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Abstract

In modern cyber-physical systems (CPS), new dimensioneefibm are enabled to energy
ef cient solutions. We rst focus on the energy delivery sigvithin the smart grid paradigm for
smart, ef cient and reliable energy delivery. We then explthe demand side with “green” wire-
less networks for multimedia streaming, in response totastit increasing demand in multimedia
service in wireless networks.

In this dissertation, we rst study energy management sgstén smart grid. We design
power scheduling policies for smoothing power pro le in pawdistribution networks. The pro-
posed power scheduling policies allow the operator to degémerators, transformers and power
transmission lines with smaller capacity in the grid, theducing the capital investment. In addi-
tion, the power consumption can be reduced during peak handsthe average energy generation
cost will also be minimized. We also propose a smart eleetngrgy management system in mi-
crogrids (MGs). With the proposed algorithm, the MG achsethee fundamental requirements in
smart grid with distributed renewable energy integratemergy storage systems management and
residential power quality management, while keeping thepatibility to the legacy grid.

We then propose downlink power control frameworks for stre@ multiple variable bit rate
(VBR) videos in wireless cellular networks. We develop bothtcaized and low-complexity dis-
tributed algorithms, which optimally schedule the trarssion power for the BS's, such that VBR
videos can be delivered to mobile users without causingopialguffer under ow or over ow un-
der wireless channel uncertainty. The proposed solutiohgae the quality of experience (QoE)
requirements of users, as well as keeping the systems “green

In this dissertation, we adopt a control and optimizatioprapch for energy ef cient design
in CPS.The synergy of the advanced control and optimizatiethads in engineering systems

provides new visions for practical solutions to bring a gremrld in the future.
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Chapter 1

Introduction

1.1 Enabling Energy Ef cient Cyber-Physical Systems

Innovations in energy supply, delivery and consumption liygical systems are the most
effective ways to ght against global warming and enviromta degradation. The synergy of
communication, networking, control, computation ingihce and physical components greatly
extends the autonomy, ef ciency, exibility, reliabilitpnd adaptability of physical systems. Such
an enhanced system as illustrated in Fig. 1.1 is ternmdbar-physical syste(€CPS). The emerg-
ing CPS will signi cantly enhance the capabilities of phyaiengineered systems and change
how people interoperates with the physical world througtt-tiene embedded systems by sensing,
computation, optimization and control over communicati@tworks, which makes the engineer-
ing systems reliable, secure, ef cient and smart. Examplelkide smart electricity grid, smart
building, smart manufacturing, and smart transportatin The next generation of CPS brings
new dimension of freedom to the energy ef cient solutiontte practical physical systems.

In this dissertation, we investigate energy ef cient desitd smart gridandinformation and
communications technolodyCT) infrastructures. Electric power system is generallriti ed as
the largest greenhouse gas emission source created by Haeimys. Under traditional electricity
grid structure, only1=3 of fuel energy, mainly from fossils, is converted to elagtyi and almost
8% is then further lost during the transmission on the poweardmngission lines. In addition, to
manage the peak demand, ab20% of generation capacity is reserved. Those reserved cgpacit
is only used irb%of the time [3]. Thus, an ef cient, reliable, exible and ewomic electricity de-
livery system is needed for the new era. The next generatfielectricity delivery network, called
smart grid [4—6], is an evolution of the 20th centuary triadial grid, which is expected to solve

the major inef ciency of the traditional electricity gridA smart grid with two-way ow of both

1



Figure 1.1: Cyber-physical system - Integration of commaitiar, control and computation [1].

electricity and information provides full visibility andugomatic control over the components and
services in power networks. The ubiquitous sensing, mangand automatic control enable the
ability for responding to a wide range of conditions and ésgwhich allows the integration of the
computational intelligence into the system to ef cientihedule power generation, transmission,
distribution and usage. The smart grid can also faciliagg#mertration of renewable energy, such
as photovoltaics, wind, geothermal, and biofuels, which gvieatly reduce resource depletion,
increase sustainablity, lower greenhouse gas emissiahiednce air pollution.

Besides the enhancement of electricity delivery netwotks giqually important to implement
energy ef cient design at the demand side. Since the etagtisupply continuously matches the
demand under the current operation strategy of traditigrid| the emissions of power plants in-
crease as the demand increases. However, it is not envirdrinendly to proportionally boost the
electricity supply along with demand, especially when westder that the nation wide electricity
demand is estimated to increase4idfoby 2030 [7]. To alleviate the total energy consumption,
there is a great need for energy ef cient infrastructuresjces and consumption patterns. One of
the fastest energy consumption growth comes from today'sit@@structure, which may be re-
sponsible for more thah0%of the total electrical power consumption [8], due to theteadously

wide spread of the Internet and mobile communication nektgioAccording to a recent study by



Cisco, mobile data traf ¢ will be expected to grow 63 Exabytes per month by 201526 fold
increase over 2010 [9]. In addition, mobile video will gestermuch of the mobile traf c growth
through 2015. Of thé:3 Exabytes per month wireless data crossing the mobile nktiypP015,
4:2 Exabytes will be related to video.

Furthermore, it is reported that the energy consumed byused-equipment only contributes
around7% of the entire consumption, while the remaini®8%is consumed by mobile network
components [10], of which more th&0%is used by thdase statior{BS) equipment [11]. There-
fore, considerable savings on electrical bills could beieadd for wireless operators when the
power of BS's is minimized for video streaming. The reduceztelcity consumption will also
bring about important improvement in the overall carbontpoot of the wireless industry and
achieve the goal of “green” communications.

In this dissertation, we examine energy ef cient design irSfGRm two sides: energy deliv-
ery networks and energy demand using multimedia wirelessanks as an example. We inves-
tigate the problems with a control and optimization theorapproach, which involves Lyapunov
optimization [12], majorization [13], nonlinear and corwptimization [14]. The synergy of these
advanced mathematical tools brings about new visions ferggnef cient solutions to practical

engineering systems with performance bounds to bring angrmeeld in the future.

1.2 Smart Grid

1.2.1 Traditional Electricity Grid

The electric power delivery system, i.e. electricity giés named as the greatest engineering
achievement of the 20th century [15]. Generally, the elgtrgrid consists of three parts: power
generation plants, power transmission networks, and paolstribution networks, as shown in
Fig. 1.2. The traditional grid is strictly a hierarchicalsggm, in which the power plant is at the
upstream to provide electric power to the user load at thendowam. The electric power is
generated at central power plants normally driven by comitilesengines that are mostly fueled

by coal and gas. Due to economic and environmental considiesathe plants are usually located

3
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Figure 1.2: Traditional electricity grid with unidirectial power and information ow.

far away from users, and they are connected to users by trssismand distribution networks.
The generated electric power is stepped up to a higher w(tad 10kV) by step up transformers
to overcome the power transmission loss over a long distanbe transmission networks route
the power to the substations, in which the voltage is stegmeeh from the transmission level
to medium-voltage distribution levek( 33 kV). After the voltage regulation by the substations,
the power ow is then forwarded into the distribution netwsr Finally, when the power ow
arrives at a service location, the voltage is further stdppmwvn to the service level required by
end users, which is generalh20V, 240V, or 480V. It can be noticed that the electricity and
information in this type of grid ows in a unidirectional fagn. The generated power strictly
ows from the plant to the end users, while the informationtta# downstream is collected by
the upstream components. For example, a distribution alocegnter can acquire load information
from end users, but the users generally have no idea abostahes of the power generation and
transmission.

The electricity grid must be operated to achieve real-tirakatce between generation and
load. Otherwise, the grid frequency will drift up or downrndhe nominal value (typically 50Hz
or 60 Hz). Today, the overall daily load pro le in a given see area can be predicted well,

and the day-ahead generating schedule can be developebdrage prediction. Thus, electricity



generation adopts a “load following” strategy. Due to tihatation of unidirectional ow structure,
loads are not generally controlled directly, except fordase when there is insuf cient generation
available on peak time, and then the “load shifting” operais executed to encourage users to
shift load from on-peak to off-peak periods.

Increasing environmental concerns urge the high penetrafi green and renewable energy
resources, such as solar, wind, geothermal, tidal, andéte. load-following strategy with the
unidirectional electricity and information ows becomeslavard to meet the penetration of the
new renewable resources into the grid. The electricity gerd from renewable resources, such
as wind and solar, is generally random, due to complex uidna of weather condition. Thus, it
is hard to accurately predict the generation even in a slesibg. In addition, renewable energy
sites are largely geographically distributed, due to tlstrithution of the renewable resources, the
unidirectional electricity and information ow cannot prde the needed services and fast response
to ensure that power generation matches load in real timghwihay fail the load following
strategy. To embrace the green electri cation age, autedyadistributed and advanced energy
delivery networks should be promoted, which are enhancebéwo-way ow of electricity and

information empowered by digital computation, communaaand control technologies.

1.2.2 Smart Grid Evolution

Smart grid is a 21st century evolution of electricity detiwsystems. Smart grid enhances the
traditional power grid through communication, computatiand control technologies throughout
the processes of electricity generation, transmissichdastiribution. A key feature of smart grid is
the two-way ow of electricity and realtime information tmgh communication networks, which
offers many bene ts and exibilities to both electricity nsumers and providers. The US 2009
Recovery Act indicates that a smart grid will replace theitrawlal power grid system to improve
energy ef ciency and advance the liberalization of energiNorth America [16].

The smart grid is illustrated in Fig. 1.3. In contrast to thedttional power grid, the power

generation and power ow patterns in the smart grid exhibitren exibility. The initial concept



Figure 1.3: Smart grid with plug-and-play interfaces and-tmay ow of power and information.

of smart grid begins with the introduction atitomated meter infrastructuit@MI) systems in
distribution networks. AMI enables the utilities to monitine demand status of end users and
impose certain control on the consumption and costs [3,}4, Edture evolution with the inte-
gration of various new power electronics and informatiachteques provides real time sensing,
monitoring and control for every corner of the power delvsystem. For example, in power de-
livery networks phasor measurement ufRMU) are being deployed to synchronized measure the
real-time phasor data at multiple points in the grid [183lid state transformeg(SST) can respond
to signals from a facility or a household to change the vatagd other electric characteristics in
the system [19]. On the user side, local renewable resogereeration and storage systems, smart
meters and smart facilities empower the pervasive sensiogjtoring and control of the power
ow and power usage in response to the utility supply and regpkice uctuations.

One of the most important bene t from smart grid is that the@iway ow of electricity
and information facilitates the deployment and managerottite distributed renewable energy
resource(DRER), such as wind farms and solar photovoltaic cells. Wntike load following

strategy, in which the supply continuously matches the alythe real time information exchange



among DRERSs, central power plants and end users provides aagtwatch the demand to the
available supply by regulating the power generation, a$ agetontrolling the load service level
of the users.

The deployment of the DRERSs fundamentally alters the operafipower generation, which
is conventionally controlled centrally. Furthermore, thereasing popularity oplug-in hybrid
electric vehiclegPHEVS) serves as distributed energy storage system faterggl users by
vehicle-to gird(V2G) technology [20]. To cope with distributed generati@nconcept ofvir-
tual power plant(VPP) is introduced [21], which clusters numerous DRERs withtal capacity
comparable to a traditional power plant. The group of DRERsdsaged by a central controller
and appears like a virtual central power plant to the gridP\ffPovides a promising paradigm to
replace a conventional power plant by a cluster of local DRERsmwore exibility and ef ciency.

It can be seen from Fig. 1.3 that the smart grid is organizedthe Internet, which may be
called the “Energy Internet” [22], in contrast to the stidtierarchical structure of the traditional
grid in Fig 1.2. All the components in the power delivery gyss, including generation, transmis-
sion,distribution and consumption can be deployed and geththrough plug-and-play interfaces.
By the full duplex of electricity and information ows, conugyation of the devices in the system
may be customized to respond the grid status in real time.ekample, energy storage systems
may cooperate with DRERSs to balance the supply and demanddaagado the power generation
conditions. On the other hand, users may customize theiaddtor low cost energy consumption
by responding to the realtime market price. The concept @rg@ninternet envisions the highly
exible smart grid framework to facilitate a green and sirséidle energy-based society, mitigating

the growing energy crisis, and reducing the impact of greasl gas emissions.

1.2.3 Microgrid

The existing traditional electricity grid has often beetedias the most complex engineering
system ever built. Thus to fundamentally overhaul the mgsinfrastructure is either unimple-

mentable or economically inef cient. The transition to temart grid would favor the strategy



Figure 1.4: Microgrid: Localized cluster of DRERs, ESS'spimhation networks and residents.

based on the reuse and upgrade from the existing grid by @ddjpabilities and functionalities in
a sustainable growth fashion. In a long period, the smadt wwuld coexist with the traditional
grid, and also provide certain backward compatibility vitike legacy systems.

With the concept of plug-and-play interface in the smartdga new grid paradigm called
microgrid (MG) is regarded as a promising component for future smadtdgployment. Micro-
grids are interconnected networks that provide a localctester of renewable energy generation,
storage, distribution for local demand, to achieve reéadod effective energy supply with small
scale implementation of smart grid functionalities [4,.23 typical MG is shown in Fig. 1.4,
which includes DRERsnergy storage syster(isSS's), wired/wireless networks for information
delivery, anMG central controller(MGCC), and local users. An MG is centrally controlled and
managed by the MGCC [23], which may exchange information #ighlocal users via two-way
information networks, such as a wireless network goaer line communicatio(PLC) system.
There is a single common coupling point with the macrogrid.ewHisconnected, the MG works
in anislanded modgin which DRERs and ESS's continuously provide electricitysatisfy the
local demands. When connected to the macrogrid, the MG mayest@xtra electricity from the
macrogrid or sell the excess energy back to the market [3].

The MGs are designed with the fundamental elements of smidrtggich as the integration
of DRERSs, intelligence core, two-way electricity and infotroa ow, self-healing, and demand

side management. This simpli ed design of the integratibiB®ERs and the ability to isolate



Figure 1.5: Energy management systems enhanced by snthpagadigm.

the MG from the macrogrid in disturbance will yield highlfliedle electricity supply. The island
operation mode has the potential to provide a higher lod@iéty and ef ciency than that pro-
vided by the general macrogrid. In addition, the MG workdwtiite plug-and-play interface to the
macrogrid, which minimizes the regulation effort of DRERshe tooperative power scheduling

and management with the macrogrid and enables sustainadblgien to the emerging smart grid.

1.2.4 Smart Energy Management Systems

The two-way ow of electricity and information infrastruate enables various innovative
functions and management principles in practicing dynamniergy management systems, which
signi cantly alter the nature of future power system opiEnatand consumer behavior. It involves
the incorporation of smart energy management based on eelyarontrol and communications
capabilities, computational intelligence, and smart desithat make the electricity gird “smart”,
as shown in Fig. 1.5. The real time information ow from thedyrsuch as active/reactive power,
voltage, phase, user demand, as well as energy price on thetnharings great exibility in
designing the new smart energy management system. Witht emangy management systems,
the grid achieves energy savings, operation cost redyatemand and supply balance, emission
control, peak load reduction and elimination of many inhéneef ciencies that may be caused by

the conventional “load-following” strategy.



Among various designs of smart energy managenuarhand responsg®R) serves an im-
portant function in smart grid. Demand response is the nmashres to manage the demand from
user side in response to the supply condition. Unlike thadiollowing” strategy, which con-
tinuously matches the supply to the demand, demand respoaées the “generation-following”
strategy to match the demand to the available supply by aliinty the service level, thus achieving
better overall capacity utilization [24]. Currently, thesearch in demand response mainly focuses
on two branches: direct load control and real time pricing.

Direct load control takes advantage of the scheduling #iybof certain loads, which may
be scheduled on and off remotely without degrading thefaatisn of end users. It is estimated
that up to33% residential loads, such as dishwasher, washer/dryer, Bit/Reharging, could
be rescheduled at some level without major impact on usdis [2nlike the traditional energy
management, the smart demand response mechanism hasdbéityaip aggregate and precisely
control the service level of individual load according te trid status. The application of direct
load control not only sheds load during peak demand houtsalba intends to actively promote
new types of grid services that could reshape a demand pimdenicely smoothed demand pro le.

Real time pricing is another important method that encowgdige users to reshape their elec-
tricity consumption pattern by various price strategielse Ttilities change energy price based on
the uctuation in the cost of generation, the aggregated ld@amand, and other realtime states of
the grid, thus providing immediate nancial incentives teetusers to regulate the demand side
applications and perform load shifting. The pricing stggt@intly optimizes the cost of genera-
tion, user electricity payment and user electricity uéitinn, which increases economic and energy
ef ciency and delivers the fair prices to both the utilitiasd users.

In smart grid, both approaches rely on the information ergleabetween energy providers
and consumers. The control center monitors the real timesstd the power networks, as well as
transmits control commands to the users by various comratiaicoptions, including PLGyide
area networkgWAN) andlocal area networkgLAN). Smart meters provide the interface between

LAN and home area network@HAN), and serve as the gateway for security authenticedionh
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command interpretation to ensure the command issued frertrakted controller. Smart meters
may plan the service level of each smart load/facility, agrbdsout the control commands with the
service level of individual load through HAN. After the srhlrad obtains the command, it adjusts
its service level according to the new requirement. Thegsscesorts to the support of information
transmission protocols, security authentication, engigy intelligent core in smart meter, and

remote control for smart facilities, which are still undewvdlopment and standardization.

1.3 Energy Ef cient Multimedia Networks

1.3.1 Multimedia Networks Architecture

A typical wireless video system is illustrated in Fig. 1.6hieh generally consists of the
video encoder decoder, the wireless/wireline networks, and mobile raagiplayout devices. To
achieve QoE guaranteed and/or energy ef cient wirelesgimeatlia systems, various schemes
have been developed, each of which focuses on one (or sevenaponent(s) of the system .

Video contents provided by commercial video providers diiiduals are encoded into com-
pressed frames with different codecs. The picture codirsicbare detailed reviewed in [25, 26].
The algorithms in the codecs play large role in the qualitthefvideo, which is directly related to
the QoE. Typical encoder and decoder block diagrams amgréited in Fig. 1.7 and Fig. 1.8, re-
spectively. These frameworks have been adopted in many widéing standards, such as H.264,
and MPEG-4, which consist of motion estimation and comp@msadiscrete cosine transform
(DCT), quantization, entropy coding, inverse quantizgtaomdinverse DCT(IDCT).

After source coding, the encoded frames are then packeligyagtie network transmission
protocols. The video packets are streamed toward the déstinthrough wired arrbr wireless
networks. When frames arrive at the destination, the codeocd#s the received frames. Since
the video packets could be corrupted or lost during trangoms error control and concealment
techniques at the codec may be applied to mitigate the imgfacansmission errors. Then the
reconstructed video frames are played out on screens attee/ing device. Multimedia-aware

network protocols design has gained consideration forimatlia application support [27-33].

11



e — — == —

/ Video Content Transmitter

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

» > pDCT —» Quantilization » ENtopy —»Btit
- H | Transform l "l Coder stream
1 out
Inverse
Quantilization
IDCT
Transmform

B

Motion
Compensation

1

Motion
Esitmation
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Figure 1.8: Block diagram of a typical video decoder.

During the video streaming process, energy is largely cmesuby video codec encoding,
network transmissions, receiver decoding, error mitaygtand playout. The energy consumption

incurred at the encoder and decoder are mainly due to thegsg of video data at the end
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nodes, while encoding is usually more computation and gnierignsive than decoding. The
codec computation and network transmission use up thesiapget of the overall energy, and are
also critical components for the achievable QoE of videwiser[34]. It is important to address
the “green” communication problem in video streaming bylesipg the energy savings in both

video codec and video transmission.

1.3.2 Energy Ef ciency in Video Coding

In the past decades, the advances of wireless communisatimh networking technologies
are much signi cant than that of the battery technology. @opuently, how to prolong the battery
life of mobile devices becomes one of the major environmemd economical concerns. We focus
on power ef cient codec design in this section and will exglthe energy ef cient transmission
in the next section.

As the increasing demand of high quality video, high comgimesef ciency codecs are de-
signed to enable higher resolution, which signi cantlyreases the complexity of encoding algo-
rithms. Moreover, the stringent delay requirements of @idervice usually keep the video device
processor constantly busy for managing the high computasisks. The processor may consume
as much a2=3 of the total power of a mobile device [35]. Thus it is impoittém balance video
guality and the computational complexity to achieve poaware video coding.

Typical encoder and decoder block diagrams are illustretédg. 1.7 and Fig. 1.8, respec-
tively. Such approaches have been adopted in many videmgadandards, such as H.264,
and MPEG-4. The framework consists of motion estimation emahpensation, DCT, quanti-
zation, entropy coding, inverse quantization, and IDCT. gkding to recent research [36], mo-
tion estimation/compensation constitutes more th@% of the CPU workload, DCT/IDCT and
guantization/inverse-quantization makes up dé%o of the CPU workload, and the entropy en-
coder, whose computational complexity largely dependfiercdding bit rate, composes less than
10%of the CPU workload. Thus, it is important to explore the egeficiency of these compo-

nents that consume the most part of the processing powerid¢a eodec.
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There are many power-aware codec designs to balance ponssroption and video quality.
The main idea behind these techniques is that the diverselegity of the video content may
require different levels of compression. To achieve a gextiaeo quality, slow motion and simple
scenes require much less computation than high motionsspod movie streams. Thus it is theo-
retically feasible to obtain the optimal power ef ciency dynamically adjusting the computation
complexity of the codec components for different videaanfesmacro block§MBs) and blocks,
while keeping the video quality relatively constant at a&erlevel.

In [37], the authors present a con gurable coding schemag¢hvhdjusts the codec control
parameters to achieve an optimal operation point on contpidistortion curves based on ex-
haustive search and the Lagrangian multiplier method. 8}, [8 power-aware motion estimation
algorithm is presented, which is adaptive to the batterysthy a content-based subsample algo-
rithm. When the battery is in the full capacity, all the pragiag elements in the motion estimation
function are turned on to provide the best quality. On thesottand, when the battery capacity
is decreased, some processing elements are disabled it ¢kt battery life with little quality
degradation. In [39], the authors extend the functions of DBTT in a framework to decrease
the power consumption by skipping the low energy MBs in DCT ahdexo coef cients input
data in IDCT. The combined method reduces, on avei@f#of power dissipation.

Another class of power-aware video codec design aims tordigadly adjust the voltage and
frequency of the CPU for energy conservation. Varidysamic voltage scalin(PpVS) algorithms
are provided to determine the minimum energy consumptiompfocessing video tasks under
stringent delay requirements. With a DVS enabled proceskervoltage level and associated
clock frequency are adapted to the time-varying video msicg workload to save energy. The
trade-off between reducing voltage level/clock frequeany increasing processing time is the
core in the DVS-based design.

In [40], the authors derive the optimal voltage schedulinthvinear programming. The
algorithm calculates the optimal scheduling of ine withdmledge of the precise complexity and

arrival time of each decoding job, which may not be easy taigiegn real time. A heuristic
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algorithm is then introduced by predicting the stochastimplexity of the workloads. In [41],
a DVS algorithm is presented that adjusts both the clockueaqy and the voltage level of the
CPU to achieve energy ef ciency for video content processinbile maintaining the QoS of
the video. A comprehensive statistical analysis of the CPUkload is presented in [42] for
multimedia applications. The statistical results showt thare is large room for DVS to reduce
energy consumption for multimedia streaming and the psmresorkload can also be accurately
predicted with a moderate effort. The DVS system is baseth@wcantrol theoretic framework. A
PID-based DVS controller is developed to achieve a penailtyrollable energy reduction, which
can be incorporated into an online algorithm.

In summary, the power-aware codec design focuses on thiendmstween video quality and
power consumption based on content diversity. The exigtovger-aware schemes extend the tra-
ditional video codec functions by jointly considering thdeo content and power constraint. The
algorithms aim to adjust the codec parameters to minimiegtwer consumption while preserv-
ing good video quality. In addition, the hardware supportd¥'S technologies enables adaptive
adjustment of the clock frequency and operating voltagel leithe CPU, to accommodate varying
codec workload. It should be noted that the power-awareaddsign needs to jointly adjust large
number of con gurable parameters, which provides the cdniter applying effective globally

optimal techniques and algorithms.

1.3.3 Energy Ef ciency in Video Transmission

A typical video transmission path is shown in Fig. 1.9. Theead frames generated by the
codec are packetized and delivered through the networlogobstack (UDP/RTP/IP). The link
layer schedules the packets with a MAC protocol (e.g., TDMBMA, CDMA, or CSMA/CA)
and passes the frames down to the physical layer, where eheoding, modulation and power

allocation may be applied to overcome the time-varying ameliable wireless channels. At the

15



U
Application ? Codec design Codec design ﬁf Application
TCP/UDP/RTP Power-aware Power-aware TCP/UDP/RTP
transmission transmission
:K Power-aware Power-aware }:
IP . . IP
:K routing routing }:
Link ‘V Scheduling Scheduling \r Link
J\ Modulation, Modulation, ﬂ—
Physical Channel coding Channel coding Physical

‘V and Power control and Power control W

Protocol stack System controller System controller Protocol stack

Figure 1.9: Protocol layers and system controls involvedineless video transmission.

receiver, received video packets are decoded. The videsirbam is restored and then decom-
pressed by the decoder. Error concealment techniques magpgbed to mitigate the impact of
delayed and corrupted video frames.

The key challenge of video over wireless networks is the ‘vauging wireless channel,
which has a gain that varies over time due to channel fadingd®wving, and inter channel in-
terference [43]. This causes random packet losses andsdeléys, xed resource allocation or
scheduling schemes may not be suf cient to achieve the bésbvquality or energy ef ciency. An
adaptive, video content-aware resource allocation schemecessary for supporting energy ef -
cient video streaming over wireless networks. While it is arignt to increase the bandwidth and
throughput in wireless networks [44, 45], energy ef ciensyalso a critical factor for the success
of multimedia applications over wireless networks.

It is reported that BS equipment consumes more 8@ of the total power in a typical cel-
lular network. The energy ef ciency and power control inla&r networks thus demand careful
reexamination to achieve the goal of green communicati®wsver control in cellular networks
has been widely studied for more th&h years for voice or data applications. Many effective
power control algorithms are proposed in the literature (46—50]), and the closely related ad-
mission control problems are also investigated [51-53¢ pitoblem of video communications in

wireless cellular networks brings about many new challsrigethe BS power control problem,
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since the power allocations need to achieve not only theet&ignal to Interference-plus-Noise

Ratio (SINR), but also the QoS or QoE of the streamed videos [54-58].

1.3.4 Joint Video Coding and Transmission Design

As shown in Fig. 1.9, the wireless video system is a complestesy with many closely
coupled control knobs and parameters. Clearly, a cross-tlagegn that jointly optimizes multiple
parameters in different layers has the potential of achgeWetter energy ef ciency and video
performance, comparing to the traditional layered apgroac

Consider power allocation as an example. Normally, a lonengmission rate requires a
smaller transmit power, as well as high compression ratihetvideo codec. However, as dis-
cussed in the previous section, a higher compression ratios more intensive computations and
consumes more power at the codec. Apparently, a cross-di@gagn framework would be useful
in this case, where video coding in the application layertaedransmission schemes in the lower
network layers are jointly considered and optimized [56, Speci cally, the lower layer network
protocols now have the opportunity to exploit the inforraatfrom the video content and source
coding parameters to optimize the transmission strategyth® other hand, video coding in the
application layer may also take advantage of the channehatwlork information, and thus can
select the coding parameters to provide the best codingyjaall be adaptive to the status of wire-
less networks and channels. This approach also providesefatipport for the “content-centric”
multimedia network design [60—-63].

A large number of designs that jointly consider video codamgl transmission have been
proposed in the literature. In [64], the authors adopt jemirce coding and channel coding to
minimize the total power consumption, while keeping the-tménd video quality at a xed level.
A framework of joint source-channel coding and power adaptas presented in [65], where error
resilient source coding , channel coding and transmissigvep adaptation are jointly designed to

optimize video quality, given constraints on the total siamssion energy and delay. An algorithm
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is introduced to nd the minimal energy source coding and po@ailocation by adaptively allo-
cating resources to different video segments based onrilaiive importance. In [66], the RF
front-end circuit energy is controlled for wireless videartsmission by adjusting parameters in
physical layer and MAC layer. In [67], the authors investigthe transmission over bandwidth-
limited multi-acess wireless uplink channel. Energy-éfmt video communication is obtained by
jointly adapting video summarization, coding schemes, uaiitbn schemes, and packet transmis-
sion. In [23],the authors present a framework for joint rextoptimization, source adaption and
deadline-driven scheduling for multi-user video streagromer wireless networks. Both the physi-
cal layer and application layer are jointly considered tximaze the total users' reception quality
under the power consumption constraint. In [68], the awthivestigate the joint optimization
among source coding at application layers, ARQ scheme alidiatiayers and adaptive modula-
tion and channel coding at physical layer. Within the dedestertion framework, the parameters

of above layers are jointly optimized to achieve the bestityuaf the received videos.

1.3.5 Video over Emerging Wireless Networks

The video streaming problem has also been considered feraesmerging wireless net-
working paradigmsVisual sensor networkd/SN) also represent an important application of en-
ergy ef cient multimedia networks. VSN consists of a largemwber of low-power camera nodes,
which integrate the image sensor, embedded processor,iegldss transceiver. The development
of VSN has brought about many potential applications, sscsuaveillance, environmental moni-
toring, smart homes/cities, and visual reality [69], to eaafew. Due to the battery limitation, the
life time of VSN camera nodes is limited by their energy canption in wireless channel sens-
ing, transmission, and video and image data processinggieéciency is a critical issue in the
design of VSN nodes, since they may not be recharged as acftemart phones, and are expected
to operate over extended periods of time (e.g., on two AAehiais for one year [70]). Therefore

power ef cient designs are highly preferable at all the poatl layers in VSNSs.
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Comprehensive surveys of VSNs can be found in [69,70]. It kasishown that power-aware
routing is highly effective in prolonging the lifetime of veless sensor networks [71]. In [72,
73], the authors investigate the directional-control daton scheme to reduce the amount of
sensory data transmission in sensor networks. When progegsieo data is allowed within the
network, data fusion can be employed to reduce the redugdanong multiple video streams
along the routing path, thus reducing the volume of trartechivideo data and saving energy at
the intermediate nodes. Power-aware transport layermesaigg mainly based on de facto standard
of TCP. In [74, 75], the authors incorporate a new error-recpynechanism into TCP to avoid
unnecessary retransmissions caused by AIMD, especialgnwie network is disconnected or
there are losses due to high bit error. This scheme is shownotong the lifetime of wireless
sensor networks.

In [76-79], the authors investigate the problem of videmgraission over cognitive radio
networks, where secondary users sense the licensed chamueaim to exploit the transmission
opportunities in the spectrum holes. The uncertain chaawglability condition brings about
many unique challenges. These works investigate the cigatlg problem of video over cognitive
radio networks with a cross-layer optimization approachicW leads to effective centralized or

distributed algorithm design with performance guarantees

1.4 Key Contributions

In this dissertation, we address the problem of energy efitdesign in CPS, including smart
grid and multimedia communication networks, with a con&nodl optimization approach. The key
contributions are summarized as follows.

First, We explore the problem of smooth electric power sahirgd in power distribution net-
works [80]. The smooth power pro le greatly simpli es theategy for balancing the supply and
demand in the grid. Moreover, since electricity generatind transmission systems are generally

designed to accommodate peak electric power [4], the snumstiand pro le has the advantage of
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optimizing the assets and operation cost of the grid. Wedhice a deterministic model to char-
acterize the complex relationship between demand and wupple deterministic model adopts
cumulative electricity demand/supply curves, which chteraze the time varying demand/supply
relationship. A constrained nonlinear optimization psesblis then formulated aiming to min-
imize the electric power variation, as well as satisfy usposver usage quality. We develop
majorization-based algorithms for deriving smooth powareslules for the networks. We also
design a distributed algorithm for supplying the power aghtre users. Although many existing
work reveals the intrinsic connection between pricing @e8 and demand response, few of the
existing work explicitly address the problem of smooth giegpower scheduling. It is shown that
the simple off-peak pricing scheme may not be effective itigaiing the demand peak problem,
because simply shifting the off-peak period may generatevaraboundpeak [81]. To the best
of our knowledge, this is the rst work that directly addresghe smooth optimal energy schedul-
ing with majorization theory in power distribution netwsrkThe solutions show the deterministic
performance for smooth power scheduling, peak power anchtipg cost reduction through the
enhancement of bidirectional communication ow, smartengiand smart facilities.

We next propose a comprehensive design of an energy managsyséem in MG by taking
advantage of the plug-and-play interfaces of smart grid-$82. We jointly consider renewable
energy penetration, ESS management, residential demamag@aent, and utility market partici-
pation in the MG and introduce the model@tiality of Service in ElectricityQoSE). The QoSE
concept takes into account minimization of the MG operatiost, while maintaining the power
usage quality of residents. We transform the QoSE contofllpm and ESS management problem
into queue stability problems by introducing the QoSE ttgueues and battery virtual queues.
The Lyapunov optimization method is applied to solve thebfm and generate the online opti-
mal ESS charge/discharge algorithm, adaptive residdatidiservice and cost effective operation
strategy on utility market, with hard performance boundsiciv do not require any statistics and
future knowledge of the electricity supply, demand andgpecocesses. The proposed policy ef-

fectively reduces the MG operation cost and maintains th8E)or the residents. With this new
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energy management framework, the MG achieves the fundatreguirements of smart grid in
DRERs integration, ESS's management, residential powertguadnagement, and maintains the
compatibility to the legacy grid.

Furthermore, we investigate the energy ef cient designtmdemand side as applications
in wireless communication and networks. Among various igi@anmunication technologies, we
focus on the energy ef ciency of base stations for downlimtew streaming. This is due to the
expected surge in wireless video data, as well as the diastiease in the deployment of BS's.
Therefore, any small improvement in the energy ef ciencyvokless video streaming system will
be ampli ed by the huge volume of wireless video data and nemd BS's deployed, and will
result in considerable environmental impact.

Speci cally, we design the energy ef cient streaming fariable bit rate(VBR) video over
wireless networks. VBR video offers stable and superiorigualer constant bit rate(CBR)
videos, however, the complexity statistics of the VBR videanfes introduces great challenge
in wireless network design. We rst present analytical feamorks for streaming multiple VBR
videos in a wireless cellular networks, where downlink cees are limited by inter-cell/intracell
interference [55, 56, 58]. By jointly considering the detaristic model for VBR video traf c,
stringent playout delay constraint, BS peak power congiraiineless channel uncertainty and -
nite playout buffer at the mobile users, we formulate thesgidtreaming systems as nonlinear
optimization problems with the objective to maximize theotighput under the QoE and power
constraint. For the intracell interference situation, walgze the convexity conditions of the
problem and propose a two-step approach to maximize thensiing transmission throughput un-
der power constraint, while maintaining the QoE. We alscetigy a distributed algorithm based
on the dual decomposition technique. The more challengioglem involved in intercell inter-
ference is solved by a centralized branch-and-bound alhgorncorporating the Reformulation-
Linearization Technique, which can produce optimal bodnsi@utions. We also propose a low-

complexity distributed algorithm with fast convergencéeTproposed solutions effectively make

21



use of the power in BS's to stream the VBR video in cellular nekspwhile preserving the QoE
requirement.

We further study the energy ef cient downlink multi-user VBigeaming in the wireless cel-
lular networks with orthogonal channels by directly miremg the power consumption to achieve
green multimedia communications [57,85-87]. We presentsselayer optimization and schedul-
ing framework with the objective to minimize the BS's powensamption during steaming period
while maintaining the QoE of video users. We develop a magtion-based solution approach to
solve the formulated problem. We prove the proposed alyoris unique and global optimum,
and demonstrate that the proposed algorithm is also smesdgloptimal. These research projects

may bring about a new paradigm for the design of future greesle@gs multimedia networks.

1.5 Overview of the Dissertation

In this dissertation work, we focus on the energy ef ciensiga in CPS from two sides: elec-
tricity delivery networks and wireless multimedia netwsrkvhich are integrated by the method-
ology of control and optimization theoretic design as iatkd in Fig. 1.10. The rest of the disser-
tation is organized as follows.

We present the smooth electric power scheduling in powgrildigsion networks in Chapter 2.
We introduce an electricity supply/demand model that takiesaccount of time-varying demands
and their deadlines. We formulate a constraint nonlinedinopation problem and incorporate
the theory of majorization to develop algorithms that campate smoothness optimal schedules.
After the smooth power schedule is obtained, a distribussst bene t maximization load control
scheme is used to allocate the scheduled power to indivitheats, while maximizing their level
of satisfaction. We demonstrate the ef cacy of the propasgdrithms by extensive simulations.

In Chapter 3, we propose a smart energy management framewbi® ibbased on the concept
of QOSE. The MGCC aims to minimize the MG operation cost andhtaai the outage probability
of quality usage, i.e., QOSE, below a target value, by sdimeglelectricity among renewable

energy sources, energy storage systems, and macrogricrkivel&te the problem to a constrained
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Figure 1.10: Overview of the dissertation.

stochastic programming problem and apply Lyapunov opation technique to derive an adaptive
electricity scheduling algorithm by introducing the QoSEual queues and energy storage virtual
gueues. We derive several hard performance bounds for dpoged algorithm and evaluate its
performance with trace-driven simulations.

In Chapter 5, we shift the energy ef cient design from elextyi delivery networks to the
demand side. We investigate the power control for the downiBR video streaming in the
cellular networks with intracell interference. We considedeterministic model for VBR video
traf c and nite playout buffer at the mobile users. The obj&e is to derive the optimal downlink
power allocation for the VBR video sessions, such that thewhta can be delivered in a timely
fashion without causing playout buffer over ow and undewoThe formulated problem is a non-
linear nonconvex optimization problem. We analyze the egity conditions for the formulated
problem and propose a two-step approach to solve the probMaralso develop a distributed al-
gorithm based on the dual decomposition technique. Th@peance of the proposed algorithms

are validated with simulations using VBR video traces undalistic scenarios.
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In Chapter 6, we study the more challenging problem of powetrobfor streaming multiple
VBR videos in multicell wireless networks under the intekroaterference condition and derived
both centralized and distributed algorithm for the solusioThe problem is formulated to nd the
optimal transmit powers for the base stations, such that VidBo/data can be delivered to mobile
users without causing playout buffer under ow or over ow. dfformulate a nonlinear noncon-
vex optimization problem and prove the condition for thestatice of feasible solutions. We then
develop a centralized branch-and-bound algorithm incatpty the Reformulation-Linearization
Technique, which can producg ( )-optimal solutions. We also propose a low-complexity dis-
tributed algorithm with fast convergence. Through simola with VBR video traces under fad-
ing channels, we nd the distributed algorithm can achieyegormance very close to that of the
centralized algorithm.

In Chapter 7, we relax the channel constraint in the celluiagless networks to the orthog-
onal channels and directly address power minimizatioriegsafor multiuser VBR video stream-
ing. We also adopt a deterministic model for VBR video trathat incorporates video frame and
playout buffer characteristics, and formulate a conséaistochastic optimization problem. We
then develop a majorization-based solution approach. Heocase of a single VBR video session
with relaxed peak power constraint, we develop a power gptatgorithm with low complexity.
We prove the power optimality of the proposed algorithm dr&luniqueness of the global opti-
mum, and demonstrate that the proposed algorithm is alsotbmess optimal. For the case of
multiuser VBR video streaming, we develop a heuristic athamithat selectively suspends some
video sessions when the peak power constraint is violateaddition to the traditional VBR video
streaming application, we also consider the case of intigeacideo streaming, and show that the
proposed schemes can be easily adapted and applied.

We conclude the dissertation and present the future work ap€eh 8.
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Chapter 2

Smooth Electric Power Scheduling in Power Distributionaks

2.1 Introduction

The emergence @mart Grid(SG) brings about many fundamental changes in electric powe
systems [4]. Various new power electronics and informatémmniques are greatly advancing the
control and management of energy and resources in the pgstns. For examplesolid state
transformers(SST) can respond to signals from a facility or a householdhtange the voltage
and other electric characteristics. On the user side, smeaters and smart facilities empower
the pervasive monitoring and controlling at all levels ofyeo usage in response to power supply
and market price uctuations [4]. The two-way ows of eleicity and information in SG are
instrumental to the control and optimization of energy asburce allocation in the grid to achieve
ef cient, green and robust energy systems.

Unlike the traditional grid, in which the electricity sugptontinuously matches user de-
mands, the next generation power distribution system isdas a network structure [88] and is
capable of allowing users to control their loads in respdogée dynamics in the gridDemand
responsgDR) is a technique to balance power generation and demarkeeigrid [89]. One of
the important targets of DR is to reduce the peak demand ksdsding user requests. With the
two-way information ow among provider, users and the markarious DR schemes based on
real-time pricing and day-ahead load response conceptslieen investigated recently [90-93].
Most of the existing DR schemes aim to maximize the sociafamelor minimize the electricity
payment under given demand requirements. Although rexge#thie intrinsic connection between
pricing policies and demand response, the problem of snmaletiric power scheduling is not ex-

plicitly addressed, although being the key issue in DR. Ihsan that the simple off-peak pricing
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scheme may not be effective in mitigating the demand peall@no, because simply shifting the
off-peak period may generate a nesbboundpeak [81].

In this chapter, we address the challenging problersnoboth electric power schedulimg
power distribution networks. The network model is shownim B.1. We assume the end-users are
equipped with smart meters and are capable of communicatthghe distribution substation and
the distribution control center (DCC) through a communiagatietwork, and receiving commands
from the DCC to adjust the user's electric energy consumpgeel [3]. The DCC schedules
electricity supply on daily basis, which is further dividedo multiple time slots. The electricity
usage requests at each user are classi ed into two catsgtinepriority load that must be satis ed
in every time slot, and théeferrable loadhat should be satis ed before speci ¢ deadlines. Users
may set the load for each type according to their preferemcg, (ighting, entertainment, laundry,
or charging a plug-in hybrid electric vehicle (PHEV)) [89The DCC aggregates the demand
pro les from the users through the aggregator [94] and simodhe aggregated electric power
supply under the priority load and deferrable load deadiomstraints.

In the smooth electric power scheduling problem, the oljec$ to minimize the power vari-
ation during a daily period, based on the concept of day-head response. Aeterministic
electricity supply/demand modislintroduced with cumulative electricity demand/suppiywves,
which characterize the demand/supply relationship dutiiegday. We nd the formulated prob-
lem suits well with themajorizationtheory, which concerns with the comparison and ordering of
vectors with respect to the distribution of their elemed®]] Majorization has been used in solv-
ing optimization problems in the communications and nekivay area [57,95, 96]. In this chapter,
we present a majorization-based framework to develop twaosimelectric power scheduling al-
gorithms with low computational complexity. After the sntlb@lectric power pro le for the entire
network is obtained, a user bene t maximization load cordfgorithm will be executed to allocate
the total amount of supply to the individual users, while maxing their satisfaction of electricity
usage. The proposed algorithms can achieve the minimumpaeedr, thus requiring smaller ca-

pacity for the generators, transmission lines and transées to support the same demand. Since
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Figure 2.1: lllustration of the electricity distributioretwork.

electrical generation and transmission systems are ggndesigned to accommodate peak elec-
tric power [4], the smooth electric power schedule has themitl of optimizing the deployment
and operation cost of the grid.

The remainder of this chapter is organized as follows. We¢ mesent the system model
and problem statement in Section 2.2. The smooth electiepscheduling algorithms are de-
scribed in Section 2.4 and their performance evaluated aticBe2.5. Related work is discussed
in Section 2.6 and Section 2.7 concludes this chapter.

The notations used in this chapter are summarized in Table 2.

2.2 Problem Statement

2.2.1 Load Demand Pro le

We consider a power distribution network with two-way owkedectricity and information.

We assumé@\ users in the power distribution network, which may genemgalential, commercial
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Table 2.1: Notation Table for Chapter 2
Symbol Description

R set of the electricity consumption users in the power
distribution networks

N total number of local electricity consumption user

L total number of slots
slot period

pn (1) power consumption of userin slott

€n;p(t) priority load electric energy of userin slott
enq(t)  deferrable load electric energy need to be ful lled
since last deadline of usarin slott
pr®*(t) maximum power consumption of usein slott
p™" (t)  minimum power consumption of userin slott
en(t) electricity usage of userin slott
e (t) maximum electricity usage of userin slott
e (t)  minimum electricity usage of userin slott
En, total electricity usage during slots for usen
Emax (t) maximum electricity usage for the residential area in slot
Emin (t)  minimum electricity usage for the residential area in slot

E(t) scheduled electricity usage for the residential area intslo
Wnax cumulative upper bound of electricity usage duringlots
Whin cumulative lower bound of electricity usage duringlots
W cumulative scheduled electricity usage duringlots
total electricity usage for all users durihgslots
P feasible power supply scheduling duribgslots
P smooth optimal power supply scheduling duringlots
Un() utility function for usem
h(t) electricity price at time slot
Lagrange multiplier
L Lagrange function
) stepsize of stepin equation (2.7)
) stepsize of stepin equation (2.8)
and industrial loads. LeR = f1;2; ;Ng be the set of users. The electric demand of a user is

daily based. Without loss of generality, we assume the oggdaod is divided intd- time slots,
each with length . Let p,(t) be the power consumption of userin time slott, which is time
varying but remains constant within the time slot. Each uskenows its own total daily demand,

P
e, E, = thl pn(t) , and wishes to schedule the demand over the one day peripd [91
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We assume the total demafg consists of two parts: thpriority load and thedeferrable
load. The priority load should be strictly guaranteed in a tima §b.g., for lighting), while the
deferrable load can be served exibly but with a specic diael (e.g., charging a household
battery or PHEVs). We de ne,, (t) ande,q(t) as the electric energy for priority load in time slot
t, and the deferrable load that must be satis ed by timetslespectively. The minimum demand
of usern in time slott, denoted by (t), is the sum o0&, (t) andenq(t). Finally, letel® (t) be
the maximum possible demand for usemwhich is limited by the amount of deferrable loads that

have not been satis ed yet, and the capacity of protectilayssand switches of the users.

2.2.2 Cumulative Demand and Supply Curves

At the beginning of a day, the DCC will aggregate the individdemand pro les received
by communicating with the smart meters and smart facilitiagthe communications network [3].
P .
Let the total minimum electricity demand in time slobe En,i, (t) = | ,g € (t). We have
P
Emn(L)= ,rEn =, since the daily aggregated demand of all users, denoted biould
nally be satis ed by the end of the day. We de ne tleemulative minimum demand cuN®,,
as
Xt
Whin (1) = Emn(D);1 t L (2.1)
1=1

We de ne thecumulative maximum demand cuNi, .« to represent the maximum amount of

electricity demand that can be consumed upds

X
Winax (1) = min fWin (t - 1) + [ (t)+ et 1), g1 t L

n2R

where e,(t) = &' (t) €' (t) is the deferrable load that can be served in sttt with dead-
lines later thart. To incorporate the priority load in the mod®V,,,.« (t) also satis eSWnax (t)
Woae(t 1)+ 1am @np(D):

For given demand curve®,,, andW,., we aim to nd a feasible electricity schedule

W, which is thecumulative supplpf electricity to the users that satis es constraivifg,, (t)
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Figure 2.2: Cumulative demand and supply curves.

W(t) Wpa(t),foralll t L,andW(L)= (i.e., the total demand should be satis ed
by the end of the day). The three cumulative curves are iitestl in Fig. 2.2, which are all
nondecreasing over time.

The proposed demand and supply model is quite general. # mloteassume any mathemat-
ical model for either the supply or the demand. It is more ficatthan the complex statistical
models for supply and demand used in the literature [4]. Tlmautative curves represent the
demand/supply status in the power distribution networkedwoh time slot, Wy, (t) tracks the
priority load and the deferrable load with deadlinevhile Wp,o (t) represents an upper bound of
the possible consumption by tiheThe gap betweeW,. (t) andW,,, (t) may accommodate the
future uncertainty of the electric power usage. The slop# (), denoted by (t), corresponds to
the scheduled electric power. The DCC aims to nd an optimaésialeW (t) for every time slot
to achieve a speci c control target. A feasible power sugageduld® =[P (1);P(2); ;P (L)]
ensures thalv lies betweeW,,;, andW,,,x for all theL time slots, thus preventing both outage

events and energy waste.
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It can be seen from Fig. 2.2 that the feasible electric powbedule may not be unique.
Among various feasible schedules, we are interested in rtleetloat distributes electricity most
smoothly among thé& time slots, i.e., themoothness optimal schedul®nce the DCC obtains
the smoothness optimal schedule, it can announce the deltedbe smart meters and smart util-
ities at the users' premises via the communication netwamkl, the users can shape their demand
to match the schedule (assuming cooperative users). Tnerafe can achieve smooth electric-
ity generation, transmission and consumption, which islyigreferable for the grid design and

operation [4].

2.2.3 Smooth Power Scheduling Problem

Based on the demand and supply model, we formulate the smow#tr scheduling problem
in this section. Le? = =L ) be the average power consumption in the power distribution
network through the daily period. The scheduled power fahe#me slot isP(t) = W(t)= .
The smoothness optimal schedule minimizes the variatibtiseosupplied power over the entire

period, i.e.,

maximize: S(P) (2.2)
subjectto:  Wpin (1) W(t)  Wnax(t); forallt
W(l—) = Wmin (L) = Wmax(l—) =

P(t) Ep(t)=; forallt;

whereS(P) is thesmoothnessf a scheduld, E,(t) = P 2R Enp(t) is the total priority load in
time slott.

Generally, smoothness can be measured by different mesucé as variance, cumulative
absolute difference, etc. Each smoothness measure leadsfferent objective function in prob-

lem (2.2), while the solution to the problem will then dep@mdthe speci ¢ form of the objective
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function. In addition, the smoothness measures are génamllinear, making the problem non-
trivial to solve. In this chapter, we resort to a mathematieory of majorization [13], which
explicitly addresses the unique mathematical notion fonahmess. Applying majorization the-
ory, we will see that for an arbitrary smoothness objectivection in problem (2.2) that satis es
the Schur-convex properties [13], the problem can be sdbyed universal algorithm in polyno-
mial time. For brevity in the deduction, we minimize variann the rest of the chapter, while the
solution algorithms developed in Section 2.4 apply to angdive function that is Schur-convex.
We rst consider the case where deferrable load is the domicamponent [97], i.eEp(t)

0. Problem (2.2) is then reduced to problem (2.3).

P
minimize: LoP@) P 2= (2.3)

subjectto:  Wpin (t)  W(t) Whnax (t); forallt
W(L) =

P(t) O forallt:

This problem ts well with themajorizationtheory, since the objective function is Schur-
convex [13]. We brie y review Majorization preliminary inéstion 2.3. Applying majorization,
we will design a smooth electric power scheduling algoritemsolving problem (2.3) in Sec-

tion 2.4.1. We will then extend the algorithm for solving plem (2.2) in Section 2.4.3.

2.3 Majorization Preliminaries

Majorization theory [13] describes the “less spread out’oore nearly equal” properties of
the elements of a vector comparing to the elements of aneéwtor. It concerns with the problem
of ordering vectors with nonnegative, real elements, a$ agebrder-preserving functions. For

simplicity, all the vectors in this section are row vectors.

De nition 2.1. For two n-dimensional vectorX = (X1;X2;  ;Xn) andY = (Y1;¥2;  ;VYn),

with elements sorted in the non-increasing orderxas X, Xn Oandy; V>
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P P
y» 0. X is said to bemajorizedby Y, denoted ask Y, if (i) [, Xi i
P n P n
t=1;2, ;n Land(i) ;x= - Vl[13]

De nition 2.2. A real-valued function de nedonaseA R "is saidto beSchur-convexnA

ifX YonA) (X) (Y)[13].

Schur-convex functions have the “order-preserving” propevhich bridges majorization to

optimization. Schur-convex functions can be validatedhlie following fact.

Fact 2.1.If is symmetric and convex, thenis Schur-convex. Consequentf, Y implies

(X) (V) [13]

This fact provides connection between ordering and itsrgpdeserving functions. By this
fact, we may solve the minimization optimization problemganerating the most possible “spread
P
out” vector as the solution. If = g andg is continuous convex, then we have the following

strong fact:

P P
Fact 2.2. g(x) alyi) , X Y holds for all continuous convex functign: R ! R
[13].

Lemma2.1. LetX = ( Xy; 1 Xk ), andY = ( Yy, : Yk ), where each element has dimension

Ji and satisfying<; Y;. ThenX Y.

P, -
Proof. Let g be the continuous convex functibh! R . By Fact2.2X; Y, jJ':l g(x!)

P, PPy P Py -
Loy K Lo Lo, XY O

Observation 2.0.1.Let X = (x; XY =(y, Yol Z =(2za;  Zn), WhereP Y=

P ",z = nx. If the elements in each vector is non decreasing, we may péohormalized
points of X=(nx); Y H(nx) and Z=(nx) on Fig. 2.3. If we explain the element of vectors as the
income of individual, this is Lorenz Curves, which evaluagedbcial income inequality [98]. The
curves show the normalized cumulative proportion of themne versus the cumulative percentage

of population. The normalize® forms the straight curvé\, which corresponds to the equal
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Figure 2.3: Lorenz Curves.

distribution. Normalized¥ and normalized® represent the unequal distribution and bent in the
middle, and are denoted cuni and C, respectively. We call these bow curves in the convex
shape. By the fact that the Lorenz curves are bent more, otnat®n increases, the bow curve
inside represents more even distribution [13], which lean&Xt Y  Z. Similarly, we may
mutate theB and C to B° and C° by only changing the order of the elements. We call these
bow curves in the concave shape. Since the order of the geplays no role in majorization,

X Y Z still holds for concave shape.

Theorem 2.1. The objective function of problems (2.2) and (2.3) is Sctunvex.

Proof. The proof follows the Fact 2.1 straightforward, due to th@syetric, increasing and convex

of the objective function in problem (2.2) and (2.3). O

2.4 Smooth Electric Power Scheduling

2.4.1 SEPS-DL Algorithm

We rst develop a smooth electric power scheduling for defble load algorithm (SEPS-
DL) based on majorization. With Theorem 2.1, we convert thinaization problem (2.3) into an

ordering problem of vectors, each representing a feastbledsile. Thus, we solve problem (2.3)
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by nding the most evenly distributed electric power schiedhat is feasible for the entire period.
Obviously, the most evenly distributed schedul®®' =[ =L ); ; =(L )], corresponding
to having the average power consumpti®in each time slot. However, due to time varying user
demandsP°P' may not be feasible. In general, each feasible scheduleigpiise linear with a
set ofpower changing pointsvhere the scheduled power increases or decreases to poevage
events or electric energy waste.

The proposed SEPS-DL algorithm can generate a feasiblejiese linear schedule, which
keeps each piece as long as possible into the future and Keegswer variation as small as
possible. The algorithm is illustrated in Fig. 2.4. Stagtiromtg, , SEPS-DL rst computes two

probe lines

One probe line fromgy,; to the next corner point V.« (t), which can go the furthest

into the future without causing outage events or energyev@sy., lines?; P, in Case 1 and

PsPg in Case 2 of Fig. 2.4). The power of this probe lin@jg,y (t) = Wmax () W(tsan )

t tstart

The other probe line fromy,,; to the next corner point aV,,, (t), which can go the furthest

into the future without causing outage events or energyav@sy., lines?;Ps in Case 1 and

PsP- in Case 2). The power of this probe linefg;, (t) = Wmn () W(tsar )

t tstart

All feasible schedules should reside between the two privias in order to go farther into the
future (i.e., to be smooth). Moreover, when the two probediare ended, they must bibth on
eitherWp,ax (t) or both onW,,;i, (t). Otherwise, we can always adjust one of the probe lines to
make it go even further into the future. For example, seesm®; andP;P2in Case 1 of Fig. 2.4.
We can use lin®; P, (which goes farther into the future) to replace Iy, and both probe lines
hit Wiin (t) eventually. In Case 2 in the gure, both probe lifedPs andPsP; hit Wiax (1).

If both probe lines hitW,, (t) (i.e., Case 1 in Fig. 2.4), any feasible schedule for thigvate
will also hit Wi, (1), since it must lie between the two probe lines. We then trac theupper

probe line (i.e., lineP,P,) to nd the latest time when the schedule just satis es theximmam
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Figure 2.4: lllustrate the operation of the SEPS-DL aldponit

demand (i.e., poinP, at timetgq,). Then segmen®,P, will be chosen as the schedule for the

W max (tstop) W (tstart )
tstop tstart '

If both probe lines hitW,4« (1) (i.e., Case 2 in Fig. 2.4), any feasible schedule for thigvate

interval [tstar » tstop), With power

will also hitWp,ax (). We then trace back tHewer probe line (i.e., lind’>sP7) to nd the latest time

when the schedule just satis es the minimum demand (i.ent# at timetg,p). Then segment

PsPg will be chosen as the schedule for the intergghf , tsop), With power ¥mn Ezzz" )tslvn(tStaft ),
After the schedule foftsiar ; tsiop) IS determined, we seét: = tsop and repeat the above
procedure to nd the schedule for the next time interval.
As shown in Algorithm 1, SEPS-DL probes for the longest fielespower starting fronta
in Steps4-10. In Stepsl1-14, the power for the intervdtsar ; tsiop) is determined depending on
which of the two cases it is as illustrated in Fig. 2.4. Stéfsl7 are for the case that the power

does not change in the time slot. StEpresets the variables to start the computation for the next

segment oP (t).

2.4.2 Performance of SEPS-DL

The proposed SEPS-DL algorithm is very easy to implemermartbe shown that SEPS-DL

has the following properties.
Theorem 2.2. SEPS-DL is smoothness optimal.
Proof. See Appendix A.1. m

36



Algorithm 1: Smooth Electric Power Scheduling for Deferrable Load Desnan
1 DCC aggregates the demand from all the users by informatitwonks and calculates

Whin , Whax for the whole scheduling period ;
2t =1 tsan = O;tstop =t =te, =1;Pmin =0;Pmax = 1
3 while some time slots are not schedukbal

4 CalculatePax (t) andPp,n (t) over intervaltser ;] ;

5 if Pmin© Pmin (1) & Pmin (t)  minf Pax ; Pmax (1)g then
6 | Pmin = Pmin (t) andte, = t;

7 end

8 if Pmax  Pmax () & Pmax (t)  maxf Ppin ; Pmin (1)g then
9 | Pmax = Pmax (t) andte, = t;

10 end

11 if Pmin > Minf Pray ; Pmax (1) g then

12 | SelectPriy from tsar t0tsiop = te, ;

13 else ifPmax < maxf Ppin ; Pmin (t)g then

14 | SelectPray from tgar t0tgop = te, ;

15 else

16 t++ ;

17 CONTINUE ;

18 end

19 tstart = Ustopststop = te; = te, = tsat + 1,6 = tsat + 1, Pmin =0, Pmax = ;
20 end

Corollary 2.2.1. The optimal power schedule is unique.

Proof. Supposé® is not unique. Then there exid®® Py, for allk, andP°8 P . P°must have
a different set of power changing points from thaPof According to the proof of Theorem 2.2, we
can construct an auxiliary schedie, such thaP P,  P° which contradicts the assumption

thatPCis optimal. O
Theorem 2.3. The complexity of SEPS-DLG(L?).

Proof. In the worst case, the SEPS-DL algorithm computes the opsianedule for each time slot
by probing the full length of the remaining power sequenesar{étepst-10in Algorithm 1). The

P
worst case execution time s i = *&2 )0 (L?). O

Theorem 2.4. The smooth electric power schedule computed by SEPS-DL dasnallest peak

power.
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Proof. From Theorem 2.2, we har Py, for all k. We may reorder the elements in bd&h
andPy to a non-increasing order. According to the de nition of Magation in De nition 2.3, the

rst element in the re-orderel is not greater than that &, which means the largest element in

P is not greater than that ¢f,. Thus, the schedule generated by SEPS-DL has the lowest peak

power. O
Corollary 2.4.1. The SEPS-DL achieves highest load factor.

Proof. The load factor in electric power grid is de ned as in [99]

AverageP ower

100%
P eakP ower 00%

Load factor(%)=

By Theorem 2.4, the SEPS-DL generates the lowest peak powahachieves the highest load

factor during the scheduled period. ]

Theorem 2.4 and Corollary 2.4.1 is highly preferable for giésgign and operation. A lower
peak power allows the operator to deploy generators, wamg&frs and power transmission lines
with smaller capacity in the grid, thus reducing the capitaéstment. In addition, the grid may
be alleviated of the power usage burden during peak houdsthenelectric energy usage quality

of users can be improved.
Theorem 2.5. SEPS-DL is generation operating cost optimal.

Proof. See Appendix A.2.

2.4.3 Extension to the General Case

We next extend SEPS-DL to solve the general case problem (2vih the priority load,
a feasible power schedule should satiBft) Ep(t)= in every time slot. The presence of
priority load enforces new constraints on the feasibilityhe schedules. For example, consider

the aggregated cumulative priority load curves and ddbrbbad curves shown in Fig. 2.5(a)
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(a) Cumulative priority load curves(b) Cumulative deferrable loadc) Aggregated cumulative load
curves curves

Figure 2.5: Smooth power scheduling with priority load. {&lthat although not deferrable, the
cumulative priority load can also be represented with twwesi as shown in (a), where the maxi-
mum and minimum curves meet at the corners.)

and Fig. 2.5(b). According to the de nition of feasible pavsepply schedule in SEPS-DL, both
segmentd and2in Fig. 2.5(c) are feasible. However, it can be seen that segtractually cannot
provide enough power to satisfy the priority load in timet $}0 since its slope is smaller than the
required slope (i.e., that of segménin Fig. 2.5(a)).

To solve this problem, we develop the general smooth eteptswer scheduling algorithm
(GSEPS), which is based on SEPS-DL. Speci cally, SEPS-Hduases no priority load. During
the execution, the generated power segment is comparedheitpriority load. If the SEPS-DL
generated power segmdnt (t) is less than the priority load in time slot GSEPS will increase
P (t) to the priority load (e.g., see segm&ni Fig. 2.5). Then SEPS-DL will continue to compute
further segments of the schedule by setting the new stgobing tot, until the entire schedule is

computed.

2.4.4 Electric Power Allocation Among Individual Users

After the smooth electric power schedule is obtained, the B@@unces the schedule to all
the users and requests them to control their loads to mag¢chupplied electric energy/ (t) =
P (t) in each time slot. To divide the total supplyV (t) among theN users, we assume a

bene t functionU, (p,(t)) for each usen, which is a nondecreasing concave function [92] and
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represents the level of satisfaction of the user when ra@epy (t) in time slott. We then develop
an algorithm that maximizes the sum of the bene t functiohglbusers in the power distribu-
tion network. The maximization of the total bene t under #$raooth schedule constraint can be

formulated in each time slatas follows:

maximize: P n2rYn(Pn () (2.4)

subjectto:  pM™ (t) pn(t) pI(t); foralln

P
norbPn(t) = W (1)=;

wherep™@ (t) andp!™ (t) are the maximum and minimum power consumptions of nserslot
t, respectively.

Problem (2.4) is a convex optimization problem, which cardieed effectively with a convex
optimization solver. In case that DCC may not know the exacapaters of individual utility
functions in practice, we develop a distributed user bemegiximization load control algorithm
(DUBMLC) based ordual decompositiofit00] to solve problem (2.4). For brevity, we omit the
time slot notatiort in following equations.

First, we introduce the non-negative Lagrange multiplieaind derive the Lagrange function:

X X
L(pn; ) = Un(pn) + W Pn (2.5)
S(ZR n2R
= Ln(pn; )+ W,
n2R

whereL ,(pn; ) = Un(pn) pn. Observingthakt () only depends on users local information,
we have the dual decomposition for each userEach user solves subproblem (2.6) for given

Lagrange multipliers-:

Pn(~) = arg maXymn . pmax Ln(Pn; ~); foralln: (2.6)
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Subproblem (2.6) can be solved with the subgradient meth#jd$incel ,, is strictly concave.

Usern iteratively updates its powgx, until p, converges, as:

@n(pn) *

Pl +1)= pa(D+ (1) @p

2.7)

where[ ]* denotes the projection @f, onto the ranggp™™ ; p™], and (I) is the step size varies
in each step according to the Armijo Rule [14]. The solutigy can be solved locally by the users
and converges to the optimal solutiongffor alln asl ! 1

For a given optimal solutiop;,, the master dual problem is to solved by DCC:

minimize:  L(pn; );

subject to: 0; for all n:

We can also apply the subgradient method to iteratively tgoithee multipliers as:

Q()

(I+1)=max (I) ) F;O ;

(2.8)

where (1) is the step size. The Lagrange multipliers converges to phienal asl ! 1 , since
problem (2.4) is a convex problem, the duality gap is zerothrdolution of (2.6) is unique. The
primal variablep, will also converge to the optimal solutions [100].

The distributed user bene t maximization load control (DUB®I) algorithm is presented
in Algorithm 2. With DUBMLC, each user greedily maximizes it bene t by solving (2.6)
with current “price” , which is controlled by DCC through the master due probler®)(Due to
convexity of the problem, the optimization gap is zero areldptimal total maximum bene t is
reached when the algorithm converges.

Combining of GSEPS and DUBMLC, we now present the General Snibleittric Power
Scheduling Policy. Speci cally, at the beginning of eachripe, which can be daily based or

be an arbitrary period of time, the users send their slotegdahd pro les to the DCC through
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Algorithm 2: Distributed User Bene t Maximization Load Control Algorithm

1 1 =0 and the DCC initializes nonnegative parametgd) ;

2 The DCC announces the parameters to the users via the conationgcnetwork ;

3 Each user locally solves problem (2.6) as in (2.7) to obtaindquested power ;

4 Each user sends its requested power to the DCC via informaétworks ;

5 The DCC updates the paramete(s) as in (2.8) and announces the new val(le+ 1) to
all users ;

6 | = I +1 and go to Ste, until the solution converges ;

the communications network. After aggregating all the dednaro les, the DCC calculates the
deterministic cumulative supply/demand curves for the grosstribution networks and executes
GSEPS to compute the smooth power pro le. After that, DCChetusers to control their elec-
tricity usage to match the smooth schedule with DUBMLC. Thelloantrol does not necessarily
need to be fully executed at the exact beginning of the petiaday operate at some time ahead
of the scheduled time slot. If a user requests a usage excetth planned level, the DCC may
allow the distribution substation to temporally ful Il thexcess demand but charging a penalty

price based on the electric energy availability of the poslistribution network.

2.5 Simulation Evaluation

In this section, we evaluate the proposed algorithms by Isitimg an electric power distri-
bution network with250 independent users. We assume a daily period slottedLinto 144
time slots (i.e., = 10 min). The demand for each user during the period is randongy d
tributed from 35 kWh to 50 kWh. The DCC aggregates the load pro les and generates the
cumulative supply/demand curves at the beginning of theogerWe adopt a bene t function
Un(t) = Kioh(t) %kzch (t)? [101], whereq,(t) 2 [0; 1] is the normalized value of power sup-
ply pn(t). With thisU,( ), problem (2.4) becomes a quadratic programming problenghwdan
be effectively solved with the proposed distributed altjon. Without loss of generality, we set
ki = k, = 1 in the simulations.

We rst examine the performance of SEPS-DL and GSEPS. ForSSEP, all the electric

energy demand is deferrable. For GSEPS, we as&ifi#ieof the demand is deferrable and the
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Figure 2.6: Comparison of the power schedules achieved bysSHPan GSEPS.

deadlines are randomly distributed during the daily peridte cumulative demand curves and the
computed schedules are plotted in Fig. 2.6. We nd that b&gbtac power schedules lie between
Whin @andW,,ax , meaning they are feasible and satisfying the user demarnti ientire period.

In some time slots, e.g., slot(Q, 80 and [110 120, GSEPS requests a larger electric power
than SEPS-DL. This is due to the hard requirement for theripritbad, which temporally forces
GSEPS to increase the electric power supply.

After the smooth power schedule is obtained, DUBMLC is exedub divide the power to
individual users in each time slot. For better illustratiove only plot the power convergence
curves for six users in Fig. 2.7. The curves for other usexsamilar. We nd that all the curves
converge to the optimal values very quickly; after one skege is no signi cant variation in the
electric powers of individual users.

We next compare the proposed algorithms with two altereativ

A “supply until deadline” scheme (SUDP), in which the de&dxle load demand is served

until the last minute.
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Figure 2.7: Convergence of the individual power allocatiohieved by DUMLC.

The “utility maximization real-time pricing” scheme (UMR®)at is introduced in [102],
which solves the demand side management problem with aine@lpricing strategy and

has been widely cited in the smart grid research community.

In particular, the UMRP scheme maximizes the social welfara smart grid at each time slot
independently, i.e.,

X
max  Un(pa(t)) g(P(t); (1)); forallt;

n2R

subject to the total power generation constraint and useepaonsumption constraints. This
algorithm can be extended to our simulation scenario. I wuork, the operating cost of power
generation is evaluated (P (t); (t)) = ( 1+ P(t)+ 3P(t)?) (t), which is generalized
from [103].We let ; = 120:0; , = 6; 3 = 0:04 for a generator [103] and(t) be uniformly
distributed in[0:5; 2:5]. This yields a quadratic programming problem, which can ddeesl in
either a centralized or distributed manner [102]. In thewdations, we use a centralized interior-

point method to solve the problem.
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The peak power, load factor and power variation achievechbyabove algorithms for net-
works with different numbers of users are presented in E#§). Rig. 2.9, and Fig. 2.10, respec-
tively. Each number is the average 0 simulation runs with different random seeds, with the
95%con dence interval plotted at the top of each bar. We obsérae SEPS-DL and GSEPS can
signi cantly reduce both peak power and power variationhiea power distribution network. For
example, for the network with0OOOusers, SEPS-DL and GSEPS achieves peak poi@ygkwW
and2560kW, respectively, which are only5%and73%of the corresponding SUDP and UMRP
peak powers. We also notice that the load factors achieve8HRS-DL and GSEPS are more
than100%and50%larger than those of SUDP and UMRP under all cases. Similiasdy nd in
Figure 2.10 that the SEPS-DL and GSEPS schedules are muehsmarother than both SUDP
and UMRP schedules. Therefore, to design the power generatemsmission and distribution
infrastructure for thistOOGuser site, we may select components, such as transformesaas-
mission lines, based on the capacity speci cationd@47kW and2560kW, respectively (with
SEPS-DL and GSEPS), instead3&13kW with SUDP and UMRP. As the network size increases,
the performance gap increases as well. For the smallestaggpwhen network size H0Q the
power reduction i476kW for SEPS-DL and. 10kW for GSEPS, which meets the requirement of
100kW minimum energy reductions for the DR product$&DNE[104].

It is interesting to observe that UMRP and SUDP have almosttici performance in the
simulations. This is largely due to the choice of the objent:tionp nor Un(pPa(t)) o(P(t); (1)).

In the simulation with the above utility functions and castétions, the effect of the total power
decrement on the cost functions dominates the effect ofrttligidual user power increments in
their utility functions. Thus UMRP attempts to reduce thakpower generation, while only main-
taining the minimum user satisfaction level. This strategleed degenerates UMRP to SUDP,
both with similar performance. Although UMRP maximizes thelfare of the distribution net-
work, it does not aim to smooth the power schedules. It woeldthdpful to carefully introduce
some coef cients to balance the contributions of utilitydasost to the welfare. This phenomenon

also veri es our motivation of the work that the real-timagang with utility maximization may
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Figure 2.9: Load factor achieved by SEPS-DL, GSEPS, SUDRJAEP.

not automatically solve the smooth electric power scheduind peak power reduction problems.
Compared to UMRP, the proposed algorithms directly targdteasinoothness optimization prob-

lem and are robust to various con gurations of the distiitnuinetwork.
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We nally compare the average generator operating cost #@SBL, GSEPS, SUDP and
UMRP. Similar to the previous scenario, we assume a load siteaverage aggregated demand
100 MW, which is scheduled by SEPS-DL, GSEPS, SUDP and UMRP baseddaily period.
The average generator operating costs are shown in Tahlel2can be seen that both SEPS-
DL and GSEPS obtain smaller operating costs than SUDP and UNdiRserving the same load
site. It is not surprising to see that SUDP and UMRP obtainlamnesults, due to the effect of
the objective function. Also note that UMRP is not operatingtcoptimal, although it seeks to
maximize the social welfare. This is due to the fact that therating cost is not independent
from time slot to time slot; greedily optimizing social waté in each time slot does not guarantee
optimality over the entire period. Suppressing user satigin level some time slots, may result
in high power allocations at a later time slot to meet all teéaged demands right before their
deadline, leading to larger peak power and electricity getien cost. On the contrary, SEPS-DL
and GSEPS optimize power scheduling over the entire peaiodican exibly serve the demand

to achieve smooth electric power scheduling and low opeyatost.
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Table 2.2: Average operating cost of power generation
SEPS-DL GSEPS SUDP UMRP
$=hour 1653 1669 1746 1746

2.6 Related Work

SG is regarded as the next generation power grid that eg@aibexisting communications
network for better control and optimization of power getieraand distribution. In SG, infor-
mation technologies and computational intelligence ategmated across electricity generation,
transmission, distribution and consumption to achievemyreeliable, ef cient and sustainable en-
ergy goals. Comprehensive surveys of SG technologies cavube in [3-5, 105].

The emergence of SG attracts new interest in evolving thé gexeration of power distri-
bution systems [88]. Demand response is an important poistitdition paradigm to reduce the
peak demand and smooth demand pro les in the grid by shapegder demands. Various imple-
mentation issues of demand response in SG are examined4h [R@al-time pricing and direct
load control are two important ways to shape user demandearo

Due to the real-time communications and control through\vey information ows in SG,
new design approaches in demand response are being devetgpatly [90-93], which are based
on optimization and game theory approaches. In [90], theaxstproposed an optimal and au-
tomatic residential energy consumption scheduling fraorkvio achieve the trade-off between
minimization of electricity payment and appliance openatwaiting time. In [91], a game the-
ory approach is used to control the power demand at peak fyudynamic pricing strategies.
In [92], the authors studied demand response for houselalsisd on utility maximization, and
showed that there exist time-varying prices that may aehsecial optimality. A recent work [93]
introduced the framework for optimal resource allocatioer the uncertainty in the two-way
information network and provided a decentralized algamithat can be implemented in practice.
Although providing some interesting methods to achieveé ebsient electricity usage, these work

do not explicitly address the problem of smooth electric @oscheduling.
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Two recent works [106,107] studied the problem of reduchegpeak-to-average ratio (PAR)
of the electric energy consumption in SG. In [106], the arghotroduced a game theory frame-
work for a distributed algorithm to minimize the total enggpyment and reduce PAR. However,
users need to broadcast control messages to announcedieschedules to the entire network.
The control overhead could be considerable. In [107], gnstgrage devices were incorporated
in the SG and users' cost and PAR are minimized with a digkitbalgorithm. Although the dis-
tributed algorithm only needs to exchange information whiéhenergy provider, the achieved Nash
equilibrium cannot be guaranteed to be socially optimakddition, this work does not consider
the operating cost of the energy provider.

Majorization is a useful tool for problems involving vectdd 3]. It has been used in solving
optimization problems in the communication and networlkirep [57,95,96]. In [95], majorization
is applied to variable-bit-rate (VBR) video smoothing overieedt CBR link. Ref. [96] presented
an optimal transmission algorithm over a wireless multipjeut single-output (MISO) link based
on majorization. In our recent work [57], we adopted majatian for power ef cient VBR video
streaming over a cellular network.

Our work differs from these existing efforts by introducithg mathematic theory of majoriza-
tion to solve the smoothness scheduling problem in eledisicibution networks, while explicitly
targeting at the unique mathematical notion of smoothnésgthe best of our knowledge, this is
the rst work that introduces maojorization into electriceggy management in power grid, which
jointly considers smooth power scheduling, electric usggity provisioning on the user side,
and grid operating cost on the electric energy provider.slde effective electric power smooth-

ing solution provides a highly competitive solution fordue SG design and operations.

2.7 Conclusions

In this chapter, we addressed the problem of smooth elgmvier scheduling in a power dis-

tribution network. We introduced a deterministic model kaxacterize the complex relationship
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between demand and supply. A constrained nonlinear ogtiorz problem is formulated aim-
ing to minimize the electric power variation and satisfyrysewer usage quality. We developed
majorization-based algorithms for deriving smoothnegtgd schedules for the network, and a
distributed algorithm for dividing the power supply amohg users. Our simulation study shows
that the proposed algorithms can effectively reduce th& peaer, minimize the power variation,

and reduce the operating cost of the grid, while satisfyisegy power usage quality.
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Chapter 3
Adaptive Electricity Scheduling in Microgrids

3.1 Introduction

In this chapter, we designed a smart energy managementrsy/stslicrogrid (MG) by taking
advantage of the plug-and-play interfaces of smart grid. iS1&promising component for future
SG deployment. Due to the increasing deploymemistiibuted renewable energy resour¢esR-
ERs), MG provides a localized cluster of renewable energeggion, storage, distribution and
local demand, to achieve reliable and effective energylgwpith simpli ed implementation of SG
functionalities [4, 108]. We review the typical MG architere in Fig. 3.1, consisting of DRERS
(such as wind turbines and solar photovoltaic ceiggrgy storage systen(isSS), a communica-
tion network (e.g., wireless or powerline communicatidos)jnformation delivery, aMG central
controller (MGCC), and local residents. The MG has centralized contrth thie MGCC [108],
which exchanges information with local residents, ESS's] BRERSs via the information net-
work. There is a single common coupling point with the madhgwWhen disconnected, the MG
works in theislanded modeind DRERs and ESS's provide electricity to local residents. Whe
connected, the MG may purchase extra electricity from therawaid or sell excess energy back
to the market [3].

The balance of electricity demand and supply is one of thet inggortant requirements in
MG management. Instead of matching supply to demand, smargg management matches the
demand to the available supply using control technologyffep@ak pricing to achieve more ef -
cient capacity utilization [4]. In this chapter, we devebbpovel access control framework for MG
energy management, exploiting the two-way ows of eledtyi@and information. In particular,
we consider two types of electricity usage: (i) a pre-agiessic usagehat is “hard’-guaranteed,

such as basic living usage, and (ii) extra elagtiality usageexceeding the pre-agreed level for
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Figure 3.1: lllustrate the microgrid architecture.

more comfortable life, such as excessive use of air conwt®or entertainment devices. In prac-
tice, residents may set their load priority and preferemcelttain the two types of usage [89].
The basic usage should be always satis ed, while the quatge is controlled by the MGCC
according to the grid status, such as DRER generation, ES&)stéevels and utility prices. The
MGCC mayblock some quality usage demand if necessary. This can be imptethég incor-
porating smart meters, smart loads and appliances thatdjast @nd control their service level
through communication ows [3]. To quantify residents' isé&ction level, we de ne the outage
percentage of the quality usage@sality of Service in ElectricityQoSE), which is speci ed in
the service contracts. For example, the residents mayrmistdheir outage risk of quality usage
in return for paying an insurance premium, which is diff¢i&ted according to local residents
preferences [109] [109]. The MGCC adaptively schedulestrtéy to keep the QOSE below a
target level, and accordingly dynamically balance the ldachand to match the available supply.
In this chapter, we investigate the problem of smart enechgaduling by jointly considering
renewable energy distribution, ESS management, resaleleimand management, and utility mar-
ket participation, aiming to minimize the MG operation castl guarantee the residents' QoSE.
The MGCC may serve some quality usage with supplies from theR¥RESS's and macrogrid.

On the other hand, the MG can also sell excessive electhbeitk to the macrogrid to compensate
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for the energy generation cost. The electricity generaimu fenewable sources is generally ran-
dom, due to complex weather conditions, while the ele¢yridemand is also random due to the
random consumer behavior, and so do the purchasing anaigsptices on the utility market. It is
challenging to model the random supply, demand, and pricegssses for MG management, and
it may also be costly to have precise, real-time monitorihghe random processes. Therefore,
a simple, low cost, and optimal electricity scheduling sohehat does not rely on any statistical
information of the supply, demand, and price processesdvoeihighly desirable.

We tackle the MG electricity scheduling problem witH_-gapunov optimizatiompproach,
which is a useful technique to solve stochastic optimizatind stability problems [12]. We rst
introduce two virtual queues: QOSE virtual queues and hattgtual queues to transform the
QOSE control problem and battery management problem toegsiibility problems. Second, we
design an adaptive MG electricity scheduling policy basedh@ Lyapunov optimization method
and prove several deterministic (or, “hard”) performanoarls for the proposed algorithm. The
algorithm can be implementezhline because it only relies on the current system status, without
needing any future knowledge of the energy demand, supplypane processes and any future
information. The proposed algorithm also converges exptisley due to the nice property of
Lyapunov stability design [110]. The algorithm is evaluhtth trace-driven simulations and is
shown to achieve signi cant ef ciency on MG operation coshile guaranteeing the residents'
QOSE.

The remainder of this chapter is organized as follows. Wegethe system model and
problem formulation in Section 3.2. An adaptive MG eledtyischeduling algorithm is designed
and analyzed in Section 3.3. Simulation results are predesndd discussed in Section 3.4. We
discuss related work in Section 3.5. Section 3.6 concludeshapter.

The notations used in this chapter are summarized in Table 3.
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3.2 System Model and Problem Formulation

3.2.1 System Model
Overview

We consider the electricity supply and consumption in an MGlzown in Fig. 3.1. We as-
sume that the MG is properly designed such that a portioneoékictricity demand related to basic
living usage (e.qg., lighting) from the residents, ternbadic usagecan be guaranteed by the min-
imum capacity of the MG. There are randomness in both etéytsupply (e.g., weather change)
and demand (e.g., entertainment usage in weekends). Towthpthe randomness, the MG works
in thegrid-connectedanode and is equipped with ESS's, such as electrochemidalpasupercon-
ducting magnetic energy storage, ywheel energy storatge, Bhe ESS's store excess electricity
for future use.

The MGCC collects information about the resident demands, ®REpplies, and ESS levels
through the information network. When a resident demandexgéhe pre-agreed levelgaality
usagerequest will be triggered and transmitted to the MGCC. The MGGICthen decide the
amount of quality usage to be satis ed with energy from the BRSE:the ESS's, or by purchasing
electricity from the macrogrid. The MGCC may also decline sajuality usage requests. The
excess energy can be stored at the ESS's or sold back to thregnddor compensating the cost
of MG operation.

Without loss of generality, we consider a time-slotted systThe time slot duration is deter-
mined by the timescale of the demand and supply processeslleas how frequent the MG can

switch on and off to the macrogrid.

Energy Storage System Model

The system model is shown in Fig. 3.2. Consider a battery faitimkv independent battery
cells, which can be recharged and discharged. We assumih¢hlaatteries are not leaky and do

not consider the power loss in recharging and dischargingeshe amount is usually small. It is
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Figure 3.2: The system model considered in this chapter.
easy to relax this assumption by applying a constant peagerdn the recharging and discharging
processes. For brevity, we also ignore the aging effect @fthttery and the maintenance cost,
since the cost on the utility market dominates the operatost of MGs.
Let Ex(t) denote the energy level of tikeh battery in time slot. The capacity of the battery
is bounded as

EX" Ed(t) EX:8kt; (3.1)

whereE™ 0 is the maximum capacityg[™ 0 is the minimum energy level required for
batteryk, which may be set by the battery deep discharge protectiting® The dynamics over

time of E(t) can be described as
Ex(t+1) = Ex(t) Du(t)+ Rk(t);8k;t; (3.2)

whereRy(t) andDy(t) are the recharging and discharging energy for batkeny time slott,
respectively. The charging and discharging energy in éatd dlot are bounded as

8
20 Re(t) RI™; 8kt

, (3.3)

0 Dg(t) DF¥; 8kt

In each time slot, Ry (t) andD(t) are determined such that (3.1) is satis ed in the next tiroé sl
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Usually the recharging and discharging operations cammpebformed simultaneously, which

leads to

8
2 R(t)> 0) Dy(t)=0; 8k:t

S (3.4)

Di(t) > 0) Rg(t)=0; 8k;t:

Energy Supply and Demand Model

ConsidemN residents in the MG; each generates basic and quality iei¢ctisage requests,
and each can tolerate a prescrilmedage probability , for the requested quality usage part. The
MGCC adaptively serves quality usage requests at diffeeseld to maintain the QoSE as well
as the stability of the grid. The service of quality usage lbardifferent for different residents,
depending on individual service agreements.

Let , be theaverage quality usage arrival rat@and , a prescribed outage tolerance (i.e., a

percentage) for user. The averageutage ratefor the quality usage,,, should satisfy
n n n- (35)

At each time, the quality usage request from residems ,(t) 2 [0; '] units, whichis ani.i.d
random variable with a general distribution. The average i , = lim; (1=t) P tzé n( )
by the law of large number.

The DRERSs in the MG generat#(t) units of electricity in time slot. U(t) can offer enough
capacity to support the pre-agreleaisic usagen the MG, which is guaranteed by islanded mode
MG planning. due to complex weather conditions. The eledritransmitted over power trans-
mission lines. Without loss of generality, we assume thegvanansmission line is not subject
to outages and the transmission loss is negligible. [’¢t) be the pre-agreelasic usageor
residentn in time slott, which can be fully satis ed byJ(t), i.e., P 2‘:1 b(t)  U(t), for all t.

P
In addition, somejuality usagaequest ,(t) may be satis ed ifP (t) = U(t) N bt) 0.

n=1
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Let p,(t) be the energy allocated for the quality usage of residehte have

0 pa(t)  n(D): (3.6)

We de ne a functionl ,(t) 0 to indicate the amount of quality usage outage for resi-
dentn, asly(t) = ,(t) pn(t). Then the average outage rate can be evaluateq, as
lima:  (1=t) P o n(t).

The MGCC may purchase additional energy from the macrograskethrsome excess energy
back to the macrogrid. L&d(t) 2 [0; Qmax ] denote the energy purchased from the macrogrid and
S(t) 2 [0; Smax ] the energy sold on the market in time dlptvhereQmax andSyax are determined
by the capacity of the transformers and power lines. Sinisenibt reasonable to purchase and sell

energy on the market at the same time, we have the followingtcaints

8
2 Q(t)>0) S(t)=0; 8t o
> s(t)>0) Q)=0; 8t '
To balance the supply and demand in the MG, we have
X X X
P(t)+ Q)+  Dk(t) S(t) Re(t)= pa(t);8t (3.8)
k=1 k=1 n=1

Utility Market Price Model

The price for purchasing electricity from the macrogridime slott is C(t) per unit. The
purchasing price depends on the utility market state, sageak/off time of the day. We assume
nite C(t) 2 [Cmin ; Cmax ], Which is announced by the utility market at the beginningadth time
slot and remains constant during the slot period [111]. kénfirior work [111], we do not require
any statistic information of th€(t) process, except that it is independent to the amount of gnerg

to be purchased in that time slot.
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If the MGCC determines to sell renewable energy on the utitirket, the selling price from
the market broker is denoted W (t) 2 [Whin ; Wmax ] in time slott, which is also a stochastic
process with a general distribution and megnWe also assum@/ (t) is known at the beginning
of each time slot and independent to the amount of energy swloeon the market. We assume
Cmhax  Wmaxs Cmin Whin @andC(t) > W (t) for all t. That is, the MG cannot make pro t by
greedily purchasing energy from the market and then seldkhio the market at a higher price

simultaneously.

3.2.2 Problem Formulation

Given the above models, a control poligyt) = f Q(t); S(t); Rk(t); Dk (t); pn(t)gis designed
to minimize the operation cost of the MG and guarantee theEQ@i$he residents. We formulate

the electricity scheduling problem as

1 X1
minimize: lim = EfQ()C() S()W()g (3.9)
. .

st (3.1), (3.3), (3.4), (3.5), (3.6), (3.7), (3.8)

battery queue stability constraints.

Problem (3.9) is a stochastic programming problem, whezeuthity prices, utility generation of
DRERs, and utility consumption of residents are all randome 3blution also depends on the
evolution of battery states. It is challenging since thepdypdemand, and price are all general

processes.

Virtual Queues

We rst adopt abattery virtual queueX ¢ (t) that tracks the charge level of each battery

X ()= Ex(t) D™ EM VG 8Kt (3.10)
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max min max max
Ek E k R k D k

Co W is a constant for the trade-off between al-

whereO<V  Vpax = Ming

gorithm performance and ensuring the battery constralitis. constanV,,.x is carefully selected
to ensure the evolutions of the battery levels always gate&f battery constraints (3.1), which will
be examined in detail in Section 3.3.3.The virtual queuebsadeemed as a shifted version of the

battery dynamics in (3.2) as

X(t+1)= Xe(t) Di(t)+ Re(t): 8k:t: (3.11)

These queues are “virtual” because they are maintainedeoitBCC control algorithm. Unlike
an actual queue, the virtual queue backiogt) may take negative values.
We next introduce a conceptu@bSE virtual queu&,(t), whose dynamics are governed by

the system equation as

Zn(t+1)=[Zn(t) n a7+ 1a(); 8n;t: (3.12)

where[x]" = maxf 0; xg.

Theorem 3.1.If an MGCC control policy stabilizes the QoSE virtual quetygt), the outage

quality usage of residemt will be stabilized at the average QoSE rate , .

Proof. See Appendix B.1. ]

Problem Reformulation

With Theorem 3.1, we can transform the original problem)B1® a queue stability problem

with respect to the QoSE virtual queue and the battery \iquaues, which leads to a system
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stability design from the control theoretic point of view.eWave a reformulated stochastic pro-

gramming problem as follows.

)( 1
minimize: tIlilm % EfQ( )C() S()W()g (3.13)
' =0
s.t. (3.3),(3.4), (3.6), (3.7), (3.8)
battery and QoSE virtual queue stability

constraints.

Theorem 3.1 indicates that QOSE provisioning is equivaiestabilizing the QoSE virtual queue
Z,(t), while stabilizing the virtual queues (3.11) ensures thatlattery constraints (3.1) are sat-
is ed. We then applyLyapunov optimizatioto develop an adaptive electricity scheduling policy
for problem (3.13), in which the policy greedily minimize agunov drift in every slot to push

the system toward the stability.

3.2.3 Lyapunov Optimization

We de ne theLyapunov functiorfior system statg& t) = [ X (t); Z(t)]" with dimension(N +
K) 1lasfollows, inwhichX (t) = [X(t) Xk (@®)]" andZ(t) =[Zi(t) Zn()]T.

X X
LT =2 DXOF+ 5 Za(Ol; (3.14)
k=1 n=1

which is positive de nite, sinc& (T t)) > OwhenT t) 6 OandL(T t)) =0, T t)= 0. We

then de ne the conditional one slayapunov driftas

( TO)= EfL(Tt+1) LT OIT ve: (3.15)
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With the drift de ned as in (3.15), it can be shown that

1 Cx .
(1Y) = EE [(Xk(t+1))%  (Xi(t)FXu(t)]+
k=1
N )
[(Zn(t+1))2  (Zna(1)3Zn(t)]
n=1

B+ EfZ,()(1 ) o()jZa(t)g+

n=1
X
Ef Xk (t)(Re(t)  Di(t))jXk(t)g
k=1
b\
Ef (Zn(t) + n(1))pa(D)jZn(t)g; (3.16)
n=1

whereB = %P ¥ (maxf D" ; R g)2 + %P N @2+ 2)( M)2is a constant. See Ap-
plendix B.2 for the derivation of (3.16).

To minimize the operation cost of the MG, we adopt thét-plus-penalty methodil12].
Speci cally, we select the control polick(t) = fQ(t); S(t); Rk(t); Dk(t); pn(t)g to minimize the

bound on the drift-plus-penalty as:

( T+ VEIQMC() SHW()T t)g
right-hand-side of (3.16)

VEfQ(C(t) S(HWD)|T t)g; (3.17)

where0 < V Vinax IS de ned in Section 3.2.2 for the trade-off between stépitierformance
and operation cost minimization. Given the current viriga¢ue stateX(t) andZ,(t), market

pricesS(t) andW (t), available DRERs enerdgy(t), and the resident quality usage requegt),
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the optimal policy is the solution to the following problem.

xi
minimize: B+  [Z,()(@ ) o(D]+
n=1
VIQHC(t) SHW()]+
X
Xk (t)(Rk(t)  Dy(t))]
k=1
Xy
[(Za(t) +  n(t))pn(t)] (3.18)
n=1

st (3.3), (3.4), (3.6), (3.7), (3.8)

Since the control policA(t) is only applied to the last three terms of (3.18), we can frth
simplify problem (3.18) as

X
minimize: V[Q(t)C(t) S(t)W(t)] + Xk (t)(Rk(t)
k=1
X
Dy (t))] [(Zn(t) + ()P (t)] (3.19)

n=1

st (3.3), (3.4), (3.6), (3.7), (3.8)

which can be solved based on observations of the curremmystatd X (t); Z,(t); C(t); W(t); P (t);
n(t)g.

3.3 Optimal Electricity Scheduling

3.3.1 Properties of Optimal Scheduling

With the Lyapunov penalty-and-drift method, we transfonmlglem (3.13) to problem (3.19)
to be solved for each time slot. The solution only dependsherctirrent system state; there is
no need for the statistics of the supply, demand and priceggses and no need for any future
information. The solution algorithm to this problem is tharsonline algorithm We have the

following properties for the optimal scheduling.
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Lemma 3.1. The optimal solution to problem (3.19) has the following pies:
1. If Q(t) > O, we haveS(t) =0,

(@) If Xg(t) > VC(t), the optimal solution always selec®(t) = 0; if X(t) <

V C(t), the optimal solution always seledig(t) = 0.

(b) IfZ,(t) >V C(t) n(t), the optimal solution always seleqig(t) (1 ) n(t);
if Z,(t) <V C(1) n(t), the optimal solution always seleqig(t) = 0.

2. WhenQ(t) = 0, we have5(t) > 0,

(@) If Xy(t) > VW(t), the optimal solution always seled®&(t) = 0; if Xy(t) <

V W(t), the optimal solution always seleddx(t) = 0.

(b) IfZ,(t) >VW(1) n(t), the optimal solution always selegig(t) (1 ) n(t);
if Zn(t) <VW (1) n(t), the optimal solution always seleqig(t) = 0.

Proof. The proof of Lemma 3.1 is given in Appendix B.3. ]
Lemma 3.2. The optimal solution to the battery management problem hagdllowing proper-
ties:

1. If Xk (t) >  V Wqin, the optimal solution always seled®(t) = 0.

2. If Xy (t) < V GChax, the optimal solution always seleddx(t) = 0.

Proof. The proof of Lemma 3.2 is given in Appendix B.4. n

Lemma 3.3. The optimal solution to the QOSE provisioning problem hastiowing properties:
1. If Z,(t) >V Chax, the optimal solution always selegs(t) (1 1) n(b).
2. IfZ,(t) <VWqnin max » the optimal solution always selegqig(t) = 0.

Proof. The proof of Lemma 3.3 is given in Appendix B.5. n
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Lemma 3.1 provides useful insights for simplifying the alton design, which will be dis-
cussed in Section 3.3.2. The intuition behind these lemmasga-fold. On the ESS management
side, if either the purchasing pri€4t) or the selling pric&V (t) is low, the MG prefers to recharge
the ESS's to store excess electricity for future use. On therchand, if eitheC(t) or W(t) is
high, the MG is more likely to discharge the ESS's to redu@amount of energy to purchase
or sell more stored energy back to the macrogrid. On the Qa8#sgoning side, if eitheC(t)
or W(t) is high and the quality usage,(t) is low, the MG is apt to decline the quality usage for
lower operation cost. On the other hand, if eit@4€t) or W (t) is low and (t) is high, the quality

usage are more likely to be granted by purchasing more emetgyiting the sell of energy.

3.3.2 MG Optimal Scheduling Algorithm

In this section, we present the MG control poligyt) to solve problem (3.19). Given the
current virtual queue stafeX «(t); Z,(t)g, market price<C(t) andW (t), quality usage ,(t) and
available energy (t) from the DRERS for serving quality usage, problem (3.19) caddmm-
posed into the following two linear programming (LP) suliglems (since one @&(t) andQ(t)

must be zero, see (3.7)).

X
minimize:V Q(t)C(t) +  [Xk()(Re(t) Dy (1))]
k=1

X
(Za(t) + (1) Pa(1)) (3.20)

n=1

s..S(t) = 0;(3.3), (3.4), (3.6), (3.8).

X
minimize: VS(H)W(t)+  [Xu(t)(R(t) Dy (t))]
k=1

X
((Za(t) + (1)) Pa(t)) (3.21)

n=1

s.t. Q(t) = 0;(3.3), (3.4), (3.6), (3.8).
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Algorithm 3: Adaptive Electricity Scheduling Algorithm

1 MGCC initializes the QOSE target tq and the virtual queues backlogg(t) andX(t),

for all n andk ;
2 while TRUEdo
3 Residents send usage request (with basic and quality usay3€C via the
information network ;
4 MGCC solves LPs (3.20) and (3.21) ;
MGCC selects the optimal solutig®(t) comparing the solutions to (3.20) and (3.21) ;
MGCC updates the virtual queus(t) andZ,(t) according to (3.11) and (3.12), for
alln andk ;
7 end

In sub-problem (3.20), we s&(t) = 0 if X«(t) > VC(t), andDy(t) = 0 if Xi(t) <
V C(t) according to Lemma 3.1. Also, #,(t) <V C(t) (1), we setp, (t) = 0; otherwise,
we reset constraint (3.6) to a smaller search spag#& of ,) ,(t) pn(t) n(t). We take a
similar approach for solving sub-problem (3.21) by replgcC (t) with W (t). Then we compare
the objective values of the two sub-problems and select thre mompetitive solution as the MG

control policy. The complete algorithm is presented in Alitjon 3.

3.3.3 Performance Analysis

The proposed scheduling algorithm dynamically balancesromimization and QoSE provi-
sioning. It only requires current system state informagian, as an online algorithm) and requires
no statistic information about the random supply, demand,f@ice processes. The algorithm is

also robust to non-i.i.d. and non-ergodic behaviors of toe@sses [113,114].

Theorem 3.2. The constraint on the ESS battery leggi(t), E"" Ex(t) EQ®, is always

satis ed for all k andt.

Proof. The proof of Theorem 3.2 is given in Appendix B.6.
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Theorem 3.3. The worst-case backlogs of the QoSE virtual queue for eadtieres is bounded
by Z,(t) ZM = VChax + [, for all n, t. Moreover, the worst-case average amount of

outage of quality usage for residemtn a periodT is upper bounded b¥ "> + T , &,

Proof. The proof of Theorem 3.3 is given in Appendix B.7.

Theorem 3.4.The average MG operation cost under the adaptive elecgrsmheduling algorithm

P
in Algorithm3,y , is bounded ag ~ yop + B=V, whereB = B + N zmax(1 ) max,
Proof. The proof of Theorem 3.4 is given in Appendix B.8. ]

It is worth noting that the choice df controls the optimality of the proposed algorithm.
Speci cally, a largeV leads to a tighter optimality gap. However, from the prooThéorem 3.2,

V is limited by Vihax, Which ensures the feasibility of the battery constraifthis is actually a
similar phenomenon to the so-callpdrformance-congestion trade-¢#15]. Through the de -
nition of Vnax (See Section 3.2.2), it can be seen that if we invest more @imthvidual storage
components for a larger ESS capacity, the proposed algotn achieve a better performance
(i.e., a smaller optimality gap).

It is also worth noting that all the performance bounds ofghsposed algorithm are deter-
ministic, which provide “hard” guarantees for the performoa of the proposed adaptive scheduling
policy in every time slot. Unlike probabilistic approachése proposed method provides useful
guidelines for the MG design, while guaranteeing the MG apen cost, grid stability, and the

usage quality of residents.

3.4 Simulation Study

We demonstrate the performance of the proposed adaptive IBt&ieity scheduling algo-
rithm through extensive simulations. We simulated an MG®@0residents, where the electricity

from DRERs is supplied by a wind turbine plant. We use the rebenenergy supply data from the
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Western Wind Resources Dataset published by the NationavWiRédate Energy Laboratory [116].
The ESS's consists dfOOPHEYV Li-ion battery packs, each of which has a maximum capadi
16 kWh and the minimum energy level @ The battery can be fully charged or discharged within
2 hours [117].

The residents' pre-agreed power demand is uniformly dhsted in R kW, 25 kW], and the
quality usage power is uniformly distributed i@, [LO kW]. The MG works in the grid-connected
mode and may purchase/sell electricity from/to the maatogrhe utility prices in the macrogrid
are obtained from [118] and are time-varying. We assumeehgsce by the broker is random
and below the purchasing price in each time slot. The timedsimation isL5minutes. The MGCC
serves a certain level of quality usage according to thetagaglectricity scheduling policy. The
QOSE target is set to, = 0:07 for all residents. The control parametenis= Vpax, unless

otherwise speci ed.

3.4.1 Algorithm Performance

We rst investigate the average QoSEs and total MG operatast with default settings for a
ve-day period. We use MATLAB LP solver for solving the sulbgblems (3.20) and (3.21). For
better illustration, we only show the QOSEs of three rangochlosen users in Fig. 3.3. It can be
seen that all the average QoSEs converge to the neighbodidbd8 within 200slots, which is
close to the MG requested criterig= 0:07. In fact the proposed scheme converges exponentially,
due to the inherent exponential convergence property ipluyav stability based design [110].

We also plot the MG operation traces from this simulationim B.6. The energy for serving
quality usage from the DEREs are plotted in Fig. 3.6(A). It barseen that the DRERs generate
excessive electricity from sld50to 200 which is more than enough for the residents. Thus,
the MGCC sells more electricity back to the macrogrid andiabtsigni cant cost compensation
accordingly. In Fig. 3.6(B), we plot the traces of electyiditading, where the positive values
are the purchased electricity (marked as brown bars), amaegative values represent the sold

electricity (marked as dark blue bars). The MG operatioriscasge plotted in Fig. 3.6(C). The
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Figure 3.3:Average QoSEs of three residents € Vimax ).

curve rises when the MG purchases electricity and falls wherMG sells electricity. From slot
150to 200 the operation cost drops signi cantly due to pro ts of sl excess electricity from
the DEREs. The operation cost#81810by the end of the period, which means the net spending
of the MG is$418100n the utility market.

We then examine the energy levels of the batteries in Fig.\8&lonly plot the levels of three
batteries in the rst50time slots for clarity. The proposed control policy chargesl discharges
the batteries in the range 6fto 16 kWh, which falls strictly within the battery capacity limitt
can be seen that the amount of energy for charging or disicigairg one slot is limited by kwWh
in the gure, due to the short time slots comparing to Babour fully charge/discharge periods.
For longer time slot durations and batteries with fastergévaischarge speeds, the variation of
the energy level in Fig. 3.4 could be higher. However, TheoB8e2 indicates that the feasibility of
the battery management constraint is always ensured, dahtol parametey satis es0 <V
Viax -

We next evaluate the performance of the proposed adaptiveot@algorithm under different
values of control paramet&f. For different values/ = fVyax; Vinax =2; Vimax =49, the QoSEs

are stabilized a0:081, 0:061, and0:055 and the total operation cost ard1810, $62569, and
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Figure 3.4:Energy levels of three Li-ion batterie¥ (= Vimax )-

$71775, respectively. We nd the QOSE decreases frOi81 to 0:055 while the total oper-
ation cost is increased fromd$810 to $71775, asVmnax IS decreased. This demonstrates the
performance-congestion trade-off as in Theorem 3.4: &tAfdeads to a smaller objective value
(i.e., the operating cost), but the system is also penabyeallarger virtual queue backlog, which
corresponds to a higher QoSE. On the contrary, a smdlii@avors the resident quality usage, but
increases the total operation cost. In practice, we caotslgroper value for this parameter based
on the MG design speci cations.

It would be interesting to examine the case where the redequire different QOSEs. We
assumeb residents with a service contract for lower QoSEs. We pletaverage QoSEs of three
residents withV = Vi ax =2 in Fig. 3.5. Resident prefers an outage probability = 0:02, while
residents2 and 3 require an outage probabilit, = 3 = 0:07. It can be seen in Fig. 3.5 that

residentl's QOSE converges @015 while the other two residents’ QOSESs remains arodigé3

3.4.2 Comparison with a Benchmark

We compare the performance of the proposed scheme with stieG electricity control

policy (MECP), which serves as a benchmark. In MECP, the MGCCKslquality usage requests
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Figure 3.5:Q0SEs for three residents with different service contraéts (Vimax =2).

simply by tossing a coin with the target probability. We use= 0:03in the following simulations.
If there is suf cient electricity from the DRERS, all the quglusage requests will be granted and
the excess energy will be stored in the ESS's. If there i$ &ty surplus energy, the MGCC
will sell it to the macrogrid. If there is insuf cient elecatity from the DRERS, the ESS's will
be discharged to serve the quality usage requests. The MGI{L@uichase electricity from the
macrogrid if even more electricity is required. Finallythva prede ned probability, e.g0:5 in
the following simulation, the MG purchases as much energyoasible to charge the ESS's.

We run100simulations with different random seeds for a seven-daipgekVe assume in the
rst ve days the resident behavior is the same as previodaulesettings. In the last two days,
we assume the residents are apt to request more electiécgy, (nore activities in weekends)
We assume in the last two days the resident pre-agreed bsesye power demand is uniformly
distributed from5 kW to 35 kW. The quality usage power is uniformly distributed fréhto 20
KW.

We nd that the proposed algorithm ear84727 from the utility market (with95% con-
dence interval[95065;94389]). The prot mainly comes from the abundant DRER generation
in the last two days, as shown in Fig. 3.7. MECP only e&38974 from the market (witt95%
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Figure 3.6: MG operation traces of the proposed algorithniHfe5-day period.
con dence interval387.96; 371:52]), which is60% lower than that of the proposed control pol-
icy. We also nd that the QoSEs under the proposed contratpoemains aboud:025 which is
lower than the criteria,, = 0:03. This is because there are a sudden price jump $a#MWh
to $356MWh in the afternoon of the last day. This sharp incrementdase<,.x eight times

and decreases the value\Gf,x . Due to the performance-congestion trade-off, the QoSEgrhe

smaller (lower than MECP'8:03level).

3.5 Related Work

SG is regarded as the next generation power grid with two-wasg of electricity and in-

formation. Several comprehensive reviews of SG technetogan be found in [3,4]. Recently,
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Figure 3.7: MG operation traces of proposed algorithm ferfaay period.

SG research is attracting considerable interest from theanking and communications commu-
nities [119-124]. For example, the design of wireless comipation systems in SG is studied
in [120]. The authors of [121, 122] explore the importantel@iss communication security issues
in smart grid. The energy management and power ow contréhéngrid is investigated in [119]
to reach system-wide reliability under uncertainties. frequency oscillation in power networks
is studied in [123] by epidemic propagation and a social ndtwased approach. The electric
power management with PHEVs are examined in [124].

Microgrid is a new grid structure to group DRERs and local resid loads, which provides
a promising way for the future SG. In [108], the authors reviee MG structure with distributed

energy resources. In [125], the integration of random wiodigr generation into grids for cost

72



effective operation is investigated. In [126], the autimgpose a useful online method to discover
all available DRERs within the islanded mode mircogrid andpote a DRER access strategy. The
problem of optimal residential demand management is duidi¢92], aiming to adapt to time-
varying energy generation and prices, and maximize use¥ bdn [127], the authors investigate
energy storage management with a dynamic programming agiprd he size of the ESS's for MG
energy storage is explored in [128].

Lyapunov optimization is a useful stochastic optimizatioethod [12]. It integrates the Lya-
punov stability concept of control theory with optimizatiand provides an ef cient framework
for solving schedule and control problems. It has been widséd and extended in the communi-
cations and networking areas [12,112]. In two recent woilkd[129], the Lyapunov optimization
method is applied to jointly optimize power procurement dgdamic pricing. In [114], the au-
thors investigate the problem of pro t maximization for dgltolerant consumers. In [129], the
authors study electricity storage management for dateecgrdiming to meet the workload re-
guirement. Both of the work are designed based simgleenergy consumption entity model.

In this chapter, we investigate a novel smart energy managesystem for MGs based on the
concept of QoSE, which is different from above work. By jontbnsideringmultiple residents,
ESS's and utility market participation, the adaptive alety scheduling policy is designed with
Lyapunov optimization for ensuring the quality of serviddtme electricity usage and minimizing

the MG operation cost.

3.6 Conclusion

In this chapter, we developed an online adaptive eleatrexteduling algorithm for smart
energy management in MGs by jointly considering renewabkrgy penetration, ESS manage-
ment, residential demand management, and utility marketicgeation. We introduced a QoSE
model by taking into account minimization of the MG operataost, while maintaining the out-
age probabilities of resident quality usage. We transforthe QoSE control problem and ESS

management problem into queue stability problems by inicod) the QoSE virtual queues and
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battery virtual queues. The Lyapunov optimization methed applied to solve the problem with
an ef cient online electricity scheduling algorithm, whidas deterministic performance bounds.

Our simulation study validated the superior performanchefproposed approach.
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Table 3.1: Notation for Chapter 3

Symbol Description
N total number of residents
K total number of batteries
T total number of slots
Ex(t)  energy level for batteri at time slott
Rk(t)  recharging energy for battekyat time slott
Dy(t) discharging energy for battekyat time slott
EQ® maximum battery energy level for batteky
Enin minimum battery energy level for batteky
R maximum supported recharging energy for baktar a slot
D& maximum supported discharging energy for batteny a slot
n average quality usage arrival rate for resident
n average outage rate of quality usage for residentMG
n target QoSE for residemtin MG
n(t) guality usage of residentsin time slott
ax maximum quality usage of residemtn a single slot
B(t) basic electricity usage of residamin time slott
P(t) available electricity from DRERSs to supply quality usage in
time slott
U(t) electricity generated from DRERs in time stot
Q(t) electricity purchased from macrogrid in time stot
S(t) electricity sold on the market in time slot
pn (1) electricity to the residemt
C(t) purchasing price on the utility market in time stot
W (t) selling price ob the utility market in time slot
In(t) indicator function for outage events of quality usage of
residentn in time slott
Chmin minimum purchasing price of utility from macrogrid
Crnax maximum purchasing price of utility from macrogrid
Whin minimum selling price of utility to macrogrid
Wnax maximum selling price of utility to macrogrid
Xk(t)  battery virtual queue for the batteky
Z,(t)  QOSE virtual queue for the residemt
11 states of the virtual queueg,(t) andZ,(t)
L() Lyapunov function
(1) Lyapunov one step drift
A(t) proposed scheduling policy includirg@(t); S(t); Rk (t),
D\ (t) andpn (t)
y optimal objective value of problem (3.19)
A@)  relaxed scheduling policy for problem (B.6)
i optimal objective value of problem (B.6)
Yopt optimal objective value of problem (3.9)
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Chapter 4

Overview of Green Video Streaming over Celluar Networks aadable Bit Rate Video

4.1 Green Video Streaming over Celluar Networks

Besides the redesign of the electricity delivery networkss equally important to study the
energy ef ciency at the demand side. The rapid proliferatd information and communications
technology(ICT) infrastructures continuously contribute to the ollezarbon footprint and bring
the intensity of “green” communications to the research mamity. Among various green com-
munication technologies, we focus on the energy ef cientpase station¢BS's) for downlink
video streaming. This is due to the expected surge in wselaeo data, as well as the drastic
increase in the deployment of BS's. Itis reported that, inpac®l cellular network, more thas0%
of the total power consumption is directly attributed to BRipqent [11]. At every yead 20 000
BS's are added, catering to t880million to 400million new mobile phone users adopting mobile
services around the world [130]. Furthermore, Many wirglegerators have launched femtocell
service recently, such as AT&T, Sprint, Verizon, and Voda&foThe wide adoption of femtocells
will greatly intensify the proliferation of BS's. Therefagrany small improvement in the energy ef-
ciency of video coding or wireless video streaming systeiti ne ampli ed by the huge volume
of wireless video data and number of BS's deployed, and wsllitan considerable environmental
impact. Considerable savings on electrical bills could heen@d for wireless operators when the
power of BS's is minimized for video streaming. The reduceztglcity consumption will also
bring about important improvement in the overall carbontfoiot of the wireless industry and
achieve the goal of “green” communications.

In the following chapters, we consider the challenging perbof streaming multiuserari-
able bit rate(VBR) videos in the downlink of cellular networks. This is matied by the fact that

VBR video offers stable and superior quality owemstant bit ratf CBR) videos. Furthermore,
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(a) Frame 1, VBR (b) Frame 29, VBR (c) Frame 1, CBR (d) Frame 29, CBR

Figure 4.1: Perceived quality of VBR and CBR vide&sptball video coded with an H.264 codec.

many stored video content are coded in the VBR format. It isoirtgmt to support such stored
VBR video over existing wireless networks without the needifanscoding.

VBR video has stable visual quality for the frames, but at th&t of large variations in the
bit rate, while CBR video maintains a stable bit rate, but thenes have large variations in visual
quality. This is illustrated in Fig. 4.1, where the 15 fipsotball sequence is encoded using an
H.264 codec. Both VBR and CBR videos are encoded at the appreljmrstme bit rate (250
kb/s). It can be seen that although the two Frame 1s haveasimgual quality, CBR Frame 29
looks worse than VBR Frame 29 when there is high motion. Howeve may also observe that
the sizes of frames of VBR video have much larger variation thase of CBR video in Fig. 4.2.
It can be noted that the frame size varies in CBR from frame 45toThat is because that the
content on the video switches from the high motion playetbécstatic eld, and this simple scene
is kept from frame 42 to frame 43, which allows the rate cdralgorithm to choose smaller frame
sizes. Starting from frame 44, the players come back to teeesdhus the larger frame sizes are
selected to compensate the rate decrease in previous ftarkesp the average rate constant.

The following chapters distinguish themselves from othreargy ef cient designs over wire-
less networks in the following aspects: First, instead ofigreaware mobile video devices, we
focus on the BS power ef ciency when transmitting multiusetens. As mentioned before, the
BS equipment consumes more tH#%60f the total power in a typical cellular network. Thus, it is
important to improve the BS energy ef ciency to achieve thalgg green communications. Sec-
ond, we explicitly investigate streaming of multiple VBR gms. VBR videos can offer constant
and better QoE over CBR videos with the same bit budget. How&®R videos are notori-

ously dif cult to schedule and control in wireless networldiie to the high variability and the
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Figure 4.2: Frame size of VBR and CBR vide#sotball video coded with an H.264 codec.

complex autocorrelation structure [131-133]. Third, wedhe control and optimization ap-
proach to optimize the BS energy allocation as well asgiinity of experienc€QoE) of users,
by jointly considering power control, wireless channel d@ition, playout buffer constraints, and

playout deadlines.

4.2 VBR Video System Model

Itis a challenging problem to support VBR video traf ¢, whihfound to exhibit both strong
long-range and short-range-dependence [131, 132]. lingin@l to develop parsimonious traf c
models that can accurately capture the auto-correlatioctste. The large frame size variations
may cause frequent playout buffer under ow or over ow [134o address this issue, we adopt
a deterministic traf c modefor stored VBR video, which considers frame size, frame ratel
playout buffers [54, 95, 135, 136]. Unlike prior work thatfscused on a single video session
over a given CBR or VBR channel, we exploit power control, a ueigapability in wireless
networks, to adjust the downlink capacities based on pmomkedge of frame sizes and playout

schedules. Usually large frames are rarely transmittedllsameously. Thus jointly optimizing
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Figure 4.3: Transmission schedules for VBR video session

the BS transmit powers is, in some sense, analogous to is@tistultiplexing VBR videos in the
cellular networks.

A stochastic model capturing the auto-correlation stmgctften requires a large number of
parameters, and is thus hard to be incorporated for scimgdrdal-time video data. To this end,
we adopt adeterministic modethat considers frame sizes, playout buffers, and sche®3k [
Let Di(t) denote thecumulative consumption curve thei-th user, representing the cumulative
amount of bits consumed by the decoder at ttm&he cumulative consumption curve is deter-
mined by video characteristics such as frame sizes and eatdplayout schedule. Assume user
has a playout buffer of sizg bits and its video hals; frames. We can deriveamulative over ow

curvefor useri as

Bi(t) =minfD;(t 1)+ h;Di(Lj)g; 0 t L;: (4.2)

Bi(t) is the maximum number of cumulative received bits at tinvdthout over owing useri's
playout buffer. Finally we de necumulative transmission cur€;(t) as the cumulative amount

of bits transmitted to userat timet. To simplify notation, we assume the video sessions have
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identical frame rate and the frame intervals are synchezhiZ hus a time sldtis equal to the-th
frame interval, denoted asfor0 t maxfL;g:*

SinceD;(t), Bi(t) andX;(t) are cumulative curves, they are all nondecreasing furetidn
time. The three curves for userare illustrated in Fig. 4.3. A feasible transmission schealuill
produce a cumulative transmission cuk/gt) that lies withinD; (t) andB;(t), i.e., causing neither
under ow nor over ow at the playout buffer. In practic®;(t)'s are known for stored videos and
are delivered to the BS's (or a centralized video schedulerind the session setup phase, and
Bi(t)'s are then derived as in (4.1).

This deterministic VBR video model will be adopted in followj chapters.

IThis assumption can be relaxed for more general cases. For bxdfipe frame rates are different, we can use a time slot durdbat is
equal to the greatest common divisor of all the frame intervaitsof too small). If the frame intervals are not synchronizadime slot can be a
fraction of a frame interval within which thB; (t)'s of all the videos remain constant. In fact, the time slot tlaracould be arbitrary as in [50]
(i.e., equal to multiple frame intervals). Since the cumutativer ow and consumption curves are known, we can still deiee the upper and
lower bounds for the transmission rate in each time slot. Thblpm formulation and proposed solution procedures to lrdied in the following
sections apply to these cases.
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Chapter 5

Downlink Power Allocation for Stored Variable-Bit-Rate Vioe Cellular Network

5.1 Introduction

In this chapter, we present a downlink power control framdgwor streaming multiplesari-
able bit rate(VBR) videos in a cellular network with intracell interferencWith the determin-
istic VBR video traf c model 4.2, we formulate an optimizatigoroblem that jointly considers
donwlink power control, intra-cell interference, VBR vid&af ¢ characteristics, playout buffer
under ow and over ow constraints, and base station (BS) pgaker constraint. The objective is
to maximize the total throughput, which can achieve higlyqla buffer utilization. As a result,
playout buffer under ow or over ow events can be minimizeWe analyze the convex/concave
regions of the formulated problem and develop a two-stepniiok power allocation algorithm
for solving the problem. We also develop a distributed atgor based on the dual decomposition
technique from convex optimization, in order to reduce thetwl| and computation overhead at
the BS. We evaluate the performance of the proposed digdlalgorithm with simulations using
VBR video traces. Our simulation results verify the accurakcthe analysis and demonstrate the
ef cacy of the proposed algorithms.

The remainder of this chapter is organized as follows. Therdenistic VBR video model is
introduced in Section 4.2. The system model is presente@aticéh 5.2. We develop a two-step
algorithm to solve the power allocation problem in Sectidd, &nd a distributed algorithm based
on dual decomposition in Section 5.4. Simulation resukspesented in Section 5.5 and related
work are discussed in Section 5.6. Section 5.7 conclude<ttapter.

The notation used in this chapter are summarized in Table 5.1
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Table 5.1: Notation for Chapter 5

Symbol Description
N total number of users in a cell
L processing gain
interference proportion
U set of users sharing the same channel
Th total number of frames for usearvideo
b, playout buffer size of user
Dn(t) cumulative consumption curve at user
Xn(t) cumulative transmission curve at user
Bn(t) cumulative over ow curve at user
P(t) BS transmit power vector in time slot
Pmax max. power allocation vector without over ow
Pmin min. power allocation vector without under ow
P peak power constraint for the BS's
Pmin sum of the elements By
P in ection power vector
5 optimal power vector
G, path gain from BS to user
Bw channel bandwidth
duration of a time slot
n noise power at user
Cn capacity from the base station to user
Bw Channel bandwidth
Constant for the proof of Lemma 5.2
PYt); P%t) Aucxiliary power allocation in the Lemma 5.2 proof
Aq Ratio of noise power and channel gain of user
pth Minimum betweerP," andP,,
) Stepsize of stepin (5.26)
M; M; () Stepsize of stepin (5.29)
n(t) SINR at usenn, in time slott
min-(t) minimum SINR corresponding 18" (t)
(1) max. SINR for useun, without over ow
th receiver sensitivity at user
F N N matrix de ned in (5.13)
- Lagrange Multipliers
L Lagrange function

5.2 System Model and Problem Formation

We consider the downlink of a cellular network. In the ceB&streams multiple VBR videos

simultaneously to mobile users in the cell, which share thendink bandwidth. We assume the
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last-hop wireless link is the bottleneck, while the wiredgreent of a session path is reliable with
suf cient bandwidth. Thus the corresponding video datalvgags available at the BS before
the scheduled transmission time. Tdeterministic VBR video model adopted as indicated in
Section 4.2.

We consideN subscribers in the cell and letdenote the set of users. In each time s)ohe
BS transmits to each usemwith powerP, (t) and thepower allocatioris P (t) = [ P1(t);  ;Pa(t)]".
We also consider maximum transmit poweonstraint®, i.e.,P nou Pn(t) P, forallt. When
the power allocatiof (t) is determined, th8ignal to Interference-plus-Noise Rafl®INR) at user

n can be written as [50, 137]

LnGn Pn (t)

n(P(1) = PkgnGnPk(t)"' -

(5.1)

whereP, is the power allocated to usar G, is the path gain between the BS and user, is
the noise power at user, L, is a constant for user (e.g., processing gain), anddenotes the
orthogonality factor, with0 1. In this chapter, we consider the case= 1, where the
SINR of a user not only depends on its own power allocationatga the power allocations of
other users.

We assume slow-fading channels such that the path gainstdchange within each time
slot [50]. The downlink capacitZ, (t) depends on the SINR at usgerthe channel bandwidtB,,,
and the transceiver design, such as modulation and chaoati@lgc Without loss of generality, we

use the upper bound as predicted by Shannon's Theorem:

Ca(P(1)) = Bwlog 1+ o(P(1) : (5.2)

In time slott, C,(t) bits of video data will be delivered to user The cumulative transmis-
sion curveX ,(t) is

Xn(0)=0; Xn(t)= Xa(t 1)+ Ca(t) : (5.3)
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For a feasible power allocation, the cumulative transraissurves should satisfy

Dn(t) Xn(t) Bp(t); foralln;t; (5.4)

i.e., without causing playout buffer under ow or over ow.

From (5.2) (5.4), the lower and upper limit on the feasible SINR at usean be derived as

8 n 0
2 min () = max  exp maXfO;D"étv)v Xat Dg .
S n o] (5.5)

mex(t) = exp SO e D

where I is the minimum SINR requirement imposed by the transceiesigh. ™" (t) is the
SINR that the just empties the buffer at the end of time slatithout causing under ow; "® (t)
is the SINR that just lIs up the buffer at the end of time slptvithout causing over ow.

Generally, feasible power allocatid¥(t) is not unique for a given set of VBR video sessions.
Among the set of feasible solutions, a schedule that trassmore data is more desirable since
it provides more exibility for optimizing future power alkcations. We formulate the problem of

optimal downlink power control for VBR videos, termed prabld, as

X
(A) maximize log(1+ n(t)) (5.6)
n2U
subject to:
LnGnPn(t)
NOER> : foralln 5.7
() k& n ank(t)+ n ( )
gy (t) M(t); foralln (5.8)
X
P, P: (5.9
n2uU

In problemA, the objective is to achieve the maximum buffer uitilizatiat the users, under
playout buffer under ow and over ow constraints and BS maxim transmit power constraints.
This is a nonlinear nonconvex problem, to which traditiar@ivex optimization techniques cannot

directly apply. Due to the large variability of VBR traf ¢, hSINRs may assume values ranging
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from very low to very high, to avoid playout buffer under ownd over ow. Thus the existing
high SINR approximation [59] and low SINR approximation § 3echniques cannot be directly

applied.

5.3 Two-Step Downlink Power Allocation

In problemA, we consider an interference-limited system, where thaagpof downlinkn
depends on the power allocations for all the users. In tHewiailg, we rst derive conditions for
the optimal solution, and then present a two-step powecation algorithm for solving problem

A.

Lemma 5.1. If there exists a feasible power allocatié(t) that achieves ' (t) for all n, the

solution is optimal.
Proof. See Appendix C.1. n

Lemma 5.2. If the upper limit ' (t) cannot be achieved for every userthen the optimal power

P
allocationP(t) satises | ,, Pn(t) = P.

Proof. See Appendix C.2.
O

We have the following result for the optimal solution of plerin A, which directly follows

Lemmas 5.1 and 5.2.

Theorem 5.1. A solution to problenA is optimal if (i) it achieves the maximum SINR® (t) for

all n; or (ii) its total transmit power isP.
Proof. By Lemmab.1 andLemmab.2, it is straightforward to obtain the result. n

Theorem 5.1 implies that we can examine the SINR (or bufi@nstraints and the peak power

constraint separately. In the rest of this section, we prteséwo-step power allocation algorithm
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for solving problemA. We rst examine problenA under condition (i) in Theorem 5.1, to obtain

problemB as

Ln,GnPn(t)
kén ank(t) *t o

(B) ()= P ; for all n; (5.10)

subject to:

P, P: (5.11)

In problemB, (5.10) is a system of linear equations of power allocaBgh). Rearranging

the terms, we can rewrite (5.10) in the matrix form as:
(I F)P()=4; forP(t) 70 (5.12)

wherel is theidentity matrix F isaN N matrix with

8
2 0; ifn=m

> .
- M®=L,; otherwise

andd=[ 1 "™=L,G1; 2 7**=L,Gy; N ;r\lnaX:LnGN]T-
Since all the variables are nonnegatikeis a non-negative matrix. According to the Perron-

Frobenius Theorem, we have the following equivalent statem[47]:

Fact 5.1. The following statements are equivalent: (i) there exitsesitde power allocation sat-
isfying (5.12); (ii) the spectrum radius & is less than 1; (iii) the reciprocal matrig F) =

Lo (F)" exists and is component-wise positive.

Based on Theorem 5.1 and Fact 5.1, we deriveritestep of the two-step power allocation
algorithm, as given in Algorithm 4. If problem is solvable, the Step I algorithm in Algorithm 4

produces the optimal solution for probleaccording to Theorem 5.1. Otherwise, we derive
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Algorithm 4: Two-Step Power Allocation Algorithm: Step |

1 BS obtaingdy,, Dy, andBy,, and computes'® for all usern;
2 BS tests the existence of feasible solutions using (5.12);
3 if (5.12) is solvablehen

4 | Compute its solutio® (t);

5 else

6 \ Go to Step Il of the algorithm, as given in Algorithm 5;
7€

8 if oy Pn(t) P then

o | Stop with the optimal solutiof (t);
10 else
11 \ Go to Step Il of the algorithm, as given in Algorithm 5;
12 end

problemC by applying Lemma 5.2, as

(C) maximize X log(1+ (t)) (5.14)
subject to: "
0= 5 LF:E)(? A foralln (5.15)
PN (t)  Pa(t) PM*(t);foralln (5.16)
: Pn(t) = P; (5.17)
n2u

whereA, = =G, is the ratio of noise power and channel gain, representiagtiality of the
usern downlink channelP™" (t) andP"¥ (t) are solved from (5.8) and (5.15), as

8
TR = NP+ A)La+ )

S (5.18)

Pro(t) = T(P + An)=(Ln+ T%):

Since the total transmit power B, the objective value in (5.14) and the SINR in (5.15) for
each user only depends on its own power. Note that all thetimonts are now linear. To solve
problemC, we examine the objective function to see if it is convex. Watdime indext in the

following for brevity.
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Figure 5.1: Normalized capacity curves and in ection psifar a two-user system, where lidk
has better quality than ling, i.e. A; <A ,.

Lemma 5.3. The capacity of each user, C,, has onen ection point P,,: whenP, <P, C, is

in concave; whe, > P, C, is convex.
Proof. See Appendix C.3. n

The normalized capacities for a two-user system is plotteBig. 5.1, with the in ection
points marked. It can been observed that the curves are womgathe left hand side of the
in ection points and convex on the right hand side of the ictien points. The processing gain is
usually large for practical systems (e.g, = 128 in IS-95 CDMA). We assume 1lin the

following analysis.

Theorem 5.2. For problemC, there can be at most two links operating in the convex redion i

L, (4P +6A,)=(P +3A,).
Proof. See Appendix C.4. O

For a clean channel whefg, O,L, 4 will guarantee at most two links operating in the

convex region. The following results are on the impact ofrcte qualityA, = ,=G,.
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Theorem 5.3. For a givenL,, the in ection pointP, is an increasing function of,. For two
linksi andj with the same transmit powé, if A; < A;, we haveC;(P;A;) > C;(P;A;) and

S(PiiAI) @C(P; Ai):
@CE@P djp-p > %JPFP > 0.

Proof. See Appendix C.5. ]

Theorem 5.3 shows that, for two links in the convex regiorwiite same initial poweP,
allocating more power to the link with better quality can i@ek larger objective value than alter-
native ways of splitting the power between the two links.(ia&hieving the multi-user diversity
gain). Based on the above analysis, we develoséoend stepf the power allocation algorithm
for solving problemC, as given in Algorithm 5. In Algorithm 5, Line8 4 tests the feasibility
of the power allocation. If the sum of the total minimum reqdipower is larger than the BS peak
power, there is no feasible power allocation and there velbbffer under ow. In this case, we
select users with “good” channels for transmission andesugphe users with “bad” channels.

The Step Il algorithm checks the three possible solutiomages for problenC depending

on the network status and video parameters:
All links operate in the convex region;
One link operates in the convex region and the remainingloperate in the concave region
Two links operate in the convex region and the remainingslimerate in the concave region.

Each of the three phases in Algorithm 5 considers the opitynebndition for one of the three
scenarios. In particular, Phase 1 rst optimizes the powecation in the concave region and
then allocates the remaining power to the links that couldhbged to the convex region. Phase
2 allocates as much power as possible to the link with the dpgeity, which could work in the
convex region. Phase 3 attempts to move the second besolitiletconvex region if the total
power constraint is not violated. Usually whep andn are large, Phase 3 will rarely occur due

to the peak power constraint.
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Algorithm 5: Two-Step Power Allocation Algorithm: Step Il

1 | Initialization|;

2 BS obtaindy,, Dy, and_Bn for all usern;

3 BS computes '@, M" ‘andP,,, for all n; = _

4 BS computes the minimum required sum po®ef, = |,y PA"" andgap p = P Pmin;
5

6

7

\ Remove links fromJ, according to descending orderAf, until Py, P;
end

i max -p min min
8 ComputeR, = SoMnfPy 2 Pat* 20 Cn(PyT) for gll pmax > p

minfPMax ;pmin + g pmin
0
10 Select all the users satisfyiRf"™ <P, asaset)® U ;
11 golve problenC under gpnstraints’,?"” Pn min(P"®;P,) and
ouoPn PO=P h2u0 PN whereU%is the complementary set bl and obtain
solutionPy;
12 CalculateR,, by updating®™" to the solution in Linel1 and assign the remaining power to the
nodes in set, in descending order &?p;

13 Obtain the Phasg solution,Pp, , and objective valugp, ;

1

15 Select the link with the maximumR,,, and assign all the available powr Pp;, to the link,
until either all the power is assigned or the link attains polR@# ;

16 if there is still power to allocatéhen

17 \ Select all the nodes in skt and repeat Line8 12

18 end

19 Obtain the Phas2 solution,Py,, and objective valuéy,;

20 |Phase §

21 Select the rst 2 links with the large®,'s, and assign all the available power Ppi, to the
links, until all the power is assigned or the links attains poR@#* , and repeat Line$6 18

22 Obtain the Phas@solution,Pp,, and objective valuép,;

23 | Decision)

24 Choose the largest objective value amépg f,, andf p;, and stop with the corresponding power
assignment;

In Algorithm 5, Line 7 presents a convex optimization comgat for which several effective
solution technigues can be applied. In the following segtiwe describe a distributed algorithm

for Line 7 based on dual decomposition.

5.4 Distributed Algorithm

As discussed in Section 5.3, the core of the Step Il algorithto solve problenC in the

concave region (see Fig. 5.1). In this section, we presergtalidited algorithm for this purpose,
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where the users are involved in power allocation to redueectimtrol and computation overhead

on the BS. In the concave region, we have probl2as

X
(D) maximize log(1+ (1)) (5.19)
n2uU
subject to:
= ; 5.20
n(t) 5 Pn(t)+An’fora"n (5.20)
PMN (1)  Pn(t) minfPM: P g;forall n (5.21)
X
Pn(t)  Prot; (5.22)

n2U

wherePy,; P is the total power budget for the links in the concave regkeor.brevity, we de ne
P = minfP™;P_gand drop the time slot indexin the following analysis.
Introducing non-negative Lagrange multipliers ,, and for constraints (5.21) and (5.22),

respectively, we obtain the Lagrange function as

L(P:5~ ) (5.23)
X L.P :
= log 1+ 5Pt Al I; :A + (P, PMM) 4+
n2u n n |
X ) X '
n(Py Pn) + Ptot Pn
Rgu n2u
= La(Pny ny ony )+( npgh npr?win) + Pot;
n2U
where
Lo(P: n: m: )=log 14— 00 4 )P, (5.24)
n n:s nNs n»y - g P Pn + An n n n- .

SinceL , only depends on users own parameters, we have the dual decomposition for eash us
n. For given Lagrange multipliers (or, price§), ‘), and”, we have the following subproblem for

each usen.

Po( ;AN =[PM P, PMarg max o (Pn; i % 2); forall n: (5.25)
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Subproblem (5.25) has a unique optimal solution due to thet sioncavity ofL,. We use the

gradient method [14] to solve (5.25), where useteratively updates its powd?,, as:

Pa(l +1) (5.26)
=[Pn(l)+ ()r nLn(Pn)]

= P()+ () ~o * Ao)

(P Pot AP +(Ln DP,+ Ay

(N n n )

where[] denotes the projection onto the ranggRf'™" ; P"]. The update stepsizél) varies in
each step and is determine by the Armijo Rule [14]. Due to the strict anty of L ,, the series

fP,(1);Pn(2); g will converge to the optimal solutioH, asl ! 1

For a given optimal solution for problem (5.28),= [P;;  ;Px]7, the master dual problem
is as follows:
minimize  L(B;7~ ) (5.27)
subject to: nyons 0; for all n: (5.28)

Since the objective function (5.27) is differentiable, isoeaapply the gradient method to solve the
master dual problem [14], where the Lagrange multiplieesi@ratively updated as

8
% n(l+1) = n(l) () 28221 foralln

WD) =0 ) () &) forallin (5.29)
(+n=[ 0 () G215

where[ ]* denotes the projection onto the nonnegative axis. The eptapsizes are also deter-
mined by the Armijo Rule [14]. As the dual variabled); ~(l); (I) converge to their stable values

asl 11, the primal variable® will also converge to the optimal solution [100].
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Algorithm 6: Distributed Power Control Algorithm

1 BS setd =0 and prices 1(1); n(l); (I) equal to some nonnegative initial values forrgll
2 BS broadcasts the prices to the selected users;
3 Each user locally solves problem (5.25) as in (5.26) to obtain its requestestp
4 Each user sends its requested power to the BS;
5 BS updates prices,(1); n(l); (1) asin (5.29) and broadcasts new prices
n(l+1); n(l+1); (I1+1) foralln;
6 Setl = | +1 and go to Stegd, until the solution converges;

The distributed algorithm is given in Algorithm 6, where thisove procedures are repeated
iteratively. The BS rst broadcasts Lagrange multipliersthhe users. Each user updates its re-
quested power as in (5.26), using local informatRjfi" , P P_ A, L,, and BS peak power
P. Each user then sends its requested power back to the BS,eaaB&twill updates the Lagrange

multipliers as in (5.29). And so forth, until the optimal 8tdn is obtained.

5.5 Simulation Results

We evaluate the proposed algorithms with MATLAB simulaspmvhere the deterministic
VBR traf c model and the optimization solution algorithmseamplemented. We use a cellular
network with 20 users;the network topology is illustrated in Fig. 5.2. The dowklinandwidth
is 1 MHz. The path gain averages a&g = d,*, whered, is the physical distance from the BS to
usern. The downlink channel is modeled as log-normal block fadiitt) zero mean and variance
8 dB [50]. The processing gains are setlip = 128 for all n. The distanced, is uniformly
distributed in [100m, 1000m]. The device temperaturgis 290 Kelvin and the equivalent noise
bandwidth isB,, = 1MHz. The BS peak power constraints is sePte= 10 Watts. We use three
VBR movies tracesStar Wars NBC News and Tokyo Olympicsfrom the Video Trace Library
maintained at Arizona State University [139]. We plot theesiof the rst100frames of theVBC
Newsvideo sequence in Fig. 5.3, to illustrate the high variabbWBR video frame sizes, which
makes it very challenging to develop accurate mathematicalels. Each playout buffer is set to

1.5times of the largest frame size in the requested VBR video.

1The number of users/links in the cellular network is chosssoading to the resource speci ed in the simulation:
bandwidth and the total BS power limit.
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Figure 5.2: Topology of the cellular network.

Frame size (bits)

1
O oL,
0 10 20 30 40 50 60 70 80 90 100
Frame

Figure 5.3: The sizes of the rgt00frames of theVBC Newssequence.

In the simulations, we have 7 user streaming NBC news, 7 use@nsing Star Wars, and
6 users streaming Tokyo Olympics. The proposed power ditotalgorithm is executed at the
beginning of each time slot. In Fig. 5.4, we plot the cumuatonsumption, over ow and trans-

mission curves foNBC Newstransmitted to user 2. The top sub- gure is the overviewt@f000
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Figure 5.4: Transmission schedule for videBC Newsto user 2.

frames. We also plot the curves from fra@ié20to 2; 640in the bottom sub- gure. We observe
that the cumulative transmission cum¥gt) is very close to the cumulative over ow cuni(t),
indicating that the algorithm always aim to maximize thesmission rate as allowed by the buffer
and power constraints. The playout buffers are almost futilzed most of the time. There is no
playout buffer over ow and under ow for the entire range ©0;, 000 frames. Among théNBC
Newsframes, frame; 625is the largest frame. We let seven out of #@dinks playout this largest
frame simultaneously at time s|2t625in the simulation. There is no buffer under ow under such
heavy load.

In Fig. 5.5, we plot the power allocation and price updatesaibthe 20 links in one of the
10,000 time slots. The power and prices converges in arG@nsteps. The converged power
vector isP = [0.0022, 1.396, 0.0356, 0.0024, 1.396, 0.0351, 0.008861.0.0356, 0.0026, 1.396,
0.0356, 0.0023, 1.396, 0.0356, 0.0018, 1.396, 0.0356,3@,00.394] Watts. Note that with the
distributed algorithm, the computation in each iteratiofya@onsisting updating power or price as
in (5.26) and (5.29), which takes only a negligible amourtirok. The 70-step convergence time

is very small comparing to the power control in cellular stars (e.g., 1500 Hz for UMTS power
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Figure 5.5: Convergence of power allocation and Lagrangdiptiats.

control [140]). Since the gradient method is used, the cgarece of the algorithm is dependent
on the gradients, which further depend on the system paess®ich ak, andA,. Another main
factor for the convergence speed is the choice of the seep&gdiscussed, we use Armijo Rule to
determine step size, in which the stepsize evolves acaptdithe difference of the target values
between steps.

Finally, we compare the proposed algorithm with a diveraityare power allocation scheme,
where the BS allocates power according to channel qualityth Wiis scheme, the best channel
n will be assigned power to achieve its maximum required pdy&t* (t). Then the second best
channel will be allocated power until its maximum requirexver is achieved, and so forth until
all of P is allocated. In this simulation, we increase the numbesefsitdb0to stress the capacity
of the cellular network, such that the system is close toratgu The purpose is to show the
performance of the algorithms under a nearly congestedasiogrwhich is more interesting in

performance analysis than an under-load scenario.
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Figure 5.6: Average playout buffer utilization for the eatvideo sequence (10000 frames).

We compare the algorithms by their average playout buffiéization. In Fig. 5.6, we plot
the average buffer utilizations achieved by the proposéérse and the diversity-aware scheme
for the entire video sequence. A zoomed in version is preseintFig. 5.7 from frames ranging
from 2; 000to 2; 500 It can be seen that the proposed algorithm consistentiygeeh high buffer
utilization, ranging from 60% to 100%. The diversity scheawhieves buffer utilization lower
than 50% for frames frorf; 000to 2; 250 Such considerably higher buffer utilization translates t
better video quality: there is no buffer over ow or under dier proposed algorithm, while there

is buffer under ow in17%of the playout frames for the diversity scheme.

5.6 Related Work

Most of the prior work on VBR video streaming consider wiretiwaks, which can be clas-
si ed according to their traf c models, i.e statistical or deterministicmodels. With the former
approach, stochastic models are developed to capture thnass in VBR traf c. In [131,132],
the authors observed tiheng-range-dependende VBR video traf c and modeled the autocorre-

lation with self-similar processes. This class of work pdesg valuable insights on the nature of
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Figure 5.7: Average playout buffer utilization for frame30® to 2500.

VBR video traf c. The stochastic models can be incorporateduality of servicdQoS) mecha-
nisms for VBR videos, and for traf ¢ synthesizing in simutais [133].

With the deterministic approach, the piecewise-constatg{ransmission and transport (PCRTT)
method was used, aiming to optimize one or more objectivakewheserving continuous video
playout. In [135], Liew and Chan proposed bandwidth allaraschemes for dynamically shar-
ing a CBR channel among multiple VBR video streams, either i) twimmze the total receiver
buffer size, or ii) to avoid under ow and over ow for a givergyout buffer size. In [95], Salehi
et al. considered smoothing VBR video over a CBR link and developedfaative algorithm to
achieve the greatest smoothness in rate. In [141], McMand$Rass introduced a dynamic pro-
gramming framework to set PCRTT rates and intervals to op@ndifferent objective functions.
These techniques do not directly apply to our problem of VBBravireless networks, due to the
fundamental difference between wireless and wired CBR links.

The downlink power allocation problem was studied in [5FJ1&iming to obtain the power
allocation that maximizes a properly de ned system utilitgx distributed algorithm based on

dynamic pricing and partial cooperation was proposed. D@febera, and Ahrens [142] studied
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the achievable maximum sum rate of multi-user interferari@nnels. These papers provide the
theoretical foundation and effective algorithms for tfilnaximization of downlink traf c, but the
techniques used cannot be directly applied for VBR video axexless networks with buffer and
delay constraints.

In [54, 143], the authors studied the problem of one VBR streasr a given time-varying
wireless channel. In [143], it was shown that the separatietwveen a delay jitter buffer and
a decoder buffer is in general suboptimal, and severaktatiBystem parameters were derived.
In [54], the authors studied the frequency of jitters undehimetwork and video system constraint
and provided a framework for quantifying the trade-offs agnseveral system parameters. In this
chapter, we jointly consider power control in wireless nateg, playout buffers, and video frame
information, and address the more challenging problemrefsting multiple VBR videos, and
present a cross-layer optimization approach that doesep#rai on any speci ¢ channel or video

traf c models.

5.7 Conclusions

We developed a downlink power allocation model for stregmmmultiple VBR videos in a cel-
lular network. The model considers interactions among dimkipower control, channel interfer-
ence, playout buffers, and VBR video traf ¢ characteristithe formulated problem aims at max-
imizing the total transmission rate under both peak powedr@ayout buffer over ow/under ow
constraints. We presented a two-step approach for sollimgroblem and a distributed algorithm
based on the dual decomposition technique. Our simulaticies validated the ef cacy of the

proposed algorithms.
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Chapter 6

Downlink Power Control for Variable Bit Rate Video over Multit®/ireless Networks
6.1 Introduction

In this chapter, we extend power controlariable bit rate(VBR) video streaming to mul-
ticell wireless networks scenario. We consider video stiiag over a multicell wireless network,
a wireless network architecture widely deployed all overworld. We consider the typical case
of downlink video transmissions. For the multicell systgranerally intra-cell interference can be
effectively controlled with precise synchronization oe tise of guard times. The capacities of the
downlinks are mainly limited by the inter-cell interferendue to simultaneous base station (BS)
transmissions using the same channel. Therefore, effedtiwnlink power control is necessary to
support concurrent videos.

In this chapter, we presented a problem formulation thasicems downlink power control,
inter-cell interference, VBR video characteristics, arayplut buffer requirements. The objective
is to achieve high playout buffer utilization, under playdwuffer under ow and over ow con-
straints and peak power constraint. This is a nonlinear erex problem to which traditional
convex optimization techniques [59] and low- or highignal to Interference-plus-Noise Ratio
(SINR) approximations [59, 138] do not directly apply.

We rst derive the condition of the existence of feasible powssignments, which can achieve
downlink capacities to guarantee no buffer under ow andraxe We then develop a central-
ized algorithm that can produce solutions with boundednoglity gap. Speci cally, we use the
Reformulation-Linearization Technique (RLT) to obtain aekm programming (LP) relaxation of
the original problem. Solving this LP relaxation yields gwpar bound to the original problem.

Interestingly, since the constraints are preserved indlaxation procedure, the upper-bounding
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solution is also feasible to the original problem; the cepa@nding objective value with this solu-
tion provides a lower bound to the global optimum. The LPxaten is then incorporated into
the branch-and-bound framework to obtain a centralizedrdhgn, which can produce a solution
within the (1-) range of the global optimal.

To simplify computation and control, we also develop a thstied algorithm based on dis-
tributed constrained power control (DCPC) [48], where eacht&&iively updates transmit power
based on feedback of measured SINR at the target receii@shown that with DCPC, the power
vector converges to a unique power vector that can achievgdal of maximizing playout buffer
utilization and avoiding playout buffer under ow and ovexn. We evaluate the proposed al-
gorithms with simulations using VBR video traces [139] andifig channels. The distributed
algorithm is shown to achieve a performance very close toahthe centralized algorithm. Both
algorithms are demonstrated to be highly effective forastrilg VBR videos over multicell wire-
less networks.

In the reminder of this chapter, we present the problem fdéatimn in Section 6.2. We de-
scribe a centralized algorithm in Section 6.3 and a distedbalgorithm in Section 6.4. Simulation
results are presented in Section 6.5 and related work isisigd in Section 6.6. Section 6.7 con-

cludes this chapter. The notation used in this chapter anersuized in Table 6.1.

6.2 Problem Statement

6.2.1 Network and Video System Model

We consider the downlinks of a -cell wireless network as shown in Fig. 6.1. In each cell,
a BS streams video to mobile users in the cell, each allocaitbcavdownlink channel. A channel
is a spectral resource slot, the nature of which dependseosptéci ¢ multiple access technique
adopted for the multicell network. Without loss of gendyalve assume that the downlink chan-
nels within a cell are orthogonal (e.g., due to perfect symaization of spreading codes or use of

guard times). The main interference at a user stems fromaheucrent downlink transmissions
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Table 6.1: Notation Table for Chapter 6
Symbol Description

M total number of cells (or, BS's)

U set of users sharing the same channel
L total number of frames for usewideo

b playout buffer size of user

Di(t) cumulative consumption curve at user
Xi(t) cumulative transmission curve at user
Bi(t) cumulative over ow curve at user
Pm(t) transmit power of BSn in time slott

P(t) BS transmit power vector in time slot
P peak power constraint for the BS's
P optimal power vector to the LP relaxation
K path gain from BX to useruny,
Buw channel bandwidth
duration of a time slot
m noise power at usemp,
Cn capacity of the celin downlink

Cmin (t)  min. rate for useun,, without under ow
Chin (t) the largest value oE ™" (t)
m(t) SINR at useuny,
M (t)  minimum SINR corresponding 167" (t)
mn(t)  SINR corresponding t&" (t)
max(t) max. SINR for useuny, without over ow

H; receiver sensitivity at usem,,
A matrix of path gain ratios de ned in (D.5)
min de ned as diag " (t); D" (t); ; T (t)g

min de ned as diag ™" (t); MM (t); ;bar I"(t)g
M M matrix de ned ag ™" min )

tar target useun,, SINR for distributed alg.

tar de ned asdia§ ' (t); 2 (t); ; 2(t)

m vector of elements,, =G
Um RLT substitution variable for logarithm terms
Vimk RLT substitution variable for quadratic terms

, parameters for the distributed algorithm

in neighboring cells that use the same channel. There ischfoethe BS's to adopt power control
to mitigate such inter-cell interference.

We consider the problem of streaming multiple VBR videos ia thulticell network. We
assume the wired segment of a video session path is reliabhesuf cient bandwidth, while

the last-hop wireless link is the bottleneck [144]. Thus theresponding video data is always
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Figure 6.1: A multicell wireless network with concurrent VBRIeo sessions. The inter-cell
interference experienced by the central cell user is rhistl.

available at the BS before the scheduled transmission tineeadlipt theleterministic VBR video

modelin 4.2.

6.2.2 Problem Formation

For the multicell wireless video network, consider a spechannel and let) = funy; un,;
:uny g denote the set of users sharing the channel, wheggis the user in celim.? Let the
BS transmit power vectobe P (t) = [ P1(t); Pa(t);  ;Pw (t)]" in time slott. The capacity of the
downlink from BSm to userun;,, denoted a€,,(t), depends on the SINR ah,, which can be

written as
G Pm(t) .
kem G Px(t) + m

n(P() = P 6.1)

whereG}! is the path gain from B& to userun,, and n, is the noise power atn,,. We assume
slow-fading channels such that the path gains do not chaftpeveach time slot [50], but vary
over different time slots following a certain distributiofhe downlink capacityC, (t) also de-

pends on the channel bandwidB, and the transceiver design, such as modulation and channel

10-1 index variables can be used to model the case where nosesthe channel in some cells, but are omitted for brevity.
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coding. Without loss of generality, we use the upper boungredicted by Shannon theorem:

Cn(P(1)) = Bulog 1+ n(P(t) : (6.2)

The impact of fading channels is incorporated in the SINRGI2). For practical systems, the
achievable capacity may be a fraction@f (P (t)), but this part is omitted for brevity.
Once the link capacity is determined,, (t) video bits will be delivered to usem,, in that

time slot. The cumulative transmission cuiXeg, (t) can be written as

Xm(0)=0; Xm(t)= Xm(t 1)+ Cn(t): (6.3)

Assume peak power constraiit P,, P, for all m. The problem is to determine the transmit
power vectoP (t), forO<t maxfL;g, such that the resulting cumulative transmission curves
satisfy

Dim(t)  Xm(t) Bm(t); forallm:t; (6.4)

i.e., without causing playout buffer under ow or over ow.ire the video frames have variable
sizes and the video sessions have random phases, largesffaomedifferent sessions are less
likely to occur in the same time slot. Jointly consideringveo control for the downlinks is, in
some sense, analogous to statistical multiplexing of VBRi@ws.

From (6.2) (6.4), the feasible SINR range at user, is

max fOD m (1) Xm(t 1)g Bm(t) Xm(t 1)

e Bw 1 m € Bw 1 (6.5)

In (6.5), the lower bound is the SINR that just empties thédsufithout causing under ow. The
upper bound is the SINR that just lls up the buffer withoutisang over ow.

Generally, the feasible transmit power ved&{t) is not unique for a given set of VBR video
sessions. Among the set of feasible solutions, a schedatérdnsmits more data is more desir-

able since it provides a larger search space for optimizisugsimit power vectors for future time
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slots. Omitting the constai,,, we formulate the optimal power control problem for VBR video

termed problem OPT-VBR, as

maximize X log(1+ (1)) (6.6)
m2U

subjectto:  ,(t)= P - mGGmE‘PI;nk((tt)) " m; 8m (6.7)
At W a¥(); 8m (6.8)
0O Pn P;8m; (6.9)

where M3 (t) is the upper bound in (6.5) an¢i™ (t) is the larger one between the lower bound
in (6.5) and ', a minimum SINR requirement imposed by the transceiveresi

In problem OPT-VBR, the total amount of video data deliveretinre slott is maximized,
under playout buffer under ow and over ow constraints arebj transmit power constraints. This
is a nonlinear nonconvex problem, to which traditional aaweptimization techniques do not
directly apply. Furthermore, to achieve the objective abiding playout buffer under ow and
over ow, the SINRs may assume values ranging from very lowdoywhigh. Thus the existing
high SINR approximation [59] and low SINR approximation §]3echniques cannot be used. In
the following, we rst prove the existence of feasible sadats. We then derive effective centralized

and distributed algorithms to solve problem OPT-VBR in Se¥wi6.3 and 6.4.

6.2.3 Existence of Feasible Solutions

Due to the wide range of VBR video frame sizes, the correspgn8INR requirements also
assume a wide range of values. Under conditions where mdey@essions coincidently transmit
their large frames in the same time slot, problem OPT-VBR nwyhave a feasible power assign-
ment to deliver all the frames. In this section, we derivedbeditions for the existence of feasible
power assignments. We assume a centralized scheduler mutieell network, which has prior

knowledge of all the path gains and the cumulative conswngnd over ow curves.

105



We de ne theminimum required ratdor userun,, in time slott, denoted a€™™" (t), as the
bit rate such that the playout buffer is just emptied, buhaitt under ow, at the end of time slot

We have the following result faE™" (t).

Lemma 6.1. The largest value for the minimum required r&g™" (t) is C" (t) = [ D (t)

Dn(t 1)=.
Proof. See Appendix D.1. n

We have the following condition for the existence of a felsfimwer assignment for problem

OPT-VBR.

Theorem 6.1. There exits a feasible power assignment for problem OPT-\(BRnhe slott, if
there exits a feasible power assignment that can achieveatieevector C"" (t), Cn (t),

coin (1)

Proof. See Appendix D.2.
O

Theorem 6.1 allows us to evaluate, for a given set of videothere is a feasible power
assignment for each time slot. There is no need to considdrahsmission schedules and playout
buffer occupancies in previous time slots. At the beginmihtime slott, we obtain ™" (t) from
the cumulative consumption cuni(t) and channel gains. If the linear system (D.4) is solvable
and the resulting satis es constraint (6.9), then there is a feasible powsigasnent for problem

OPT-VBR for this time slot. The following fact from [51] can lised for the feasibility test.

Fact 6.1. The following statements are equivalent: (i) there exitsaaitdle power assignment sat-
isfying (D.4); (ii) the maximum modulus eigenvalue of"™™ A is less thart; (iii) the reciprocal

. P .
matrix (I mnA) 1= i:o min A ¥ exists and is positive component-wise.
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6.2.4 Comparison with a Lazy Scheme

A “lazy” scheme is proposed in [136] for VBR video transmissiover a wired network.
This is an ON-OFF scheme and it transmits a video frame asakmssible before its playout
deadline at the maximum link speed, which minimizes the irediclient buffer size. In multicell
multi-user wireless VBR video streaming, the maximum linkexp varies from time to time due
to interference and channel fading. Thus, the original Bayeme cannot be applied directly.

We enhance the lazy scheme to support multicell multi-u&f Video streaming, termed W-
Lazy, where every BS transmits a frame that is needed for ptaydhe next time slot. Then we
can determine the rate vector (and the transmit powersyvags gi Theorem 6.1. We use W-Lazy
as a benchmark for comparison and evaluation of the propmigedthms. We have the following

results for W-Lazy.
Corollary 6.1.1. Problem OPT-VBR has a larger solution space than the W-Lelzgrse.
Proof. This result directly follows Theorem 6.1. n

Corollary 6.1.2. If C (t) = [ C,(t); :::; C,(1)] is the solution to problem VBR-OPT, then any other

vectorC(t) that is element-wise smaller th&h (t) has a smaller solution space.

Proof. This result also follows a similar process as in the proofloédrem 6.1. O

6.3 Centralized Algorithm

As discussed, problem OPT-VBR is a nonlinear nonconvex propko which traditional
convex optimization techniques do not directly apply. Irstbection, we present a centralized
algorithm to provide solutions with bounded optimality gaffe rst use RLT to obtain a linear
programming (LP) relaxation of problem OPT-VBR [145]. Werihacorporate the linear relax-

ation into a branch-and-bound framework, which can prodlieg-optimal solutions.
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6.3.1 Reformulation and Linearization

We rst apply polyhedral outer approximatiofor the logarithm functions in problem OPT-
VBR to obtain a Polynomial Programming Problem OPT-VBH(46]. We then us®LT bound-
factor product constraint$o relax the quadratic terms to obtain an LP relaxation OBRY).
The time slot indext) is dropped in the following to simplify notation.

We rst process the logarithm functions in the objectivedtian. Lettingu,, = log (1 + ),
we obtain a linear objective functioFr)1 m2u Um @nd new constraints,, = log(1+ ). We deal
with the new constraints using polyhedral outer approxiomat Since M m max - we

chooseH points, denoted as [ g, within this range as

h min 1+ rrT?ax Hhil

m=0@+ ) T+ mn 1,h=0; ;H 1 (6.10)
where 2 = mn gnd H 1= ma \We can obtain @onvex envelofor the logarithm function
in [ min  max] which consists oH tangent lines at thél points given in (6.10) and the line

segment connecting the two end points. We relax the logarithnstraint by using its convex

envelop, represented by the following new linear constsain

8

| 1+ min | 1+ max .
Sy PO ED(mac el B2 min )
> h m N h—n.q. ) )
“Up  log(l+ J)+ 4= h=0;1 H 1

The rstline is for the segment connecting the two end pqiatgl the second line is for the tangent
lines at theH points. A four-point approximation is illustrated in Fig26
With the polyhedral outer approximation, we obtain a polyn programming problem

OPT-VBR(p), as given in (6.11) (6.18). We can rewrite the last constraint (6.18) as

X
km m Pk Gum+ mm=0;
k6 m
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Figure 6.2: Four-point polyhedral outer approximationdgr= log(1 + ), 1< min m

max
m .

X
maximize Um 6.11)
m2U
subject to: |
X ’ _
G P GiPc+ m @" 0 8m (6.12)
k6 m |
X !
GinPm GIPc+ m ™ 0,8m (6.13)
k6 m
O Pm P;8M (6.14)
log(L+ My .
m max min m m)+
m m
log (1+ ¥ .
—ac i (m o mt);8m (6.15)
m m
h
Un log(1+ 1)+ — " 8m;h (6.16)
m
h min 1+ max ﬁ
m=0+ W) T i 1,8 m;h (6.17)
5 GnPnm

; 8m: (6.18)

m = ¥ m
k6m Ok Pk + m

which contains quadratic terms in the form @fPx. We next introduce RLT bound-factor product
constraints to remove such terms and to obtain an LP retaxati
De ne substitution variables,,x = nPx, for all m, k. Since ., andPyx are bounded by

their respective lower and upper bounds A% m maxand0 Py P, we obtain the
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following RLT bound-factor product constraints

8

%(m mn) (P, 0) O
(mx ) (P 0) O

g(m mn)y (P P O

(n* m) (P PJ O

Substituting Px = vk, We obtain the following four linear constraints fayy :

8
§ Vimk min Pk 0
mXPe Ve O
% mP Vimk min P+ min Pk 0

maxp  maxp Pty O

The quadratic term®y , are thus replaced with, with the above linear RLT bound-factor
constraints, and an LP relaxation OPT-VBRS$ obtained as given in (6.19) (6.30).

The LP relaxation OPT-VBR) can be effectively solved with an LP solver in polynomial
time. The optimal solution to the LP relaxation consist§®f; d ;~ ;v g. It is worth noting that
during the reformulation and linearization procedure, wanty relax the logarithm function in
the objective function of OPT-VBR. The original constrainf<QPT-VBR are preserved in OPT-
VBR(l). Therefore, we have the following theorem regarding tlaesitality of the solution, which
greatly simpli es thelocal searchprocedure of the branch-and-bound algorithm to be predemte
Section 6.3.2.

Theorem 6.2. The optimal transmit power vectdr to the LP relaxation OPT-VBIR(is a feasible

solution to the original problem OPT-VBR.

6.3.2 Branch-and-Bound Algorithm

According to Theorem 6.2, we can substitute the optimal pagsignmen® for the LP

relaxation into problem OPT-VBR to obtain a lower bound, wtihe LP solution itself provides

110



X

maximize Um (6.19)
m2U
subject to: |
X ' _
G"Pn, G'Pc+ m MM 0 8m (6.20)
k& m I
X !
G"Pn, GI'Pc+ m ™ 0 8m (6.21)
ké m
0 Pn P;8m (6.22)
log(1+ ") ma
moTpe g (m Y
log (1 + & ,
—?nix "rlin)( m m ), 8m (6.23)
m m
h
h m . .
Un log(l+ 1)+ 1+—r¢:“ 8m;h (6.24)
A . 1+ max AT
o=+ ) v 1,8 m;h (6.25)
Vok TP, 0; 8m;k 6 m (6.26)
(m M™P Vet NP 0, 8m;k6 m (6.27)
moPc Vmk 0, 8m;k6&m (6.28)
n P APt v 0, 8mik 6 m (6.29)
VikGy  GPPm+ m m=0;8m: (6.30)
k6 m

an upper bound. We next incorporate the LP relaxation intoaadh-and-bound framework to
obtain an algorithm that can produce (teptimal solutions.

Branch-and-bound is an iterative method for solving optatian problems, especially for
discrete and combinatorial problems. A branch-and-boundguure has two key components.
The rst one, calledoranching is to partition a problem into subproblems. The procedsinei
peated recursively to each of the subproblems and all peztisebproblems naturally form a tree
structure, i.e., théranch-and-bound treelts nodes are the constructed subproblems. The leaves
of the tree is also call theroblem List The other component lsounding which is a fast way of
nding upper and lower bounds for the optimal solution fockaubproblem. For a maximization

problem, an infeasible upper bound (UB) can be found by sglarrelaxed problem. Aocal
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searchalgorithm is then used to explore the neighborhood, to ndasfble lower-bounding solu-
tion (LB). As discussed, we can easily derive upper and lowenlds by solving the LP relaxation
(no need for local search). The core of the approach is amadigmn that, for a maximization
task, if the upper bound for a subproblémis smaller than the lower bound for any other sub-
probleml,, thenl, and the branch rooted ktcan be safely discarded from the tree, such that the
computational complexity can be reduced. This procedutalledpruning

The algorithm terminates when the upper bound rea¢hes ) of the lower bound. Let the
optimal object value b® UB,wehavelB +UB 210=(1 + 2 3+ )O

(1 )O, for0 1. The pseudo code for the branch-and-bound algorithm isngne

Algorithm 7.

6.3.3 Enhancement

In this section, we further introduce a heuristic to acakethe convergence of the branch-
and-bound algorithm. At the beginning of time stoif the playout buffer occupancy is above a
certain threshold, say, 80%, aXd,(t 1) Dy (t) atusem, we setP,(t) = 0 and remove the
link from the optimization process.

Generally the playout buffer size should at least be grehger the largest frame size. Given
the large variations in VBR frame sizes, there could be mleltimmes stored when the buffer is
close to full. When the above conditions are satis ed, therktile chance of buffer under ow
at the end of time slat even if we do not transmit anything to usar On the other hand, if we
schedule a non-zero pow, (t) for this link, only a small amount of bits can be transmittee d
to the buffer over ow constraint, but at the cost of reducdiSs at all other links. Excluding
such links from transmission not only greatly speeds up timy@rgence of the branch-and-bound

algorithm, but also increases the SINR and capacity of abtve links.
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Algorithm 7: Branch-and-Bound Algorithm

1 [Initialization|;
2 Obtain LP relaxation OPT-VBR)as Prob 1 ;
3 Set optimal solutiorsol = , Problem listS = fProb Ig;UB = 1 ,andLB =0 ;

4 Solve Prob 1 for solutiohP? + ~% +4y and upper bountB; ;
5 UseP? (6.6), and (6.7) to get lower bourndB ; ;

6 SetUB = UB;andLB = LB ;

7 | Iteration & pruning;

8 Select Proby with the largestJB, in S and seUB = UB;;

9 if LB, > LB then

10 | Setsol= PPandLB = LB, ;

11 ifUB (1+ )LB then

12 | stop with solutiorsol ;

13 else

14 \ remove all prob& in SwithUBy (1+ )LB ;
15 end

16 end

17 | Partition ;

18 For Probl, nd the maximum relaxation error among all RLT variableg.g.
maxm;kfj mPk  Vmk]O;
19 Evaluate the following condition:
(e mv)minf O mn;omex 0g  (PEX PmN) minfPY PRI Pog
20 if truethen
21 | partition[ m"; ma]into[ m"; land[ &; meX];
22 else
23 | partition[P"™ ; PM™ ] into [P ; PS] and[PS; P ;
24 end

26 Solve the partitioned proldg andl, to get solutionsol,,, sol,, and bound&JB,,, UB,,,
LB I LB Ip »

27 Remove Prolh from S ;

28 if (1+ )LB <UB |, then

20 | addProH;intoS;

30 end

atif (1+ )LB <UB |, then

32 | add ProH,intoS;

33 end

34 if S= then

35 | stop;

36 else

37 | goto Stes;

38 end
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6.4 Distributed Algorithm

Although the RLT-based branch-and-bound algorithm canigeo®(1  )-optimal solution,
it requires a centralized implementation. A centralizedtoaler is needed to collect network, link
and video related information, and to update transmit pdaregach downlink. In this section, we
develop a distributed algorithm for problem OPT-VBR that t@nimplemented in each BS and
operate with local information.

We assume each BS obtains video cumulative consumptionscane playout buffer sizes
for its users during the video session initiation phase. h&tlbeginning of time slot, each BS
m computes for useun,, the minimum rate afD,(t) Xn(t 1)]=, i.e., the data rate that
empties the playout buffer at the end of time gldut without under ow, and the maximum rate
as[Bm(t) Xmn(t 1)]=,i.e., the data rate that makes the playout buffer full atethe of time
slott but without over ow. BSm then translates the minimum and maximum rates to minimum
and maximum SINRs, i.e.,m" (t) and M2 (t) as given in (6.5). In the following, we again drop
the time slot indext) to simplify notation.

To maximize objective function (6.6), B@ sets a target SINR as®" = 1 and tries to
achieve the target SINR by adjusting its transmit power. giedlem then becomeshistributed
Constrained Power ContrqIDCPC) problem [48]. BSn rst randomly sets its initial transmit
poweras0< P2 P. Let | be thei-th SINR measurement at usem,,, which is fed back to
BS m. BSm then uses the following DCPC algorithm to update its powearatceiving the-th
SINR feedback:

tar

Pl =min P; z Pl -iz=1:20 (6.31)

m
m

If the ©'s are feasible (see Section 6.2.3), the power vector séfdsP; ;P'; gis

proved to converge to a unique positive power vector satigfthe following equation [48]

n 0
P=min P, AP+ ~) ; (6.32)
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Algorithm 8: DCPC Algorithm

1 [Initialization|

2 BSm obtainsh,,, D,, andB,, for userun,, ;

3 BSm computes SINR boundg!® and min ;

4 BSmsets @' = M andP,(0) 2 (0;P];

s [Iteration;

6 BSm receives SINR feedback, and updates its power as:
p=min Pi( = )Pl

7 if (P}, = P for iterations) & (|, 6 [@)then

g | resetthetargetSINRas@ = [pn+ (@  miny.

9 end

1wi=i+1andgotoStep6;

where @ = diag~""g= diag ?; ©; ; farg. Furthermore, the converged power vector
P (t) also achieves the target SINR" (t) for each BSm. The convergence result is summarized

as the following fact from [48].

Fact 6.2. With the DCPC algorithm (6.31), the transmit power vector &ges to a unique pos-
itive power vectolP satisfying (6.32). After convergence, eitlier achieves-" or at least one

of the components iR is equal toP.

The pseudo code for the distributed DCPC algorithm is giveAlgorithm 8, where is a
fraction in (0,1) and is a positive integer. If BSn's transmit power remains at the maximum
powerP for iterations, while the target SINR?" is still not achieved, we reset the target SINR
as @ = mn 4 (@ min ) and restart the iterative update process. We choos®:618
the reciprocal of thgolden ratig and from 2 to 5 in our simulations.

In practice, the path gains vary over time due to channehtadi is possible that during some
time slot, the transmission is not feasible even for the mum required rate. It is nontrivial to test
the feasibility of the target SINR vectet*" in a distributed manner with only local information.
In fact, if the target SINR vector is infeasible, the problemnding the largest set of links that
can be supported at the given SINRs is proved to be NP-Com[il#.[Therefore, we adopt the
following heuristic strategies to handle the case whendhget SINR vector cannot be achieved

by a feasible power assignment due to deep fading channels.
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i) Inthe rsttime slot, if the DCPC algorithm does not conveny a certain number of steps,

suspend the transmission of the video with the largest frsireefor sometime and retry the

algorithm.

i) Adopt the acceleration enhancement as in the centakegorithm, which is described in

Section 6.3.3.

iii) If the DCPC algorithm does not converge for the reducgd (see Line 5 in Algorithm 8),

further reduce the target SINR a§" = mn + (@ miny - |f still no convergence

when B =(1+ ) ™Mn for0< 1, all the links whose buffer will not be empty in
the next time slot will pause their transmissions. Sinceatgerithm always tries to transmit
as more data as possible (i.e., by setting a high target SINEhever possible), it is highly

likely that such links won't have buffer under ow in the follving time slots.

If all the above steps fail, the BS suspends its transmisand the user freezes the playout

precess until the next time slot.

6.5 Simulation Results

To evaluate the performance of the proposed algorithmsjmwelate streaming VBR videos

in a 7-cell wireless network. We assume the channels within aarellorthogonal and inter-cell

interference is the major limiting factor. The channel baitth is B,, = 1 MHz. The path

gain averages are set@" = d, ., wheredy, is the physical distance from Bi§to useruny,.

We assume Rayleigh fading channels in all the simulationgr&vthe normalized path gain is

exponentially distributed as(Gy') = expf Gp'=Gp'gfor G’ 0. The distance from a user to

its corresponding BS is uniformly distributed from 100 m t®Q@0n and the inter-cell BS distance

is from 1600 m to 2000 m. The temperaturdis= 290 Kelvin and the equivalent noise bandwidth

is also 1 MHz. The peak power constrainPis= 1 Watt.

In each cell, the channel is dedicated to one mobile userB#R Video streaming. We assume

BS's 1, 4 and 7 are streaming movi&tar Wars BS's 2 and 5 are streaminfgBC Newsand the
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remaining links 3 and 6 are transmittifigkyo OlympicsWe use the VBR traces for these videos
from the Video Trace Library hosted at Arizona State Uniitgfd.39] in all the simulations. The

playout buffer size is set to be 1.5 times of the largest fraipe in the requested VBR video.

6.5.1 Centralized Algorithm

We implement the branch-and-bound centralized algoritemguMATLAB. We choose =
10%for the simulations. From the VBR video traces, we derive tawlative consumption and
over ow curves. The centralized algorithm computes therojted power assignment for the BS's
at beginning of each time slot. In Fig. 6.5.1, we plot the clative consumption, over ow and
transmission curves f@tar Wardransmitted on link 1. The top sub gure is for 10,000 framése
also plot the curves from frame 1,960 to frame 1,980 in théobotsub gure, while frame 1,969
has the largest size among the 10,000 frames. We observia¢ghaamulative transmission curve
X 1(t) is very close to the cumulative over ow cur@ (t), indicating that the centralized algorithm
always aims to maximize the transmission rate as allowetié¥puffer and power constraints, and
the playout buffer is fully utilized for most of the time. Tigeis no playout buffer over ow or
under ow for the entire range of the movies.

In Fig. 6.6, we plot the upper and lower bounds for objectivection (6.6) for time slot 1.
This is the hardest time slot with respect to power contiogesall the sessions are transmitting
I-frames and all the playout buffers are empty in this time 8 our simulations. We observe
the optimality gap between UB and LB is continuously deaedastil the = 0:1 threshold is
reached. In other time slots where the frame sizes are neistently large and the playout buffers
are close to full, it usually takes only a few (e.g., 5 or 6)atens to reach the optimality gap
threshold.

We also evaluate the accelerated scheme under the sameavide®twork conditions. The
curves for link 1 are plotted in Fig. 6.5.1. It can be seen thaing time slots 1,963, 1,967,
and 1,971, there is no transmission on link 1 since the plaofier is over 80% full. Pausing

transmission in these time slots makes it easier for oth&s lio transmit large frames and speeds
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Figure 6.5: The cumulative over ow, transmission, and aonption curves when transmitting
Star Warsat link 1 with DCPC in the seven-cell network.

up the convergence of the algorithm, while causing no buffeter ow at link 1. Since usually
large frames rarely occur in the same time slot (exceptrioe 8lot 1), this is analogous to statistical
multiplexing of VBR videos. We nd in the simulation, a link ngause in over 60% of the time

slots with the acceleration heuristic, resulting in sigr@nt reduction in computation time.

6.5.2 Distributed Algorithm

We next examine the performance of DCPC. The network and vidags are the same
as those in the centralized algorithm simulations. The dative over ow, transmission, and
consumption curves obtained by DCPC are plotted in Fig. 6ds.5tar Warstransmitted on link
1. We observe very similar performance as in the case of theazed algorithm shown in
Fig. 6.5.1. The cumulative transmission curve is again wivge toB,(t), and there is neither
buffer over ow nor under ow during the transmission of 10@frames.

To compare the distributed and centralized algorithms, evapute the sum of the bit rates

of all the links in each time slot. The acceleration schemwisused for both algorithms in this
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simulation. The rate sums are plotted in Fig. 6.5.2 from tstwg 6,800 to 6,840. We observe
that the sum rates achieved by the centralized algorithntlaatdoy the distributed algorithm are
identical for most part of this interval. Examining the ratans for the entire 10,000 time slots,
we nd that the rate sum achieved by the DCPC algorithm is wi88% of the corresponding rate

sum achieved by the centralized algorithm in over 97% ofithe slots.
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its transmission if its buffer is over 80% full arxi, (t

rates reach stable values after a few steps.
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The convergence of the distributed DCPC algorithm is plattdeigs. 6.5.2 and 6.5.2 for one
of the time slots. The accelerated scheme is incorporatdgdD@PC, such that a linkn may pause
1) > D (t). The evolution of the BS
transmit powers are plotted in Fig. 6.5.2, where after 2Bsstall the transmit powers converges
to a value between 0 arl®l = 1 Watt. The converged power vectorf*s = [0.0023, 0.208, 0.185,
0.0013, 0.1637:1 10 %, 0.188] Watt. The evolution of the bit rates are plotted ig.f.5.2. It

is interesting to see the data rates converge faster tharatismit powers in this case. All the data



6.5.3 Empirical Performance Evaluation

We evaluate the performance of the proposed schemes by dogggem with the following

two schemes.

A round-robin scheme where the BS allocates power quality of service(QoS) based
round-robin fashion, which favors the session that wouftesbuffer starvation if no trans-
mission is scheduled. When a speci ¢ BS is selected for trassion, it transmits the video
with maximum power without over owing the client buffer, drall its neighbors remain

silent in the same frame-time slot.

W-Lazy, as described in Section 6.2.3.

First, we investigate the average buffer utilization at ehdach time slot. When under ow
happens, the missing frame is discarded, and the next fralieevecheduled for the transmission
in the next time slot. We observe that the proposed RLT and DCRéhses achieve higher average
buffer utilization than the other two schemes. Fig. 6.10xghthe average buffer utilization from
frame-time slotl; 600to 1; 700 We nd that the buffer utilization of RLT and DCPC uctuate
around90% mostly, while the utilization of the Round-robin scheme ighe range 0650% to
80% We also nd that the W-Lazy scheme always achieves a zerebufilization,since it only
transmits each frame as late as possible in each time sltheAgnd of a time slot, all the data will
be comsumed by the user and the buffer is left empty.

We then compare the average number of under ow events ireT@l we nd RLT achieves
under ow free transmission, while the number of under oweets for DCPC is negligible in the
simulations. This is because both schemes aim to transmmitiak video data as possible under the
feasible condition in each frame-time slot. The extra vidata transmitted will be in the playout
buffer to provide a cushion to future large frames or netwdykamics. On the other hand, both
Round-robin and W-Lazy suffers a large number of under omagseWe also illustrate the buffer
under ow events in the period frorh; 680to 1; 700in Fig. 6.11. The red dot circles indicate the

buffer under ow. It can be seen that the cumulative transiois curve lies below the cumulative
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Table 6.2: Number of under ow events
RLT DCPC Round-robin  W-Lazy

Mean 0 02 516 1076
Conf. Int. [0;0] [ 0:3550:755] [442591]  [5141637]

consumption curve when buffer under ow events occur. Th&uits in an infeasible transmission
schedule, which causes frozen playout.

The average power consumption of the schemes are shown@IagW-Lazy has the lowest
power consumption. Due to the variation of frame size and/ok condition, the transmission
of W-Lazy are infeasible in many time slots. To prevent theedience of power allocation, some
video sessions should be paused and the power savings ofWalta achieved by pausing video
transmissions. However, this is at the cost of signi camtigre buffer under ow events, which are
undesirable for user experience. The Round-robin schee®ttyitransmit as much video data as
possible. However, it chooses a session greedily and patisesunselected video sessions. This
also causes many under ow events for the unselected sesgMs, due to the round robin fashion
and limited buffer size, when the unselected session beesetreted, its low buffer utilization will
lead to a larger power consumption in order to |l the bufiespecially when it misses the previous

good channel condition and the channel condition is wordheaicurrent time slot. Thus, the
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Figure 6.11: lllustration of under ow events.

proposed algorithms achieve the better balance betweamntdrgy consumption and the quality of

experience of the video streaming.

6.6 Related Work

A thorough review in VBR video model and VBR video streamingrov@ed networks has
been explored in 5.6. Due to the fundamental difference éetvwireless and wired CBR links,
these techniques do not directly apply to our problem of VBRrahe multicellular wireless
networks. In this chapter, we take advantage of power cbimwireless networks to adjust the
capacity of wireless links based on video frame size infaglonasuch that we can jointly optimize
the transmission ahultiple VBR video sessions ovenultiple VBR channels. Our approach does
not depend on any channel or video traf c models, and can betad for CBR video as well.

Power control is an important problem for interferenceti#d wireless networks. Most prior
work focuses on maximizing network utility in the forms ofN&R or bit rate [48,59, 138]. In [48],

Grandhi, Zander, and Yates presented centralized andbdigtd power control algorithms for

124



0.018

0.016

= 0.014

0.012+

0.01+

0.008

0.006-

Average power consumption (W

o
o
(@)
K

0.002

1 2 3 4
Schemes (1: RLT 2: DCPC 3: Round-Robin 4: W- Lazy)

Figure 6.12: Average power consumption.

achieving target SINRs in a cellular network. In [59], Chiatgdsed the problem of joint power
control and congestion control, aming to maximize the thhguut of TCP-Vegas over an ad hoc
network. Gjendemsgt al. [138] presented centralized binary power control algonghfor max-
imizing the sum rate over multiple interfering links. Altingh laid out the theoretical foundation
and developed effective algorithms, these techniquesatarendirectly applied for VBR video

over multicell wireless networks with buffer and delay ciamts.

6.7 Conclusions

We studied downlink power control for VBR video streaming inlticell wireless networks.
The problem formulation considers downlink power contioter-cell interference, VBR video
characteristics, and playout buffer requirements. We ldpeel a centralized algorithm that can
provide (1-)-optimal solutions, and a fast distributed algorithm tbaty needs local informa-
tion. The algorithms are evaluated with extensive simaotetiwith VBR video traces and fading
channels, and are demonstrated to be effective for strggW®RR videos over multicell wireless

networks.
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Chapter 7

Energy Ef ciency on Downlink Multiuser VBR Video Streaming

7.1 Introduction

In this chapter, we present a power ef cient downlink powentrol framework in wireless
system with orthogonal channels feariable bit rate(VBR) streaming with focus on minimizing
the power consumption for the total streaming period. Wesichar the problem of optimal power
allocation for multiuser VBR video streaming in the downlioka cellular network with orthog-
onal channels. We assume the wireline segment of a videmsgssth is reliable with suf cient
bandwidth, while the last-hop wireless link is the bottlekeThus the corresponding video data
is always available at the BS before the scheduled trangmissne. We adopt a deterministic
model for VBR video traf ¢ that incorporates video frame andywut buffer characteristics. The
BS allocates a transmit power to each user in each time sla.pitblem is to nd the optimal
power control schedule to stream the requested VBR videotdatsers, such that the total trans-
mit power consumption can be minimized, while minimizing thuffer under ow and over ow
events.

The problem is formulated as a constrained stochastic gg&tian problem. We show that the
problem ts well with majorization theory, which concerngtiwpartial ordering of real vectors and
order-preserving functions. It answers the question of taarder vectors with nonnegative real
components and its order-preserving functions [13]. A mzgdion-based solution framework is
developed to tackle the problem. First, we prove that thedailye function of the formulated prob-
lem is Schur-convex with the order-preserving property.[S2cond, we investigate the case of a
single VBR video session with relaxed peak power constrale.develop a majorization-based

power optimal algorithm with low complexity, and prove thewer optimality of the proposed
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algorithm and the uniqueness of the global optimum. We atsoahstrate that the proposed algo-
rithm is smoothness optimal as well. Third, we investigate¢ase of multiuser VBR streaming,
where power allocations for the users are coupled with thed& power constraint. We develop
a heuristic algorithm that selectively suspends some \sg@ssions, which will not incur under ow
in the next time slot, when the peak power constraint is WalaFinally, the proposed algorithms
are evaluated with trace-driven simulations [139], andslm@wn to achieve considerable power
savings and improved video quality over a conventionalylaacheme [136]. The rest of this
chapter is organized as follows. The system model and probtatement are presented in Sec-
tion 7.2. We transform the problem into a majorization peoblin Section 7.3. The proposed
algorithms are described in Section 7.4 and simulationlt®swe presented in Section 7.5. We
review related work in Section 7.6. Section 7.7 concludéesdhapter. The notation used in this

chapter is summarized in Table 7.1.

7.2 System Model

7.2.1 Network and Video Source Model

We consider the downlink in a cellular network, as shown ig. Fi.1. There ar&l active
mobile users inasdll = f1;2; ;Ngin the cell that subscribe to the video service. A BS
transmits multiple VBR videos to the mobile users. Each useupies a downlink channel, which
is a spectral/time resource slot, the nature of which dependhe speci ¢ multiple access tech-
nigue adopted. We assume that the downlink channels witbéll @re orthogonal, due to perfect
synchronization of the spreading codes or the use of guanestior frequencies. We further as-
sume the wireline segment of a video session path is relaithesuf cient bandwidth, while the
last-hop wireless link is the bottleneck. Thus the corresjitg video data is always available at
the BS before the scheduled transmission time. We addeteaministic VBR video mode&Vhich
was presented in the Section 4.2.

The BS allocates a transmit power to each user in each timd&d® (t) = [ P1(t); ;PN (1)]

be the power allocation in time slbt The Signal to Interference-plus-Noise Ra{f6INR) at user
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Table 7.1: Notation Table for Chapter 7

Symbol Description
N number of mobile users in the cell
U set of users
b, playout buffer size at user
Th total number of frames of the usewideo
n total number of bits of the usevideo
Dn(t) cumulative consumption curve of user
Bn(t) cumulative over ow curve of usem
Xn(t) cumulative transmission curve of user
Pn(t) transmit power of usen in time slott
P(t) power allocation in time slat
n(t) SINR at usen in time slott
Gn(t) path gain from BS to user in time slott
n(t) noise power at usar in time slott
Cn(b) downlink data rate of user in time slott
Bw channel bandwdith
a transceiver dependent constant
P peak power constraint
o} thei-th feasible transmission schedule
C, the optimal solution to (7.9)
cort an evenly distributed rate vector
Cl an auxiliary schedule used in Theorem 7.2 proof
() a mapping functiolR™ ! R de ned in (7.12)
X, Y. Z n-dimensional nonnegative vectors
Cmax (1); Cnin (t)  rate of probe lines
Uu(C) smoothness utility function

n in time slott can be written as

n(t) = Ga(t)Pn(t)= n(t); (7.1)

whereG(t) is the path gain from BS to userand ,(t) is the noise power at userin time
slott. We assume block fading channels, where @&¢t)'s are i.i.d. random variables with a
certain distribution, fot = 1; ;T, [50]. The downlink data rate can be written g@gt) =
Bwlog(l+ ,(Pn(t))), whereB,, is the channel bandwidth anddepends on the transceiver

design, such as modulation and channel coding. Withoutdbggnerality, we use the Shannon
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Figure 7.1: Cellular network and video streaming system rode

capacity as an upper bounding approximation:

C(t) = Bwlog(1+ n(Pn(1))) : (7.2)

Once the link capacity is determinegi(t) bits of video data will be delivered to userin

that time slot. The cumulative transmission cuk/gt) can be written as

Xn(0)=0; Xn(t)= Xn(t 1)+ ca(t): (7.3)

A feasible transmission schedule should cause neitheoptdyuffer under ow nor over ow, i.e.,
satisfying
Dh(t) Xn(t) Bp(t); forallt;n: (7.4)

7.2.2 Power-Aware Transmission Scheduling

As discussed, we jointly consider the traf ¢ source modethia application layer and power
allocation in the physical layer. We adopt cross-layer gledsdo compute the optimal feasible
transmission schedufeX,(t),0<t  T,g, for all usersn 2 U, such that the total transmit power

consumption can be minimized. From (7.2), the requiredstrahpower for usen is

Pa(t) = 20 ®™ 1) 1()=Ga(t): (7.5)
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P
A peak power constraint may be applied at the BS, i.e,,, Pn(t) P, forallt. We then formu-
late the followingconstrained stochastic optimization probleaiming to minimize the expected

total transmit power.

X Xn
minimize E[Pn(1)] (7.6)
n2U t=1
subjectto:Dn(t) X,(t) Bn(t);forall n;t (7.7)
X
P.(t) P;forallt: (7.8)

n2U

Due to orthogonal channels, transmission in one channslmatenterfere with those in other
channels. We rst relax the peak power constraint (7.8),(tlee case whe® is large). Then,
problem (7.6) can be decomposed ihtosub-problems, each minimizing the transmit power of a

video session.

X
minimize E[Pn(t)];foralln 2 U (7.9)
t=1

subjectto:D,(t) X,(t) Bp(t); foralln;t: (7.10)

For givenB,(t) andD,(t), the feasible transmission schedule satisfying (7.10pisinique.
Thei-th feasible transmission schedule is a piece-wise linaarecthat can be represented as a
vectorC! = [d (1); ;c.(T,)], wherec (t) Ois the data rate in time sldt for all t. Let
C, =1[c,(1); ;c,(Tn)] be the optimal solution to (7.9). For a given VBR video, all thasible

transmission schedules transmit the same amount of vidagida,

c,(t) = c,(t)= n; foralli;n: (7.11)

t=1 t=1
Furthermore, the total transmit power for a feasible scleedan be viewed as a mapping function
R™ IR with
i )(n i —
(C)= (ch(t)_BW 1) n(t)=Gy(1): (7.12)

t=1
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Given such an interpretation of the relaxed problem (718 ,dbjective is to nd an optimal
feasible vectoC,, such that its total powd?,,, obtained through the mapping ), is the minimum
among all feasible vectof3!. This interpretation ts well with thenajorizationtheory introduced
in Chapter 2, which provides useful order preserving redoltsnequality problems. Applying
these results, we design an optimal algorithm for solviregdecomposed sub-problem (7.9) in
Section 7.4.1. Then we will examine the case of multiuser VBR@ streaming coupled with the

peak power constraint in Section 7.4.3.

7.3 Problem Reformulation

7.3.1 Majorization Preliminaries

The preliminaries of majorization have been given in Sec#@® of Chapter 2.

7.3.2 Schur-convexity of Problem (7.9)

As discussed, problem (7.9) ts well with majorization tmgavith a mapping function (7.12).
To solve the problem, we need to nd the optimal rate vec@grthat is majorized by all other
feasible transmission rate vect@s, asC, C!, for alli. If the mapping (7.12) is Schur-convex,
then the total transmit power to achie@ will also be dominated by those of other feasible
transmission rate vectors. That is, the minimum power isdoior problem (7.9). Due to random
path gains and noise powers, stochastic majorizationdrailan ordinary majorization) should be
used, which investigates the inequality properties rdl&erandom variables [13]. We have the

following theorem for the mapping (7.12) in problem (7.9).
Theorem 7.1. The objective function of (7.9) is an increasing Schur-earfunction.
Proof. See Appendix E.1. O

With Theorem 7.1, solving problem (7.9) is equivalent to imgl the optimal rate vectc,,,

such thatC, C!, for alli. Then the total power associated willj is the minimum since the
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mapping (7.12) is order-conserving. The feasible rateordtiat is closest to equal distribution
will be majorized by all other feasible rate vectors. Theref we transform problem (7.9) to

nding a transmission schedule with the most evenly distiédl rates for all the time slots.

7.4 Power Allocation Algorithms

Based on the stochastic majorization interpretation of leral(7.9) and the Schur-convex
property of its objective function, we rst develop a powemimization algorithm (PMA) for the
case of relaxed peak power constraint. We prove its optiynahd the uniqueness of the global
optimal, as well as the equivalence of power optimal and $hress optimal. We then describe a

heuristic algorithm for the case of multiple videos coupléth the peak power constraint.

7.4.1 Power Minimization Algorithm

From Section 7.3, an evenly distributed rate ve@@f* = [ =T, ); o on=(Th )] is
majorized by all feasible schedules, i€%" C!, for alli. However, due to the high variability
of VBR video frames, limited playout buffer size, random pgétins and noise power€" may
not always be feasible. In general, each feasible scheduyece-wise linear with a set of rate
change points, where the rate is increased or decreasedvenphbuffer under ow or over ow.
C?2P is a special case with no such rate change points.

The algorithm in Algorithm 9, termed PMA, can generate a@ietse linear schedule, while
keeping each piece as long as possible and rate variationadsas possible. The operation of the
algorithm is illustrated in Fig. 7.2. Starting frotg,; (e.g.,h; in Fig. 7.2), PMA rst computes

two probe lines:

One through the starting point and one of the future cornagnpofB,(t), which can go the
furthest into the future without causing buffer under owawer ow (e.g., linesh;h, in Case

1 andhshg in Case 2 of Fig. 7.2). The rate of this probe lineigsy (t) = 2o Xnlsat )

t tstart
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The other through the starting point and one of the future@eopoints ofD,(t), which
can go the furthest into the future without causing buffedemow or over ow (e.g., lines

hihz in Case 1 andhsh; in Case 2 of Fig. 7.2). The rate of this probe lineCgj, (t) =

Dn(t) Xn(tstart )
t tstart '

All feasible transmission curves should lie in betweené¢h®ag probe lines in order to go that far.
Furthermore, when the probe lines end, theybbithon eitherB,,(t) or D,(t). Otherwise, we can
always adjust one of the probe lines to make them go eveneiuitito the future. For example,
see linesh;h; andh;hY in Case 1 of Fig. 7.2. We can use lihgh,, which goes further into the
future, to replace liné;h3, and both probe lines hid , (t) eventually (also see linéghe andhsh
in Case 2).

If both probe lines hiD(t) (i.e., Case 1 in Fig. 7.2), any feasible schedule for thiswate
will also hit D (t), since they must lie in between the two probe lines. We thacetback the
upper probe line (i.e., link;h,) to nd the latest time when the buffer is full (i.e., poihj at time

tsiop). Then segmerti;hy will be chosen as the transmission schedule for this intewith rate

Bn (tstop ) Xn(tstart )
tstop tstart '

If both probe lines hiB,(t) (i.e., Case 2 in Fig. 7.2), any feasible schedule for thiswate
will also hit B, (t). We then trace back the lower probe line (i.e., im@;) to nd the latest time

when the buffer is empty (i.e., poifig at timetg,p). Then segmentishg will be chosen as the

transmission schedule for this interval, with rQggtsee) Xn(tsar )

tstop tstart
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Algorithm 9: Power Minimization Algorithm (PMA-1)

BS obtaindy,, D, B,,, andB,, for all usern ;

Sett = 1itsant = Otsiop = te; = te, =1;Chin =0;Crpax = 1 ;
while some time slots are not assigned a rdte

CalculateCpax (t) andCpyin (t) over intervaltgy ; t] ;

if Chin Chin (1) & Ciin (1) minf Cax ; Cinax (1) g then

‘ Chin = Cpmin (t) andte, =t ;

end

If Chax  Cmax (1) & Cax (t)  maxf Cpin ; Criin (t)g then

| Crmax = Cmax (t) andte, = t;

end

If Cmin > Minf Cphax ; Cmax (t)g then

| SelectCrin from g tOtsiop = to, ;
else ifCnax < maxf Cnin ; Ciin (t)g then

| SelectCrax from tgia t0tsiop = to, ;
else
t++ ;
CONTINUE ;

end
tstart = Ustop: Ustop = tey = Lo, = lstart + 1;t=tgat +1;Chin =0;Chax = 1
end
while more video frames to transnib

Measure the channel gain of the time slot, calculate powiegy3.5), and transmit
the video data ;
23 end

© 00 N O O b W N P

N NN R R R R R R R R R
N B O © ® N O U0 b W N P O

After the transmission schedule o ; tsiop) iS determined, we Séfia = tsop and repeat
the above procedure to nd the schedule for the next timawale In Algorithm 9, the algorithm
probes for the longest feasible rate starting fitiay in StepsA-10. In Stepsl1-14, the transmis-
sion rate for the intervelsr ; tsiop) IS determined depending on which of the two cases it is as
illustrated in Fig. 7.2. Step$6-17 are for the case that the rate does not change in the time slot.
Stepl9resets the variables to start the computation for the ngxheat ofX ,(t). Finally, Steps

21-23transmit the frames following the computed schedule.
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7.4.2 Optimality Proof

We next show that the algorithm given in Algorithm 9 computesoptimal solution to prob-

lem (7.9).

Theorem 7.2. The power minimization algorithm PMA is optimal to problen®}7

Corollary 7.2.1. The power optimal transmission sche@gis unique for giveB,(t) andD(t).

Corollary 7.2.2. The computational complexity of Algorithm PMAQET 2).

The proofs of above conclusions are similar to the proofe @hapter 2 and thus omitted for
brevity.

Note that Algorithm PMA is executed during the session séimp. It only incurs a small
initialization delay. In our simulations with VBR video trag, we nd the execution time is usually
negligible. When the channel statistics are changed (iwe,td handoff), the schedule will be

recomputed for the remaining video frames.

Corollary 7.2.3. The power optimal transmission scheddg is also the smoothest one among

all feasible schedules.

Proof. The proof of Corollary 7.2.3 is given in Appendix E.2.

7.4.3 Multiuser Video Transmissions

We now consider problem (7.6) to compute transmission adhedorN VBR video sessions,
which are coupled by the peak power constraint (7.8). Dued@eak power constraint and random
channel gains, the individually calculated transmit pav@iay violate (7.8) in some time slots.
The problem is further complicated because of the randomredaains, which is not available a

priori (except for the statistics of the channels).
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Algorithm 10: Power Minimization Algorithm for Multiuser Videos (PM)

1 Execute power minimization algorithm PMA to compute trarssion schedules for all
active users ;

2 while there are more video frames to transmd

3 Measure channel gains of the current time slot and calcthiatdransmit powers using

(7.5);

4 if peak power constraint is violatetien

5 Select the users who won't have under ow even without traissian in this time
slot ;

6 Sort the selected users in decreasing order of powers ;

7 while peak power constraint is not satis etb

8 \ Decrease the power of the selected users by the order ;

9 end

10 end

11 Transmit the videos and recalculate the optimal transomsstheme for the paused
mobile users for the next time interval ;
12 end

To solve problem (7.6), we develop a heuristic algorithmmed PMAm, as presented in
Algorithm 10. The PMAm algorithm uses PMA to compute transmission schedules farctie
users. Then based on current channel state informatiooiipuates the power needed to achieved
the rate for each user, and checks the peak power cons}?rep,i;_mn Pn(t) P. If the constraint
is not violated, each user's video data will be transmittetthea computed power. Otherwise, as in
Steps4-10, PMA-m selects those users who will not have buffer under ow if tieansmissions
are suspended in the following time slot, and sort them inddeeasing order of their required
powers. Starting with the rst user, PMAz decreases the powers of the users in the list; if the rst
user's power reaches 0 W but the peak power constraint itibatis ed, PMAm starts to reduce
the power of the second user in the list; and so forth untilek power constraint is satis ed.

In some extremely severe channel conditions, the total p&®veannot even support the
minimum required bit rate for all the users. Some users habe tpaused and the current frames
be discarded. The corresponding playout of such a user wifrdzen until the next time slot.
Finally, the transmission schedules for the suspended wgérbe recomputed using PMA as in

Step 11 and the above procedure is repeated.

136



7.4.4 Application to Interactive Video Streaming

The ubiquitous spread of mobile devices and trend of mullimapplications require the
interactive service be supported [148—-150]. Thus, it iseBeary to investigate how to apply the
proposed schemes to the case of interactive video streanmtegactive video is a relatively new
and still evolving technology with a broad scope. We focutherthree interactive video streaming
related typical scenarios in the following, and show thatphoposed schemes are applicable for
these scenarios for improved performance.

First, for quick response to user inputs, many interactide® streaming applications have
tight delay requirements Such stringent delay requirements have two implicatiasunlike
stored video, not all the future frame sizes are known nowy; the frames sizes for a shddok-
ahead periodLAP) are known. (ii) the playout buffer sizes cannot be éargince a large buffer
usually introduces large delay. Clearly, the proposed seleran be applied to the look-ahead
time period for which the future frame sizes are known, to pote a schedule for the near future.
Furthermore, given the small playout buffer size, usuallghasen transmission rate won't last
very long into the future before it hits either the cumulatiover ow curve or the cumulative
consumption curve (see Fig.4). Therefore the impact otéichiook-ahead period would be small
or moderate at best.

Second, many interactive video applications supMR controls[151]. For example, a
user may slide the progress bar of the video player to replaskip a part of the video. This
case is equivalent to a change in the cumulative over ow amsumption curves. The proposed
algorithms will seek to the new start frame that the userirequand recalculate the transmission
schedules for the following frames.

Third, in both“exploratory” online interactive videos (where a user can move through dif
ferent locations in a space or view an object from differerglas) andrsideo click through$152]
(where a user can click objects in the video that are linkedth@r contents), new data will be

transmitted after each user input. These are equivalemetadse of VCR controls. A new set
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Table 7.2: VBR Video Trace Statistics

Video Trace| Average Rate Frame Rate Average PSNR
Star Wars| 331,681 b/s 30 f/s 44.62 dB
NBC News 784,840 b/s 30 f/s 38.80 dB
Tokyo Olympics 509,191 b/s 30 f/s 41.46 dB
Terminator 2| 5,085,453 b/s 30 f/s 43.92 dB
From Mars to China| 4,849,711 b/s 30fls 39.26 dB
Sony Demaq 5,803,650 b/s 30fls 44.07 dB

of cumulative over ow and consumption curves will be delied (derived from the new data re-
guested) and new schedules computed.

In Section 7.5.1, we evaluate the performance of the prapssbemes under the above in-
teractive video streaming scenarios. Our simulation tesliow that the proposed schemes still

achieve considerable power savings and better video gulaéinh a conventional scheme for inter-

active videos.

7.5 Performance Evaluation

We demonstrate the performance of the proposed optimal poeverol algorithm through
trace-driven simulations. We simulate the downlink of d wé&h 1 mile radius. The channels are
assumed to be orthogonal, each w&h = 1 MHz bandwidth. We assume that bit errors can be
corrected by error correction codes. The path gain ave@g€s, = d,*, whered, is the physical
distance from the BS to usar We assume log-normal fading with zero mean 8B standard
deviation. The device temperature280Kelvin and the equivalent noise bandwidthBg, = 1
MHz. The BS streams three movi&sar Wars NBC NewsandTokyo Olympicdo active users.
The video traces are obtained from the Video Trace LibraArabna State University [139]. The
statistics of the three video traces are summarized in TaBle

We rstinvestigate the performance of the power optimabaiihm. In the simulation, the BS
streams3; 000frames of a video sequence to each mobile user located atetiffdistances to the

BS. The cumulative consumption, over ow and transmissiomves of theStar warsvideo session
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Figure 7.3: Simulation results: transmission curveStair wars

are plotted in Fig. 7.3. It can be seen that the transmisstbedille always lie in between the
cumulative consumption and over ow curves, indicatingtttheere is no playout buffer under ow
or over ow events in this simulation.

We next compare the optimal power algorithm with a convergidransmission scheme with
respect to the average power consumption at the BS. In eaehstoty the conventional scheme
only transmits the video data that is needed by the decodke &nd of the time slot. It achieves
a cumulative transmission curve that connects all the cqroiats ofD ,(t) (also called thelazy’
scheme). Intuitively, such lazy approach should be enefgiest since it always transmits the
minimal amount of data as needed. However, we will see tleaptbposed algorithm outperform
this lazy approach in the simulations.

In Fig. 7.4, we plot the average power consumption achieyaddtwo schemes for increased
distance to the BS. Each point in the gure is the averag&@000 simulation runs. The 95%
con dence intervals are plotted as vertical bars in the guwhich are all very small.

It can be seen that the proposed algorithm outperforms tectional scheme for the entire

range of distances examined. When the distance to BS is sro#llsbhemes use small transmit
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powers and the power savings are not very big. However, winedistance is increased, channel
fading has a bigger impact on interference and channel dgpabe proposed algorithm achieves
considerable power savings than the conventional schemen\itie distance is 1,600 m, the total
power of the proposed scheme is only 46.62% of that of theardional approach, corresponding
to a 54.34% normalized improvement.

We further investigate in more detail the difference of trengsmissions between the two
schemes. The position of a mobile node is set;1@00 m from the BS. The rst3; 000 frames
of the Star warsmovie are transmitted to the node using the PMA-1 scheme andeational
scheme, respectively. Fig. 7.5 shows the cumulative poaresumption for the rstl; 000frames,
while the energy consumption for each video frame is platte€ig. 7.6 for frames in20Q 25Q.
We observe that at the beginning, thHazy’ scheme archives smaller power consumption than
the PMA scheme, due to the fact that it only transmits the mmimh amount of required frames
in each time slot. However, the transmission of fra2dd of the conventional scheme generates
a sharp power increase, because it encounters a large feamellaas bad channel condition, as

indicated in Fig. 7.6. The transmission curves of the twceswds are plotted in Fig. 7.7 for the
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Figure 7.5: Cumulative power consumptions achieved by PMghd the conventional scheme.

rst 250frames for the two schemes. Although the conventional sehamhives smaller power
consumption frame by frame for abd@®% of the 3; 000frames, the average power consumption
of the proposed scheme during the entire peri@@d55W) is much smaller than that of the
conventioanal schem®:0141W). In summary, the lazy’ scheme only uses the current video
and channel status, and transmits only the minimum amourgcfired video data, It does not
effectively utilize the playout buffer capacity. Thus dwgithe entire transmission period, the
cumulative power may increased due to some large frames athahmnnel conditions. On the
contrary, the proposed scheme aims at minimizing the totabge transmission power during the
entire period. Thus, it achieves considerable power sawogiparing to the conventional scheme.

We also obtain the average execution time of the proposexitiign, under the same setting
but for 20; 000 Star Warsframes. We nd that the average execution time is al®06 s on an
IBM Laptop with Intel T24001:83 GHz processor an2d GB RAM.

Finally, we examine the buffer under ow events. The follogiscenarios are simulated:
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Scenario 1P =1 W; the movies ar&tar Wars NBC NewsandTokyo Olympics50mobile

usersB,, =1 MHz;
Scenario 2 The same setting as i) except tigat = 125 KHz;

Scenario 3P = 10 W, the HD movies arderminator 2 From Mars to ChinaandSony

Demq 20 mobile usersB,, = 1 MHz.

The HD movies have larger frame sizes and higher variabiifygame sizes. The buffer under ow
rates are presented in Table 7.3, each being the ratio ofuimder of under ow frames over the
total number of frames. PMA achieves considerably lower under ow rates for all the ¢see-
narios. The PMAmM under ow rates are 0.056%, 13.60%, and 14.26% of that of drentional
scheme. Therefore, PMA achieves not only considerable energy savings, but alsd ietter

video quality for the mobile users.
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Table 7.3: Simulation Results: Playout Buffer Under ow Rates

Scenariol Scenario2 Scenario3

PMA-m
Conventional

0.0005%

1.8%
13.24%

1.66%

0.89% 11.64%

7.5.1 Simulation Results for Interactive Video Streaming

In this section, we study the performance of the proposedrifitgns for interactive video

streaming. First, we simulate the interactive real-tintewi streaming with stringent delay require-

ments and small playout buffer sizes. The same simulatitimgs are used. All the positions of

mobile nodes are randomly generated in the cell. We applgringosed PMAmM, but only assume

only the frame sizes in a small LAP are known.

The transmission curves of VBR movBC Newsare plotted in Fig. 7.8 for the rsi00

frames, where the length of the LAP is 16 frames. We may obsirat the proposed algorithm

PMA-m is executed piecewisely for each block of LAP frames, whed®+16. For this range

of frames, there is neither playout buffer over ow nor playduffer under ow occurs. We then
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Table 7.4: Playout Buffer Under ow Rates for Interactive VBRI€bs with Different LAPs

Scenariol Scenarioll Scenario lll
LAP=16
PMA-m | 0.387% 5.969% 4.766%
Conventional] 0.711% 12.446% 12.495%
LAP=8
PMA-m | 0.377% 5.690% 4.894%
Conventional| 0.620% 11.409% 9.645%

compute the number of the under ow frames over the total nemds frames, as presented in
Table 7.4. The PMAm still archive the under ow rate that af4:56% 47:96% 38:15%o0f those
of the conventional scheme in this case.

To illustrate the impact of the length of LAP, we further dease it to8 frames and then
run the simulations with random deployed mobile nodes. Thagqut buffer under ow rates are
presented in Table 7.4. For the halved delay requiremetiraily the proposed scheme's perfor-
mance is slightly degraded due to limited information altbetvideo frame sizes. However, the

PMA-m scheme still archives under ow rates that &@90% 4988% 50:74% of those of the
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Figure 7.9: Transmission curves after the user skips tmedsan [10s, 20s]Star Wars

conventional scheme, indicating considerably superiewer performance over the conventional
“lazy” approach.

Finally, we demonstrate the application of the proposedsas to VCR control in interactive
video streaming. We assume that aft@iseconds of streaming the VBR video (i.e, corresponding
to 300frames), the user skips the néseconds of the video, and then resumes the video playout
from 20 second. We plot the dynamics in the transmission/schedues of theStar Warsvideo
in Fig. 7.9. Comparing the curves with the original non-skiggransmissions in Fig. 7.10, we
observe that after playing out ti390" frame, the frame fron801to 600 are skipped by user's
operation. Then the fram@01is moved to the time-sld301and a new transmission schedule is

computed for the following frames.

7.6 Related Work

A thorough review in VBR video model and VBR video streamingrov@ed networks has
been explored in 5.6. In an interesting work [95], Salehagletpplied majorization to VBR video

smoothing and developed a smoothness optimal algorithre. pfbof of Theorem 7.2 follows a
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similar approach as in [95]. These prior work are based oageamptions of a single video session
and constant rate channels, which may not be directly appfi¢he case of wireless networks.

In this chapter, we consider multiuser VBR video streaminthiwia cellular network with or-
thogonal channels. We jointly consider power control, gittaf ¢, and video palyout information
for power minimization. Our stochastic majorization thebased approach is quite different from
the prior works [54, 143], which allow us to develop effeetsgorithms with low complexity and

proven optimality.

7.7 Conclusion

In this chapter, we studied the problem of downlink multiugBR video streaming in cel-
lular networks. Our formulation takes into account the niatéions among power control, fading
channels, VBR video traf c and playout characteristics. Wenfulate a constrained stochastic

optimization problem aiming to minimize the BS power constiorpand to avoid playout buffer
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over ow or under ow. We developed majorization-based aitfuns to solve the formulated prob-
lem. For the case of large peak power constraints, we pra/eptimality of the proposed algo-
rithm and the uniqueness of the global optimal, as well aethévalence of power optimal and
smoothness optimal. For the case of multiple videos couplddthe peak power constraint, we
develop an effective heuristic algorithm that selectivelgpends some video sessions when the
peak power constraint is violated. The superior perforreasfcthe proposed algorithms over a

conventional scheme is validated with trace-driven sirtnorhe.

147



Chapter 8

Summary and Future Work

8.1 Summary

In the previous chapters, we proposed frameworks for enefgyent designs in Cyber-
physical systems. We investigated the problems by a coatrdloptimization approach, which
contains Lyapunov optimization [12], majorization [13fminear and convex optimization [14].
The synergy of these advanced mathematical tools prodwesewvisions for the energy ef cient
solutions to alleviate energy resource depletion, deergesenhouse gases emission and air pol-
lution, which evolves a green world in the future.

In Chapter 2, we presented the electric power schedulingipelfor smoothing the demand
pro le in power distribution networks. We introduceddgterministic electricity supply/demand
modelthat takes into account time-varying demands and theirloheesd We formulated a con-
straint nonlinear optimization problem and incorporated theory of majorization to develop
algorithms that can compute smooth optimal electric powbedules. After the smooth power
schedule is obtained, a distributed user bene t maximaratoad control scheme is used to al-
locate the scheduled power to individual users, while maiing their level of satisfaction. The
proposed algorithms are highly desirable for grid desigd eperation, which provide smooth
electric power scheduling, minimum peak power and opegatost. The simulation showed that
the proposed algorithms can alleviate the peak power 4p% This means we can deploy trans-
formers, transmission lines and other electrical devia#smvuch smaller capacity, which save the
captital investment in the power grid construction. Theegation cost saving is abo&#o by the
proposed algorithms. Due to the tremendous amount of erétgylk generation5% cost savings

could indeed contribute to billions of dollars.
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In Chapter 3, we investigated the problem of balancing supply demand of electric en-
ergy in microgrid (MG). We presented a novel framework forashenergy management based
on the concept ofuality-of-service in electricityQoSE). Speci cally, the resident electricity de-
mand is classi ed into basic usage and quality usage. Thie b&sge is always guaranteed by
the MG, while the quality usage is controlled based on the NM&Bus. Themicrogrid control
center(MGCC) aims to minimize the MG operation cost and maintain thiage probability of
quality usage, i.e., QO0SE, below a target value, by schegldlectricity among DRERs, ESS's,
and macrogrid. The problem is formulated as a constrairahastic programming problem. The
Lyapunov optimization technique is then applied to derne@daptive electricity scheduling algo-
rithm by introducing the QoSE virtual queues and energyagtervirtual queues. The proposed
algorithm is an online algorithm since it does not requirg statistics and future knowledge of the
electricity supply, demand and price processes. We deeweral “hard” performance bounds for
the proposed algorithm. and evaluate its performance vattetdriven simulations. The proposed
electricity scheduling algorithm enables an ef cient optation of DRERS, ESS's, and residential
power quality management into the smart grid by plug-aray-piterfaces, and provides a promis-
ing paradigm for smart energy management systems in smarfldre simulation showed that the
MG operation cost can be saved u@g while keeping the power quality of the users.

In Chapter 5, we studied the problem of power allocatiobase statior{BS) for streaming
multiple variable bit rate(VBR) videos in the downlink of a wireless cellular network libtracell
interference. We considereddaterministic modefor VBR video traf c and nite playout buffer
at the mobile users. The objective is to derive the optimalrdimk power allocation for the VBR
video sessions, such that the video data can be deliverdthiely fashion without causing playout
buffer over ow and under ow. The formulated problem is a imear nonconvex optimization
problem. We analyzed the convexity conditions for the fdated problem and proposed a two-
step greedy approach to solve the problem. We also devetgistributed algorithm based on the

dual decomposition technique. The proposed algorithnectiely allocated the power in BS's
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to stream the VBR video in cellular networks, while presegvine quality of experiencéQoE)
requirement.

In Chapter 6 we further extended the problem of downlink povestrol for streaming mul-
tiple VBR videos in a multicell wireless networks, where ddwk capacities are limited by inter-
cell interference. We adopted a deterministic model for VBR ¢ that considers video frame
sizes and playout buffers at the mobile users. The probldm isd the optimal transmit powers
for the BS's, such that VBR video data can be delivered to malskers without causing play-
out buffer under ow or over ow. We formulated a nonlinear mmonvex optimization problem
and proved the condition for the existence of feasible gwigt We then developed a centralized
branch-and-bound algorithm incorporating the Reformatatiinearization Technique, which can
producgl ) optimal solutions. We also proposed a low-complexity distied algorithm with
fast convergence. Numerical results showed that the peapakyorithms is QoE performance
bounded and achieve effective usage of the BS's power inrsinggVBR videos.

In Chapter 7, we addressed the energy saving for BS in wirekdidar networks with or-
thogonal channels to achieve energy ef cient VBR video stieg. We took into account the
interactions among power control, fading channels, VBRwitlaf c, and playout characteristics.
A constrained stochastic optimization problem was formadaiming to minimize the BS power
consumption and to avoid playout buffer over ow or under owWe then developed majorization-
based algorithms to achieve energy ef ciency, while preisgrthe QoE demands, for BS downlink
VBR streaming in cellular networks. The simulation showeat the average power consumption
can achiev®4%improvement and the proposed algorithms are also compativhteractive video

streaming in wireless cellular networks.

8.2 Future Work

Although there has been considerable advances in energieef Cyber-physical systems,

many problems still remain open in this interesting area. BNe y extend our discussion on
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the control and optimization in distributed smart eleceiergy management systems and low

complexity energy ef cient wireless multimedia networks.

Distributed Electric Energy Management Systems

We investigated the ef cient electric energy schedulingthe power delivery in previous
chapters. The proposed policies are mainly based on theatieatl control in the electric power
delivery networks and Microgrids, which were largely inkext from the control infrastructure of
legacy grid. In the evolution of smart grid, all the compaisesuch as DRERSs, ESS's, MGs, and
users, will be deployed in an ad-hoc mode and accessed irgeapldr-play fashion. Accordingly,
such distributed electric power delivery networks prefstributed intelligent electric energy man-
agement systems.

Compared to the centralized approaches, distributed maragesystems make decisions
based on local information with very limited timely inforti@n exchange, which reduce the
amount of real time information delivery in the communioatnetworks. The distributed manage-
ment systems are less susceptible to the information losgalthe impairment of the communi-
cation links and also have faster response to the grid st@hessecurity design and cryptographic
systems would also be simpli ed due to reduced amount ofmadgion exchange. However, due to
the limitation on the accessible information, the disttdstbmanagement systems usually are not
capable of computing a globally optimal decision. Furtleralytical models and mathematical

tools would be necessary to provide the performance bouopieahal decisions locally.

Low Complexity Energy Ef cient Wireless Multimedia Networks

Due to the intrinsic complexity of video sources and the dayitca and uncertainty of wireless
systems, we conjecture that a holistic approach that enasses the parameter space would be
necessary and the trade-off between complexity and efayiesf a solution algorithm should be
carefully investigated. In particular, we list some intgieg problems that may be worth of further

investigation in the following.
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Complexity-distortion analysis and the design of energgi@fit video codecs require ac-
curate models of video codecs. However, a video codec is &ioaton of complex func-
tional blocks, which makes accurate mathematic modelitigemely dif cult. In addition,
the quality of compressed video and the power consumptigheo¥ideo codec depend on
a large number of parameters. A content-based power-aveaigrdmay encounter a large
search space for optimal solutions. It would be useful teettlgyan accurate and effective
model for video codec that can be incorporated into the nmadéieal optimization frame-

works for both energy ef cient codec design and wirelesstimédia system design.

Cross-layer design has been widely adopted for video netagnsroblems. It has been
shown that an adaptive strategy with cooperation of selayals can achieve optimal power
ef ciency for video streaming. Most prior work assume thag twireless channel informa-
tion and network status are known apriori (e.g., by accueatamation, measurement, and
timely feedback). In practice, this assumption may not be,tbecause of channel/network
uncertainty and dynamics, and delay and congestion in theonle Thus, balancing the
achievable performance and the control overhead of theyalesistill an open problem.
Effective schemes that are robust to the channel/netwackntainties would be highly ap-

pealing.
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Appendix A
Proofs in Chapter 2

A.1 Proof of Theorem 2.2

The schedule computed by SEPS-IR,, could be a straight line or in the general case,
consist of one or more convex and concave segmentB. 6 a straight line, it is obvious that
P Py for any otherPy (see Fig. 2.3) and it is smooth optimal. In the general caseneed to
showP Py, for all k in every convex or concave segment. Then according to Leminav2
haveP Py for all k and it is optimal.

Let Py denote an arbitrary feasible schedule. We introduce ariayxscheduleP;, which
intersects wittP at all its power changing points in every convex segment,vaitid P, at all its
power changing points in every concave segment, as showig.ir\A.

First, we prove thaP P,. For a convex segment & , becausé; intersects witiP at
all the power changing points & , we haveP = P; in all the convex segments. For a concave
segment ofP , the endpoints of the concave segment should be the lag} posver changing
point of the previous (next) convex segment, whBreintersects withP;. The power changing
points within the concave segment are all\&h,, (t), as in SEPS-DL. Therefor®; is an outer
concave curve abov@ (or, it is farther away from the straight lire in Fig. 2.3) in this segment.
From the discussion of Fig. 2.3, we hake P, for all the concave segments. It follows that
P P; according to Lemma 2.1.

We next prove tha®;  Pg. For a convex segment Bf , the endpoints of the convex segment
should be the last ( rst) power changing point of the pre@d@next) concave segment, whdéte
intersects withP;. The power changing points &% (or, of P ) in the convex segment are all on
Whax (t). ThereforePy is an outer convex curve beld® in this segment. From the discussion of

Fig. 2.3, it follows thatP; Py in all the convex segments. In a concave segment, we hawr eith
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Figure A.1: lllustration for the optimality proof of SEPS:@lgorithm

P« = ProrPy P3, becaus®; intersects withP, at each power changing point. Thus, we obtain
P: P for all the concave segments, aRgd Py according to Lemma 2.1.
Finally we have®  P;  Pg. Proposition 2.1 states that problem (2.3) is Schur-coavek

order preserving. It follows from Fact 2.1 tHait is optimal to problem (2.3).

A.2 Proof of Theorem 2.5

Without loss of generality, we assume the fuel cost at tinoetsis C(t) = g(P(t); (t)),
which a nondecreasing convex function of the supplied pd(¢) [92]. This assumption is gen-
erally practical, e.g. classically, the fuel cost for theottic energy generation is usually considered
as a quadratic function of its power generation [103]. We alssume the co§i(t) is affected by
the random factors(t), which correspond to the cost uncertainty during the pesodh as the

fuel market price disturbance, and etc. We assume each elemg(t) is i.i.d over slots. Thus,
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the minimization of the expectation of the total cost over pleriodL is:

b
Minimize: Ef g(P(t); (t))g
t=1

s.t. Wiin (t)  W(t)  Whax (1); 8t

P(t) = W(t)=
S
W (t) = (A.1)
t=1
Due to the convexity of the cost functiay( ) respective taP(t), problem (A.1) is similar to

problem (2.3), except the random variab(¢). Thus, we resort tstochastic majorizatiofrather

than ordinary majorization) to solve this constraint noeér stochastic optimization problem.
Lemma A.1. The objective function of problem (A.1) is an increasingusawonvex function.

Proof. The i.i.d. random variables(t) are exchangeable for all The objective function (A.1)
can be rewritten as
( )
G(P)=E g(P(t); (1)

t=1

whereg(P(t); (t)) is convex and increasing with respective Rgt) for each xed (t), and
P

thl g(P(t); (1)) is a symmetric, convex and increasing function w.l2(t). According to
Proposition 11.B.5 in [13], the expectati@{P) is symmetric, convex and increasing. Following

Fact 2.1, the objective function (A.1) is Schur-convex argtéasing. n

By Lemma A.1, the solution of problem (A.1) is equivalent taling the optimal power vector
P , which is majorized by any other feasible power vectors.sTllie smooth optimal solutid?
in Table 1 is also the solution for problem (A.1). Thus, thegmsed SEPS-DL achieves fuel cost

optimal for energy generation.
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Appendix B
Proofs in Chapter 3

B.1 Proof of Theorem 3.1

According to the system equation (3.12), we have

8
2 Zo) Za(® o a(0)* 1n(0)
(B.1)
Zn(t) Za(t 1) o Wt 1)+ Ia(t 1)
Summing up the inequalities in (B.1), we have
X1 X1
Zn(t) Zn(0) n n( )+ Ta(): (B.2)
=0 =0

Dividing both sides by and lettingt go to in nity, we have

n #
X1 X1
t11 t tn t

n n( )+ In( )

=0 =0

Z,(0) is nite. If Z,(t) is rate stable by a control polidy,(t), it is nite for all t. We have

limy, 20020 =0 whichyields » » . due to the de nitions of , andl(t).
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B.2 Derivation of Equation (3.16)

With the drift de ned as in (3.15), we have
( X

(T1) = 26 [(Xt+ D) (Xe)FXu(0l+
k=1
)

[(Za(t+1)%  (Za()3Za(V)]
n=1

X

:_2L E  (De(t)?+ (Re(8)?+ 2X(t)(Ri(t)
k=1

1 X
Du(iXk(Dlg+ 5 E  1a(t)*+

n=1

(n n()2+2ZaO)(In(t)  n w()iZn(t)g

X
- % Ef (D (1)) + ( Ri(1) 2o+

k=1

X
Ef Xk ()(Re(t) Dy (t)jXk(t)g+

k=1

1 X

5 EflL+( 1)) n(1)%+ (Pa(t))’lgt
n=1

1 X

> Ef2Z,()(@ (1) n(t)

n=1

(Za(®)+ W(D)Pa(DjZn(t)g

X
B+ EfZ,()(1 ) o()jZa(t)g+

n=1

%

Ef Xk(t)(Rk(t) Dk (1))jXk(t)g

Ef(Z,() + ()P (DjZn(t)g:

_1PK max .- pmax ~\2 lPN 2 max \2 ;
whereB = 5 | _; (maxfDP*  RpP®g)+ 5, 2+ 7)( 1) isaconstant.

158



B.3 Proof of Lemma 3.1

In part 1) of Lemma 3.1, ifQ(t) > 0, we haveS(t) = 0 according to (3.7). The objective

function of problem (3.19) becomes

X
VQIC(t) +  Xi()(Re(t) Di(t))

k=1

(Za() + (1)) pa(t): (B.3)

n=1

We rst prove Lemma 3.1-1a). IK«(t) > V C(t), we assum&(t) > 0. Then we have

Dy(t) = 0 according to (3.4). Accordingly, the object function (B.8}iansformed to

X
VQC(t) +  Xi((Ri(t) Di(t))
i6k
X
(Zn(t) + n(t)) Pn (t) + Xk(t)Rk(t)
n=1 X
> VQMCH)+  Xi(t)(Ri(t) Di(1))

i6k

X
(Zn(t) + n(®)pa(t)  VCH(P()+ Q(t)
n=1
X X
(Ri(t) Di(1) Pn(t)
i6k n=1 #
X X
=V (Ri(t) Di(t)+  pa(t) P(t) C(t)+

i6k n=1
X X
Xi(t)(Ri(t)  Di(t)) (Za(H)+ n(O))pa():
i6k n=1
P
The above inequality is due ¥, (t) > V C(t) andR(t) = P (t)+ Q(t) isk(Ri(t) Di(t))
P
Szl pn(t) 0. The last expression shows, given the assumRidit) > 0, we may nd another
P P
feasible electricity allocation schen@t) = 4, (Ri(t) Di(t)) + r’:‘:l pn(t) P(t), which

can achieve a smaller objective value by choo$ftpft) = 0 andD(t) = 0. This contradicts with
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the assumptiom(t) > 0. Thus, we prove thaRy(t) = 0 whenX(t) > V C(t), under the
situationQ(t) > 0; S(t) = 0.

We then prove the second part of Lemma 3.1-1a). It follow#)@atRy (t) = 0 if Dy (t) > O.
Then (B.3) becomes

X
VQUC(t)+  Xi(t)(Ri(t) Di(t))
i6k
X
(Zn(t) + n())Pa(t)  Xi(t)Di(t)
n=1 X
>VQMCMH+  Xi(t)(Ri(t) Di(t)
i6k
X
(Zn(®) + a(O)P()+ VCH)(  pa(t)  P()
n=1 X n=1
QM+  (Ri(t) Di(1))
" i6k #
X X
=V (Ri(t) Di()+  pa(t) P(t) C(t)+
i6k n=1
X X
Xi(t)(Ri(t)  Di(t)) (Za()+ n(0))pa(t):
i6k n=1

The above inequality is due ¥, (t) < V C(t) < 0andD;(t)= P(t) Q(t)+ P sk (Ri(t) +

D(t)) + P ::1 pn(t) > 0. The last expression shows, given the assumdpft) > 0, we may
nd another electricity allocation scheme witi(t) = P sk(Ri(t) D)) + P 2‘:1 pn (1)

P (t), which can achieve a smaller objective value by choo8tpft) = 0 andDy(t) = 0. This
contradicts with the assumpti@ (t) > 0. We thus prove thdd(t) = 0 whenX(t) < V C(t),

under the situatio®(t) > 0; S(t) = 0, which completes the proof of Lemma 3.1-1a).
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We next prove Lemma 3.1-1b). For the rst part,4f,(t) > V C(t) (t), we assume
0 pa(t)< (@ ) n(t). Following (3.18) and(t) = 0, we have

X
B+ VQU)C(H)+  Xi(t)(Ri(t) Dg(t))+
X k=1
(Z;ma ) M o+ jO)p )+
j6n
Zn(t)(2  n) n(t)  (Za(®)+ n(t))pa(t)

X
=B+ VQUM)C(t)+  Xy(t)(Rk(t) Dy(t)+
k=1

X

(Zyma ) 0 O+ O M)+
j6n

Za(OIL  n) n() pa(®]  a(®pa(t)

X
>B + VQU)C(t)+ X ()(Re(t) Dy(t)) +

k=1

X
(Zyma 5 0 GO+ O)pM)+
j6n

(VC() oI n) o) P a(t)pa(t)

X X
=B+ V[ (Re(t) Di()+  p(t) P+
k=1 j6n

X
1 ) WMICH+  Xk()(Re(t) Di(t)) +

X k=1
Z;ma ) ) O+ j@))p)+
j6n

Zy(@  n) o) @+ WD n) (D)

The above inequality is due &, (t) >V C(t) (t) and the assumptigon (t) < (1 ) «(t).
The last equality shows, given the assumpppft) < (1 ) .(t), we may nd another electric-
ity allocation scheme witp, (t) = (1 ) »(t) andQ(t) = P Ezl(Rk(t) Dy ()+ P ien B (1)
P(t)+(1 n) n(t), which can achieve a smaller objective value. This conttadvith the pre-

vious assumption. Thus, we hapgt) (1 ) n(t).
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For the second part of Lemma 3.1-1b), assyy(¢) > Ofor0  Z,(t) <V C(t) (1)1t

follows (3.7) thatS(t) = 0. The objective function (3.18) can be written as

X
B+VQUWC()+  Xk()(Ru(t) Dy(t)+
X k=1
Zima ) ;O GO+ jO)p )+
j6n
Zn(@  n) W) (Za()+ a()pa(t)
X
> B+ VQU)C(H)+  Xu(t)(Re(t) Dy(t))+
X k=1
(Z;ma ) M G+ O)pM)+
j6n
Zn(@  n) () VC(t)pa(t)
X
B+ V[ P(t)+ (Re(t) Dg(t)) +
k=1
X X
pMICH) + Xk (t)(Re(t) Di(t))+
Bgn k=1 X
(Z;(ta ) () (Zy(®) + ()P (1)):
jén jén

The rstinequality is due tdd  Z,(t) < V C(t) n(t) and the assumptiop,(t) > 0. The
second inequality is due to the non-negativityZgi(t) and ,(t). The last equation shows, given
the assumptiop,(t) > 0, we may nd another electricity allocation scheme wii{(t) = 0 and
Q) = P(t) + P L (Re(t)  Dy(b) + P jsn B (), which can achieve a smaller objective
value. This contradicts with the previous assumption. Tingshavep,(t) = 0, which completes
the proof of Lemma 3.1-1Db).

In part 2) of Lemma 3.1, i5(t) > 0, we haveQ(t) = 0 according to (3.7). The objective

function (3.19) becomes

X
VSOW(t)+  Xk(t)(Rk(t) Dk(t))
k=1
X
(Zn(t)+ n(®)pn(D): (B.4)
n=1



We can prove part 2) with a similar approach as in the case f3a The detailed proof is

omitted for brevity.

B.4 Proof of Lemma 3.2

Since0  Chin C(t) Cpmax andV > 0, we haveRy(t) = 0 whenX(t) < V Ghax,
andDy(t) = 0 whenX(t) > VC,n according to Lemma 3.1-3.1). Similarly, sinfe
Whin  W(t) Wpnax andV > 0, we obtainRy(t) = 0 whenX(t) < V Wjax, andD(t) =0
whenX(t) > VW, according to Lemma 3.1-2)

SinceCrax > W max andCpin > W nin , Wwe conclude that iK(t) >V Wqin , the optimal
solution always sele@®(t) = 0. If Xy (t) < V Gyax, the optimal solution always seleBt (t) =

0. The proof is completed.

B.5 Proof of Lemma 3.3

The proof directly follows Lemma 3.1 and is similar to the @rof Lemma 3.2. We omit the

details for brevity.

B.6 Proof of Theorem 3.2

From the battery virtual queue de nition (3.10), the coastt E[™" Ex(t) EQ® is

equivalent to

VGCnax DM X () EM™  VGpax D™ EDN:

We assume all the batteries satisfy the battery capacitgtnt at the initial time = 0, i.e.,
EM  Ex(0) EM, forall k. Supposing the inequalities hold true for timeve then show
the inequalities still hold true for time+ 1.

First, we showX (t + 1) EM*  VGCpax D™ EM. If VWpnin < Xg(t)
EM™  VCpax DI  EMM thenwithXy(t) > VWyin ) Rk(t) =0 from Lemma 3.2, we
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haveX ((t+1) = Xi(t) Di(t) Xu() EM™* VGCuax D™ EMM I Xe(t) VWi,

then the largest value ¥y (t + 1) =V Win + RP®. Forany0<V  Vpa, we have

Elinax V Cmax D Ir(nax Elr(mn
max min max max
E max min Ek Ek Rk D k C
k max
k C:max Wmin

DP™  EfM™  RP™ Xy(t+1):

It follows thatX(t +1) EM™ VGnx DM EMN,
Next, we showX (t + 1) VGCnax DF®. Assuming V Gnax D Xk(t)
V Chax , then from Lemma 3.2, we have(t) V Chax ) Dk(t) =0. It follows that

Xi(t+1) = Xi(t) + Ri(t)  Xi(t) V Ghnax D™

If X (t) V Chax , following (3.10), we have

Xi(t+1) = Xi(t) Dp(t)+ Re(t)  Xi(t) D™

VCrax DM

Therefore, we havX (t + 1) VGCnax Dy®. Thus the inequalities also hold true for time
t+1.
It follows thatE["™™  E,(t) EM is satis ed under the optimal scheduling algorithm for

all k, t.

B.7 Proof of Theorem 3.3

(i) We rst prove the upper bound 1®. Initially, we haveZ,(0) = 0  VGCuax + .
Assume that in time sldt the backlog of the QoSE virtual queue of residergatis esZ,(t)
ZM® = VGChax + 1. We then check the backlog at time 1 and show the bound still holds

true.
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If Z,(t) > V Chax, following Lemma 3.3, the optimal scheduling for the qualisage of

residentn satisesp,(t) (1 ) n(t). From the virtual queue dynamics (3.12), we have
Zy(t+1)  [Za(t) o W]+ o a(b):

If Z,(t) n n(t), we havezZ,(t + 1) Zn(t)  VGCuax + ', otherwise, it follows that
Zo(t+1) o n(t) <VCpax + M.

If Z,(t) VGChax,wehaveZ,(t+1) [Zn(t) o (O] + 2.0 Z,(0) o n(t),we
haveZ,(t +1) Z,(t) non(D)+ T VGuax + ' otherwise, we havé&,(t + 1)

M\ G+ M

Thus we haveZ,(t + 1) 2 = VChax + 1. The proof of the QoSE virtual queue
backlog bound is completed.

(i) Consider an intervdt,; to] with length of T = t, t;. Summing (3.12) front; to t,, we
haveZ,(t2+1)  Zolt) o %y 0O+ 2yl a() POl 2l a() peC)]

T , 7. Itfollows that

X2
[ () pa()] Z3™+ T o 3%

=t

B.8 Proof of Theorem 3.4

From Theorem 3.2, the battery capacity constraints is meaah time slot with the adaptive
control policy. Take expectation on (3.2) and sum it overgbgod[0;t 1]
X 1
EfEc(t)g EfEx(0)g=  [EfR«(t)g EfDy(t)g]; 8k:

=0
SinceE™  E,(t) E[M>, we divide both sides biyand lett go to in nity, to obtain
k k

1 X1 1 X1
lm = EfR(g=lim = EfDi(t)g 8k: (B.5)
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Consider the following relaxed version of problem (3.9).

1X?
minimize: tI!ilm i EfQ( )C() S()W( )g (B.6)
=0

st (3.3), (3.4), (3.5), (3.6), (3.7), (3.8), and (B.5)

Since the constraints in problem (B.6) are relaxed from tharoblem (3.9), the optimal solution
to problem (3.9) is also feasible for problem (B.6). The dolutof (B.6) is a stationary and
randomized policy does not depend on battery energy le¥él, [L29]. Let the optimal solution
for problem (B.6) bl (t) = fO(t); 8(t); Ri(t); Dk (t); P (t)g and the corresponding object value
iISY  Yopt- According to the properties of optimality of stationarydaslandomized policies [115],
the optimal solutiorA(t) satis esEf Ry(t) D (t)g=0 andy= EfO( )C( ) S( )W( )g.

We substitute solutioA(t) into the right-hand-side of the drift-and-penalty (3.1%)nce our

proposed policy minimizes the right-hand-side of (3.17,vave

( T+ VEFQMC() SHW(D)|T t)g

X
B+ EfZ.,(t)1 n) n(D)iZa(t)g+
n=1
X
XK(DEFR(t)  Du(t)jXk(t)g
k=1
X
(Zn(t)+ (D)) Efpa(D)iZa(t)g+
n=1
VEFQ()C(t) SH)W ()T t)g
X
B+ erwnax(l n rr1nax +V Yopt-
n=1
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The second inequality is due to the properties of statioaad/randomized policy ar@l  Yop.
Taking expectation and sumup frdo T 1, we obtain
)T( 1
VEFQ()C(t)  S(t)W(t)g

t=0

T B+T V you EfL(T T))g+ EfL(T0)) ¢

T B+T V you+ EfL(T0)) g

The second inequality is due to the nonnegative propertyyapunove functions. Divide both
sides byV T and letT go to innity. Since the initial system stat§0) is nite, we have

fimpy L L VES = d
T T =0 QM)C(t) SMHWMI=Y VYot * -
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Appendix C
Proofs in Chapter 5

C.1 Proof of Lemma 5.1

If the feasible power allocatioR (t) achieves " (t) for all n, then all the user buffers are
full at the end of the time slot, according to (5.5). The obyecvalue (5.6) cannot be further

improved without causing buffer over ow. Thus the solutigroptimal.

C.2 Proof of Lemma 5.2

P
Consider a feasible power allocati®{(t) = [PXt); PXt); ;PI(®)]" and ,, P(t) <
P. We can construct another feasible power allocaltéft) = [ P{t); P{t);  ;P{t)]", such
P P
thatP{t) =  PY(t), for all n, and aou P = L, PR) P, where > 1. Forthe

SINR at usen, we have

LnGnPXt)
kén anl?gt) * on
L nGnPr?(t)
kén G nPl?(t)+ n
L nGnPY(t)
wn G P+

2 (PAD):

(PR = P

P

P

It follows thatP oo logl + o (POfY)) > P oo 10g(1 + ((Pq1))), sincelog(l + x) is an
increasing function ox.

Choosing = P=P 1ou PAA(t), we can construct a feasible solutiB?®t) =  PYt), such
thatP 1ou PY%) = P. Then we have,(P%%)) > ,(Pqt)) andP oo l0g(@ + L (PO%Y))) >

P P
ou l0g(1 + L (Pqt))). Thatis, any feasible solution with ,, P2(t) < P will be dominated
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P
by feasible solutions with ,, P2%) = P. We conclude that the optimal solutid(t) must

P
satisfy | ,, Pa(t) = P.

C.3 Proof of Lemma 5.3

Taking the rst and second derivatives of the objective fume (5.14) with respect t&,, we

have
@G(Pn) _ La(P + An)
_— = (C.1)
@R (P Pnt+ AP +(Ln 1)Pn+ Ap]
@Cn(Py) _  Lallln  2)(P+ An)+2(1L  Ln)P](P + An). €.2)
@F* [P Pa+ A2+ LaPy(P Pr+ AP '
SinceP, P andA, > 0, both the rst and second derivatives exist. Letti nﬁan) =0, we
derive the unique in ection point
P I'—(P + Ap): (C.3)
"o2bn 1) '

WhenP, < P, it can be shown tha@g‘% < 0;whenP, > P, itcan be shown tha@(c@”% >

0.

C.4 Proof of Theorem 5.2

The re ection point isP, (P + Ap). AsL,!'1 |, we haveP, = O:5(P + Ap).

- 2(|_
Only one link can operate in the convex region due to const(ail7). S|nc > 0, P, isan
increasing function ok ,. Whenl L, < 1 ,wehaveP, < 05 (P + A)). Lettlngif»Pn =P,

we haveL, = (4P +6A,)=(P + 3A,).
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C.5 Proof of Theorem 5.3

The rst part can be easily shown by the rst derivative Bf with respect toA,, which is
> 0, forL, > 2. The second part can be easily shown by evaluating (5.14%)5

@R — _Ln 2
@A 2(Ln 1)
and (C.1).
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Appendix D
Proofs in Chapter 6

D.1 Proof of Lemma 6.1

According to the de nition ofX ,(t) in (6.3), we haveC, (1) = [ Xm(t) Xn(t 1)]=.
From the de nition ofC™" (t), the playout buffer is emptied at the end of time $|ate., X 1, (t) =

D (t). Therefore, we can derive the minimum required rate as

CMn(t)=max f0;Dm(t) Xm(t 1)g=: (D.1)

From the feasibility condition (6.4), we have,,(t 1) Dp(t 1). Substituting it into (D.1),
we have

Ca"(t) [Dm(t) Dm(t 1= CR"(1): (D.2)

RateC™" (t) occurs when the playout buffer is empty at both the beginaimdjend of time sld,

but without buffer over ow during the entire time slot.

D.2 Proof of Theorem 6.1

Recall that ™" is the SINR corresponding to the minimum required Q¥ (t). Let ™" (t)
be the SINR corresponding @" (t). Since (6.2) is a monotonically increasing function, weehav
O OF

We now consider the power assignment that achieves Gjf¢g(t), or, the corresponding

SINRs ™n (t). From (6.7) and (6.8), the minimum SINR constraint is:

m

G Pm (1)

min (). 8 m: D.3
K& m GLnPk(t)_'_ m m ( ) ( )

m(t)= P
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Eqn. (D.3) is a system of linear equations of the power veRi@)y, which can be written in the

matrix form as:

min A p(t) min ~ (D4)

wherel is the identity matrixA isanM M matrix with

8
2 0; m= Kk

Amk = (D.5)
T GR=Gn; m6 k;

min = diagf " (t); SN (t); ; TN (t)gis a diagonal matrix, and = [ 1=G}; ,=G3; ;
M:Gm ]T.
Dene ™Mn = diag " (t); Mn(t); ; Wn(t)gand = ™ min 0, AssumeP

is a power assignment that achievé¥ (t) for all m, which satis es (D.4). Substituting™" =

+ Mninto (D.4), we have

I min A P min __ + ~+ AP
Since ,~, A andP all have non-negative elements, we have~+ AP 0, and therefore,
I min A P min ~

Thatis,P can also achieve™ (t) for all m and it satis es the minimum SINR constraint in (6.8).
Once the minimum SINR constraint in (6.8) (i.e., no buffedenow) is satis ed, the max-
imum SINR constraint in (6.8) (i.e., no buffer over ow) car Isatis ed since BSn can stop

transmission when the playout buffer at usay, is full.
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Appendix E
Proofs in Chapter 7

E.1 Proof of Theorem 7.1

Due to i.i.d. channel gains and noise powers, the randonablas ,(t)=G;(t)'s are ex-
changeablefor all t. De ne w(g; ;c) = (2<Bv 1) =g, which is convex and increasing with
forallg Oand 0. Let (C)=E[(CQ)]= E[P thl w(g(t); (t);c(t))]. ( C) is a symmet-
ric, convex and increasing function @ for each xedG and~. According to Proposition 11.B.5
in[13], (C)is symmetric, convex and increasing. Following Fact 2.& abjective function (7.9)

is Schur-convex and increasing.

E.2 Proof of Corollary 7.2.3

To evaluate the smoothness of a transmission sche&@lutbe following smoothness utility

function can be used:

NG

UuiC)= (clt) c=T); (E.1)
t=1
P . . : . :

wherec = I, c(t)=T, is the average rate. This is a continuous symmetric convegtifon
U:R™ ! R . From Fact 2.1U is Schur-convex and order preserving. The optimal power
transmission schedul@, satisesC,,  C| for all i. Therefore, it also achieves the minimum

value forU().
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Appendix F

Acronyms
AMI Automated Meter Infrastructure
BS Base Station
CBR Constant Bit Rate

CDMA Code Division Multiple Access
CPS Cyber-Physical System

CSMA Carrier Sense Multiple Access

DCC Distribution Control Center

DCPC Distributed Constrained Power Control
DCT Discrete Cosine Transform

DR Demand Response

DRER Distributed Renewable Energy Resource

DUBMLC Distributed User Bene t Maximization Load Control
DVS Dynamic Voltage Scaling

ESS Energy Storage System

GSEPS General Smooth Electric Power Scheduling

FDMA Frequency-Division Multiple Access

HAN Home Area Network

ICT Information and Communications Technology
IDCT Inverse DCT

LAN Local Area Network

LB Lower Bound

LP Linear Programming
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MB
MG
MGCC
PMA
PMU
PHEV
PLC
QoE
QoS
QoSE
RLT
RTP
SEPS-DL
SINR
SG
SST
SUDP
TCP
TDMA
uUB
UDP
UMRP
V2G
VBR
VPP
VSN
WAN

Macro Block

Microgrid

MG Central Controller

Power Minimization Algorithm

Phasor Measurement Unit

Plug-in Hybrid Electric Vehicles

Power Line Communication

Quiality of Experience

Quality of Service

Quiality of Service in Electricity
Reformulation-Linearization Technique
Real-time Transport Protocol

Smooth Electric Power Scheduling for Deferrablad_o
Signal to Interference-plus-Noise Ratio
Smart Grid

Solid State Transformer

Supply Until Deadline Policy
Transmission Control Protocol
Time Division Multiple Access

Upper Bound

User Datagram Protocol

Utility Maximization Real-time Pricing
Vehicle-to Gird

Variable Bit Rate

Virtual Power Plant

Visual Sensor Networks

Wide Area Network
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