmitter and relay are equipped with energy hagvestnd batteries. An online
joint power control strategy was developed to maximize tmgiterm time-averaged rate
for the two-hop relay network. The proposed scheme joingliednines the transmission
power for both the transmitter and relay. A combined clokedt and numerical solution
was derived for power control policy based on the energyalrof both transmitter and
rely, battery energy level of both transmitter and relay ats fading condition of both
hops. The proposed algorithms do not require the currentnmdtion of random events
including fading condition and energy arrival. We analgtig derived the bounded per-
formance gap between our proposed algorithm and the opsatation. The numerical
results showed that our online joint power control algaenghperforms significantly better

than three online approaches in the literature.

4.2 Future Work

Energy harvesting for the wireless transmission is a primgisolution and there are many
open problems for leveraging this technology in the wirelestwork. Some recommenda-

tions are provided in the following.

e The proposed methodology developed in this research caulpplied to different



CHAPTER 4. CONCLUSIONS ANDFUTURE WORK 108

wireless networks including broadcast, multiple accessd, r@lay cooperative net-

works. For instance,

— The proposed method can be further investigated for thedd#eaad forward
(DF) relaying to provide a comprehensive comparison for layréwo-hop

model;
— The relay network can be extended to multi-antenna beannfigratenarios;

— The proposed methodology for a two-hop network can be ertbtmlconsider

the direct link between a transmitter and receiver.

e The random packet (data) arrival can be considered aloriy tiwé energy arrival
for EH system. Considering the finite data buffers introduaenew challenge to
the existing work. Online scheduling could be consideretglwith the proposed

power control policy for wireless transmission with EH.

¢ In this thesis, the maximization of the long-term rate (iéitime horizon) of wire-
less transmission equipped with EH was investigated. Thengation problem can

be extended over a finite time period (finite time horizon).

¢ Inthis thesis, an ideal charging and discharging for theebatnodel was considered
for simplicity and without loss of generality. However, shnethodology could be

applied along with leakage parameters of the battery.
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