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1. Introduction

1.1 Motivation

The integration of physical systems and processes with networked com-

puting has led to the emergence of a new generation of engineered sys-

tems known as cyber-physical systems (CPS) [1]. CPS are built from, and

depend upon, the seamless integration of computational algorithms and

physical components for sensing, decision making, actuation, computation

and networking. The infrastructure of most modern societies are based on

CPS that integrate the underlying physical systems with a networked ICT

layer. Common applications of CPS typically fall under wireless sensor

network-based communication-enabled autonomous systems such as au-

tomatic signaling in railways, intelligent highways, smart buildings, auto

pilot systems in avionics, adaptive cruise control in telematics, prosthetic

control in bionics, etc. [2].

The smart grid (SG) [3] is a prime example of CPS, where embedded

sensors and computational networks collaborate, monitor and control the

physical processes of energy and information flow, usually with feedback

loops where physical processes affect computations and vice-versa [4].

The SG is defined as: An automated, widely distributed energy delivery

network, characterized by a two-way flow of energy and information due

to customer participation, capable of monitoring everything from power

plants to customer preferences to individual appliances [5]. For exam-

ple, by incorporating a sensing and communication network for metering,

monitoring, and dispersing relevant information about the state of the

grid in real time, the SG is able to automatically detect faults, respond to

1



Introduction

changes in market prices, balance loads, analyze demand patterns, opti-

mally integrate intermittent renewable energy source (RES), etc.

A critical challenge in electricity delivery mechanism is that energy sup-

ply from production plants does not follow energy demand of consumers

with typical peaks and valleys at different time periods. The integra-

tion of distributed energy systems and information technology in SGs

allow for overcoming this mismatch by means of demand side manage-

ment (DSM) [6]. DSM involves modification of consumer energy demand

through price-based demand response models or by means of local energy

markets. In addition to modern grid hardware, integrated ICT platforms,

high frequency metering and monitoring, small scale distributed energy

storage systems (ESS), energy consumption schedulers (ECS), RES, and

network-control technologies, active consumer participation is seen as an

integral part of DSM [7]. In order to realize DSM in SGs, various mar-

ket players such as central energy producers, microgrids, retail compa-

nies, utility companies (UC), transmission system operators (TSO), house-

holds, energy aggregators, storage units, energy producing consumers

(prosumer), etc., are required to constantly interact in complex ways.

Depending upon their objectives, interactions between market players

may be either competitive or cooperative in nature. Competitive behavior

is motivated by self-interest and aims to maximize the player’s profits or

minimize costs in response to other players’ actions in the market. How-

ever, when common resources are involved, it might be beneficial in the

long term to strategize cooperation over competition as demonstrated by

the tragedy of commons effect [8]. Cooperation is an instinctive and evo-

lutionary trait in humans that results in mutual benefits for all persons

involved irrespective of whether we are living in a hunter-gatherer soci-

ety or a digital economy [9, 10]. Similarly, independent rational players

interacting in complex multi-user intelligent systems such as SGs, also

benefit from cooperative behavior [11]. For example, cooperation between

households connected to a SG can result in balanced loads and lowered

energy consumption costs that is mutually beneficial for both the UC and

consumers.

Cognitive Radio (CR) [12] is another example of integration of ICT with

a physical system, where cooperative interactions are common. CRs are

software controlled intelligent radios that sense the physical wireless en-

2
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vironment around them and based on the feedback, learn and reconfigure

their transceiver parameters such as transmit power, frequency, modu-

lation scheme, etc., to adapt to the user’s communication needs. CR is

defined as: A radio system that senses its operational electromagnetic en-

vironment and can dynamically and autonomously adjust its radio op-

erating parameters to modify interference, facilitate interoperability and

access secondary markets [13]. For example, by sensing frequencies allo-

cated to television broadcasting services which are not used temporally

or geographically, referred to as white spaces [14], CRs may utilize these

white spaces for providing mobile broadband services in rural areas with-

out licensing this part of the spectrum.

Current wireless networks are characterized by static spectrum allo-

cation policy. Due to continuous increase in spectrum demand, certain

bands face severe scarcity and yet, a large portion of spectrum is often

under-utilized across time and space [15, 16]. Apparent scarcity in spec-

trum arises from rigid and inefficient spectrum regulation rather than ac-

tual physical shortage of spectrum. Dynamic spectrum access (DSA) [17]

facilitates flexible spectrum usage and is the most important application

of CR. DSA provides the capability for unlicensed secondary users (SUs)

to sense and opportunistically access unused licensed bands without caus-

ing harmful interference to licensed primary users (PUs). By sensing the

spectrum, SUs obtain awareness about the state of the spectrum, its occu-

pancy and its evolution over time and space, which in turn enables opti-

mized access of idle spectrum. SUs can sense and access the spectrum

individually, but this is challenging in propagation environments with

shadowing, Doppler spread, multipath fading, etc. SUs can also inter-

act cooperatively to sense and share the spectrum. SU collaboration leads

to diversity gains, increased SNR and network coverage, decreased PU

activity detection time, simplified detector design, increased throughput

and in general, efficient utilization of spectrum.

Modeling complex interactions between various players in multi-user

intelligent systems is a challenging task of great interest and can be ap-

proached in many possible ways. Interactions in multi-user systems can

be studied using different mathematical frameworks such as agent-based

models, game theory, mechanism design, economic theory, distributed ar-

tificial intelligence, social choice theory, etc. In this thesis, the main focus
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is on modeling cooperative interactions for achieving DSM in SGs and

DSA in CRs using cooperative game theoretic models. Cooperative game

theory [18] provides a rich mathematical framework for modeling coop-

erative interactions between independent players that benefits both the

individuals and the group as such. Quantifying and sharing the bene-

fits of cooperation amongst all players in a fair and stable manner is a

non-trivial problem that lies at the core of modeling cooperative behavior.

1.2 Scope of the Thesis

The first goal of this thesis is to model the complex interactions between

households for DSM in SGs by developing effective demand response (DR)

models based on dynamic pricing. Dynamic pricing is usually structured

by the UC such that prices are low when demand is low during non-peak

hours and high when demand is high during peak-hours in order to pro-

vide incentives for balancing the load by shifting consumption to non-peak

hours. The objective is to develop highly efficient DR algorithms for cost

minimization and load balancing for households with energy storage sys-

tems (ESS) under dynamic pricing schemes. While cost minimization is

the direct result of selfish and instinctive response of households to dy-

namic pricing, load balancing is the indirect result of price-based DR that

offers benefits to both the consumer and utility company (UC). Based on

the manner of interactions and the flow of information between house-

holds, three distinct modes of operation (isolated, competitive or coopera-

tive) are identified.

The second goal of this thesis is to study energy trading models as a

part of local energy markets for DSM in SGs. The bidirectional nature

of both information and energy flow is utilized in local energy markets

where cooperating households or local producers can exchange energy in

a mutually beneficial manner. The most basic form of energy trading in-

volves households selling surplus energy back to the UC according to a

contract or pre-defined terms and conditions. Advanced energy trading

methods determine the price and volume of energy traded between multi-

ple households based on negotiations, auctions and trading markets.

The third goal of this thesis is to develop game-theoretic models for
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studying the cooperative interactions between secondary users (SUs) for

spectrum sharing in CRs. The objective is to formulate and study a coali-

tional game framework for modeling and solving spectrum allocation prob-

lems in a fair manner. Based on the type of coalitions formed, these

games can be classified as games with grand coalition or multiple coali-

tions. Since spectrum sharing is highly dependent on spectrum sensing

and spectrum decision results, it is fair to assume that the reward mech-

anism be based on SU sensing performance.

1.3 Contributions of the Thesis

The contributions of this thesis are in two fields related to cooperative in-

teractions: DSM for SGs and DSA for CRs. Cooperative game theoretic

framework has been proposed for modeling interactions between house-

holds and studying local energy trading in SGs and also for jointly mod-

eling spectrum sensing and sharing in CRs. The performance of the pro-

posed schemes are studied using analytical methods and extensive MAT-

LAB simulations.

The contributions of this thesis to DSM for SGs by means of DR and

local energy markets are listed as follows:

• A DR model for optimizing energy consumption for households with

ESS in isolated mode is proposed in Publications I and III. Optimal en-

ergy consumption is defined from consumer’s perspective as cost mini-

mization and from the UC’s perspective as load balancing. Using con-

cepts from consumer theory and intertemporal trading, cost minimiza-

tion is formulated as a linear programming problem, while load balanc-

ing is formulated as a geometric programming problem. The relation-

ship between market energy prices and battery loss rates for realizing

cost minimization is established. Excellent load balancing performance

in terms of consumption peak to average ratio (PAR) values close to 1 is

reported.

• A cooperative DR model for sharing the surplus stored energy from a

community energy storage (CES) is proposed in Publication II. Load
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balancing is formulated as a geometric programming problem and very

good PAR values close to 1 are obtained. Each household’s contribution

to overall non-uniformity of the load profile is modeled using a charac-

teristic function and Shapley values are used to allocate the amount and

price of surplus energy stored in CES. An incentive for all households to

cooperatively share the stored energy is provided by ensuring fair prices

for stored energy and a reduction in consumption costs.

• Local energy trading is modeled as a production economy for minigrids

with hybrid RES in Publication IV and as an exchange economy for

households with ESS in Publication V. Local energy trading models that

fully utilize the bidirectional nature of information and energy flow in

SGs is presented. The preferences of trading households/minigrids are

captured using continuous, monotonic and quasi-convex Cobb-Douglas

utility function. It is shown that the competitive equilibrium provides

trading prices for exchanging energy that benefits all players in local

energy markets.

The contributions of this thesis to DSA for CRs through cooperative

spectrum sharing are listed as follows:

• A cooperative game for modeling multi-user, multi-band, spectrum sens-

ing and sharing problem in CRs is proposed in Publication VI. The co-

operative game is formulated to allocate idle spectrum to SUs based on

their sensing performance. The resulting characteristic function that

forms the basis for fair division of benefits of cooperation among SUs is

derived. Various properties of cooperative game such as balancedness,

monotonicity and super additivity are established. It is shown that the

proposed cooperative model for joint spectrum sensing and sharing re-

sults in the formation of a grand coalition and provides the best balance

between fairness, cooperation and performance in terms of data rate

achieved by SUs.

• A cooperative game theoretic framework for modeling spectrum sharing

in CRs is presented in Publications VII and VIII. It is shown that joint

spectrum sensing and sharing problem in CRs can be modeled as a co-
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operative game that is super-additive. Idle channels of the spectrum are

allocated through VCG auctions where SUs bid according to their data

rate requirements. It is shown that VCG auction provides SUs with a

dominant strategy to bid truthfully, maximizes total utility of SUs and

allocates resources to SUs who value them most, thereby resulting in a

socially optimal allocation.

1.4 Structure of the thesis, summary of publications and authors
contribution

This thesis consists of an introductory part and eight original publica-

tions. The introductory part is organized as follows. Chapter 2 gives an

overview of important concepts in SGs, CRs and cooperative interactions

in SGs and CRs. Chapter 3 provides a review of various DSM mecha-

nisms employing dynamic pricing and local energy markets in SGs. DR

models for cost minimization and load balancing with user interactions in

isolated, competitive and cooperative modes are discussed in detail (pre-

sented in publications I-III). In addition, local energy trading models (pre-

sented in Publications IV-V) are also discussed in this chapter. Chapter 4

reviews spectrum management functions for DSA in CRs with special em-

phasis on spectrum sharing methods. The chapter discusses cooperative

game-theoretic models for spectrum sharing in CRs (proposed in Publica-

tions VI-VII) and the nature of coalition formation in such games. Chapter

5 provides the concluding remarks.

In Publication I, a novel framework for modeling optimal energy con-

sumption of smart households with ESS is proposed. Cost savings and

consumption PAR are used as metrics for analyzing the performance of

proposed method. The effect of battery loss rates and capacity on con-

sumption PAR and cost savings is also studied.

In Publication II, a community-level load balancing DR model for house-

holds to cooperatively share energy from CES in such a way that both

households and UC benefit is proposed. The proposed model is able to

almost perfectly balance the aggregate load of all households in the com-

munity while also making sure that all households are provided an incen-

tive to cooperatively share surplus stored energy from CES by means of
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guaranteed reduction in consumption costs.

In Publication III, framework for optimizing the energy consumption

of smart households with ESS as an inter-temporal trading economy is

proposed. The optimization time horizon consists of one day and is divided

into time periods. The optimization problem is solved graphically for two-

and three-period models and formulated as a geometric program for 24-

period model. The results of this work were extended to Publication I.

In Publication IV, a microeconomic framework for trading energy be-

tween hybrid renewable minigrids is proposed. The individual and joint

production capabilities of hybrid minigrids is modeled by a production

possibility curve. The production equilibrium is computed to provide the

terms of trade where energy trading is mutually beneficial to all mini-

grids.

In Publication V, energy trading between smart grid households equipp-

ed with ESS in a local neighborhood is modeled as an exchange economy

market. Given a set of consumption profiles and energy prices in the mar-

ket for each household, it is proven that energy exchange takes place at

the competitive equilibrium.

In Publication VI, a novel framework for jointly modeling spectrum sens-

ing and sharing in CRs as a cooperative game is proposed. The games are

designed to be balanced and super-additive, thereby resulting in a grand

coalition. It is shown that the proposed cooperative game-theoretic model

provides the best balance between fairness, cooperation and performance.

In Publication VII, the spectrum sensing and sharing problem in CRs

is modeled as a cooperative game with VCG auctions. It is shown that

the VCG auction mechanism that allocates idle channels to SUs based on

their sensing performance and data rate requirements is fair and socially

optimal. The results of this work were extended to Publication VI.

In Publication VIII, the joint spectrum sensing and sharing problem in

cognitive radios is modeled as a cooperative game to allocate spectrum

resources to SUs. It is shown that the games are super additive and that

solutions to such games have desirable properties such as stability and

fairness. The results of this work were extended to Publication VII.

In all the publications, the author of this thesis did the theoretical anal-

ysis, simulations and most of the manuscript writing for publications. The

co-authors guided the research and helped in manuscript writing.
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2. Cooperation in Smart Grids and
Cognitive Radios

2.1 Smart Grids

Electricity forms a vital resource of modern human life by powering a

range of activities from basic everyday household needs to advanced in-

dustrial operations including modern research and development. The

electrical grid is a complex interconnected network infrastructure that

is responsible for delivering electricity from generation sources to con-

sumers via transmission lines and distribution systems. Since inception,

electricity generation has remained centralized with unidirectional en-

ergy flow through the electrical grid from generation sources to consumers

while information flow has been mostly limited, if not non-existent [19].

With an ever growing demand for uninterrupted and quality energy sup-

ply, multiple concerns have arisen in the traditional grid model. Some

of the major challenges include the rigid nature of functioning of grid,

sustainability of generation sources, supply-demand imbalance caused by

very high peak-time energy demand, limited information flow, untapped

storage potential, lack of incentives for consumer participation, inability

to tackle efficiency, security, flexibility, reliability and environmental is-

sues, etc. Thus, a major overhaul of the electric power grid is expected in

the coming years. The smart grid (SG) [20] addresses the aforementioned

challenges of the existing grid at various technical, economical, social and

environmental levels.
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2.1.1 Definitions

The definition of SG varies according to the perspective of different enti-

ties belonging to electrical generation, transmission and distribution sys-

tems, but there are broadly agreed upon descriptions based on certain

common themes. For example, the International Energy Agency (IEA)

defines the SG [3] as: An electricity network that uses digital and other

advanced technologies to monitor and manage the transport of electricity

from all generation sources to meet the varying electricity demands of end-

users. Smart grids coordinate the needs and capabilities of all generators,

grid operators, end-users and market stakeholders to operate all parts of

the systems as efficiently as possible, minimizing costs and environmen-

tal impacts while maximizing system reliability, resilience and stability.

According to the European Technology Platform [21], A smart grid is an

electricity network that can intelligently integrate the actions of all users

connected to it - generators, consumers and those that do both - in order to

efficiently deliver sustainable, economic and secure electricity supplies.

As a part of the Institute of Electrical and Electronics Engineers (IEEE)

Smart Grid Initiative, IEEE P2030 standard [22] establishes the smart

grid interoperability reference model (SGIRM) and provides a knowledge

base addressing terminology, characteristics, functional performance, eval-

uation criteria, and the application of engineering principles for SG inter-

operability of electric power system with end-use applications and loads.

2.1.2 Enabling Technologies

Key enabling technologies for SGs include but are not limited to,

• A network of phasor measurement units (PMU) known as wide area

measurement system (WAMS) [23] for real-time monitoring of compo-

nents and performance,

• Radio networks for bidirectional communication [24],

• Smart meters as a part of advanced metering infrastructure (AMI) [25]

for collecting data on energy consumption, patterns and prices,
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• Renewable energy sources (RES) such as solar photovoltaic (PV) panels

or wind turbines for reducing dependence on fossil fuels and distributed

energy generation [26],

• Energy storage systems (ESS) [27], such as batteries at the residential

level for providing back-up energy [28], an array of batteries or network

of electric vehicles (EV) at the community level for demand manage-

ment [29], pumped hydroelectric storage (PHS) [30] at the grid level for

balancing the mismatch between energy demand and supply and to in-

tegrate RES into the grid [31],

• Demand side management (DSM) for modification of consumer energy

demand through price-based or incentive-based initiatives to balance

the mismatch between energy supply and demand [6],

• Energy management services (EMS) [32] as a part of DSM for actively

encouraging customers to participate in local energy trading for effective

utilization of ESS and RES.

2.1.3 Complex Interactions in Smart Grids

As a key enabling technology for SGs, DSM aims to modify consumer en-

ergy consumption in order to reduce peaks in energy consumption and

thereby maintain a steady balance between supply and demand. Ideally,

DSM is designed such that it results in reduced energy consumption costs

for consumers and balanced load for UC. This is achieved by using vari-

able market energy prices as a signal for consumers to respond by shift-

ing a part of their total energy consumption through ESS or energy con-

sumption schedulers (ECS) [33]. It is possible for consumers to respond to

DSM either individually or jointly with other consumers. When all con-

sumers individually pursue cost reduction simultaneously, DSM may not

be able to match demand and supply or achieve load balancing. In order to

achieve the desired effects of DSM, consumer interaction is required both

for the selfish purpose of reducing energy costs and for the greater good of

load balancing. These interactions are made necessary due to various in-
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terdependent factors such as dynamic energy demand, effect of consump-

tion patterns on prices, intermittent energy production from RES, market

externalities, etc. Interaction among households is enabled by the pres-

ence of EMS, dedicated bidirectional communication channels and radio

networks in SGs. In the pursuit of cost minimization or load balancing,

consumers could engage with each other in a competitive or cooperative

manner in order to modify their consumption patterns and choose optimal

consumption schedules.

In addition to dynamic pricing, another effective DSM technique in-

volves the setting up of local energy markets [34] which fully utilizes the

bidirectional nature of both information and energy transfer in SGs and at

the same time, encourages the active participation of consumers in DSM.

Local energy markets enable the exchange of energy at the community

level by matching demand and supply locally made possible due to the

wide spread integration of ESS and RES. Local energy markets usually

require a centralized control entity such as a local trade center or energy

aggregator that governs the energy trading process. Local energy markets

necessitate large scale interactions among consumers in order to manage

energy demand and supply, market prices, energy consumption schedules

and so on. Consumers have the option to act purely in their self-interest

by competing with other consumers for maximizing their profits or can

cooperate with each other for a greater benefit such improved load bal-

ancing, optimal integration of RES, increased utilization of ESS, etc. In

this thesis, complex interactions between various players for achieving

DSM in SGs are modeled using cooperative game theory as described in

Section 2.3.

2.2 Cognitive Radios

Current spectrum regulation is characterized by an inefficient frequency

allocation policy, where the radio spectrum is divided into bands and as-

signed to license holders on a long term basis overseen by the regulatory

authorities of each country. However, due to the enormous increase in

spectrum demand in recent times, certain bands face an apparent scarcity

and yet, a large portion of the spectrum is often under-utilized across time
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and space. Measurement studies in various countries have shown that

spectrum utilization is mostly in the range of 5% - 50% [15, 16]. Thus,

the real problem is not spectrum scarcity, but inefficient spectrum usage.

This inefficiency arises from static spectrum allocations, rigid regulatory

policies and inflexible radio functions. Cognitive radio (CR) [13] has been

envisioned as a novel solution to tackle the problem of spectrum under-

utilization by facilitating flexible spectrum access.

In CR terminology, a primary user (PU) is defined as a licensed user

or a legacy user who has the first right to use a particular band of the

spectrum [35]. Examples of licensed technologies include GSM, WiMAX,

LTE, microphones, etc. A secondary user (SU) is an unlicensed cognitive

user who has lower priority on the usage of spectrum and can access PU’s

spectral resources only when the PU is not using them. Idle bands of

the spectrum not used by PUs are referred to as spectrum holes. While

accessing these spectrum holes, SUs have to vacate the frequency band

as soon as the PU becomes active without causing any harmful interfer-

ence to PUs. This opportunistic access of licensed PU’s spectral resources

by unlicensed SUs is referred to as dynamic spectrum access (DSA) [17].

DSA is the most important application of CRs in addition to a host of

other applications such as providing location services, facilitating seam-

less mobility, managing and modeling interference among coexisting het-

erogeneous wireless systems. In order to achieve DSA, a CR must possess

three important characteristics, namely, awareness, cognition and adapt-

ability [36]. Awareness is the ability of CR to measure, sense and build

awareness about the state of its radio environment at different levels such

as awareness about spectrum, location, neighboring users, interference,

etc. Cognition is the ability of a CR to process information, learn about its

environment and make decisions about its operative behavior to achieve

predetermined objectives. Adaptability or agility is the ability of a CR to

adjust its operating parameters for transmission on the fly without any

modification to hardware components.

2.2.1 Definitions

Being a broad concept, the definition of CRs varies according to the con-

text of application. The term CR was originally coined by Mitola [12, 37]
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as an intelligent radio which is aware of its surrounding environment

and capable of changing its behavior to optimize the user experience. Ac-

cording to [36], CR is defined as: An intelligent wireless communication

that is aware of its surrounding environment and uses the methodology

of understanding-by-building to learn from the environment and adapt its

internal states to statistical variations in the incoming RF stimuli by mak-

ing corresponding changes in certain operating parameters (e.g. transmit

power, carrier frequency, and modulation strategy) in real time with two

primary objectives in mind - One: highly reliable communication whenever

and wherever needed, Two: efficient utilization of radio spectrum.

A more recent and relevant definition of CR is given by ITU [38]: Cog-

nitive radio system is a radio system employing technology that allows

the system to obtain knowledge of its operational and geographical envi-

ronment, established policies and its internal state; to dynamically and

autonomously adjust its operational parameters and protocols according

to its obtained knowledge in order to achieve predefined objectives; and to

learn from the results obtained. The IEEE 802.22 [39] wireless regional

area network (WRAN) standard is aimed at using CR techniques to al-

low sharing of geographically unused spectrum allocated to the television

broadcast service referred to as white spaces, on a non interfering basis, to

bring broadband access to hard to reach low population density areas typ-

ical of rural environments. IEEE 802.22 WRANs are designed to operate

in the TV broadcast bands, while ensuring that no harmful interference is

caused to the incumbent operation (digital TV and analog TV broadcast-

ing) and low power licensed devices such as wireless microphones.

2.2.2 Enabling Technologies

Key enabling technologies for CRs include, but are not limited to,

• A wireless sensor network comprising of various RF receivers, GPS, etc.,

for collecting information from the environment and understanding the

state of the spectrum [40],

• Software technologies such as sensor signal processing for spectrum

analysis, feature extraction and pattern recognition; machine learning
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for making intelligent decisions; policy engines for adhering to spectrum

regulatory policies [41],

• Agile radio transceiver structure for providing flexible radio functional-

ity through programmable components such as mixers, filters, modula-

tors, detectors, etc. [42],

• Spectrum management policies and framework for sensing, detecting,

accessing, sharing, minimizing interference and vacating the spectrum

[43,44].

2.2.3 Complex Interactions in Cognitive Radios

Depending upon the model of SU coexistence with PU, DSA can be clas-

sified into three types [41]: dynamic exclusive use model, spectrum com-

mons model and hierarchical access model. The dynamic exclusive model

maintains the current spectrum allocation structure where frequency bands

are licensed to different primary systems for exclusive use but in a more

dynamic manner either by using spatial and temporal traffic analysis or

by allowing PUs to lease out and trade spectrum. The spectrum com-

mons model refers to a concept successfully used in the unlicensed indus-

trial, scientific and medical (ISM) bands, where different users share the

spectrum by competing equally for the available resources in a fair man-

ner. The hierarchical model adopts the current structure where frequency

bands are licensed to different systems, but also opens the licensed spec-

trum to SUs. This model is further subdivided into spectrum underlay,

spectrum overlay and spectrum interweave approaches [45]. Spectrum

underlay is based on spread spectrum devices (UWB, CDMA, etc.) that

operate at short ranges with low transmit powers such that the interfer-

ence caused to PUs is maintained within permissible levels. In spectrum

overlay approach, PU signal knowledge is used by the SU transmitter to

mitigate interference at SU receiver or relay PU signal to ensure that the

signal to noise ratio (SNR) is unaffected at the PU receiver. In spectrum

interweave approach, SUs sense the spectrum in order to identify unused

parts of the spectrum and utilize them. The interference caused to PUs is
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minimized either by vacating the spectrum as soon as a PU becomes ac-

tive or by controlling signal power level of SU transmitters. In this thesis,

we focus on the spectrum interweave approach for DSA.

CR networks (CRN) can be classified depending upon their network ar-

chitecture as centralized or distributed networks [46]. Centralized CRNs

are infrastructure-based networks with base stations (BS) that control

and coordinate the transmission activities of SUs. In distributed CR ad-

hoc networks (CRAHN), SUs communicate with each other directly. These

are access-based networks with one of the SUs acting as a fusion center

(FC) for coordination purposes. Thus, various spectrum access models un-

der different network architectures present a dynamic platform for com-

plex interactions amongst SUs or between SUs and PUs. The goal of these

interactions is to optimize one or more performance criteria such as chan-

nel sensing performance, PU detection, interference management, idle

channel access, throughput achieved, etc. These interactions are carried

out by SUs either in self-interest or in the greater interest of the group

and hence, situations leading to competition and conflict or cooperation

arise naturally when sharing common resources such as idle spectrum.

In this thesis, the complex interactions between SUs for spectrum sens-

ing and sharing are modeled using cooperative game theory as described

in the following section.

2.3 Modeling Complex Interactions

Game theory [47] is a branch of economics and political science that aims

to mathematically model the interactions between independent rational

players with varied interests. Such interactions are common in complex

multi-user intelligent systems such as SGs and CRs as described in the

previous sections. Game theory can be subdivided into non-cooperative

and cooperative game theory. Non-cooperative game theory studies the

strategic choices resulting from the interactions among competing play-

ers, where each player selfishly chooses its strategy independently for im-

proving its own performance (utility) or reducing its losses (costs). How-

ever, while sharing common resources, independent rational players com-

pletely acting in self-interest often behave contrary to the best interests of
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the whole group as demonstrated by the tragedy of commons effect [8]. In

order to overcome the effects of competition that could be detrimental to

each other and the group, players could cooperate in a mutually beneficial

manner without compromising on their individual performance. Cooper-

ation ranges from simple coordinated information exchange to bargaining

to joint strategy development and is bound by prior enforceable agree-

ments.

Cooperative game theory [18] is a collection of analytical tools used for

modeling cooperative interactions that benefit both the individual players

and the group as such. For example, households in a SG can cooperate by

formulating joint strategies to trade energy in local markets or within a

minigrid for minimizing their energy consumption costs and in turn help

the utility company with load balancing. Cooperation among EVs in SGs

results in lower PAR of electric load, increased battery charge for most

EV trips, reduced costs and higher user satisfaction [48]. Similarly, in the

CR context, SUs can cooperatively sense different bands of the spectrum

for obtaining SNR and diversity gains in identifying idle spectrum and

thereby optimize the utilization of spectral resources. Cooperation among

SUs leads to increased network coverage, simplified local detector design,

increased robustness, efficient utilization of system resources such as in-

creased battery life in mobile SUs, etc. However, quantifying and sharing

the benefits of cooperation amongst all agents in a fair and stable man-

ner is a non-trivial problem of great interest. Cooperative game theory

provides a framework for quantifying the benefits or value of coopera-

tion and for fairly allocating resources (payoffs) [49] to players in accor-

dance with their individual and marginal contribution towards the overall

value achieved through cooperation. In the following sections, a concise

overview of cooperative games, their characterization and solutions are

provided.

2.3.1 Cooperative Game Theory

Cooperative games describe the formation of cooperating groups of play-

ers, referred to as coalitions. Depending upon the type of coalitions formed,

cooperative games can be classified as canonical games, coalition forma-

tion games and graph games [50]. Canonical games are the most com-
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monly occurring games and are sometimes simply referred to as coali-

tional games. In these games, the grand coalition of all players is the most

optimal structure and the focus of study is on the stability of the grand

coalition and allocation of payoffs to each player. In coalition formation

games, multiple coalitions of players can be formed depending upon the

costs and gains of cooperation. In these games, the focus of study is on the

dynamics of coalition formation and evolution of coalition structures. In

graph games, which occur a rarely, players’ interactions are governed by a

communicating graph structure and the focus of study is on the formation

of various possible coalitions.

Depending upon the type of utility, cooperative games are broadly clas-

sified as either transferable utility (TU) or non-transferable utility (NTU)

[51]. In TU games, the derived value/benefits of cooperation or utility can

be expressed by one number, known as the worth of a coalition, which

can be freely divided among the members of the coalition. In NTU games,

utility is not transferable between the players in a coalition, and, as a con-

sequence, the worth of a coalition cannot be summarized by a single num-

ber. Instead, the worth is represented by a feasible set which represents

the feasible allocations that may be achieved by the members of a coali-

tion. Depending upon the level of cooperation, coalitional games can also

be classified as crisp, fuzzy or multi-choice games [52]. In crisp games,

each player contributes fully to the functioning of the coalition to which it

belongs. In fuzzy games, each player can choose its level of participation

in the coalition and the participation levels vary continuously from 0 to 1.

Consequently, the reward obtained by each player while sharing the ben-

efits of cooperation is commensurate with its participation level. A fuzzy

game in which all the players participate at level 1 is equivalent to a crisp

game. Multi-choice coalitions are the same as fuzzy games with discrete

participation levels as opposed to continuous levels. Cooperative games

can also be classified as games in characteristic function form (CFF) or

games in partition function form (PFF) [53]. In CFF games, the value of

a coalition depends solely on the members of the coalition with no depen-

dence on how the rest of the players outside the coalition are structured.

In PFF games, the value of a coalition has strong dependence on how play-

ers outside the coalition are structured. In this thesis, we focus on crisp

coalitional games in CFF as it has been proposed in Publications II and

18



Cooperation in Smart Grids and Cognitive Radios

IV-VIII.

Formally, a cooperative game (N, v) in CFF consists of N = 1, 2, . . . , n, a

finite set of players and v, a characteristic function that associates with

every non-empty subset S of N , a real number v(S) that is known as the

worth of the coalition. v(S) can be thought of as the value created when

members of S come together and interact. It is also the total payoff that

is later available for division among members of S. For any characteristic

function, v(∅) = 0 and v(N) specifies the overall amount of value created

when a grand coalition of all players is formed. Resource allocation is

the division of the overall value v(N) among various players and is cru-

cial in determining how coalitions emerge in such games. Since the grand

coalition is the default structure in canonical games, the focus here is on

resource allocation. For a cooperative game (N, v), the concept of allo-

cations and its characteristics are defined below. Interested readers are

referred to [54] for an advanced treatment of the topic.

• An allocation or payoff x = (x1, x2, ..., xn) is a division of v(N), the over-

all value created, where xi is the value received by player i in N . S-

allocation is the sum of values allocated to each player in the coalition

S, i.e., x(S) =
∑

i∈S xi.

• An allocation x is individually rational if xi ≥ v({i}) for every player

i in N , i.e., no rational player has an incentive to join the cooperative

game if the allocation gives her lesser than what she can get by herself.

• An allocation x is efficient if
∑N

i=1 xi = v(N), i.e., all the value that is

created is allocated.

• Marginal contribution μi(N, v) of a player i in N is the amount by which

the overall value created decreases if the player does not enter the coop-

erative game, i.e., μi(N, v) = v(N) − v(N\{i}). Similarly, the marginal

contribution of any subset S of N players is given by μS(N, v) = v(N) −
v(N\S).

• An individually rational and efficient allocation x satisfies the marginal

contribution principle if xi ≤ μi(N, v) for every player i in N . The
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marginal contribution is the upper bound on the allocation or the max-

imum payoff that a player can expect in the grand coalition and is also

referred to as the utopian payoff.

• Remainder R(S, i) of player i in coalition S is the amount which re-

mains for player i if coalition S forms and all other players in S ob-

tain their respective marginal contributions as payoffs, i.e., R(S, i) =

v(S)−∑
j∈S\{i} μj(N, v).

• The minimum right payoff for player i is given by mi(N, v) = max
S:i∈S

R(S, i).

The minimum right payoff is the lower bound on allocation as player i

has a reason to ask atleast mi(N, v) in the grand coalition by arguing

that she can obtain the same amount by forming a coalition with S and

satisfying all players in S by allocating them their respective marginal

contributions.

• The excess of a coalition S is given by e(S,x) = v(S)−x(S). The absolute

value of the excess is the measure of the amount over and above the

worth of S that S obtains when payoff x is allocated. In other words, the

excess of S measures the dissatisfaction of the allocation x in S.

Characterization of Cooperative Games

For each non-empty S ⊆ N ,

A game is non-negative if for each non-empty S ⊆ N , v(S) ≥ 0. Non-

negativity implies that a player or a coalition of players is not capable of

generating negative worth.

A game is monotonic if for all non-empty S, T ⊆ N with S ⊆ T , v(S) ≤
v(T ). Monotonicity is an extension of the non-negativity property imply-

ing that addition of new players cannot reduce the worth of the coalition

of existing players.

A game is additive is for all non-empty S, T ⊆ N with S ∩ T = ∅,

v(S ∪ T ) = v(S) + v(T ). Additive games imply that the worth of any

coalition is equal to the combined worth of the sub-coalitions. An additive

game is also known as an inessential game.

A game is superadditive if for all non-empty S, T ⊆ N with S ∩ T = ∅,
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v(S ∪ T ) ≥ v(S) + v(T ). Since the whole is greater than the sum of its

parts, most of the cooperative games arising from real-life situations are

superadditive games. Superadditive games provide all players with an

incentive to cooperate thereby ensuring the formation of a grand coalition.

A game is convex iff for all non-empty S, T ⊆ N , v(S ∪ T ) + v(S ∩ T ) ≥
v(S) + v(T ). Convex games imply that the worth generated when players

or coalitions join larger coalitions is greater than when they join smaller

coalitions. In other words, the incentives to join a coalition increases with

the size of the coalition.

Let the characteristic vector of coalition S be given by 1S such that for

every player i ∈ S,

(1S)i =

⎧⎨⎩ 1, if i ∈ S,

0, otherwise,
(2.1)

A collection λS of numbers in [0, 1] is a balanced collection of weights if

for every player i, the sum of λS over all the coalitions that contain i is

1, i.e.,
∑

S λSv(S) = 1. A game is balanced if
∑

S λSv(S) ≤ v(N) for every

balanced collection of weights [53].

Solution Concepts

The fundamental question in coalitional games is: how to divide v(N), the

overall value created when the grand coalition is formed? For example,

in the CR context, SUs form a coalition to jointly sense the spectrum to

identify idle parts of the spectrum. How should the cooperating SUs share

the spectrum if any idle channels are found? Similarly, smart households

equipped with community energy storage (CES) and connected to the SG

jointly schedule the CES battery charging and discharging time to reduce

their consumption peak to average ratio (PAR). How should the cooperat-

ing households share the benefits of load balancing? The answer to this

question is given by solution concepts such as core, Shapley value, τ -value,

nucleolus, etc. A solution concept determines how the overall value should

be distributed amongst individual players while taking into account the

worth of all possible coalitions that can be formed by players in N . Thus, a

solution concept assigns at least one allocation or payoff x = (x1, x2, ..., xn)

to the cooperative game. Solution concepts may be a set of payoffs (set-

valued) like the core or a singleton (one-point) like the Nucleolus, Shapley

value and τ -value.
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Core Given a cooperative game (N, v), an allocation x is said to be in

the core of the game if it is individually rational, efficient and for every

coalition S of N , we have x(S) ≥ v(S), where v(S) is the worth of the

coalition and x(S) is the S-allocation. An allocation x lies in the core

if and only if it satisfies x(s) ≤ μS for any coalition S. Therefore, v(S) ≤
x(S) ≤ μ(S). Thus, the core can indeed be thought of as the generalization

of the marginal contribution principle and the individual rationality and

efficiency criteria.

The concept of core in cooperative games is equivalent to that of the

Nash equilibrium in non-cooperative games, i.e., given an allocation or

payoff that lies in the core of the game, no coalition S in N has an incentive

to split, because the total amount x(S) allocated to the players in S is more

than the worth of the coalition v(S).

The Bondareva-Shapley theorem [55] states that a cooperative game

with transferable utility has a non-empty core if and only if the game

is balanced. The core is a set of payoff profiles that satisfy a system of fi-

nite weak linear inequalities and hence is closed and convex provided the

core is non-empty. The exact allocation in the core is arrived by means of

bargaining between players. However, when there are many cooperating

players in a game, it is a tedious process to solve for the system of in-

equalities and arrive at a singleton solution through bargaining. Hence,

one point solutions such as Shapley value, τ -value and Nucleolus are em-

ployed to obtain a direct allocation without solving for the core.

Shapley Value The Shapyley value φ is defined as:

φi(N, v) =
1

|N |!
∑
O∈O

μi(Pi(O)) for each i ∈ N, (2.2)

where, O is the set of all |N |! orderings of N and Pi(O) is the set of players

preceding player i in ordering O and μi is the marginal contribution of

player i.

The Shapley value can be interpreted as follows. Suppose that all the

players are arranged in some order, all orders being equally likely. Then

φi(N, v) is the expected marginal contribution over all orders of player i

to the set of players who precede her. Shapley values are individually

rational and efficient, but it is not necessary that they should lie within

the core. Shapley values are derived axiomatically and have desirable
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properties such as symmetry, additivity, anonymity and dummy player

property.

τ -Value For a quasi-balanced game, the τ -value is defined as:

τ(v) = αμ(N, v) + (1− α)M(N, v), (2.3)

where, α ∈ [0, 1] is uniquely determined by
∑

i∈N τi(v) = v(N).

Thus, the τ -value can be thought of as a feasible value between the

marginal contribution and the minimal right payoff. In other words, τ -

value is a compromise between utopia and disagreement. τ -values are

individually rational and efficient, but not necessarily in the core.

Nucleolus Let x and y be allocations in a cooperative game with trans-

ferable payoff. We define objections and counterobjections as:

• A pair (S,y) consisting of a coalition S and allocation y is an objection

to x if e(S,x) > e(S,y), i.e., y(S) > x(S).

• A coalition T is a counterobjection to the objection (S,y) if e(T,y) >

e(T,x), i.e., x(T ) > y(T ) and e(T,y) > e(S,x).

The nucleolus of a cooperative game with transferable payoff is the set

of all allocations x with the property that for every objection (S,y) to x,

there is a counterobjection to (S,y).

Thus, the nucleolus is the solution that minimizes all excesses in a non-

increasing order. It can also be thought of as a min-max fairness solution.

The definition of nucleolus is not standard, but the nucleolus always ex-

ists, is unique and lies in the core of the game if the core is non-empty.

Armed with tools from game theory, in the subsequent chapters, we

study various forms of complex interactions between independent and

rational players present in SGs and CGs. In particular, we study coop-

erative behavior among smart households for DR in SGs and among SUs

for spectrum sharing in CRs.
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3. Demand Side Management in Smart
Grids

Demand side management (DSM) [56], most commonly refers to direct

or indirect programs employed by the utility company (UC) that aim at

modifying the energy consumption patterns of households to effectively

balance the energy supply and demand. Additionally, DSM also encour-

ages efficient energy consumption by promoting adoption of more efficient

technology in appliances or by application of commonly accepted methods

to reduce energy losses. DSM does not necessarily aim at decreasing the

consumption of households. Instead, it tries to even out the peaks in con-

sumption and create a load profile that is as uniform as possible. DSM

reduces the need for large investments in power plants and other infras-

tructure that exclusively cater to peak energy demand. This leads to an

immensely positive environmental and economic impact.

The simplest DSM program is direct load control (DLC) [57, 58]. DLC

involves a contract between UC and consumers where the latter lets their

residential appliance operation and energy consumption to be remotely

controlled by the former during peak hours. DLC is mostly used in con-

junction with large loads such as air conditioning systems, water heaters,

pool pumps, etc. However, DLC poses privacy concerns for consumers and

the idea of handing control of customer’s energy consumption to the UC is

debatable. Therefore, DSM is most commonly achieved indirectly through

dynamic pricing [59], that is, charging the consumer energy prices that

are dependent on the cost of supplying energy at the time of consump-

tion. Households have to pay higher prices during peak demand periods

and lower prices during off-peak demand periods. This implicitly provides

consumers with a financial incentive to respond to the pricing model by

shifting and/or scheduling a part of their consumption to off-peak hours
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and thereby contribute to load balancing.

DSM methods using dynamic pricing are able to exploit the communi-

cation infrastructure of SGs by exchanging information for demand man-

agement. However, they do not take advantage of the bidirectional nature

of energy flow that is made possible in SGs. By exchanging both informa-

tion and energy between different entities, DSM methods may be better

able to manage demand in SGs. An effective DSM technique envisioned

for future SGs is the setting up of local energy markets [60] where cus-

tomers may sell surplus energy back to the grid (similar to Vehicle-to-Grid

systems for EVs [61]) or trade locally with other customers in a mutually

beneficial manner. Energy trading is made possible mainly due to the

presence of ESS/EVs and/or RES in households. Local energy markets

minimize transmission losses, absorb energy produced from RES effec-

tively, reduce storage losses in ESS and can also be tailored to achieve

specific operational goals such as localized load shaping.

We start this chapter with a description of the various types of DSM

techniques used in SGs. The discussion in this chapter is limited to mod-

eling complex interactions between various entities of the SG in two broad

classes of DSM, namely, dynamic pricing and energy markets. Special

emphasis has been placed on load balancing demand response methods

resulting from dynamic pricing, as we have proposed isolated and co-

operative load balancing methods in Publications I-III. Later, a general

overview of the various local energy trading models has been provided. Fi-

nally, conclusions are drawn regarding various DSM techniques discussed

in this chapter.

3.1 Dynamic Pricing

Various pricing mechanisms are employed by UCs to reduce electricity

generation cost [62] and to shape up the aggregate energy demand pro-

file of consumers that matches with UC’s energy supply profile [63, 64].

Traditionally, UCs used a tiered pricing model (TP) [65] that charged the

customers based on the amount of energy consumed. Consumers were

categorized into different tiers based on their total energy consumption

over a period of time and energy prices increased progressively for higher
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tiers. However, the mismatch in energy supply and demand arose not

from the amount of energy consumed, but from the time of consump-

tion. Hence, TP was replaced by time-of-use pricing (ToUP) model [66],

where prices are based on average generation and distribution cost at the

time of consumption and are known to consumers well in advance. ToU

prices remain stable over relatively long time unless there is a significant

change in characteristics of consumer demand or generation cost. Criti-

cal peak pricing (CPP) model [67] employs a less predetermined variant

of ToUP by augmenting the rate structure with a dispatchable high or

critical price during periods of system stress. The critical price can oc-

cur for a limited number of discretionary days per year or time of the

day, when system or market conditions meet predefined criteria (for ex-

ample, when system reliability is compromised or supply prices are very

high). Real time pricing (RTP) model [68] closely tracks the fluctuations

in time-dependent marginal wholesale energy costs. Hourly RTP prices

have been implemented successfully for large industrial and commercial

firms, but the inherently volatile wholesale market is not suitable for res-

idential users. Dynamic pricing provides consumers with an incentive to

alter their consumption patterns in order to minimize their energy costs

while also indirectly helping UCs in load balancing.

3.2 Demand Response

Demand Response (DR), defined broadly, refers to active participation by

retail customers in DSM programs, responding either to prices as they

change over time or to incentives established by UCs. Price-based DR is

defined as: changes in electric usage by end-use customers from their nor-

mal consumption patterns in response to changes in the price of electricity

over time, or to incentive payments designed to induce lower electricity

use at times of high wholesale market prices or when system reliability

is jeopardized [25]. Price-based DR includes all intentional modifications

to energy consumption patterns of end-use customers that are aimed at

altering the timing, level of instantaneous demand, or the total energy

consumption [69]. Consumption modifications are entirely voluntary and

customers achieve this using ECS or ESS [70]. While there is a limit to the
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amount of household load that can be scheduled without causing excessive

discomfort, ESS provides households with a higher degree of flexibility in

DR operations. On the other hand, incentive-based DR programs, are es-

tablished by utilities to give customers load reduction/shifting incentives

that are separate from, or additional to, retail price-based DR electricity

rates. The load reduction/shifting is needed and requested either when

the grid operator thinks reliability conditions are compromised or when

prices are too high. DR methods employed at the household level usually

aim at achieving one or multiple objectives [71] such as:

• Minimizing consumption costs for saving on electricity bills,

• Minimizing consumption PAR for load balancing,

• Minimizing consumer discomfort with ECS,

• Maximizing consumer welfare,

• Maximizing integration of renewable energy, etc.

DR essentially involves optimizing a cost function that reflects one of the

aforementioned objectives subject to various constraints such as storage

parameters, inconvenience due to scheduling, time of operation, etc. DR

methods can be classified depending upon,

• Objective of response,

• Type of optimization algorithm used,

• Mode of implementation (in a centralized fashion by energy aggregators

or in a distributed fashion by households themselves),

• Time of implementation (real-time or offline),

• Availability of pricing/load information (deterministic or stochastic),
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• Manner of interaction with other households (isolated, cooperative or

competitive),

• Method of load shifting (storage or scheduling), etc.

In this chapter, we provide a classification of state-of-the-art DR meth-

ods based on the objective of household response and manner of interac-

tion between households. It is assumed that households are served by a

UC that exogenously provides energy. Additionally, households may also

generate energy by means of RES that is either used for self-consumption

or for trading with other households. Households are also equipped with

either ESS (may also be an EV) or ECS for storing or scheduling energy.

Moreover, smart meters connected to power lines are installed in house-

holds for recording consumption and production values. Households have

either accurate or predicted knowledge of day ahead energy market prices

and pricing schemes used by UCs. Similarly, each household also has ei-

ther accurate or predicted knowledge of its hourly energy requirements

for the day. The energy requirements of the household may be the ac-

tual load generated by operation of appliances or it could also be the ad-

justed load after accounting for appliance scheduling and energy produc-

tion from renewable sources. Based on this broad system model, we study

the performance of various DR methods based on two important parame-

ters of energy consumption cost savings and PAR.

3.3 Cost Minimization

As a direct result of price-based DR, customers modify their consump-

tion patterns using ECS and/or ESS to minimize their energy costs. For

given market energy prices, estimated load and storage parameters such

as battery capacity, battery efficiency, cost minimization reduces to a lin-

ear programming (LP) problem as we have shown in Publication I. The

cost minimization problem is formulated as:

arg min
c

p1c1 + p2c2 + · · ·+ pNcN = arg min
c

pT c, (3.1)

subject to consumption and storage inequality constraints and budget

equality constraint, where, p = [p1, ..., pN ]T is market energy price dur-
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ing different time periods of the day and c = [c1, ..., cN ] is the optimal

energy consumption profile that minimizes the household’s total energy

cost pT c. The optimal energy consumption is then achieved by charg-

ing and discharging the batteries in accordance to the difference between

the existing load and optimal energy consumption values. LP falls un-

der the broader class of convex optimization problems and are commonly

solved using interior-point or simplex algorithms [72]. Other LP-based

approaches for studying demand management through older load control

programs can be found in [73], [74].

However, this type of formulation for cost minimization is quite straight

forward in assuming that the market energy prices, load and storage pa-

rameters such as battery capacity, loss rates, etc., are known to the house-

hold a priori and also neglect the cost of operating the battery. There

may be situations in which households do not have prior knowledge of

estimated load or energy prices or both. In such cases, it is still possi-

ble to achieve cost minimization under uncertainty of load [75] or price

values [76] or both [77]. Additionally, cost minimization may also have

to take into account multi-component pricing structure where households

are charged separately for energy, power, peak power, etc. An near-optimal

control algorithm for households equipped with PV power generation and

ESS with a pricing structure that comprises of an energy price component

and a demand price component is proposed in [78]. Cost minimization is a

challenging task in this case as it is very difficult to schedule ESS by esti-

mating PV generation and loads over the billing period which is set to one

month. The resulting solution is hence near-optimal and the ESS schedul-

ing problem is solved by means of reinforcement learning techniques.

A model for cost minimization using predicted load demand for servers

in internet data centers under dynamic electricity prices that also takes

into account the cost of operating batteries has been proposed in [75]. The

server’s energy cost minimization problem is formulated as:

arg min
ut,qt

T∑
t=1

(P e
r pt + P e

r ut/θ + P b
r qt), (3.2)

subject to battery charging rate constraints and latency bounds, where, P e
r

represents market energy price at time t, pt is load demand from server

at t, ut is the amount of energy charged into the battery at t, P b
r is the

cost of operating the battery per charge cycle and qt is the amount of en-
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ergy discharged from from the battery at t. It is assumed that the server

workload is generated through a Markov process and a time-varying auto-

regressive model is used to estimate the future load demand thereby re-

ducing the cost minimization problem to a least squares problem.

A model to adjust the hourly load level of a consumer by means of ECS

in response to uncertain electricity prices in real-time is studied in [76].

In this method, the hourly price uncertainty is modeled using a forecast

value and a certainty interval around such forecast values. This model

translates to a linear programming problem given by:

arg min
et+h,dt+h

λtet − ut(et) +
24−t∑
h=1

[λt+het+h − ut+h(et+h)], (3.3)

subject to a minimum daily energy-consumption level and maximum and

minimum hourly load levels, where, h and t are time periods in a 24 hour

interval, dt is the consumer demand at the beginning of hour t, et is the

energy consumption in hour t, ut(.) is the linear consumer utility func-

tion in hour t and λt is the forecasted energy price that remains constant

during hour t.

A centralized cost minimization model at community level served by a

microgrid with RES and bidirectional energy transfer is studied in [77].

This model takes into account both price and load uncertainty without

ESS and the resulting cost minimization problem is formulated as:

(3.4)
arg min

Gn,e(t),Gn,s(t),Sn,e(t),Sn,s(t)
lim
T→∞

1

T

T−1∑
t =0

E

(
N∑

n=1

(pt[Gn,e(t) +Gn,s(t)]

− γ(t)[Sn(t)− Sn,e(t)− Sn,s(t)]

)
,

subject to energy consumption constraints on non-shiftable demands, de-

lay constraints on shiftable demands, energy buying and selling constraints,

where, N is the total number of households in the community, Gn,e(t)

and Gn,s(t) denotes the energy purchased from the grid for meeting non-

shiftable and shiftable demand respectively at time t for household n,

Sn,e(t) and Sn,s(t) is the energy taken from RES to meet shiftable and

shiftable demand respectively at time t for household n, Sn(t) is the to-

tal energy output from RES, pt is the market energy price and γ(t) is the

price at which surplus energy from RES is sold back to the grid. Depend-

ing upon the type of information available about price and load, three dif-
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ferent scenarios are analyzed. Under perfect information availability as-

sumption, where the centralized scheduler has complete knowledge about

load demand profile, market selling and buying prices and RES output

profiles, the cost optimization problem is solved using a backward dy-

namic program. Under partial information availability about prices and

demand, the scheduling problem is approximated as a Markovian deci-

sion making process and is solved using a Q-learning algorithm. Under

the no-information scenario, there is no a priori statistical knowledge of

demand and prices. With only real-time information about demand and

prices available, a Lyapunov function is defined to measure the congestion

in scheduling queues for shiftable. Cost minimization is then formulated

as a Lyapunov optimization problem and solved in two stages, first for

non-shiftable loads and then for shiftable loads.

A joint energy storage management and load scheduling optimization

for households with RES in real-time is proposed in [79]. The aim of this

work is to minimize the overall system cost within a finite time period un-

der battery operational constraints and costs while assuming unknown

arbitrary dynamics of RES, loads and prices. The overall system cost

is defined to be the weighted sum of cost from energy purchase, battery

degradation and cost of scheduling delays. The optimal policy that mini-

mizes the time-averaged system cost is given by:

arg min
at,dt

J + xe + Cu(xu) + αCd(dw), (3.5)

subject to load, renewable generation and battery operating conditions,

where, at is the energy storage control action vector at time slot t, dt is the

delay incurred in serving load arriving at time t, J is the average cost for

the energy purchased from the grid, xe is the average entry cost for bat-

tery, Cu is the cost function associated with average battery usage xu, α is

the weight for the cost of scheduling delay, Cd is the cost function associ-

ated with the average delay of all arrived loads dw. The finite time hori-

zon joint stochastic optimization problem is transformed to a Lyapunov

optimization problem and solved in closed form. A real-time algorithm is

proposed that provides a bounded performance guarantee.

Most of the literature that studies DR methods with RES implicitly as-

sume that energy is available from the grid at all times and do not con-

sider power outages that could frequently occur in the grid. In [80], the
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authors consider power outages modeled by an exponential distribution in

internet data centers under similar set-up as that of the previous study.

The resulting cost minimization problem is solved using Lyapunov opti-

mization technique. As expected, energy consumption cost is higher due to

the added cost of operating diesel generators during power outages. The

study also addresses the issue of trade-off between energy cost savings

and battery investment costs.

DR algorithms implemented at the household level sometimes assume

that their actions have no effect on the market prices or on the DR pat-

terns of other users served by the UC. This assumption is valid only when

the household energy consumption is very small compared to the total

energy consumption of other customers or if the variability in consump-

tion patterns is small. However, in situations where consumption does

not follow a clear pattern or well defined statistical models (for example,

charging EVs at random intervals according to driving preferences), cost

minimization methods employed by one user have a significant impact on

behavioral patterns of other users. Moreover if the UC sets a ToUP or

peak power pricing tariff that is dependent on the aggregate consumption

of households, cost minimization attempts by one household will definitely

have an impact on other user’s consumption strategies. In these cases, the

complex and dynamic interaction between different users is usually mod-

eled using game theory to arrive at an equilibrium operating point from

which no user has an incentive to unilaterally deviate.

A distributed algorithm for a non-cooperative charging game for plug-in

hybrid EVs (PHEV) is proposed in [81], where each user attempts to min-

imize its own cost in response to the aggregate information on the actions

of other users. Here, the PHEV’s arrival times and charging times are

stochastically modeled, the charging game is formulated as a strictly con-

vex N-person game and its Nash equilibrium is calculated as the solution

to the following optimization problem:

arg min
Fsi(t)

E[

∫ b

a
Ri(t)P (Ri(t) +R−i(t) +BL(t))dt], (3.6)

subject to driving preferences and charging times, where, Fsi(t) is the cu-

mulative density function of starting time of charging a for ith PHEV, P is

an increasing convex function used for modeling energy prices, Ri(t) is the

charging rate of ith PHEV, R−i(t) is the aggregated charging load of other
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Methods P. I [75] [76] [77] [79] [80] [81]

ESS x x - - x - x

RES - - - x x x -

Load Uncertainty - x - x x x -

Price Uncertainty - - x x x x -

Pricing ToUP RTP FP CP ToUP RTP TP

Centralized - - - x - x -

Real-time - - x x x x x

Solution LP LS LP LO LO LO NE

Cost Savings 12% 19% 16% 18.5% - 11.5% -

Table 3.1. Comparison of cost minimization methods. FP refers to forecasted pricing,
CP is custom pricing, LP is linear programming, LS is least-squares, LO is
Lyapunov optimization and NE is Nash Equilibrium.

PHEVs, BL(t) is the base load representing other residential electrical

appliances and a and b are respectively the starting and ending times of

PHEV charging.

A comparison of various features of cost minimization methods is pre-

sented in Table 3.1. The relatively mediocre performance of Publication

I with respect to cost savings can be attributed to the fact that the main

focus of the proposed method was to achieve load balancing rather than

cost minimization. It can be seen that cost minimization methods perform

very well irrespective of whether they are implemented in a centralized or

distributed fashion and even in the presence of load or price uncertainty.

However, some methods achieve a higher cost saving performance due to

the non-standard pricing models employed.

While cost minimization can considerably lower energy costs for the con-

sumer, it may not be desirable for UC due to the tragedy of commons effect,

where individuals acting independently and rationally according to their

self-interest behave contrary to the best interests of the whole group. This

effect is studied in [82] and shown that when all households simultane-

ously opt for cost minimization scheme, it leads to extremely non-uniform

demand resulting in grid failure. Thus, if all households are equipped

with ESS and choose to implement cost minimization, then the original

problem of non-uniform demand still persists with the peak and non-peak

periods reversed, as all households would now be charging their batter-
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ies during non-peak hours that would again result in an unbalanced load.

Hence, instead of using price-based DR programs directly for cost mini-

mization, households may aim at utilizing their ESS and/or ECS in order

to achieve load balancing under the same pricing model without increas-

ing their consumption costs. UCs benefit significantly from load balancing

techniques employed by households. These benefits may in turn be partly

returned to the household in the form of reduced energy prices.

3.4 Load Balancing

As a part of price-based DR, load balancing aims at achieving a uni-

form consumption profile with very low consumption peak to average ratio

(PAR) without incurring any additional consumption costs for the house-

hold. Load balancing falls under the broader class of load shaping for

DR, where the objective is to mold the consumption profile to match with

a desired target profile. The idea of load balancing in the form of load

shifting by peak shaving or valley filling has existed for quite many years

both with ECS [83] and ESS [84]. Different strategies are available for

computing the optimal consumption profile with ESS or ECS while also

taking into consideration a variety of constraints such as the capacity, ef-

ficiency and life span of the batteries, load or price uncertainties, RES

fluctuations, EV driving preferences, consumer discomfort, etc. In many

price-based DR operations, load balancing is only one among the multi-

ple objectives such as cost minimization, maximizing consumer welfare,

minimizing consumer discomfort, etc., or sometimes, it is not the primary

objective of DR operations, but occurs as a consequence of pursuit of other

objectives or as an additional constraint during optimization.

In this thesis, we classify load balancing methods according to their

mode of operation, i.e., isolated, competitive and cooperative modes. In

isolated mode, households try to achieve maximum possible load balanc-

ing without incurring increased energy consumption costs. In this mode,

households act as price takers and make the assumption that there are no

externalities in the market. Market externalities imply that the actions

of one player in the market have a direct economic impact on other unre-

lated players. Therefore, each household cares only about the amount of
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energy that it consumes and is not concerned with consumption of other

households in the neighborhood even though it may indirectly affect the

market. In competitive mode, household DR is primarily dictated by self-

ish motivation of cost minimization, but subject to the condition that its

consumption PAR is reduced. In this mode, energy consumption of each

household is played out as a non-cooperative game, where households are

players and their the strategies are the energy consumption schedules for

their appliances and/or ESS. In cooperative mode, households cooperate

to achieve an aggregate load profile that is as uniform as possible without

any additional consumption costs. Usually, a central independent control

entity is required in order to coordinate scheduling/storage by accumu-

lating demand and consumption information from households. In this

mode, there can be varying levels of cooperation, ranging from simple co-

ordination in terms of information exchange among households to jointly

devising strategies for optimal energy consumption.

3.4.1 Isolated Mode

A price-based DR mechanism that simultaneously achieves load shaping

for UC and cost reduction for households is studied in [64]. In this ap-

proach, a closed-form distributed solution to the consumer welfare maxi-

mization and load fluctuation minimization problem is obtained under a

load differentiation dynamic pricing model. Consumer welfare is defined

as the sum of consumer experience and profit obtained from using ESS.

The optimization problem is formulated as:

(3.7)arg max
B(t),C(t),D(t)

lim
T→∞

1

T

T∑
t =0

[U(Q(t), w) +R(t+ 1)P (t+ 1)−R(t)P (t)

−B(t)f(A(t))− C(t)f(A(t))− μ(t)D(t)P (t)],

subject to storage and consumption constraints, where, U is the consumer

experience function, Q(t) is the demand of the consumer at time t, R(t) is

the amount of energy stored, P (t) is the average price of energy, A(t) is the

total energy consumed from the grid, B(t) is the energy drawn from the

grid for appliance operation, C(t) is the energy drawn from the grid for

charging batteries, D(t) is the energy discharged from batteries and μ(t)

and w are auxiliary variables. Simulation results show that this method

is able to reduce consumption costs by around 19% while achieving a PAR
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of around 1.12.

In a similar distributed approach, an optimal DR scheme with RTP

model is studied in [85]. Households with both ECS and ESS aim to max-

imize individual benefit given by:

arg max
qi,ri

∑
a∈Ai

Ui,a(qi,a)−Di(ri)−
∑
t

p(t)Qi(t), (3.8)

subject to storage and consumption constraints, where, Ai denotes the set

of all appliances, Ui,a is the utility function that quantifies the utility that

household i obtains when consuming a certain amount of energy, qi,a(t)

is the amount of energy used by appliance a at time t, Di is the cost of

operating the batteries, ri is the energy used for charging the batteries,

p(t) is the energy price set by UC and Qi(t) is the total energy consumed

by all appliances. In this method, by aligning individual optimality with

social welfare, the load profile is significantly flattened. A PAR of 1.17

with ECS and 1.10 with ESS is achieved.

Another distributed approach to load balancing with ECS by minimiz-

ing the energy cost and the discomfort posed to households under a PAR

constraint has been presented in [86]. In this method, household appli-

ances are categorized into essential, shiftable and throttleable loads and

a multi-objective optimization problem is formulated as:

(3.9)
arg min

e
Ω1

T∑
t =1

C(Lt) +
T∑

t =1

φt(l)(Lt − ΓmaxE)

+ Ω2

∑
s ∈S

On,s(en,s) + ω3

∑
r ∈R

Gn,r(en,r),

subject to consumption and PAR constraints, where, e = [ei, es, er], de-

notes the household’s energy consumption schedule, ei es and er are the

energy consumption schedules of essential, shiftable and throttleable ap-

pliances respectively, C(Lt) is the energy cost for consumers with load Lt

at time t, φt(l) are Lagrange multipliers, Γmax is the maximum allowable

PAR, E is the total energy demand of household, S is the set of shiftable

appliances, R is the set of throttleable appliances, Os is the operational

delay of sth shiftable appliance, Gr is the energy gap of rth throttleable

appliance and Ω1,Ω2,Ω3 are weights that can be adjusted according to con-

sumer preferences. Here, the PAR has been constrained to be less than

4.0. The resulting consumption profile is fairly uniform with a PAR of 2.1
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and yields cost savings of up to 30%. However, when PAR constraint is

further relaxed and set to 4.0, the cost saving is very high at 42%.

The approaches mentioned above do not aim at making the load profile

uniform, but instead, try to reduce the PAR as a by-product while strictly

optimizing other objectives. With the aim to flatten the household con-

sumption profile as much as possible under ToUP scheme, we have intro-

duced a method to directly minimize the consumption PAR in Publication

III and analyzed in detail in Publication I. Using concepts from inter-

temporal trading, an utility function appropriately captures the trade-off

faced by households with ESS between consuming to meet current energy

requirements and/or storing energy for future consumption and/or spend-

ing energy stored in the past. The resulting optimization problem for

minimizing consumption PAR is formulated as geometric program (GP)

given by:

arg min
c

− u(c) = −cα1
1 × cα2

2 × · · · × cαN
N = −

N∏
i=1

cαi
i , (3.10)

subject to consumption, budget, storage and savings constraints, where,

c = [c1, ..., cN ] is the optimal consumption profile of the household, N is

the total number of time periods in a day, u(.) is the Cobb-Douglas utility

function and α1, ..., αN are the utility function parameters. For a given

household load profile l = [l1, ..., lN ], the utility function parameters are

chosen such that they make the household consumption profile as uniform

as possible and are given by:

αi =

∑N
j=1,j �=i pjlj

(N − 1)
∑N

i=1 pili
(3.11)

where, αi is the Cobb-Douglas utility function paramater, pi is the price

during period i and li is the household load during time period i.

GPs are not convex, but can be converted into a convex programming

problem by applying logarithmic transformation and then solved efficiently

using standard interior-point solvers [87]. This approach is capable of

achieving almost uniform energy consumption profile as shown in Figure

3.1 with a PAR value as low as 1.03. This approach is highly useful for

load balancing in residential communities where households have a cer-

tain upper limit to their consumption and the distribution of total energy

consumption of all households does not have a high variance. In such

38



Demand Side Management in Smart Grids

0 6 12 18 24

0.04

0.05

(a)
M

ar
ke

t E
ne

rg
y 

P
ric

e 
in

 $
/K

W
h

0 6 12 18 24
0

0.5

1

(b)

E
ne

rg
y

R
eq

ui
re

m
en

ts
in

 K
W

h

0 6 12 18 24
0

0.2

0.4

(c)

O
pt

im
al

C
on

su
m

pt
io

n
P

ro
fil

e 
in

 K
W

h

0 6 12 18 24

−1

0

1

(d)

B
at

te
ry

 C
ha

rg
in

g
P

ro
fil

e 
in

 K
W

h

Optimal Consumption Profile for N = 24, r = 0.001 and bmax = 5 KWh

Figure 3.1. Optimal consumption for a 24-period model with battery loss rate r = 0.001

and battery capacity bmax = 5 KWh. The day-ahead hourly market energy
prices (a), hourly energy requirements (b), the optimal consumption profile
(c) and battery charging/discharging profile (d) are shown.

cases, the aggregate consumption profile of the entire locality will also

tend to be highly balanced.

The method proposed in Publications I and III assume that market en-

ergy prices and demand estimates are known and that there is no un-

certainty with regard to information about price or load. A price-based

DR method with ECS under RTP for tackling load uncertainty challenges

in real time has been studied in [88]. Again, the main objective of this

method is cost minimization, but the method also aims to reduce the PAR

of load profile. The household appliances are categorized into must-run,

interruptible and uninterruptible loads and the stochastic information re-

garding the demand generated by these appliances is assumed to be avail-

able a priori. A centralized algorithm for determining the optimal opera-

tion schedule of each appliance has been proposed and the resulting PAR

of the optimal consumption profile is 1.98 with 15.5% cost savings. How-

ever, if it is assumed that the demand information is perfectly available,

the PAR can be further reduced to 1.89 with cost savings of about 17.5%.

Another DR method with RES and ECS for load shaping is studied

in [89]. In this method, a strategy is devised to schedule the operating

times of each shift-able device in the system in a way that brings the load

consumption curve as close as possible to the objective load consumption
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Methods [64] [85] [86] Pub. I, III [88] [89]

ESS x x - x - -

ECS - x x - x x

Pricing LDDP RTP TP ToUP RTP -

Load Uncertainty - - - - x x

Real-time - - - - x -

Algorithm CF DA CO GP MBLP EA

Cost Savings 19% 2.5% 30% 8% 17.5% 5%

Best PAR 1.12 1.10 2.1 1.03 1.89 -

Table 3.2. Comparison of load balancing methods in isolated mode. LDDP refers to linear
differentiation dynamic pricing, CF is closed form solution, DA is distributed
algorithm, CO is convex optimization, MBLP is mixed binary linear program-
ming and EA is evolutionary algorithm.

curve. This is represented by the optimization problem given by:

arg min
C(t),D(t)

T∑
t=1

(Load(t)−Objective(t))2

= arg min
C(t),D(t)

T∑
t=1

(F (t) + C(t)−D(t)−Objective(t))2,

(3.12)

subject to consumption and load shifting constraints, where, Objective(t)

is the value of the objective curve at time t, Load(t) is the actual consump-

tion, F (t) is the forecasted consumption, and C(t) and D(t) are the amount

of loads connected and disconnected respectively during load shifting. This

is a heuristic optimization problem and is solved using an evolutionary

algorithm [90] that mimics the concept of natural selection by means

of survival of the fittest. Though there are no performance guarantees

with heuristic approaches, this method is able to reduce the peak load by

around 18% along with a cost reduction of about 5%.

A comparison of various features of load balancing methods in isolated

mode is presented in Table 3.2. As expected, it can be seen from the table

that the best PAR is achieved by methods with ESS that assume perfect

knowledge about load and price information. Availability of day-ahead

prices and load statistics for the households is an integral part of future

SG specifications and hence, the assumption about their accurate knowl-

edge is justified. Publications I and III are able to achieve near uniform

load profiles due to a direct approach in PAR minimization, whereas, [86]
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performs very poorly because reducing PAR is not the main focus of the

optimization problem and occurs only as a by-product. [88] performs fairly

well considering the real-time implementation of the method under load

uncertainty in the absence of ESS. The relationship or trade-off between

cost savings and PAR reduction in isolated load balancing methods is eas-

ily inferred from the table.

Isolated load balancing methods have no information exchange amongst

households or between households and UC. In large residential communi-

ties and commercial and industrial sectors, the assumption about market

externalities is not valid anymore. Moreover, by exploiting bidirectional

information and power flow feature offered by SGs, it is possible to jointly

achieve load balancing among multiple consumers in a competitive or co-

operative manner. In competitive mode, each household is involved in a

non-cooperative game with other households with the sole aim of mini-

mizing its own energy costs. Acting in pure self-interest (and hence, com-

petitive) naturally motivates each household and ensures maximum eco-

nomic profit under the assumption that other households share similar

motivation and operational strategies. Load balancing occurs as an in-

tended by-product of cost minimization implicitly. Households formulate

optimal strategies (energy consumption schedules) for their appliances

and/or ESS which depends upon actions/strategies of other households.

Hence, it is assumed that the local energy aggregator or UC transmits to

each household, the combined consumption schedules of all other house-

holds. Since no household has access to individual consumption schedule

of any other household, major privacy concerns do not arise.

3.4.2 Competitive Mode

An autonomous DR model based on game-theoretic energy consumption

scheduling without ESS for minimizing energy costs and reducing con-

sumption PAR has been studied in [70]. In this paper, a non-cooperative

energy consumption scheduling game is proposed where players are con-

sumers and their strategies are the daily schedules of their household

appliances and other loads. With an appropriate pricing scheme, it is

shown that the Nash equilibrium of the energy consumption game among

consumers is the optimal solution of a system-wide optimization problem
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given by:

arg min
xn

H∑
h=1

Ch

⎛⎝ ∑
a∈An

xhn,a +
∑

m∈N\{n}
lhm

⎞⎠ , (3.13)

subject to consumption, scheduling and convex cost function constraints,

where, xn = [x1n, ..., x
H
n ] is the energy consumption schedule of nth con-

sumer, h is the hour of the day, Ch is the cost function for generating or

distributing energy by the UC at each hour h, a is the appliance, A is

the set of household appliances, xhn,a is the energy consumption scheduled

for appliance a by the nth consumer at hour h, N is the set of consumers

and lhm is the load of nth consumer at hour h. This convex optimization

problem may be solved using interior point methods with a distributed

algorithm as long as the nth consumer has knowledge of the cost function

Ch at all times and the scheduled daily energy consumption of all other

consumers. This approach is able to achieve a PAR of 1.34 along with a

cost reduction of about 18% without ESS.

A distributed DR approach with ESS using non-cooperative game the-

ory for energy cost minimization that indirectly addresses the PAR min-

imization problem is proposed in [91]. An energy consumption and stor-

age game is formulated in which the players are the consumers and their

strategies are the energy consumption schedules for appliances and stor-

age devices. The optimization problem is given by:

arg min
xi,ai

κi

T∑
t=1

δ

⎛⎝xti + ati +
N∑
j �=i

ltj

⎞⎠2

, (3.14)

subject to consumption, storage and energy tariff constraints, where, xi =

[x1i , ..., x
T
i ] is the energy consumption vector of ith consumer, ai = [a1i , ..., a

T
i ]

is the energy storage scheduling vector, κ is the proportion of a consumer’s

energy consumption in the system, T is the set of time slots, δ is a positive

coefficient, N is the set of consumers and ltj is the actual load demand that

consumer i needs to buy from UC at time slot t. A distributed proximal de-

composition algorithm that solves for the Nash equilibrium is developed.

The algorithm also solves the PAR minimization problem by minimizing

the square Euclidean distance (SED) between the instantaneous target

load demand and average demand. In comparison with [70], this method

guarantees PAR minimization as opposed to mere reduction of PAR while

also decreasing communication overhead for the consumer by exchang-

ing information only with UC as opposed to exchanging information with
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every other consumer in the system. Simulation results show that this

method is able to achieve a PAR of 1.34 while reducing energy consump-

tion costs by around 19%.

Another distributed DR method with both ESS and energy production

using non-cooperative game theory for cost minimization is studied in

[92]. A central regulatory unit coordinates the day-ahead optimization

process. The non-cooperative game is formulated as:

(3.15)

arg min
xn

fn(xn, l−n) =
H∑

h=1

Kh(l−n(h) + en(h) + δTxn(h))

× (en(h) + δTxn(h)) +
H∑

h=1

Wn(δ
T
g xn(h)),

subject to consumption, storage, production and cost constraints, where,

xn = (gn, sn) is the strategy vector of consumer n, g is the energy produced

and s is the energy stored, ln is the aggregate load of all consumers except

n, h is the time slot, K is a grid coefficient depending upon energy pro-

duction, e is the energy consumption scheduling vector, δ = (−1, 1,−1)T

and δg = (1, 0, 0)T are auxiliary vectors to choose between and W is the

production cost function. A distributed and iterative algorithm based on

proximal decomposition that allows to compute optimal strategies of con-

sumers with minimum information exchange between the central unit

and consumers is proposed. This method is able to achieve a PAR of 1.31

while reducing energy consumption costs by around 16%.

Another non-cooperative approach for cost optimization in day-ahead

markets with distributed energy generation and storage is studied in [93].

Each household aims at minimizing its objective function given by:

arg min
xn

fn(xn,x−n) = (en +Δnxn)
T c(x),+1THwn(Δg,nxn), (3.16)

subject to consumption, storage, production and cost constraints, where,

xn is the strategy vector of nth user for choosing between generating, con-

suming and storing energy, f is the objective function, e is the energy

consumption profile, Δ is an auxiliary variable for selecting strategies,

c(x) is the cost function, 1H is the H-dimensional unit vector and w is

the production cost function. An asynchronous proximal decomposition

algorithm is used to achieve a PAR of 1.33 with about 20% reduction in

consumption costs.
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An optimal charging and discharging schedule for multiple PHEVs us-

ing non-cooperative game theory for cost minimization in a vehicle to

building (V2B) setting is studied in [94]. The utility function of each

PHEV is defined as the negative total energy cost for charging its battery

over the time slots. The PHEV’s best response is given by the following

optimization problem:

arg max
xi

Ui(xi,x−i) = min
xi

κi

T∑
t=1

δ(Lt
−i + xti)

2, (3.17)

subject to consumption, vehicle battery, driving and cost constraints, where,

xi = [x1i , ..., x
T
i ] is the energy charging/discharging profile of ith PHEV, x−i

is the energy charging/discharging profile of all other PHEVs, U is the

utility function, κi is the proportion of ith PHEV’s energy demand to that

of the building, δ is a positive coefficient, t is the time index and L−i is the

total demand of the building except PHEV i. It is shown that the unique

Nash equilibrium of this non-cooperative energy charging and discharg-

ing game is the optimal solution of a centralized charging and discharging

problem. It reduces the peak demand by minimizing the square Euclidean

distance (SED) between the instantaneous load demand and the average

demand in Eq. (3.17). A strategy-proof distributed scheduling algorithm

is developed to obtain a PAR of 1.28.

The interaction between UC and consumers is modeled as a "leader-

follower" Stackelberg game in [95], wherein consumers with ESS are al-

lowed to sell stored energy back to the UC. UC "leads" by setting prices

to maximize its profit knowing that consumers will "follow" by minimiz-

ing their cost and so on until the Stackelberg equilibrium is reached. It

is shown that the Stackelberg game is the general case of the minimum

PAR problem. The optimization problem is given by:

arg max
c

min
yh

H∑
h=1

C(yh) = max
c

min
yh

H∑
h=1

−ch log
(
−
(
1Tyh

K
− 1

))
, (3.18)

subject to storage, consumption and appliance operation constraints, where,

c is the optimal cost schedule for the UC, yh is the total energy bought

from UC at hour h, C is the convex cost function and K is the load nor-

malizing parameter. This min-max problem is solved using an iterative

entropic regularization and the Stackelberg equilibrium achieves almost

uniform pricing and consumption resulting in a very low PAR of 1.03.
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Methods [70] [91] [92] [93] [94] [95]

ESS - x x x PHEV x

RES - - x x - -

Game NC NC NC NC NC SG

Pricing TP TP TP TP TP TP

Algorithm IPM PD PD PD - IER

Best PAR 1.34 1.34 1.31 1.33 1.03 -

Cost Savings 18% 19% 16% 20% 16.5% 18%

Table 3.3. Comparison of load balancing methods in competitive mode. NC refers to non-
cooperative games, SG is Stackelberg game, IPM is interior point methods, PD
is proximal decomposition and IER is iterative entropic regularization.

A comparison of various features of load balancing methods in compet-

itive mode is presented in Table 3.3. It can be seen from the table that

most competitive load balancing methods where households are involved

in a non-cooperative game with other households have medium PAR per-

formance in the range of 1.3. Even minor improvements in the cost saving

performance come at the cost of slightly increased PAR. The Stackelberg

game proposed in [95] performs differently for a couple of reasons. First,

this game is sequentially played between UC and households as opposed

to the other games played among households. Second, the superlative

PAR performance can be attributed to the fact that this method employs a

pricing model where the prices are a logarithmic function of the amount of

energy consumed by households. Moreover, households are allowed to sell

stored energy back to the grid which increases the DR flexibility for this

method. All competitive methods study load balancing using tiered pric-

ing models as this simplifies the analytical derivation for the game equi-

librium. The energy price is usually a quadratic function of the amount of

energy consumption that also takes into account the time of consumption.

Competitive load balancing methods have almost no information ex-

change among households and very little information exchange between

households and the central control unit or UC. Rather than being moti-

vated merely by cost minimization, households can cooperate with each

other for load balancing. Even though cooperation may not yield imme-

diate returns for households by way of consumption cost minimization,

it is highly effective in reducing market energy prices in the long term
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due to the positive effects of load balancing. Cooperation offers a better

opportunity and incentive for utilizing the bidirectional nature of infor-

mation exchange in SGs and thereby directly addressing the load balanc-

ing issue. Cooperation could comprise of various activities such as, coor-

dinating, strategizing, forming coalitions or a combination of these with

other households. Simple coordinated DR models require sharing of infor-

mation between households and/or UC to balance their loads while also

making sure that their consumption costs are reduced. However, coop-

eration could also take place in an advanced manner where households

form coalitions and formulate joint strategies that results in energy allo-

cation. Cooperative game theory offers a framework for studying coalition

formation and profit sharing mechanisms under such conditions.

3.4.3 Cooperative Mode

A coordinated DR management model to flatten the total load profile sub-

ject to a constraint on minimum individual cost of customers is presented

in [96]. In this approach, households with regular appliances and EVs

optimize their daily consumption in response to the day-ahead market

prices and send the scheduled load profile to their UC which accumulates

the scheduled load profiles from all households and releases the total load

profile. Households asynchronously update their schedules in order to

achieve the most evenly distributed load profile such that their consump-

tion cost is minimized. This model is cast as a bi-level optimization prob-

lem where the upper sub-problem seeks to flatten the total load profile of

the network while the lower sub-problem minimizes the individual house-

hold’s consumption cost. The bi-level optimization problem is given by:

arg min
P t

V ariance =
∑
t∈T

(P t − P total)
2, (3.19)

arg min
Pn,t

Cn =
∑
t∈T

ρtPn,t ∀n ∈ N, (3.20)

subject to constraints on appliance operating times, power ratings and

EV preferences, where, P t is the total load at time t, P total is the average

total load, Pn,t is the nth customer demand at time t and ρt is the market

energy price at time t. The bi-level problem is transformed into a single-

level optimization problem and a distributed solution using mixed integer
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linear programming is proposed that is able to achieve a PAR of 1.57.

A cooperative approach for cost optimization in day-ahead markets with

distributed ESS is studied in [93], where load balancing is not the main

objective, but occurs as a consequence of cost minimization. This work

also takes into account households with RES such as solar PV panels or

wind turbines and proposes a joint strategy that is synchronously updated

for collaborating households to minimize their aggregate consumption ex-

penses. The resulting optimization problem is strongly convex and has a

unique solution that is obtained through a dynamic proximal decomposi-

tion algorithm. This method is able to reduce the PAR from 1.52 to 1.33

while ensuring a 20.8% savings in overall consumption costs.

An advanced demand side management method that uses mechanism

design for maximizing the social welfare (aggregate utility function of

all households minus the total energy cost) of all households with ECS

has been analyzed in [97]. In this method, a design mechanism, Vickrey-

Clarke-Groves (VCG) pricing is proposed such that it is in the best inter-

est of households to reveal their demand information and utility function

(a quadratic utility function with linearly decreasing marginal benefit)

to a central unit which then computes the optimal energy consumption

level and advertises a specific energy payment for each household. An

optimization problem to maximize the aggregate utility of all households

while minimizing the total cost imposed on UC is given by:

arg max
xn

N∑
n=1

Un(
K∑
k=1

xkn)−
K∑
k=1

Ck(
N∑

n=1

xkn), (3.21)

subject to consumption, scheduling and cost constraints, where, xn =

[x1n, ..., x
K
n ] is the feasible energy consumption set for user n, k is the time

slot, U is the utility function and C is the energy cost function. This prob-

lem is concave maximization problem and is solved in a centralized fash-

ion using convex programming techniques such as interior point methods

to achieve a PAR of 1.21.

A smart charging and discharging process for multiple PHEVs that serve

as ESS in a building garage has been proposed in [94] to optimize the en-

ergy consumption profile of the smart building. A part of this work studies

a centralized optimization problem in which the building controller acts

as a centralized planning unit that collects information from PHEVs and

schedules their charging and discharging in order to keep the load pro-
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file as constant as possible. The building controller aims to minimize the

square Euclidean distance (SED) between the instantaneous energy de-

mand and the average demand of the building taking into account the

driving preferences of PHEVs. The optimization problem is given by:

arg min
xi

SED =

T∑
t=1

(lt +

N∑
i=1

xti − Eavg)
2, (3.22)

subject to consumption, vehicle battery, driving and cost constraints, where,

xi = [x1i , ..., x
T
i ] is the charging/discharging vector for each PHEV i, lt is

the energy consumption of the building at time t and Eavg is the aver-

age energy demand of the smart building. The optimization problem is

convex and has a unique optimal solution that is obtained by convex pro-

gramming to yield a PAR of 1.16.

A coalitional game-theoretic approach for PHEV charging and discharg-

ing in V2G networks has been studied in [48]. In this method, PHEVs

form coalitions based on their preferences and an optimal matching is

applied to discover partnership among charging and discharging PHEVs.

This is followed by a merge and split operation of coalitions which finally

leads to the cooperative game where the energy allocations are decided.

This cooperation results in a 21.3% reduction in the difference between

peaks and valleys in the load profile.

In Publication II, we have proposed a cooperative game-theoretic model

for households under ToU pricing scheme to share energy from a com-

munity energy storage (CES) in beneficial manner for both households

and UC. CES is a centralized street-level or substation-level energy stor-

age that is owned and operated by a third party. In this method, CES

optimizes the consumption profile of the entire community and presents

UC with a balanced load while ensuring that households are guaranteed

a reduction in energy costs. The optimization problem for minimizing

community consumption PAR is formulated as a GP equivalent to that

given in Eq. (3.10). Once the load profile is balanced, we use cooperative

game theory to determine the price and amount of energy allocated to

each household. In order to quantify the contribution of each household

to load balancing, the characteristic function of the cooperative game is

set to be the overall non-uniformity of the load profile before load balanc-
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Optimal Consumption Profile of All Households in the Community

Figure 3.2. Optimal consumption profile for 10 households with CES loss rate r = 0.001

and CES capacity bmax = 30 kWh. (a) Day-ahead hourly market energy price
set by the utility company, (b) Hourly energy requirements of 10 households,
(c) Aggregate energy requirements of all households along with their indi-
vidual share, (d) Optimal consumption profile of 10 households, (e) Battery
charging profile of CES, (f) CES cumulative battery charge levels.

ing and is given by:

v(S) = max(
∑
S⊆H

l)/(
N∑
j=1

∑
S⊆H

l/N), (3.23)

where, l represents the load profile of a household, S is any non-empty

coalition in H, and N is the total number of time periods in a day. In other

words, the characteristic function represents the coalition’s consumption

PAR and hence its contribution to overall non-uniformity of the load pro-

file. The price at which stored energy is sold to each household is directly

proportional to a singleton solution of the game and lies between the mar-

ket energy price and average cost of energy stored in CES. The Shapley

value φ, is an one-point payoff solution that represents an average mea-

sure of fairness. Shapley value for each household i is given by:

φi(H, v) =
∑

S⊆H\{i}

|S|! (n− |S|−1)!

|H|! (v(S ∪ {i})− v(S)). (3.24)

The resulting optimal consumption profile is almost perfectly uniform

with an extremely low PAR value of 1.0472 as shown in Figure 3.2. By

ensuring fair prices for stored energy and an average reduction in con-

sumption costs of about 4%, CES provides an incentive for all households
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Methods [96] [93] [97] [94] [48] Pub. II

ESS x x - x x x

ECS - - x - - -

Centralized - - x x x x

Pricing ToUP TP TP TP TP ToUP

Algorithm MILP IPM IPM CP - GP

Cooperation Level CIE JS CIE CIE CF CF

Cost Savings 2.1% 20.8% - 3.7% 15.8% 4%

Best PAR 1.57 1.33 1.21 1.16 - 1.04

Table 3.4. Comparison of load balancing methods in cooperative mode. MILP refers to
mixed integer linear programming, IPM is interior point methods, CP is con-
vex programming, GP is goemteric programming, CIE is coordination by infor-
mation exchange, JS is joint strategy and CF is coalition formation.

to cooperatively balance the load profile by sharing the stored energy. A

similar cooperative game-theoretic approach in conjunction with agent-

based techniques is studied in [98]. An optimal strategy for managing

distributed energy resources that facilitate both the energy market and

ancillary services such as load balancing has been proposed to allocate

energy resources between producer/consumer agents and network agents.

A comparison of various features of load balancing methods in coopera-

tive mode is presented in Table 3.4. It can be seen that PAR performance

is better in cooperative mode when compared to competitive mode of load

balancing. Again, the cooperative load balancing approach for households

with CES proposed in Publication II outperforms the other methods with

respect to consumption PAR. Advanced cooperation mostly results in cen-

tralized implementation of load balancing.

3.5 Local Energy Markets

Consumers/local producers (microgrids) participate in local energy mar-

kets with the selfish goal of maximizing their profits by selling/buying

stored or renewable energy. The presence of such energy markets may

also prove beneficial to UC in many ways such as, reduction in peak de-

mand, load balancing, matching demand with surplus supply locally, ef-

fective utilization of distributed ESS, active integration of privately owned
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RES, etc. The amount and price of energy that is being exchanged in the

market depends upon the mechanisms employed for trading, such as, con-

tracts, negotiations, exchanges, auctions, etc. Local energy market oper-

ations are usually overseen by a centralized entity such as an auction-

eer [99] or a local trade center [100] through which the terms of trade are

finalized. Recently, local markets have also started trading in flexibility,

where consumers enter into a contract with the local aggregator for let-

ting a specific subset of household appliances such as space heaters, floor

heaters, air conditioners, water boilers, EVs, etc. be controlled at specific

time intervals in exchange for monetary rewards [101].

The most basic form of energy trading involves households selling sur-

plus energy back to the UC according to a contract or pre-defined terms

and conditions. Advanced systems such as V2G let EVs trade stored en-

ergy [102] depending upon varying demand and prices subject to driving

constraints. An adaptive negotiation agent based model for bi-directional

energy trading between a smart building that uses RES as its primary

energy source and UC is proposed in [103]. In this method, the negoti-

ation agent employs particle swarm optimization-based adaptive bidding

strategy for trading energy between two entities that may switch roles

as buyer or seller under different conditions. The goal of the negotiation

agent is to is to maximize each entity’s payoff and conclude the energy

transaction with minimum negotiation time. A market-clearing scheme

for trading DR (and thereby indirectly trading energy) by setting up a DR

exchange (DRX) is studied in [104]. UCs act as DR buyers and house-

holds sell DR by scheduling their consumption. The DRX uses Walrasian

auctions to match buyers to sellers and the auction is repeated iteratively

until a Pareto-optimal market equilibrium is achieved. The most com-

mon form of energy trading amongst households is through locally set-up

markets, where multiple households are allowed to trade energy amongst

themselves in a mutually beneficial manner.

3.5.1 Local Energy Trading

A hybrid energy trading market that is comprised of both UC and a local

trading center (LTC) for trading energy amongst households is investi-

gated in [105]. The market model quantifies the energy buyers and sell-
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ers benefits from local trading. An optimization problem is formulated for

the sellers and buyers to optimize their benefits by controlling their en-

ergy scheduling in response to the LTC’s pricing. The non-profit oriented

LTC solely aims at maximizing the benefits of sellers and buyers and the

resulting optimization problem is given by:

arg max
xi,xj ,yi,yj

∑
i∈B

Ui(Gi(xi, yi)) +
∑
j∈S

Uj(Gj(xj , yj)), (3.25)

subject to energy consumption, demand-supply matching and positive ben-

efit constraints for all buyers and sellers, where, i ∈ B represents the set

of buyers, j ∈ S represents the set of sellers, U is the utility function as-

sociated with its net gain G, (xi, xj , yi, yj) is the amount of energy bought

from and sold to the UC and the amount of energy bought from and sold

to the LTC respectively. The convex optimization problem is solved using

CVX package. Additionally, a profit-oriented LTC which aims at max-

imizing its own profit while guaranteeing a certain net-gain for buyers

and sellers is also proposed.

A joint energy storage sharing mechanism between households and shared

facility controllers (SFC) is proposed in [106]. The main objective here is

to enable households to decide on the fraction of their ESS capacity that

they want to share with the community’s SFC in order to assist them

with energy storage for load scheduling. The fraction of the capacity of

the storage that each household decides to put into the market to share

with the SFCs and the auction price are determined by a non-cooperative

Stackelberg game formulated between the households and the auctioneer.

Another non-cooperative game between households with ESS for trad-

ing stored energy is studied in [107]. In this approach, each household

decides on the maximum amount of stored energy to be sold in the local

market so as to maximize a utility that reflects trade-off between revenues

from trading and accompanying costs. The utility function is given by:

Ui(ai,a−i) =
∑
k∈K

(pik(a)− si)qik(a)− f(
∑
k∈K

qik(a)), (3.26)

where, ai is the strategy decision of seller i, a−i is the vector of actions

selected by all sellers other than i, a is the vector of actions of all players,

pik(a) is the price at which energy is traded between seller i and buyer

k, qik is the quantity of energy exchanged and f(.) is an increasing func-
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tion that reflects the cost of selling energy. The prices at which energy is

traded is determined by the mechanism of double auctions.

A Stackelberg game for energy trading among multiple interconnected

microgrids is proposed in [108]. In this model, energy sellers lead the

competition by independently determining the amount of energy for sale

subject to a tradeoff between the attained satisfaction from trading prof-

its and that from stored energy. Energy buyers follow sellers actions by

submitting bids to sellers in proportion to their sales which in turn leads

to the sellers maximizing their utility according to the bids. The non-

cooperative game among buyers is given by:

Bi(c−i,w) = arg max
ci

Ui(ci, c−i,w), (3.27)

where, Bi the best response function of buyer i, c is the strategy of buyer,

w is the profile of sellers strategies and U is the utility function of buyer.

Similarly, the best response function of a seller is given by:

Bj(c) = arg max
wj

Uj(wj , c). (3.28)

The Stackelberg equilibrium of this two-level game is a profile of strate-

gies for buyers and sellers given by (c∗,w∗) which determines the amount

and price of energy traded between the buyers and sellers. The proposed

algorithm is guaranteed to have a unique equilibrium and performs com-

parably to the optimal centralized solution by maximizing the payoff of

all participating entities.

In Publication V, we have modeled cooperative energy trading between

households as a two-good exchange economy market, with real-time en-

ergy bought from UC and stored energy from RES being the two goods.

Energy exchange or trade is facilitated by the fact that households have

different consumption profiles and value energy from the grid and stor-

age differently. We use preference relations that quantify how house-

holds value each type of energy and model them as continuous, monotonic

quasi-convex utility functions. These utility functions are then maximized

to achieve the competitive equilibrium, that is the optimal amount and

price of energy exchanged between households. The resulting optimiza-
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tion problem subject to budget constraints is given by:

arg max
x1

u1(x1) = 0.90 ∗ log(x1r) + 0.10 ∗ log(x1s),

arg max
x2

u2(x2) = 0.85 ∗ log(x2r) + 0.15 ∗ log(x2s),

subject to pTx1 = pTw1,pTx2 = pTw2, (3.29)

where, x1 = [x1r , x
1
s] is the amount of real-time and stored energy allo-

cated to household 1, x2 = [x2r , x
2
s] is the amount of real-time and stored

energy allocated to household 2, u is the quasi-convex utility function,

pT = [pr, ps] are the energy prices and w = [w1,w1] is the initial energy

endowment of households. The competitive equilibrium (p,x) of this ex-

change economy determines the price and amount of energy traded.

A contract based trading among wind power producers for reducing the

cost of integrating wind energy with the grid is studied in [109]. In this

work, trading consists of two types of contracts, a firm contract in the day-

ahead market for delivering a certain amount of wind energy and a risky

contract in real time market with other wind producers. This setting al-

lows for wind producers to exploit the diversity in generation profiles of

different producers and thereby mitigate uncertainty. The profit maxi-

mizing optimization problem for each producer is given by:

(3.30)
arg max

si,βij

Πi(si, βij , pij) = pfsi −
∑
j �=i

E[pjiβjiWj ] +
∑
j �=i

E[pijβijWi]

+ E[−κ(si − W̃i)+ + λ(W̃i − si)+],

where, Πi is the profit of producer i, si is the amount of energy contracted

to be delivered in the day-ahead market, βij is the fraction of energy that

producer j buys from producer i at unit price pij , pf is the unit price in

the day-ahead market, Wi is the time average amount of energy produced

in an hour, W̃i, is the sum of own energy production and energy received

from all other producers, κ is the penalty associated with negative imbal-

ance (si − W̃i)+ or shortfall in delivering day-ahead committed energy, λ

is reward associated with positive imbalance (W̃i − si)+ or surplus pro-

duction. It is shown that a competitive equilibrium uniquely exists in

these markets and can be computed in closed form. The competitive equi-

librium is shown to be efficient, stable and in the core of the game and

hence, also serves as profit allocation scheme for the grand coalition of all

54



Demand Side Management in Smart Grids

wind producers. The competitive payoff of each producer captures both

the marginal contribution and diversity contribution provided by the pro-

ducer to the whole group.

In Publication IV, a framework for modeling energy trading between hy-

brid renewable minigrids is proposed. Hybrid minigrids use both solar PV

panels and wind turbines for energy production and their capacities are

subject to seasonal and daily variations in climate and weather. The in-

dividual and joint production capabilities of the hybrid minigrids is mod-

eled using production possibility curves. At any given time, weather and

climate variations give distinctive advantage for one type of energy pro-

duction over the other. It is shown that the comparative advantage in

one type of energy production technology leads to specialization in that

technology which guarantees that all minigrids can be made better-off

by trading to mitigate the effects of weather variations. The production

equilibrium point maximizes the energy production of minigrids subject

to different weather conditions and forms the basis of mutually beneficial

trading. The terms of trade provide a range for trading prices in terms

of the marginal opportunity costs of production within which energy ex-

change is beneficial to both minigrids.

Traditional game theory assumes that all players in the game are ra-

tional and uninfluenced by real-life perceptions and as a result, decisions

are made according to expected utilities. However, real-life decision mak-

ing process deviates considerably due to user subjectivity as illustrated by

Allais’s paradox [110]. Prospect theory provides a user-centric view by ap-

plying weights to transform objective probabilities to subjective probabil-

ities. A detailed exploration of the potential of prospect theory for smart

grid applications such as DSM, integration of ESS and RES is studied

in [7]. A prospect theory based approach for analyzing energy exchange

between two microgrids with RES is studied in [111], where the energy

exchange between microgrids that are connected to a backup energy sup-

ply is modeled as a prospect theory based static game. The Prelec’s prob-

ability weight function is used to model the subjectivity in the energy

exchange game. A unique Nash equilibrium for this game is derived and

it is shown that subjective microgrids exaggerate their buying and selling

behavior at low and high battery levels and follow a safe set of actions.

A comparison of various features of energy trading methods is presented
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Methods [105] [106] [107] [108] P. IV [109] [111] P. V

UC x - - - - - x -

ESS - x x x x - x -

RES - - - - x x x x

Exchange LTC SFC AUC - - - LC -

Solution CO SE NE SE CE CE NE PE

Pricing - A A - CE CE - MOC

Table 3.5. Comparison of various energy trading models. LTC refers to local trade center,
SFC is shared facility controller, AUC is auctioneer, LC is local controller, CO is
convex optimization, NE is Nash equilibrium, SE is Stackelberg equilibrium,
CE is competitive equilibrium, PE is production equilibrium, A is auctions and
MOC is marginal opportunity cost.

in Table 3.5. It can be seen from the table that local energy trading meth-

ods are not standardized and performance comparison is difficult due to

diverse goals of trading methods. However, local energy trading methods

provide households with greater flexibility in terms of their interaction

with other households and participation in DSM techniques. We refer the

readers to [112–118] for further reading on this topic.

3.6 Discussion

In this chapter, DSM mechanisms such as dynamic pricing and energy

markets that lead to complex interactions among smart households are

discussed. Dynamic pricing elicits price-based DR, where customers self-

ishly aim to minimize their energy consumption costs or participate in

load balancing for the greater benefit of the grid without incurring ad-

ditional consumption costs. Dynamic pricing provides an incentive for

the consumers to modify their energy consumption behavior and sched-

ule/shift consumption to off-peak hours. Similarly, setting up of local en-

ergy markets encourages consumers with ESS and/or RES to participate

in energy trading with the aim of reducing cost for themselves or mak-

ing profit while also helping UCs match demand and supply locally. The

state-of-the-art DR and local energy trading methods are reviewed and

classified. Special emphasis is placed on load balancing approaches under

various scenarios as they are proposed in Publications I-III.
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First, a concise review of cost minimization methods which are a direct

result of price-based DR are presented. In these methods, households

aim to minimize their electricity consumption costs through ECS or ESS

under different operating conditions without aiming for load balancing.

However, load balancing may occur unintentionally or follow implicitly

due to dynamic pricing. A simple optimization algorithm for households

is presented in Publication I, under the assumption that there is no uncer-

tainty in price or load. In the presence of ESS and with prior knowledge

of market energy prices, load and storage parameters, cost minimization

is mostly achieved in a distributed manner. However, advanced methods

that perform cost minimization in real-time by taking into account the

effect of uncertainty in price/load and intermittency from RES are imple-

mented in a centralized manner.

Next, load balancing methods which are an indirect result of price-based

DR are classified based on the manner of interaction between households.

Load balancing methods can operate in isolated, competitive or coopera-

tive modes. In isolated mode, households aim to achieve maximum possi-

ble load balancing without incurring additional energy consumption costs

under the assumption that their energy consumption patterns do not af-

fect other households or market prices. Households act as price takers

and do not concern themselves with the energy consumption patterns of

other households. Load balancing in isolated mode is implemented by for-

mulating an optimization problem that is solved in a distributed fashion.

There is no interaction among households or between UC and households

except for the broadcast of market energy prices.

In Publications I and III, a load balancing approach for households with

ESS is formulated as a geometric program (GP) based on inter-temporal

trade. This approach is able to achieve a nearly flat consumption profile

with PAR value very close to 1 while also saving about 8% in consumption

costs. The PAR of 1.03 achieved in Publication I is one of the best reported

consumption PAR values in the literature for distributed load balancing

with perfect information about prices and load. When all households si-

multaneously opt for the proposed load balancing method, the overall con-

sumption profile of the community is considerably flattened. However, if

there is uncertainty in price and load, isolated load balancing methods do

not perform very well. Moreover, the bidirectional information pathway
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enabled by SGs is not utilized in isolated mode. Bidirectional information

exchange allows for richer interactions among households which forms

the motivation for competitive and cooperative load balancing approaches.

In competitive load balancing mode, households act selfishly in order to

minimize their consumption costs (with load balancing as a direct or indi-

rect by-product) and their interactions with each other can be modeled as

a non-cooperative game. Households act as players in a non-cooperative

game and choose their consumption strategies based on the strategies of

other households. The best response strategy of households is determined

by solving for the Nash equilibrium of the non-cooperative game either

in a centralized or distributed manner. Competitive load balancing ap-

proaches are apt for capturing and modeling the inherent selfish behavior

of households which results in an average consumption PAR of around 1.3.

This is due to the fact that competitive load balancing methods trade-off

load balancing performance for their primary objective of cost minimiza-

tion. When compared to isolated mode, the communication overhead is

higher in competitive mode. This is because households report their con-

sumption profile to UC which in turn broadcasts aggregate consumption

of all households in addition to market energy prices. With minor privacy

concerns and sub-optimal load balancing performance, competitive load

balancing approaches are not able to fully utilize SG features for achiev-

ing the best load balancing performance.

In cooperative load balancing, households cooperate in the presence of

a centralized entity for achieving the best possible load balancing per-

formance without incurring additional consumption costs for themselves.

The levels of cooperation could range from simple coordinated information

exchange between few households to advanced joint strategy development

involving all households. Cooperative load balancing methods are mostly

implemented in a centralized manner, but simple coordination-based ap-

proaches can also be implemented in a distributed manner. A centralized

cooperative load balancing approach for households with CES is proposed

in Publication II. The optimization problem for PAR minimization is for-

mulated as a GP. Cooperative game theory is used to model the interac-

tions and determine the fair price and amount of energy that sold to each

household by the CES. Again, this approach is able to achieve nearly flat

consumption profiles at the community level with PAR value of 1.04.

58



Demand Side Management in Smart Grids

DSM Demand Response Local

Methods/ Cost Load Balancing Energy

Features Min. Iso. Comp. Coop. Trading

Information UC→H UC→H UC↔H UC↔H, UC↔H,

flow CE↔H CE↔H

Power flow UC→H UC→H UC→H UC→H UC↔H

Impl. mode C/D D C/D C C/D

Best Savings 19% 8% 20% 4% 4.8%

Best PAR - 1.03 ∼1.3 1.04 1.15

Table 3.6. Comparison of various DSM approaches in SGs. Iso refers to isolated, Comp is
competitive and Coop is cooperative load balancing methods, H is households,
CE is any central entity, C is centralized and D is distributed mode.

Finally, local energy trading methods are reviewed. Local energy trad-

ing is able to fully utilize the bidirectional nature of information and en-

ergy flow envisioned for future SGs. By aligning individual benefits of

households along with the greater benefit of the grid, local energy trad-

ing has the potential to alleviate many problems plaguing the existing

grid. Households could trade energy either with UC or with other house-

holds. Basic local energy trading methods proposed in Publications IV-V

can be implemented without a centralized entity such as an energy aggre-

gator, auctioneer, local trading center, etc. However, advanced methods

require the presence of a central entity to determine the amount and price

of traded energy by mechanisms such as auctions, exchange markets, etc.

A comparison of various features of different DSM approaches in SGs is

presented in Table 3.6. Even though there has been a lot of research on

various DR methods, it is evident that no single approach is able to per-

form equally well in both cost savings and consumption PAR simultane-

ously. There is a visible trade-off between these two performance metrics

in all DR methods which can be attributed to the fact that DR methods do

not exploit the bidirectional nature of energy flow made possible by SGs.

However, local energy trading methods on the other hand, may be able to

provide increased flexibility for households in choosing the performance

level of cost savings and consumption PAR. The conceptualization of lo-

cal energy market models applicable to different types of households for

trading energy in a fair manner is still in early stages of development.
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4. Cooperative Spectrum Sharing in
Cognitive Radios

Dynamic spectrum access (DSA) is the most important application of CRs,

which promises to overcome the apparent spectrum scarcity problem caus-

ed by rigid spectrum allocation resulting in under-utilization of spectral

resources. DSA consists of two main spectrum management functions,

namely, spectrum sensing and spectrum sharing [119]. In spectrum sens-

ing, SUs sense the spectrum to identify idle bands of the spectrum by de-

tecting licensed PU activity. If PU activity detected in a certain channel or

if another idle channel is detected, SUs reconfigure their transceiver pa-

rameters (channel bandwidth, center frequency, antenna beam pattern,

transmission power, modulation and coding) to move to different parts

of the spectrum. Spectrum sensing also includes characterization of the

spectrum in terms of channel quality, interference and error rate, location,

propagation environment, etc [35, 41]. Thus, the overall goal of spectrum

sensing is to explore and identify spectral opportunities and in general,

increase the awareness at various levels about the state of the spectrum.

In Spectrum sharing, the results of spectrum sensing and characteriza-

tion are used to exploit the available spectral opportunities in an optimal

manner. With multiple SUs competing with each other for getting access

to idle channels, spectrum sharing manages how idle channels are shared

among SUs and the desired performance is achieved. An overview of spec-

trum exploration and exploitation methods for CRs is provided in [120].

The IEEE Dynamic Spectrum Access Networks Standards Committee

(DySPAN-SC) develops supporting standards to address issues related to

new technologies and the development of techniques for next generation

radio systems and advanced spectrum management [121].

In this chapter, we describe spectrum management functions with a

61



Cooperative Spectrum Sharing in Cognitive Radios

special emphasis on cooperative spectrum sharing techniques as we have

proposed a cooperative framework for spectrum sharing amongst SUs in

CRNs in Publications VI-VIII. We start the chapter with an overview

of spectrum sensing techniques and how cooperation amongst SUs help

them in tackling sensing challenges. This is followed by a discussion

on various spectrum sharing methods. A detailed analysis of state-of-

the-art coalitional game-theoretic spectrum sharing techniques has been

provided. Finally, conclusions are drawn regarding various cooperative

spectrum sharing techniques discussed in this chapter.

4.1 Spectrum Sensing

Availability of radio spectrum varies depending upon time, frequency and

location resulting in spectrum opportunities. Spectrum sensing is a key

spectrum management function in CRs that enables SUs to become aware

of the state of the spectrum [120]. Spectrum sensing helps SUs in identify-

ing under-utilized parts of the spectrum and also for vacating those parts

of the spectrum when PUs become active. Therefore, spectrum sensing

can be construed as exploration of different parts of the spectrum by ac-

quiring awareness about the state of the spectrum that forms the basis

for future exploitation through optimized access of idle bands of the spec-

trum. Moreover, sensing has to be performed reliably in highly varying

propagation environments in the presence of shadowing, multi-path fad-

ing and interference effects. CR sensing tasks are determined by a sens-

ing policy [122] that decides which frequency bands need to be sensed,

when and how long to sense those bands. SUs synchronize themselves by

means of time-slotted spectrum sensing. It is assumed that simultaneous

sensing and transmission on a frequency band is not possible and hence,

done at different time instances. Thus, SUs wish to minimize the time

required for sensing and maximize the time available for transmission.

The problem of detecting PU activity is usually formulated as a binary

hypothesis testing problem [123]. A simple binary hypothesis test for de-

tecting PU transmission in an additive white Gaussian noise (AWGN)
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channel is given by:
H0 : x(t) = w(t)

H1 : x(t) = s(t) + w(t),
(4.1)

where, H0 and H1 represent the null and alternate hypotheses respec-

tively, t is the discrete time index, x(t), s(t) and w(t) indicate the received

signal, PU signal and noise respectively. The probability of accepting H1

when H0 is true is defined as probability of false alarm pfa. In spectrum

sensing, pfa is an important design parameter since false alarms lead to

overlooking of spectral opportunities. Similarly, the probability of accept-

ing H0 when H1 is true is defined as probability of missed detection pmd.

Missed detections lead to collisions with PU or harmful interference for

PU transmissions resulting in retransmissions for both SU and PU.

The spectrum sensing algorithms proposed in the literature for PU de-

tection may be broadly classified into three categories: matched filter de-

tection, energy detection and feature based detection [124]. Matched filter

detection is achieved by correlating a known PU signals with the received

signal. It is the most optimal detection method that maximizes the out-

put SNR for PU detection in AWGN when there is perfect knowledge of

PU’s signal, such as the operating frequency, bandwidth, modulation type

and order, pulse shape, packet format, etc. Energy detection, on the other

hand, measures the received signal’s energy and compares it to a thresh-

old. It is easily implemented and can be used for detecting any signal,

known or unknown, deterministic or random. However, energy detection

is unable to distinguish between PU and other signals and also unable to

exploit detailed information about the PU that is available generally. Fea-

ture detection refers to extracting features from the received signal and

performing detection based on the extracted features. Typical features

used for detection are, for example, correlation or cyclostationarity based

features, modulation or coding methods, or any other characteristics as-

sociated with the PU signal. These features are usually derived from PU

transmission standards where the set of allowed waveforms are specified

and known to the SUs. Interested readers are referred to [125] for an

in-depth analysis of spectrum sensing algorithms for CRs.

Though no single detection method is optimal for all scenarios, many

techniques exist to improve detection performance. Such approaches in-

clude enhancing receiver RF front-end sensitivity, designing and employ-
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ing powerful signal processing algorithms, combining different sensing al-

gorithms [126]. However, the performance of a local SU detector degrades

in the presence of propagation effects such as shadowing or multi-path

fading. These channel conditions may also result in the problem of hid-

den node, where a SU transceiver is outside the range of PU transmitter,

but close enough to a PU receiver to create interference. In order to over-

come these problems, spatial diversity may be utilized, where multiple

SUs from different locations sense the spectrum in a distributed manner

and identify idle spectrum cooperatively [127].

4.1.1 Cooperative Spectrum Sensing

Cooperative spectrum sensing involves neighboring, yet geographically

distributed SUs collaborating to sense multiple sub-bands simultaneously

and exchanging sensing information amongst them before making a de-

cision about spectrum availability [128]. Cooperative spectrum sensing

offers SUs many benefits such as diversity and SNR gains in detection.

Collaboration between spatially distributed SUs allows for mitigation of

propagation effects which leads to simplified detector design and shorter

PU detection time for SUs. Cooperation between SUs also results in

greater awareness about the state of the spectrum as envisioned in CR

goals. Additionally, cooperation also results in increased network cov-

erage, increased robustness and efficient utilization of system resources

such as increased battery life in mobile SUs.

Cooperative spectrum sensing can be carried out in both centralized and

distributed manner [129]. In centralized system, each SU sends all its ob-

servations to a central decision maker or fusion center (FC) that makes

a final decision on the presence or absence of PUs based on classical de-

tection theory. The dedicated FC approach is well suited for applications

with a base station, such as wireless wide-area networks networks. In

distributed systems, each SU sends a summary of its observations (for ex-

ample, a sufficient statistic such as likelihood ratio) to other SUs in the

network and each SU performs detection locally. This type of approach

without a dedicated FC is most suited for small area networks with dy-

namic topologies. Moreover, it is also possible to have a hybrid scenario

where each SU has local processing capability and sends a local decision
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statistic or decision to the FC.

Typically, cooperative detection algorithms are derived assuming con-

ditional independence of SU observations (conditioned on the null and

alternate hypotheses) and hence, each SU contributes independently to

the decision making process. The optimal FC test is a likelihood ratio

test (LRT). Depending upon the amount of processing done by each SU,

detection approaches are commonly classified into soft or hard combining

strategies [130]. In hard combining, only local binary decisions about PU

activity are sent to the FC while in soft combining, less processed infor-

mation such as likelihood ratios (LRs) are sent to the FC. When complete

statistical description (LRs) is available, the optimal combining method

is to sum up the local log-likelihood ratios (LLRs). When complete statis-

tical characterization is not possible, for example, due to changes in link

conditions, or due to simple local detector structure, then a hard limited

decision of each sample can be obtained and the local decisions can then

be combined using sub-optimal fusion rules such as K-out-of-L, AND and

OR rules can be applied [131].

4.2 Spectrum Characterization

Based on spectrum sensing, SUs may identify multiple idle channels over

a wide frequency range with different characteristics. Based on local RF

observations, SUs characterize idle channels by considering the received

signal strength, interference and the number of users currently residing

in the spectrum. RF environment characterization involves the process of

estimating parameters such as channel capacity [132], interference level

(co-channel, adjacent channel, RF non-idealities, etc.) [133], channel error

rate [134], geographical location [135], propagation loss [136], etc. An-

other aspect of spectrum characterization is the study of PU activity in

different spectrum bands. This is achieved by modeling the evolution of

PU activity that provides a means for predicting future PU traffic pat-

terns based on past observations and trends in a given spectrum band.

PU modeling based on Poisson process or measured data are commonly

found in the literature [137, 138]. A detailed study of various aspects of

spectrum characterization is provided in [139].
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Spectrum characterization can extensively help SUs in increasing their

awareness about the state of the spectrum (both spatially and temporally)

and in scheduling suitable channels for spectrum access in accordance

with channel quality and quality of service (QoS) requirements of applica-

tions [140]. SUs in CRNs always face a trade-off between causing harm-

ful interference to PUs and satisfying their own QoS requirements. As

legacy users, PU QoS must be satisfied, but due to the secondary nature

of SU spectrum access, there is no guarantee that SU QoS requirements

will be satisfied, though a best effort in QoS may be promised. Thus,

spectrum characterization enables optimal scheduling of idle spectral re-

sources based on multiple factors.

4.3 Spectrum Sharing

Once awareness about the state of the spectrum is acquired, the next ma-

jor step is to allocate available spectrum in order to maximize some per-

formance criterion, for example, sum data rate of SUs. Due to dynam-

ically changing topologies and varying RF propagation characteristics,

spectrum allocation techniques in distributed CR ad-hoc networks are

closely coupled with routing protocols (commonly called joint route and

spectrum selection) [141]. Spectrum allocation in centralized networks

is normally carried out at SU BS or FC [142], where the available spec-

tral resources are shared between SUs. For example, one simple sharing

mechanism would be for SUs to take turns and access idle channels one

by one in a round-robin fashion [143]. This method ensures that all SUs

get equal access to idle channels and that available spectral resources are

distributed fairly. However, such a simple approach to spectrum sharing,

though fair, has many drawbacks, most notable of them being that it is

sub-optimal in terms of sum data rates achieved by SUs and there is no

guarantee that SU data rate requirements or transmission preferences

will be satisfied. Hence, spectrum sharing must take into account various

factors such as channel quality between SU pairs, SU preferences, per-

ceived fairness of spectrum selection among SUs, optimization of network-

wide performance criteria such as throughput, transmission time, delay,

etc. [43]. Spectrum sharing requires large scale interactions between SUs
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to coordinate transmission attempts for effective utilization of available

spectral resources. Spectrum sharing must also take into account various

constraints imposed by SU preferences, fairness and performance goals.

Moreover, the higher the number of SUs in a CRN, the higher the demand

for spectral resources. This makes spectrum sharing an extremely com-

plex optimization task with multiple objectives and constraints (possibly

with conflicting goals, such as maximizing fairness and sum-data rate).

Interactions between SUs can be either competitive or cooperative in

nature. In competitive spectrum access approach, SUs develop strategies

to maximize their own performance criteria such as data rate achieved

or channel access time while taking into account the strategies of other

SUs [144]. This may be modeled as a non-cooperative game with SUs

developing strategies that involve adjusting parameters such as transmit

power to overcome interference and collisions from other SUs. The non-

cooperative game when played out, eventually results in a Nash equilib-

rium (NE) which is a set of strategies from which no SU has an incentive

to unilaterally deviate. However, such a selfish approach to spectrum

sharing usually ends in decreased performance for the entire network in

terms of throughput or other criteria. Cooperative spectrum sharing in

CRNs can provide great benefits for SUs and may take many forms. In

spectrum overlay approach, SUs can cooperate with PU networks by re-

laying PU signals to PU receivers in return for sharing licensed parts of

the spectrum [145, 146]. In spectrum interweave approach, SUs in a dis-

tributed network exploit spatial diversity by collaborating to sense the

spectrum and share idle channels. In centralized CRNs, additional coop-

eration can also take place between SU BSs [147], where vital information

regarding PU activity, spectrum availability, channel statistics, etc. can

be exchanged and passed to respective SUs.

The most pertinent question in cooperative spectrum access is: how to

allocate or divide the total value that is created (in terms of identified or

available spectral resources) when SUs cooperate? If the allocations on

spectral resources (channel, rate or power) are perceived as fair by SUs,

they have an incentive to cooperate in the future too. Cooperative game

theory is an excellent analytical tool for solving resource allocation prob-

lems and studying fairness aspects of sharing between SUs that wish to

cooperate while still maintaining an inherent conflict of interest. Various
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cooperative spectrum sharing techniques are available in the literature

that use cooperative game theory to study spectrum sharing dynamics be-

tween SUs. In the next section, we provide a detailed analysis of various

coalitional games used for modeling spectrum sharing in CRs.

4.4 Cooperative Game-theoretic Models for Spectrum Sharing

A detailed introduction to coalitional game theory for communication net-

works has been given in [50] and a survey of cooperative games for CRNs

has been provided in [148]. In many cooperative games, a grand coalition

involving all players is usually formed which are referred to as canonical

games. Though spectral resources and propagation conditions are local in

nature and vary widely over space, time and frequency, grand coalition of

SUs is enabled due to the high gains from cooperation. However, in some

games with high cooperation and communication overhead costs, it is pos-

sible that multiple disjoint or overlapping coalitions can exist instead of

one grand coalition. The study of how such coalition structures develop is

referred to as coalition formation games. A third and rare kind of game

known as coalitional graph games can also be used to study spectrum

sharing in CRs [149–151]. Coalitional graph games are mostly used to

study network graph structure and routing problems in wireless commu-

nication applications. In this thesis, based on the type of coalitional game

that is formulated, we classify cooperative game-theoretic approaches to

spectrum sharing as games with one grand coalition or multiple coali-

tions. In the following subsections, a detailed analysis of various types of

cooperative games in the literature is provided.

4.4.1 Games With Grand Coalition

A model for spectrum sharing through receiver cooperation in Gaussian

interference channels has been proposed in [152]. In this method, co-

operating receivers jointly decoding their received signals are treated as

distributed antennas of a single receiver and hence the interference chan-

nel is viewed as a single-input, multiple-output multiple access channel

(SIMO-MAC). Receivers form coalitions and share the total achievable

sum data rate in these channels. The characteristic function of the coali-
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tional game is given by:

v(S) = max
RS∈CS

∑
i∈S

Ri =
∑
i∈S

I(XS ;YS), (4.2)

where, v(S) is the characteristic function denoting the value of the coali-

tion S ⊂ N , RS = (Ri)i∈S is the vector of rates for links of receivers in S,

CS is the capacity region of the SIMO-MAC formed by receivers in S, I(.)

is the mutual information function, XS and YS are the input and received

signals respectively. The final rate allocation is made by means of Nash

bargaining solution. It has been proven that the core of this game is non-

empty and that the grand coalition always forms. It is also shown that

for the linear MMSE multi-user detector, the grand coalition is stable and

sum data rate maximizing, while for the decorrelating multi-user detector

the grand coalition is stable only at high SNRs.

The dynamics of coalition formation games for cooperative spectrum

sharing in interference channels has been studied in [153]. The dynamic

coalition formation game is expected to result in multiple coalitions, how-

ever, it has been shown that the game process converges over time to one

grand coalition after going through various coalition structures. The game

is initially formulated in PFF and then converted to rate maximizing CFF.

The value of the coalition is assigned to be the Shannon capacity of the

users given by:

v(S) =
∑
i∈S

Ri =
∑
i∈S

W

2
ηi log2

⎛⎝1 +

hiiSNRi
ηi

1 +
∑

j∈SC hjiSNRj

⎞⎠ , (4.3)

where, v(S) is the characteristic function denoting the value of coalition

S ⊂ N , W is the bandwidth of wireless channel, ηi is the fraction of the

band of user i, hii is the direct channel gain for user i, hji is the channel

gain between transmitter of user j and receiver of user i, SNRi signal to

noise ratio of user i and SC is the complement of set S in N . The final

rate allocation is made based on arbitrary division subject to minimum

rational payoff condition for all users. It is shown that coalition formation

yields significant gains in terms of average data rates for each user.

A profit sharing mechanism for SU BSs (referred to as service providers

or operators) modeled as a coalitional game has been proposed in [154,

155]. In this method, providers form coalitions to pool their spectral re-

sources together to increase their throughput and lower overall energy
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consumption to increase their individual payoffs as well as aggregate pay-

offs. The characteristic function of the resource pooling game is obtained

by maximizing the aggregate payoffs of all providers and is given by:

v(S) = max
∑

i∈S,w∈ω
IP(w)(Ui(yi(w))− Vi(zi(w))), (4.4)

subject to minimum service guarantees, where, w represents a network

state (location and channel quality), IP(w) is the probability that network

state is w, ω is the set of all possible network states, yi is the vector of

rates received by customers of provider i, U is a concave benefit function

associated with received rates, zi(w) is a vector of total fraction of time

given to customers of provider i and V is a convex cost function. It is

shown that the core of this game is non-empty, thereby resulting in a sta-

ble grand coalition of all providers. The profit allocations are made using

Nucleolus which is a singleton solution guaranteed to lie in the core of the

game. However, using the nucleolus as a solution concept results in high

computational complexity as the computation time depends polynomially

on the network states w.

A coalitional game-theoretic approach for spectrum sharing has been

proposed in [156] where, CR networks employ multiple operators to in-

volve SUs for cooperative relaying of PU signals. The coalition formed be-

tween multiple operators and SUs for increasing the throughput is mod-

eled as a cooperative game in CFF given by:

v(S) = max
∑
i∈SO,

(
U+
i (yi)− U−

i (wi)
)
+

∑
k∈SS ,

(
G+

k (rk)−G−
k (ek)

)
, (4.5)

where, SO represents the set of operators, SS is the set of SUs, U+ is

a increasing concave function that represents the aggregate satisfaction

provided by operator i to PUs, yi is the throughput increase due to oper-

ator i, U− is an increasing cost function associated with wi which is the

total fraction of access time provided by operator i for SUs, G+ is a con-

cave increasing function depending on rk, the access rate gain of SU k,

G− is a convex increasing function of the energy cost incurred ek by SU k

while serving as relays. The core of the game is non-empty and provides a

operating point that maximizes the sum utility of all operators and SUs.

A grand coalition of all operators and SUs is formed and the payoff al-

locations are obtained by convex optimization techniques. The game is
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also shown to be equivalent to an exchange economy and the competitive

equilibrium corresponds to a payoff allocation in the core of the game.

A coalitional game formulation for sum rate maximization of all PUs

and SUs in a network is studied in [157], where PUs lease the spectrum

to SUs in a time-division manner and SUs in return help by relaying PU

data. The transmission rate maximizing characteristic function of this

game is given by:

v(S) = max
∑

m∈Sp,

(F (rpm) + cpm −G(φm)) +
∑
k∈Ss,

(H(rsk)− csk) , (4.6)

where, Sp is the set of PUs, Ss is the set of SUs, F is a concave function

mapping each PU’s rate rpm to a utility gain, cpm is the payment of SUs to

PU m, G is a convex function mapping each PU’s cost to a utility loss φm,

H is a concave utility function that maps the rate obtained by each SU rsk

to a revenue and csk is SU k’s payment to PUs. It is shown that a grand

coalition of all PUs and SUs is formed and rate allocation that lies in the

core of the game is found by means of convex optimization techniques.

Joint spectrum sensing and sharing games

Since spectrum sharing is heavily dependent on sensing performance and

identified idle spectrum, an ideal reward mechanism for SUs (in terms

of allocation of spectral resources) could be based on their effort (both

in terms of quantity and quality) in sensing performance. Various ap-

proaches to joint spectrum sensing and access for SUs in CRs are stud-

ied in [158–162]. However, these spectrum access methods are mostly

rule-based and not based on competitive or cooperative game-theoretic

interactions between SUs. Similarly, none of the cooperative games de-

scribed in the previous subsection that result in the formation of a grand

coalition take into account the sensing performance of SUs that leads to

the identification of idle channels. It is assumed that idle channels are

available and the characteristic function merely reflects the data rate or

throughput achieved by SUs in idle channels. Hence, the payoff allocation

does not consider the contribution of SUs to spectrum sensing in terms of

probability of detection of PU, missed detections, false alarm rate, sensing

time for detection, etc. In Publications VI-VIII, we have proposed a coali-

tional game for jointly modeling spectrum sensing and sharing in CRs

where sensing and identifying idle spectrum is considered as work done
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by the SUs for the coalition and the corresponding payoff allocations to

SUs depend upon the quality and quantity of sensing work done by SUs.

In Publication VIII, we have proposed a characteristic function for the

game based on the worth of a coalition calculated according to the work

done by SUs for the coalition. The amount of work done is quantified in

terms of the information obtained about the probability of detecting PU. It

is shown that the resulting game has non-empty core, is totally balanced

and convex in nature. The overall value created by sensing SUs is divided

according to each SU’s contribution in terms of their quantity and quality

of spectrum sensing work done for the coalition and the final payoff al-

locations are made using various singleton solutions. In Publication VII,

we have proposed a VCG auction based scheduling mechanism for chan-

nel access on top of the coalitional game model described in Publication

VIII. The scheduling mechanism provides flexibility to SUs in terms of

how they use their payoffs obtained from spectrum sensing for accessing

idle channels. VCG auctions allocate spectral resources to those SUs who

value them the most and provide SUs a dominant strategy for making

truthful bids resulting in a socially optimal allocation.

In Publication VI, a framework for modeling multi-user, multi-band,

spectrum sensing and sharing problem in CRs as a cooperative game in

CFF is proposed. The characteristic function is calculated according to

the amount of work done for the coalition by increasing awareness about

state of spectrum that may also be seen as reduction in uncertainty about

PU activity. The characteristic function is given by:

v(S) = |S|
M∑
j=1

⎛⎜⎜⎝1−H

(
|max
∀i∈S

(pijDj) |
)

cS(j)

⎞⎟⎟⎠ , (4.7)

where, S is any coalition in {1, 2, ..., N}, |S| represents cardinality of set

S, M is the number of channels, H is the binary entropy function , pij is

the probability of detecting PU by SU i on channel j, Dj is the spectrum

decision (+1 when PU is present and -1 when PU is absent) on channel j

and cS(j) is the total number of entities sensing channel j including coali-

tion S. This characteristic function measures the amount of work done

by SUs both in terms of quality (amount of increase in spectrum aware-

ness and reduction in uncertainty about PU activity) and quantity (num-

ber of channels sensed). The characteristic function function proposed in
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Figure 4.1. Comparison between proposed cooperative joint sensing and access (CG-
JSJA), rate maximization (JSRM), round robin access (JSRR), joint proba-
bilistic access (JSPA) and independent probabilistic access (ISPA) models.
The cumulative data rates obtained by each SU and the cumulative data
sum rate obtained by all SUs is shown for all models.

Eq. (4.7) has interesting properties such as non-negativity, monotonicity,

super-additivity and balancedness. Detailed proofs for these properties

are available in the appendix section of Publication VI. These properties

ensure that the core of the game is non-empty and that the SUs have an

incentive to form the grand coalition. Additionally, we propose a VCG

auction procedure to prove that a feasible scheduling mechanism exists

that can allocate idle channels to SUs based on their channel conditions,

payoffs and data rate requirements. VCG auction acts as a scheduling

mechanism to enable SUs to use their payoffs earned from sensing for

accessing idle channels. A detailed study of the fairness of the proposed

model is provided at the end of the paper. We have proved that the pro-

posed cooperative model for joint spectrum sensing and sharing provides

the best balance among fairness, cooperation and performance in terms

of data rates obtained by each SU as well as data sum rates of all SUs

compared to other allocation models as shown in Figure 4.1.
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Methods [152] [153] [154] [156] [157] Pub. VI

Cooperation SUs SUs SU BS SUs SU-PU SUs

Utility TU/NTU - TU TU/NTU TU -

Game Form CFF CFF CFF CFF CFF CFF

Allocation Rate LC Profit CU Rate SP

Solution NBS CD S/N CO CO S/N/T

Fairness PF - MMF - - MMF

Table 4.1. Comparison of features of canonical cooperative games for spectrum sharing
in CRs. LC refers to link capacity, CU is custom utility, SP is sensing per-
formance, NBS is Nash bargaining solution, CD is core division, S is Shapley
value, N is nucleolus, T is tau value, CO is convex optimization, PF is propor-
tional fairness and MMF is min-max fairness.

A comparison of various features of coalitional games for spectrum shar-

ing in CRs that result in grand coalitions is shown in Table 4.1. It can be

seen that all cooperative games that result in grand coalitions are in CFF.

This is because, there are no players outside the grand coalition that can

affect the functioning of the coalition to warrant a cooperative game in

PFF. While some approaches [152, 157] make an allocation on sum data

rates, rest of the approaches allocate on a variety of criteria such as link

capacity, custom defined utility, sensing performance, etc. The payoffs are

calculated using singleton solutions such as Shapley values, Nucleolus

or convex optimization techniques that are guaranteed to lie in the core

of the game. It is difficult to compare these games due to the variety of

criteria used while carrying out performance analysis. Some approaches

also study the fairness aspects of allocations to ensure that SUs have a

continuous incentive to cooperate.

In some cooperative games, it is beneficial for the SUs to form multi-

ple coalitions as opposed to a single grand coalition. This is necessitated

by factors such as the physical size of the area spanned by SUs, network

structure, communication overhead costs, cooperation costs, marginal ben-

efits from cooperation due to saturated grand coalitions, etc. Moreover,

since availability of idle spectral resources and radio propagation are high-

ly local phenomena, the gains from cooperation may not be high enough

to warrant a grand coalition. In such cases, multiple coalitions (disjoint or

overlapping) evolve over time depending upon the needs of SUs. Multiple

coalitions, their formation and resource allocation problems pertaining
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to them are studied in dynamic coalition formation (DCF) games. DCF

games are inherently not superadditive and hence, do not support the for-

mation of a grand coalition. The key question in DCF games are: which

coalitions will form, what is the optimal coalition size and how are re-

sources allocated in multiple coalitions?

4.4.2 Games With Multiple Coalitions

A dynamic coalitional game for collaborative spectrum sensing has been

proposed in [163], where SUs cooperate to improve their detection per-

formance. A distributed coalition forming algorithm is formulated that

allows SUs to self-organize themselves into disjoint multiple coalitions.

The SUs form minimal winning coalitions (MWCs) that achieve a certain

target PU detection probability with minimal costs. The value function of

a coalition is given by:

v(S) = (1−Qm,S)− C(Qf,S , αS), (4.8)

where, Qm,S is the probability of missed detection for coalition S, C is

a cost function that depends on the false alarm probability Qf,S and a

false alarm constraint αS that must not be exceeded when the coalition

forms. Thus, the payoff that that a SU receives represents the tradeoff be-

tween probability of missed detection and probability of false alarm that

the SU achieves when acting as part of the coalition. The coalition forma-

tion process (via neighbor discovery, merge, split and adjust operations) is

studied in great detail. It is shown that for 50 cooperating SUs in a net-

work, the proposed algorithm is able to reduce the average probability of

missed detection per SU up to 88.45% compared with the non-cooperative

case. Similarly, it is also shown that up to 87.25% of the SUs are able to

achieve the required detection probability while forming MWCs. Though

this work does not address the spectrum sharing problem directly, it pro-

vides a framework for evaluating cooperative spectrum sensing perfor-

mance of SUs which can later be used as the basis for reward/allocation

mechanism for SUs in spectrum sharing.

A dynamic coalitional game in PFF for joint spectrum sensing and shar-

ing in CR networks is studied in [164]. A distributed coalition formation

algorithm is proposed that allows SUs to join or leave a coalition in or-

der to maximize their utilities. The utility is measured as the average
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time spent for sensing as well as the capacity achieved while accessing

the spectrum. The utility of SU in a coalition in PFF is given by:

vi(S,Π) = CS
i (1− τSi ), (4.9)

where, Π is the current network partition, CS
i is the capacity achieved by

SU i in coalition S and τSi is the sensing time for SU i. It is shown that

the SUs organize themselves into a stable network partition and adapt

to any changes in their environment. Simulation results show that the

proposed algorithm is able to achieve on average an 86.8% increase in

payoff per SU per time slot when compared to non-cooperative spectrum

sensing and sharing approach.

A coalition formation game for cooperative spectrum sensing and shar-

ing in CRs has been proposed in [165]. In this approach, the value func-

tion of each coalition takes into account both the sensing accuracy and

energy consumption of SUs. The value function represents the expected

payoff (amount of data transmitted) achieved by a coalition per unit of

energy consumed and is given by:

v(Si) =
VD(Si)

VE(Si)
=

P0|0,i
∑

j∈Si
Rji(T − δ)− |Si|P0|1,iD0(T − δ)

|Si|(PS |Si|δ + (P0|0,i + P0|1,i)Pt(T − δ))
(4.10)

where, VD(Si) is the expected payoff for the set Si in each sensing frame of

duration T , VE(Si) is the expected energy consumption, Rji is the trans-

mission rate of SU j in channel i, T is the total frame duration, δ is the

sensing time, T − δ is the data transmission time, P0|1,i is the probabil-

ity that SU i fails to detect the PU, P0|0,i is the probability that SU i

does not detect a PU when it is silent, PS |Si|δ and Pt(T − δ) represent

the energy consumption for spectrum sensing and data transmission re-

spectively and D0 is the penalty charged for SUs interfering with PUs.

An algorithm for finding the Nash-stable partitions is provided. Simula-

tion results show that the proposed method achieves a better performance

than both non-cooperative and closest PU (SUs closest to a particular PU

form a coalition) schemes.

An overlapping coalition formation (OCF) approach for distributed co-

operative sensing in CR networks is presented in [166]. In this method,

each SU is allowed to be a part of multiple coalitions simultaneously and

each coalition receives a portion of the SUs power and bandwidth. OCF

games provide SUs with an opportunity to further maximize their payoffs
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and hence the coalition formation process is expected to reflect the inher-

ent trade-off between competition and cooperation among SUs. The value

function of a coalition is chosen to be its best sensing performance and is

given by:

v(Si) =

⎧⎪⎨⎪⎩
2− min

Λ(Si)
(Qm,i +Qf,i), Qm +Qf ,

1− min
Λ(Si),Qf,i≤α

Qm,i, Qm/Qf ,
(4.11)

where, Λ(Si) is the local sensing threshold vector for SUs in set Si, Qm,i

and Qf,i are SU i’s probabilities of missed detection and false alarm, Qm+

Qf criterion is the scenario when the SU cooperative sensing decision is

incorrect which is referred to as the total error rate and Qm/Qf is the

scenario when the average value of missed detection probability is mini-

mized while false alarm probability is constrained to be below a certain

threshold α. The proposed algorithm for overlapping coalition formation

games is proved to converge to a stable set of overlapping coalitions. Sim-

ulation results show that overlapping coalitions yield a 25% reduction in

total error probability, 20% reduction in missed detection probability and

80% reduction in overhead due to the distributed sensing approach.

A sub-channel allocation problem for OFDMA based hybrid overlay or

underlay cognitive femtocell networks is studied in [167]. In this paper, a

coalition formation game in PFF is formulated for maximizing the aggre-

gate throughput of femtocell users. The femtocell user equipments (FUEs)

and femtocell access points (FAPs) in femtocell networks can be regarded

as SUs and SU base station respectively. The utility of a coalition is de-

fined to be the aggregate data rate of the coalition in a particular partition

and is given by:

v(S,Π) =
∑
k

∑
m

ηBlog2

(
1 +

Pm
ik (S, π)|hmik|

Nm
0 + Imik (S, π)

)
(4.12)

where, k is the index of SUs, m is the index of subchannels, η is a coef-

ficient describing the efficiency of the transceiver design, B is the band-

width of each subchannel, Pm
ik is the transmission power of FAP i to FUE

k on subchannel m, (S, π) represents the set of partitions of coalition S,

hmik is the average channel gain, N0 is the background noise power of the

subchannel and Imik is the aggregate interference power received by FUE

k on subchannel m with FAP i as the source node. A modified recursive

core is introduced as a solution concept to this game and an algorithm for
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computing the final partition and subchannel allocation decision is pre-

sented. Simulation results show that the proposed algorithm achieves

a 72% increase in aggregate network throughput when compared to the

overlay only scheme and 35% increase when compared to the underlay

only scheme and 18% increase when compared to the distributed coalition

formation algorithm proposed in [168].

DCF games are formulated with NTU in PFF. As compared to canon-

ical games resulting in a grand coalition, most games in DCF take into

account the sensing performance of SUs while making the final allocation

on spectral resources. Very little is mentioned about the fairness aspects

of resource allocation in DCF games. Again, the lack of standardized crite-

ria in reporting performance of DCF games in spectrum sharing makes it

very difficult to get any insightful comparison of these methods. We refer

interested readers to [168–172] for more literature on coalitional games

applicable to spectrum sharing in CRs.

4.5 Discussion

In this chapter, spectrum management functions for DSA in CRs such as

spectrum sensing and spectrum sharing are discussed. First, a concise

overview of basic spectrum sensing techniques such as energy detection,

matched filter detection and feature based detection is provided. The ad-

vantages of cooperative spectrum sensing are discussed along with the

combining rules for centralized detection. Once the idle channels are iden-

tified, spectrum characterization increases the awareness about the state

of the spectrum by characterizing idle channels and modeling PU activ-

ity. Spectrum sensing and characterization form the basis for spectrum

sharing in CRs. Various factors such as large scale interactions between

SUs, perceived fairness of sharing, SU transmission preferences, etc., that

make spectrum sharing a complex optimization task are discussed. Inter-

actions between SUs can be either competitive or cooperative and the ad-

vantages cooperative spectrum sharing are highlighted. Special emphasis

is placed in this chapter on cooperative approach among SUs in spectrum

sensing and access as we have proposed cooperative game-theoretic spec-

trum sharing schemes in Publications VI-VIII. Several state-of-the-art co-
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operative game-theoretic spectrum sharing methods are classified and re-

viewed. Based on the type of coalition formed, cooperative game-theoretic

approaches to spectrum sharing are classified as games with one grand

coalition and games with multiple coalitions.

First, a review of canonical cooperative games resulting in the forma-

tion of a grand coalition is presented. All cooperative games that result

in grand coalitions are in CFF as there are no players outside the grand

coalition that can affect the functioning of the coalition to necessitate the

game to be in PFF. In most of these games, it is assumed that idle chan-

nels are available and the characteristic function merely reflects the data

rate or throughput achievable by SUs in idle channels. The final payoff

for cooperating SUs is made in terms of achievable data rates or link ca-

pacity or some other custom defined utility. The payoffs are calculated

using one-point solutions such as Shapley values, nucleolus or convex op-

timization techniques that are guaranteed to lie in the core of the game.

However, none of these approaches consider the fact that spectrum shar-

ing is heavily dependent on sensing results and hence, an ideal spectrum

allocation/reward mechanism for SUs needs to be based on the effort put

in by SUs in the sensing stage by identifying idle spectrum. Moreover, op-

timizing for sum data rates achieved by SUs does not necessarily take into

account SU data rate requirements or transmission preferences. There-

fore, there is a need for a cooperative game-theoretic framework for jointly

modeling spectrum sensing and sharing in CRs that optimizes for per-

formance while also taking into account soft factors such as effort based

reward, perceived fairness and SU preferences.

In Publications VI-VIII, a cooperative game-theoretic approach to jointly

modeling spectrum sensing and sharing in CRs is proposed where the

reward/allocation mechanism for SUs is based on their sensing perfor-

mance. By taking into account the contribution of each SU towards PU

detection that leads to identification of idle channels, the subsequent spec-

trum sharing is perceived as fair by SUs. The characteristic function of

the game is formulated to reflect the effort put in by SU, both in terms

of the quality and quantity of sensing work done by SUs. The allocated

payoffs are used by SUs to bid on idle channels according to their trans-

mission preferences and channel quality between SU pairs. It is shown

that that the proposed cooperative model for joint spectrum sensing and
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sharing provides the best balance among fairness, cooperation and per-

formance in terms of data rates obtained by each SU as well as sum data

rates of all SUs compared to other allocation models such as rate maxi-

mization, round robin and probabilistic access models. Even though the

proposed approach scales up very well in terms of number of SUs, it does

not scale well over large areas. This is because idle spectral resources

and radio propagation are highly local phenomena and large variations in

spectral characteristics or homogeneity of the propagation environment in

a large area are not suitable for the formation of a grand coalition. In such

situations, multiple disjoint or overlapping coalitions evolve according to

SU needs and local radio environment by means of a dynamic coalition

formation process.

Finally, a review of DCF games that result in multiple coalitions is pre-

sented. DCF games are formulated with NTU in PFF. DCF games take

into account the sensing performance of SUs while making the final al-

location on spectral resources. Though DCF games for spectrum shar-

ing provide a richer framework for modeling the numerous possibilities

of coalition formation, they tend to get complicated due to the overhead

involved in the iterative process of neighbour discovery, coalition splitting

and merging operations, optimizing strategy against other coalitions, etc.

Even though there has been a lot of research on cooperative spectrum

sharing models for CRs, the lack of standardized performance criteria for

both canonical and DCF games makes it difficult to evaluate and compare

these models in a reliable manner. Currently, most of the cooperative

models are compared against non-cooperative models. It is worth sug-

gesting that performance criteria such as gains from cooperation in terms

of data rates achieved by SUs or aggregate network throughput over stan-

dard cooperative access models such as round robin or rate maximization

approaches should be used for reporting in order to make the comparison

between cooperative spectrum sharing methods more meaningful.
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5. Conclusion

Multi-user intelligent systems such as SGs and CRs seamlessly integrate

computation, networking, and physical processes that mutually influence

each another. The SG, characterized by two-way flow of energy and in-

formation, is expected to deliver electricity efficiently through DSM and

other means by minimizing costs and environmental impacts and maxi-

mizing system reliability, resilience and stability. Similarly, CRs promise

to enable the future wireless communications by increasing efficient spec-

trum utilization through DSA. Independent rational decision making play-

ers in SGs and CRs interact constantly in complex ways for realizing DSM

in SGs and DSA for CRs respectively. The interactions between players

could be either competitive or cooperative in nature. Though competitive

behaviour yields short term gains, players benefit immensely from coop-

erative behaviour in the long term. For example, cooperation between

households connected to a SG results in balanced loads and lowered en-

ergy consumption costs that is mutually beneficial for both the UC and

consumers. Similarly, cooperation between SUs in CRs leads to diversity

gains, increased SNR gain and network coverage, decreased PU detection

time, simplified detector design, increased throughput and in general, ef-

ficient utilization of spectrum. The focus of this thesis is on modeling co-

operative interactions between various players for DSM in SGs and DSA

in CRs. A cooperative game theoretic framework is proposed for model-

ing interactions between households and studying local energy trading in

SGs and also for jointly modeling spectrum sensing and sharing in CRs.

DSM aims to modify consumer energy consumption in order to reduce

peaks in energy consumption and thereby maintain a steady balance be-

tween supply and demand. DSM is a key technology that combines con-
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sumer participation with energy demand management and is therefore

a very relevant task for efficient and reliable energy distribution in SGs.

DSM methods comprising of dynamic price-based DR models and incentive-

based local energy trading have been developed and their performance

studied in this thesis. An optimal energy consumption DR model based

on inter-temporal trade for households with ESS is proposed. Cost min-

imization from the household’s perspective is formulated as a linear pro-

gramming problem, while load balancing from the UC’s perspective is for-

mulated as a geometric programming problem. The proposed approach

for load balancing is able to achieve a nearly flat consumption profile with

PAR value very close to 1 and is one of the best reported consumption

PAR values in the literature for distributed load balancing with perfect

information about prices and load. However, this approach is not suited

for scenarios where households have imperfect information about their

load and market energy prices. Moreover, the bidirectional information

pathway enabled by SGs is not utilized in isolated mode. Hence, the pro-

posed load balancing approach is later extended to a centralized DR model

with CES, where households interact cooperatively to share the surplus

stored energy from CES. The cooperative load balancing algorithm per-

forms equally well in terms of minimizing consumption PAR at the com-

munity level. The cooperative game theoretic approach guarantees a fair

price for stored energy and reduced consumption costs for all households.

Irrespective of the nature of interaction between households, the pro-

posed DR models do not exploit the bidirectional energy transfer func-

tionality offered by SGs. A cooperative game theoretic framework for lo-

cal energy trading is proposed separately for households with ESS and

for minigrids with hybrid RES. Using concepts from microeconomics, the

former is modeled as an exchange economy while the latter is modeled

as a production economy. The competitive equilibrium at which energy

exchange takes place in the exchange economy and the production equi-

librium in production economy is established. At the competitive equilib-

rium of exchange economy, the market clears itself, energy trading prices

regulate themselves such that no household can be made better off by any

further trading without making another household worse off and results

in reduced consumption costs for all households. In the case of production

economy, production equilibrium maximizes the energy production of hy-
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brid minigrids subject to different weather conditions and forms the basis

of mutually beneficial trading. The proposed basic local energy trading

methods can be scaled up in the presence of a centralized exchange such

as an energy aggregator, auctioneer, local trading center, etc.

Although a lot of research has been done in DSM for SGs, there are

still several research challenges. Most existing DR models assume perfect

knowledge of household load or employ basic statistical models. However,

high frequency energy consumption patterns are yet to be modeled accu-

rately. Combined with highly stochastic output from RES and high power

EV charging, developing DR models for modern households is still a chal-

lenging task. As far as ESS is concerned, it is still not clear which deploy-

ment yields maximal benefit - centralized storage unit at the sub-station

level or distributed storage units at the household level. While centralized

storage units can quickly respond to demand and help with ancillary ser-

vices, they require high capital and infrastructure costs to be set up. On

the other hand, optimal sizing, positioning, scheduling and coordinated

operation of distributed storage units is a research topic that warrants

considerable attention. Local energy markets is another research topic

that is still in its early stages. In addition to matching energy demand

and supply locally, future local energy markets are expected to trade con-

sumption flexibility offered by high power household appliances such as

EVs, heaters, air conditioners, water boilers, etc. and production flexibil-

ity offered by controllable RES based microgrids. The sheer range and

scale of complex interactions in such markets is expected to spawn en-

tirely new research topics involving cooperation, techno-economic model-

ing, automated intelligent agent based trading, etc.

Current spectrum regulation for wireless communications is based on

a fixed frequency allocation policy resulting in apparent scarcity of spec-

trum despite low spectrum occupancy by licensed users. DSA facilitates

flexible spectrum use for efficient spectrum utilization and is the most

important application of CRs. DSA provides the capability for unlicensed

secondary users (SUs) to sense and opportunistically access idle licensed

bands without causing harmful interference to licensed primary users

(PUs). A novel framework for jointly modeling spectrum sensing and

sharing in CRs as a cooperative game for allocating spectrum resources

to SUs is proposed. The characteristic function of the game is formulated
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to quantify the contributions of SUs and benefits of cooperative spectrum

sensing which is later divided among SUs in a fair manner. VCG auction

is used to demonstrate that a socially optimal mechanism exists that can

allocate idle channels to SUs fairly based on their sensing performance

and data rate requirements. The cooperative game is shown to have de-

sirable properties such as stability, balancedness and superadditivity, re-

sulting in the formation of a grand coalition of SUs in the vicinity. It

is shown that the proposed approach has the best balance between fair-

ness, cooperation and performance. Games with grand coalition of SUs

are motivated by high gains from cooperative sensing, but it is possible

that forming multiple coalitions through a dynamic coalition formation

process could also be beneficial for SUs.

There are many important research issues in DSA including spectrum

management policy, market economics, spectrum co-existence algorithms

and protocols, and enabling radio technologies. Another emerging re-

search topic in DSA is to use big data and machine learning techniques

to predict PU traffic patterns and provide bounds for disruption to PUs

in terms of interference. This task is vital for the wider industry level

acceptance of DSA. Standardizing performance metrics for comparison of

spectrum sharing models is another research topic that needs attention.

In the future, the big challenge will be to develop self-organizing CRNs

that are capable of responding to environmental changes such as interfer-

ence, device density and end-user application requirements.

Modeling cooperative behaviour of multi-user intelligent systems such

as SGs and CRs is a highly multidisciplinary field and is still in its in-

fancy. Apart from DSM for SGs and DSA for CRs, there are a multitude

of other topics in these fields where cooperation can be modeled. More-

over, comparative studies between cooperative game theoretic modeling

and other approaches for studying complex interactions need to be devel-

oped. Apart from modeling complex interactions, a long list of challenges

in realizing SGs and CRs include active research and development in soft-

ware abstractions, protocol design, network formation, policy design, busi-

ness models and regulatory framework. Collaboration among researchers

across these diverse fields is necessary for realizing the full potential of

SGs and CRs.
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