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ABSTRACT 

 

A two-level agent-based modeling framework is proposed for the electric power system 

to solve the problems of renewable energy utilization and demand-side management.  

While in the detailed level of the framework the customers and utility companies are 

modeled as agents to represent electricity demand and supply performances of the 

electricity retail market, respectively, the high level reflects the aggregated performance 

of the considered electricity market via state space models.  To connect the two levels, a 

social network is introduced as a dynamic medium for the interactions among customer 

agents.  While the customers’ consumption behaviors are modeled at lower level and 

affected by each other, their individual performances contribute to the system 

performance in the high level.  This dissertation concerns three problems.  First, the 

problem of renewable energy adoption concerns penetration process of distributed solar 

generation systems with various incentive policies (i.e., Income Tax Credits and Feed-in 

Tariff) for renewable energy.  The proposed hybrid model incorporates agent-based 

modeling and system dynamics techniques to simulate the solar system diffusion process 

among the residential customers.  Second, the demand-side management problem focuses 

on scheduling the Plug-in Hybrid Electric Vehicles (PHEV) charging under different 

scenarios of demand response programs (i.e., Time-of Use and Real-time Pricing).  For 

the Time-of Use (TOU) program, the decision-support analysis results from simulation-

based optimization for both customers and the utility company.  For the Real-time Pricing 

(RTP) program, the discussion is based on design of experiments in order to find proper 
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pricing functions according to different customers.  Third, the problem concerns the agent 

interaction based on different architectures of social network (i.e., small-world and scale-

free) and the network evolution based on triadic closure.  Such interaction is applied to 

the first two problems with the effect of changing the customers’ social connections, 

preferences in consumption behaviors and acceptable grid prices.  The modeling of these 

three problems is addressed in Chapter 4, and the experimental results are analyzed in 

Chapter 5.  Furthermore, to extend the demand-side management problem, this research 

also discusses the energy management at individual households integrating PV generation 

system, battery storage and electric vehicle under demand response programs.  The 

conceptual model is based on the threshold method to suggest residential customers when 

to use the electricity from which sources (PV generation, storage, or local grid). 
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CHAPTER 1 

INTRODUCTION 

Since the environmental pollutions and energy crisis become highly important 

issues in the modern world, great amount of efforts have been exerted on the utilization 

of renewable energy sources (i.e. solar and wind energy).  The utilization of renewable 

energy in generating electric power is more environmental friendly and generates less 

greenhouse gases than the conventional energy sources (e.g., oil and natural gas).  

However, the renewable energy creates new challenges into the current electricity and 

distribution network due to its periodic availability and unpredictable intermittency.  In 

addition, the cost of using renewable energy is much higher than that of using the 

conventional energy.  To help reduce the economic burden, the U.S. Department of 

Energy (DOE) and local energy administration organizations setup many incentive 

policies to encourage utility companies and customers generating and using electricity 

from renewable energy.  However, at the same time, the governmental organizations 

want to avoid highly steep growth of renewable energy utilization in a short period of 

time, because the excessive increase in the capacity of renewable energy generation may 

raise the energy price dramatically and threaten the stability of the current power grid.  

Therefore, while encouraging the utilization of renewable energy via incentives, many 

regulating policies and technologies are developed and applied to ensure a reasonable 

growth rate of renewable energy.  Policy makers have employed modeling and simulation 

methodologies to evaluate the effectiveness of various policies; however, most of these 
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models are rather aggregated without considering behaviors of individuals (Onishi, 2010) 

(Gutierrez-Alcaraz & Sheble, 2009) (Jin, Xu, & Yang, 2009).   

In addition to the integration of renewable energy, the increasing peak demand of 

electricity also adds pressure to the electric transmission and distribution networks.  In 

the electric power system, peak demand or peak load describes a period of load profile 

where the maximum customer demand happens.  The peak demand has been increasing 

in the past decades due to population growth, development of new technologies, 

environmental concerns, and user preferences.  Federal Energy Regulatory Commission 

(FERC) estimates that the annual growth rate of the peak demand in the U.S. will be 1.7% 

(140 GW) by 2019 (A National Assessment of Demand Response Potential, 2009) (The 

Smart Grid: An Introduction).  As a result, the electricity distribution network obtains a 

low load factor (i.e. the ratio of average load to peak load), which is bad for the utility 

companies to maintain the stability of local grid and to reduce the supplying cost.  To 

meet the peak demand, utility companies either increase their generation or buy 

electricity from a wholesale market that has a dynamic pricing structure.  Both methods 

increase the cost for utility companies.  Especially for the latter one, the utility companies 

need to pay for the electricity at a much higher price to supply the high peak demand, 

since the electricity price in the wholesale market is exponential to the demand.  In order 

to increase the load factor by reducing the peak demand at peak hours, utility companies 

offer demand response (DR) programs.  Such DR programs encourage or sometimes even 

force the end users to shift their demand during peak hours to off-peak hours (Chen, Li, 

Low, & Doyle, 2010) (Li, Chen, & Low, 2011).  However, only a portion of the 
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customers’ electricity consumption can be flexibly shifted based on the changing of 

electricity price.  Therefore to analyze the impact or effectiveness of DR programs from 

both customers’ perspective and the utility’s perspective, this research develops an agent-

based modeling framework to discuss the efficiency of different DR programs, which is 

demonstrated using the scheduling problems of charging Electric Vehicle (EV) in 

residential areas.  The problems also consider several scenarios involving the distributed 

solar generation systems and energy storage systems at the residential level.  In summary, 

we address the problems introduced by integrating distributed renewable energy systems 

and large electricity consuming devices to the electricity grid.  Such problems involve 

many uncertainties that come from the renewable generation (i.e. weather conditions), 

demand variations, the impact of social communication on human behavior, and 

customers preferences in response to difference policies and DR programs.   

 

1.1 Research Goals and Scope 

The goal of my dissertation is to propose an agent-based modeling and analysis 

framework that incorporates operational decision making, simulation-based optimization, 

and dynamic interaction among agents based on a social network for solving the 

problems brought by the integration of renewable energy and energy efficient devices to 

the power grid.  Such problems include 1) the growth rate control of renewable energy 

utilization with incentive/regulation policies, 2) peak load reduction based on DR 

programs, and 3) energy management based on weather forecasting data and the 

integration of distributed renewable energy systems.  To address the above problems with 
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the proposed modeling framework, this dissertation research conducts analysis and 

discussions under several specific scenarios.   These scenarios help define the scope that 

focuses on retail electricity market with the supply-demand relation between the utility 

company and the residential households coordinated with smart grid technologies.  The 

compound system in this research considers 1) the integration of distributed grid-tied 

solar generation system and battery storage systems for the residential households, 2) the 

charging scheduling of PHEVs at residential households, 3) the incentive policies for 

encouraging renewable energy utilization (e.g., Investment Tax Credit (ITC) and Feed-in 

Tariff (FIT)), 4) DR programs for peak load reduction (e.g., Time-of Use (TOU) and 

Real-time Pricing (RTP)), and 5) social network architecture for agent interaction (e.g., 

small-world network and scale-free network).  

 

1.2 Detailed Objectives 

 To achieve the goals mentioned above, the following specific objectives have 

been developed in this research work: 

a. The first objective is to build a two-level agent-based modeling architecture for 

the electricity supply and demand interaction between the utility company and 

residential households.  The high level (system level) aggregates the individual 

customers’ performance and implements the policies and programs in response.  

The low level models the detailed behaviors of customers and the utility 

company’s strategy.  The considered components include 1) individual 

households, 2) utility company, 3) smart grid, 4) distributed solar generation and 
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storage systems, 5) large electricity consuming device (e.g., air-conditioner and 

EV), and 6) controlling/management unit that justifies incentive/regulation 

policies and DR programs. 

b. The second objective is to perform the evaluation of incentive/regulation policies 

and DR programs based on the constructed simulation, in order to control the 

growth rate of renewable energy utilization and reduce the peak load.  The 

evaluation has to concern the diversity of customers’ responses to the policy and 

programs according to customers’ different background conditions and 

preferences.  When considering the residential electricity consumption pattern, the 

uncertainty also comes from the solar generation (e.g., weather conditions). 

c. The third objective is to further exploit the modeling of human behavior on 

electricity consuming preferences in response to the DR programs.  The modeling 

technique will be mainly discussed for the customers’ utilization of large 

electricity consuming devices.  Different consumption preference may imply a 

different effective design for the DR programs. 

d. The forth objective is to explore the interaction among the agents in the 

simulation model incorporating graph theory and social network methodologies.  

As social network plays an important role on information sharing and human 

communication in modern world, such interaction methods should also be 

integrated into the agent interaction pattern in modeling the agents.  To this end, 

this research work embeds the agent interaction into the environment of social 

network.  In addition to considering different architectures of social networks, a 
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dynamic evolution process is also incorporated into the paradigm of agent 

interactions.  The purpose is to seek how the agent interactions based on social 

network will affect the behavior of individual agents and the performance of the 

whole system. 

e. The fifth objective is to discuss the human decision making with forecasted 

information of weather condition for energy management.  The analysis is based 

on the proposed agent-based model, simulating the electricity consumption, grid-

tied solar generation, and energy storage.  The customer’s decisions focus on 

when to use solar generation versus to retrieve electricity from grid, and when to 

save solar generation to the storage versus to sell the generation to the grid.  In 

this research work, some conceptual decision making models are developed with 

specific rules to preliminary discuss the integration of forecasted data in a 

decision support systems for household energy management with solar energy. 

 

1.3 Major Proposed Methodologies and Techniques 

 To accomplish the research goal and specific objectives, the following methods 

and techniques have been employed or further developed in this research work: 

 Comprehensive agent-based modeling: The proposed research concerns various 

scenarios addressed in integrating renewable energy and energy efficient devices 

to the power grid, which requires a comprehensive modeling framework.  In order 

to coherently integrate components for the research objectives, the modeling 

framework has to be flexible for modification and extension, keeping the 
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minimum redundancy.  To this purpose, the agent-based modeling has been 

identified as a promising framework as the modeled agents hold the advantage of 

good cohesion and coupling with other agents.  Additionally, agent-based 

modeling has been successfully applied to many research fields to test how 

changes in individual behaviors will affect the system's overall performance.  One 

of the major objectives in this research work is to study the interacting methods 

among individual customers based on a social network, and how the interaction 

may affect the electricity consumption pattern in an aggregated level of the 

system. 

 Simulation-based optimization: The simulation models constructed for evaluation 

of demand-side management policies under various scenarios (Objective b) are 

based on finding optimal solutions for both residential customers as well as the 

utility company.  As the simulation models involve many components and 

uncertainties, performing optimization on the simulation models involves 

estimation and expectation with the help of many optimization techniques, such as 

meta-heuristic and tabu search.  In this work, OptQuest tool (Glover, Kelly, & 

Laguna, 1999) has been employed to facilitate the optimization of complex 

system.   

 Threshold approach for decision making:  Since the research problems in this 

dissertation require the modeling of individual agents’ behavior and actions in 

response to the policies and DR programs, we employ the threshold approach 

when simulating the agent’s decision in specific problem scenarios.  Such 
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decisions include when to adopt a solar energy system, when to charge a PHEV, 

and/or which source of electricity is selected for consumption.  The threshold 

approach provides a standard value for each parameter or the combination of 

multiple parameters that are used for the decision-making processes. 

 Social network architecture and evolution: In this research, the architecture and 

evolution of a social network based on graph theory is incorporated for modeling 

the interactions among agents.  Although every simulated agent is capable of its 

decision-making and behavior, the decisions or behaviors of all the agents are not 

independent.  Due to the development of studies in social network, traditional 

methods used to represent agent interactions in simulation can be improved by 

incorporating the social network evolution, in order to closely mimic the 

interactions in the real human society.  Therefore, we propose to use the social 

network methodologies for simulating the inter-related effects among agents, and 

discuss the impact of changes of inter-related individuals on the overall system 

performance. 

 

1.4 Organization of the Dissertation 

 The remainder of this dissertation is organized as follow: Chapter 2 addresses the 

background information on renewable energy development, and the risks and potential 

challenges faced by the current electric power networks.  In addition, previous literatures 

on solving relevant problems are recapitulated.  Then, the proposed modeling framework 

is discussed in Chapter 3 to respond to the first objective of this dissertation.  Moreover, 
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the main methodologies and theories involved in the modeling framework are explained 

in detail as well.  Chapter 4 defines the problems for objectives b, c and e in detail and 

formulates the mathematical models under the proposed modeling framework.  The 

underlying theories and methodologies for the modeling process are explained to support 

the validation of simulation models.  The modeling of social network for objective d is 

also discussed in this chapter; it is noted that the social network is not considered in other 

problems defined for objectives b, c and e.  However, how to incorporate the social 

network into these problems is discussed in detail.  Chapter 5 then presents the 

experimental results and analysis.  By beginning with the description of experimental 

scenarios for different problems, the sample results are shown with extensive analysis.  

The results with or without the implementation of social network-based agent interactions 

are compared.  Following Chapter 5, two extended topics are discussed to broaden the 

thoughts and potential research directions.  The discussion in Chapter 6 focuses on 

network evolution based on triadic closure in online social networks.  The study is based 

on the data from Twitter and its feature of “Lists”, which analyzes the formation of 

triadic closure as well as the detachment of triadic closure.  This work sheds light on the 

idea of combining the dynamic social network connections into the agent interaction for 

the research on agent-based modeling framework.  Chapter 7, from the customers’ 

perspective, extends the demand-side management to the household energy management 

with the integration of multiple electricity resources and forecasted weather data.  It 

provides a strategic decision making process that can effectively manage the household 

level electricity consumption in a future electric power system.  To conclude the 
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dissertation, Chapter 8 summarizes the conducted research and provides the potential 

directions to continue and promote the proposed research in the future. 
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CHAPTER 2 

BACKGROUND AND LITERATURE REVIEW 

 In this chapter, comprehensive background and literature reviews are deliberated 

based on the research problems tackled in this dissertation.  In Section 2.1, the 

background of renewable energy is provided, focusing on the solar energy and PV 

systems.  It also addresses the technologies that enable the integration of grid-tied 

distributed PV systems.  Section 2.2 provides detailed explanation of various policies and 

programs that are developed and implemented to ensure the reform of electric power 

systems.  The policies include the financial incentives and regulations to encourage or 

control the utilization and penetration of the renewable energy.  The considered programs 

are mainly for the demand-side management to shape the customers electricity 

consumption profiles and to avoid risks caused by a high peak load.  The social network 

is then elaborated in Section 2.3.  As a critical method and component in the proposed 

modeling framework of this research, social network is incorporated into the interactions 

among electricity consumers.  The literature review on this topic discusses what types of 

agent interactions have been implemented and how the proposed social network 

methodology in this work differs from the others. 
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2.1 Background of Solar Energy and its Challenges to Existing Electric Power 

System 

2.1.1 Solar Energy and PV Systems 

Renewable energy generally refers to energy from resources that are able to be 

replenished on a human timescale, and is environmentally friendly in contrast to its 

conventional counterpart by generating less greenhouse gases during the consumption 

processes.  As of 2011, the share of renewables in electricity generation is around 19%, 

with 16% of electricity coming from hydroelectricity and 3% from new renewables (e.g., 

small hydro, modern biomass, wind, solar, geothermal, and biofuels) (Renewables 2011: 

Global Status Report, 2011).  Among these new renewables, wind and solar energy 

become very popular thanks to the technologies’ development and improvement that 

enabled the wind and solar energy systems to be commercially available in world wide.  

Solar renewable that is usually transformed into heat and electricity is more suitable for 

small scale distributed generating system for the convenience of installation and 

maintenance, especially when the photovoltaic (PV) technology has been developed to 

use the solar energy by collecting solar irradiance and transforming it to direct electricity 

during the past decades (Markvart, 2000).  In 1980, National Research Council (1980) 

predicted that solar energy would comprise more than 30% of the total electricity supply 

of the United States by 2010.  Figure 1 depicts electric energy supply composition in the 

U.S. by different sources (Sovacool, 2009). 
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Figure 1: Electricity generation in the U.S. by source in 2008 (in GWh) 

 

The solar energy industry has been developing more aggressively than ever before 

during the past two decades, because various countries and communities realized the 

importance and prospective future of solar energy.  The United States initiated a “Solar 

Grand Plan” expecting that solar power could end the nation’s dependence on foreign oil 

and lower the greenhouse gas emissions considerably by 2050.  Many countries have set 

up the target for solar energy generation from PV systems, such as Japan and Canada.  

According to the International Energy Agency’s projection, PV generation will provide 5% 

of the global electricity consumption by 2030, and this will rise to 11% by 2050 

(Technology Roadmap: Solar Photovoltaic Energy, 2010). 

While utilization of solar energy promises many benefits, there are some 

challenges associated with its development and utilization.  First, the cost of 

implementing the solar energy systems, especially PV systems, is still very high, though 

the improvement of solar technology has significantly reduced its unit cost.  Second, 
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complications arise from inherent nature of solar energy since sunlight can only be 

collected in limited hours during the daytime.  Moreover, the intermittency of solar 

irradiance is caused by weather, environmental, and geographic factors.  Such 

characteristics of solar energy require the usage of storage systems for the reliability 

issues when using solar energy.  The additional costs related to energy storage systems 

and transmission systems also lead to the high cost of using solar energy. 

The utilization of solar energy is mainly through solar thermal technology and 

solar power technology.  The solar thermal systems collects and transforms the heat from 

sunlight, which can be used for water heating, space heating/cooling and process heat 

generation.  Solar power systems use Photovoltaic (PV) technology that the PV cells 

collect solar irradiance from the sunlight and transform it directly into electricity (direct 

current).  Therefore the PV generation technology is more convenient to be implemented 

in the distributed small-scale solar generation systems (e.g., the residential PV generation 

systems).  However, to integrate such distributed generation into the national electric 

power grid brings new problems and requires both theoretical and practical supports. 

 

2.1.2 Integration of Grid-tied Solar Systems via Smart Grid 

 As introduced above, the solar energy holds the periodic availability and 

intermittency characteristics that bring risks and challenges for its integration to the 

electric power network.  In order to effectively use solar energy, storage systems are 

therefore necessary.  An energy storage system is required not only for energy supply 

when the solar irradiance is not available (e.g., during night time or cloudy days), but also 



39 

 

as a buffering pool that can smooth the fluctuation caused by environmental conditions 

(e.g., cloud) during generation.  Therefore, storage systems are usually combined to solar 

power systems, no matter for large solar farms or small-scale solar systems. 

 From the customer side, with appearance of numerous electronic devices that are 

highly sensitive to the quality of the electricity (e.g., computer motherboards and hard 

drives) or very demanding on the amount of electricity within a time span (e.g., pool 

pumps and electric vehicles), centralized solar electricity systems are facing new 

challenges to provide the higher quality electricity, which have been driving the 

utilization of solar energy from centralized, producer-controlled network to decentralized 

customer-interactive network.  The distributed grid-tied solar generation systems located 

at the residential level are playing more and more important roles in the electric grid.  A 

smart grid makes this transformation possible by introducing two-way flow of electricity 

and communication information between the traditional suppliers and consumers (The 

Smart Grid: An Introduction).  The development of smart grid implies a fundamental re-

engineering of the electricity industry that improves the efficiency and the reliability of 

the electric distribution network.  With the technology of smart grid, the residential 

customers with grid-tied solar energy generation systems also become the supplier of 

electric power.  A grid-tied solar generation system can supply the customer’s demand, 

and the extra generation can also be sent to the local grid for re-distribution to whenever 

the electricity is needed. 
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2.1.3 Incentive/Regulation Policies for Renewable Energy 

To encourage the implementation of solar systems, as well as other renewable 

energy sources, the governments have drawn up various policies for different conditions.  

To promote adoption of solar energy systems by residents, commercial corporations, and 

utility companies, federal and state governments have introduced various incentives and 

regulations such as 1) financial support for development of solar industry in order to 

reduce investment cost of solar energy systems, 2) standardized interconnection 

procedures for solar electricity, 3) refined Net Metering mechanism to guarantee the fair 

Feed-in Tariff incentives, and 4) capital subsidy on installation of solar energy systems in 

residential area (ARIZONA Incentives/Policies for Renewables & Efficiency).  These 

policies are applicable to different sectors and the most popular types of incentives and 

regulations are Feed-in Tariffs (FiT), Tax Credit, Accelerated Depreciation and Net 

Metering, Renewable Electricity Standards (RES), and Renewable Electricity Credits 

(RECs) (Ezra, 1975) (Wiser, Bolinger, Cappers, & Margolis, 2006).  Table 1 depicts a list 

of major incentives, regulations, and policies established for renewable energy. 

Table 1: List of major policies established for renewable energy 

Categories Incentives Applicable Sectors 

Financial 

Incentives 

Feed in Tariff Residential and business customers 

Investment Tax Credit Residential and business customers 

Production Tax Credit Commercial companies and utility 

companies 

Tax credit in research and 

development 

PV panel manufactures 
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Cost deduction of energy-

effective property in commercial 

buildings 

Residential customers and 

commercial organizations 

Rules, 

Regulations 

and 

Policies 

Net Metering Business/Residential customers and 

commercial generators 

Carbon Pricing All electricity consumers and 

producers 

Renewable Electricity Standards Utility companies 

Renewable Energy Certificates Utility companies 

 

2.1.3.1 Financial Incentives 

Two major kinds of tax credits have been employed by various governments: 

Investment Tax Credit (ITC) and Production Tax Credit (PTC).  Currently, federal ITC 

provides benefits to the business and residential solar system customers, permitting them 

to deduct 30% of the capital cost of solar system from their taxable incomes.  According 

to Emergency Economic Stabilization Act of 2008, federal ITC incentive has been 

extended for additional 8 years to further encourage installation of renewable energy 

systems, and the cap of ITC (which was $6000) for residential solar system has been 

removed (The emergency economic stabilization act of 2008: Energy tax incentives).  

The Production Tax Credit (PTC) has a similar function as ITC, where in this case the 

beneficiary sectors are the commercial solar energy generators that produce solar 

electricity for selling, not for self-supply.  

 Feed in Tariff (FiT) is another incentive mechanism to accelerate the pace moving 

towards grid parity, which has been implemented by over 40 countries around the world.  
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It has been proved to be one of the most efficient ways to encourage the development of 

renewable energy.  Essentially, FiT imposes a long-term obligation on electric utility 

companies to guarantee the purchase of electricity generated from renewable sources by 

eligible suppliers.  More specifically, the FiT policy has three key components: 1) 

guaranteed grid access, 2) long-term contract for electricity production, and 3) purchasing 

pricing based on the cost of renewable electricity generation (Hempling, Elefant, Cory, & 

Porter, 2010).  The FiT is lower than what the customers pay for the electricity, and 

usually includes a “tariff degression” over time in order to encourage the technology 

improvement for cost reduction (Couture & Gagnon, 2010).  Success stories with FiT in 

Spain and Germany have resulted in a large growth in solar power production that these 

two countries now possess the supply of 9% and 5% of their electricity from solar energy, 

respectively (Mendonça, 2007).  In fact, the successful implementation of FiT relies on 

Net Metering mechanism (another policy) whose goal is to establish a standard and 

regulatory environment to enhance the effectiveness of other incentives. 

 

2.1.3.2 Regulations and Policies 

Regulations, such as Net Metering, carbon pricing mechanisms, Renewable 

Electricity Standards (RES), and Renewable Energy Certificates (RECs) are also very 

important to govern and standardize solar energy generators and consumers.  Net 

Metering permits a fair foundation for customers of grid-tied solar energy systems to 

receive credit for electricity generation, when the energy is transmitted from distributed 

systems to the grid.  RES, also known as Renewable Portfolio Standards (RPS), is a 
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regulation generally placed on the utility companies by state governments.  According to 

Union of Concerned Scientists, twenty-eight states (e.g., Arizona, California, Texas, 

Minnesota, Ohio, among others) plus the city of Washington, D.C. have adopted RES.  It 

is an effective and popular method to require electricity supplying companies to produce 

a specific fraction of their electricity from renewable energy sources.  Once a utility 

company is under control of RES, its energy production will be monitored.  RECs are 

tradable abstract energy commodity in the United States, which is the proof that the 

electricity is generated from certified renewable energy suppliers.  RES and RECs are 

always bound together, because to comply with the regulatory obligation, utility 

companies may produce electricity from renewable sources by themselves or buy 

electricity from certified renewable energy generators along with getting the RECs. 

 

2.1.3.3 Previous Work 

Many research works are available in the literature to evaluate the effects of such 

policies and to analyze the diffusion of renewable energy utilization.  In the work of El 

Mehdi Ben Maalla and Pierre L. Kunsc (Maalla & Kunsch, 2008), a simulation tool is 

presented based on system dynamics technique to analyze the micro-scale distributed 

heat-power generation systems ( -CHP).  The main purpose of their research is to help 

the public decision-makers and regulatory authorities to manage the energy resource 

environmental problems.  To simulate the diffusion process, they use the Bass model to 

mimic the adoption of  -CHP system based on the factors of mouth-to-mouth and 

advertisement, which involves the effects of financial incentives to the customers.  The 
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results show that the incentives on the investment of such systems play an important role 

on the diffusion.  While their work has provided an aggregated model and analysis on the 

problem of how to encourage the utilization of sustainable energy, the aggregated level 

modeling is incapable of differentiating different types of incentives; therefore the 

analysis of different incentives is not possible.  Menanteau et al. compare the 

effectiveness of price-based policy and quantity-based policy on the development of 

renewable energy (Menanteau, Finon, & Lamy, 2010).  In this paper, three policies are 

studied, including 1) Feed-in Tariff (FiT), 2) competitive bidding system, and 3) the 

green certificate.  Based on the economic analysis, the conclusion is generated that FiT is 

more effective than competitive bidding system, and the green certificate has to be 

applied on well-established market structure and rules.  Similarly, Ringel compares the 

FiT and the green certificate under the condition of European Union (Ringel, 2006).  

However, the analysis from Menanteau et al. and Ringel is more theoretical than practical.  

Additionally, different policies for renewable energy will be more effective if applied 

together as opposed to separately applied. 

 

2.2 Demand-side Management and Demand Response Programs 

2.2.1 Demand-side Management  

As mentioned in Chapter 1, the peak load of electricity demand is expected to 

bring huge challenges to the electric power system.  To meet the peak demand, utility 

companies either increase their generation or buy electricity from a wholesale market, 

which increase the cost of utility companies.  On the other hand, high peak load results in 



45 

 

a low load factor (i.e. the ratio of average load to peak load).  In order to reduce the cost 

and the peak demand at peak hours, utility companies offer demand response programs.  

Such demand programs reflect the fluctuating wholesale market price to customers either 

day by day (e.g., RTP) or distribute it into predefined set of prices (e.g., TOU and fix 

Price).  This encourages or sometimes even forces end users to shift their demand during 

peak hours to off-peak hours (Chen, Li, Low, & Doyle, 2010) (Li, Chen, & Low, 2011).  

Although reducing peak demand means less income for utility companies, it indeed 

provides economic benefit (see Figure 2) as well as a higher reliability (Benefits of 

Demand Response in Electricity Markets and Recommendations for Achieving them, 

2006).  Figure 2 depicts the price of purchasing electricity from wholesale market for 

different levels of demand from a utility company’s perspective.  The electricity price 

increases exponentially along the increment of demand.  Therefore, even a small amount 

of reduction in customer demand can cause significant reduction in electricity price.  This 

reduction of peak demand helps the system reserves not fall below desired levels that 

result in a higher reliability (Benefits of Demand Response in Electricity Markets and 

Recommendations for Achieving them, 2006). 
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Figure 2: Impact effective DR program on vertically integrated utility supply costs 

(Benefits of Demand Response in Electricity Markets and Recommendations for 

Achieving them, 2006) 

  

The demand-side management is mainly consisted of two segments, the managing 

programs and the customer consuming behaviors.  This section explains both components 

for achieving the demand-side management. 

 

2.2.2 Demand Response Programs 

Since 1980s’ the growth of peak load (demand) has been exceeding the efficiency 

of transmission and distribution of electric network.  To avoid the blackout and reduce 

the risk of electricity supply, the suppliers and the operating organizations in the electric 

market have also implemented many demand response (DR) programs to pursue the 

demand-side management.  According to Department of Energy (Benefits of Demand 

Response in Electricity Markets and Recommendations for Achieving them, 2006), 
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demand response (DR) is defined as “Changes in electric usage by end-use customers 

from their normal 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,” and is classified 

into two groups: Price-based programs offer changing prices throughout the day and 

have various types such as time-of-use (TOU), critical peak price (CPP), dynamic real-

time price (RTP), and day-ahead pricing (DAP).  These changes in price force the 

customers to reduce their demand when the price is high; hence, the peak demand 

reduces and shifts.  Incentive-based programs allow the utility company to turn on/off 

some noncritical loads when the demand is high, which compromise the system 

reliability.  Direct control and curtailment methods belong to the latter type (Benefits of 

Demand Response in Electricity Markets and Recommendations for Achieving them, 

2006) (Albadi & El-Saadany, 2008).  Most utility companies in the U.S. offer DR 

programs, which is capable to reduce 4% of the current peak demand.  Nonetheless, these 

programs may become more efficient by performing better analysis and better rate 

designs; specifically, the dynamic pricing or RTP needs more improvements (National 

Action Plan on Demand Response, 2010).  More details of demand response programs 

considered in this dissertation are described below:  

 Incentive-based programs: Utility offers a flat price, which is defined on a yearly 

basis.     

a. Scheduled (Curtailment Method): Utility controls the using times of 

customers’ specific appliances  in order to reduce the peak demand. By giving 
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this authorization to the utility, customers get credits or discounts for their 

bills. 

 Price-responsive method: In this scheme, price changes throughout the day.  It 

can be fixed for different times of a day or can change every one hour in a day by 

the utility company to reduce the peak.  Under this scheme, we may observe new 

peaks.   

b. Time-of Use (TOU): Price is based on three different time periods (i.e. off-

peak, on-peak) each day, and is fixed at least for two years.  Customers are 

encouraged to use the electricity when the price is low so that they reduce 

their bills.  This will allow utility company to find the best pricing strategy for 

each level. 

c. Real-time Price (RTP): Adopting the pricing policy in the wholesale market, 

the price here is defined by the demand every hour, which is announced to 

customers in advance by the utility.  This scheme requires smart meters for 

communication between the utility and customers.  

Various modeling approaches for DR programs are available in the literature from 

different aspects.  First, economical models concern electricity usages of customers or 

their responses to price changes of electricity.  Among those studies, Aalami et al. 

developed a model considering TOU and emergency DR programs to investigate the 

impact of DR programs on demands and how benefits for customers can be maximized 

(National Action Plan on Demand Response, 2010).  In particular, load models including 

demand reactions to price changes based on load elasticity concept are presented, and the 
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overall model is tested with real demand data to find the optimum prices for DR 

programs.  Then, impact of load elasticity is analyzed and optimum DR program prices 

and incentives are identified.  Later, Aalami et al. have continued their works for the DR 

programs (Hadley & Tsvetkova, 2008), where multi attribute decision making method is 

used for optimization problems at the wholesale market level.  In addition to the same 

economic load models based on elasticity of demand, the effect of incentives and 

penalties are included in this study to evaluate the DR programs and to develop a toolbox 

to overcome the market operation problems.  Independent system operator (ISO), utility 

and customers prioritizing perspectives are studied.  Furthermore, Aalami et al. have 

extended their DR modeling to concern curtailable loads and capacity market programs in 

(Ipakchi & Albuyeh, 2009), where economic model is developed for demand considering 

penalties and price elasticity.  Load shape and load level, customer benefits, and energy 

reduction are analyzed.  While the above three studies focused on modeling of various 

DR programs and demand considering economical elasticity models, the consideration of 

PHEV charging as part of demand modeling provides a challenging and interesting 

research opportunity, which is addressed as an important part of this dissertation (see 

Sections 4.2 and 5.2).  On the other hand, Mohsenian-Rad et al. studied distributed 

demand side energy management systems as opposed to the utility and customers 

interactions (Aalami, Yousefi, & Moghadam, Demand response model considering 

EDRP and TOU programs, 2008).  It is assumed that customers take advantage of two 

way communications.  A game theory formulation on energy consumption scheduling is 

proposed to minimize the energy costs.  Each user applies his/her best strategy to the 
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current load, and the peak-to-average ratio and the total cost of the aggregated level load 

are reduced.   

Among available DR programs, the RTP method is less common in practice since 

the infrastructure is not fully ready as of today, people are not used to follow the prices in 

real time and do not have sufficient knowledge about the programs.  Some studies are 

available in the literature to demonstrate the economic benefits of RTP programs.  For 

example, Centolella focused on integration of price responsive demand into the wholesale 

electricity market (Aalami, Moghadam, & Yousefi, Modeling and prioritizing demand 

response programs in power markets, 2010).  Mohsenian-Rad et al. presented a 

framework on residential energy consumption scheduling that minimizes electricity 

payments and operation times of appliances using price prediction in RTP programs 

(Aalami, Moghadam, & Yousefi, Demand response modeling considering 

Interruptible/Curtailable loads and capacity market programs, 2010).  This study is first 

of its kind working on RTP programs, where the proposed framework takes into account 

that each residential customer has smart meter with two-way communication capability 

so that the optimization based load control becomes automated.  The focus of their work 

is to identify proper reactions of customers to the real-time price changes.  Loads in 

customers include house appliances as well as PHEV and their running times are 

scheduled to minimize the cost.  The results show that the proposed scheduler minimizes 

the cost for customers and encourages the customers to join RTP programs. 
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2.2.3 Residential Electricity Consuming Behaviors 

Due to the awareness of the environmental problems caused by extensive use of 

conventional energy, many new technologies are invented and/or improved in the 

provision of sustainable energy.  According to a report from United States Environmental 

Protection Agency (EPA) (Fast Facts: U.S. Transportation Sector Greenhouse Gas 

Emission 1990-2011, 2013), transportation is the second largest source of greenhouse gas 

(GHG) emission in the end-use sector, which occupies 27% of the total emission and is 

only 1% less than Industry.  Among the GHG emissions generated by the transportation, 

43% comes from the passenger cars, which is much larger than that of any other types of 

transportation.  One of the most effective solutions to reduce the GHG emissions from 

the passenger cars is to replace the conventional vehicles by electric vehicles.  In past six 

years, PHEV have become noticeable in the automotive market.  In the years 2011 and 

2012, the total sales of PHEV as opposed to the total electric vehicle sales are 0.06% and 

0.26%, respectively (Electric Drive Sales, 2013).  According to the statistics of the first 

10 months of 2013 in the same report, sales of PHEV have already contributed 0.30% of 

the total vehicle sales.  As of the year 2013, the total electric vehicle obtains 3.90% 

market share of the total vehicle sales.  As such, the sales of electric vehicles and PHEVs 

have been increasing, and it is expected that the growth trend will continue in future years.  

Researchers at Oak Ridge National Laboratory predict that the market penetration of 

PHEVs will be 25% by 2020 (Hadley & Tsvetkova, 2008).   

While PHEVs will reduce CO2 emissions, charging PHEVs brings new challenges 

(e.g., scheduling) for utility companies (The Smart Grid: An Introduction).  For example, 
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Pacific Northwest National Laboratory states that current U.S. power plants can supply 

electricity adequate to charge 73% of vehicles if replaced with PHEVs.  PHEV charging 

consumption is an additional demand that may be twice as much as the average 

household load, and will increase the peak load, stressing the system equipment (e.g., 

transformers) (Ipakchi & Albuyeh, 2009).  Figure 3 shows the plots of historical data of a 

typical residential load profile that includes manually added typical load caused by PHEV 

consumption under quick charging strategy in summer, TOU pricing for a demand 

response program, and Photovoltaic (PV) generation.  This figure shows a case in which 

a PHEV user charges the vehicle when the consumer arrives at home to make sure that it 

is fully charged and ready for next day travel.  It is noted that the main PHEV charging 

duration overlaps with on-peak hours, in which the grid price is high under the TOU 

pricing.  According to the design of TOU pricing in Figure 3, if the customers can shift 

the PHEV charging to a later time period, they can reduce the payment on electricity bill, 

and the utility company can reduce the peak load.  The problem of how to make the DR 

programs effectively work on managing the customers’ consumption becomes a two-side 

game in which it will be desirable for both to gain maximum benefits. 
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Figure 3: Regular load, additional load by PHEV charging, PV generation, and TOU 

pricing throughout a day in summer for one household 

 

The purposes of implementing DR programs are to help shape the customers’ 

electricity consuming curve in order to reduce peak load and instability of the grid.  

However, the customers’ consuming behavior is not completely shapeable according to 

the DR programs.  As addressed above, such DR programs are more effective and 

applicable to the customers having large electricity consuming devices (e.g., pool pump 

and electric vehicle) that such devices are flexible in time of consuming electricity.  As a 

great invention to reduce the pollutions caused by human activity, PHEV is getting 

acceptable to human life.  As mentioned earlier, an increasing number of PHEVs in 

future years will have significant impact on utilities and customers due to their charging 
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characteristics.  Uncontrolled/unscheduled charging of vehicles may increase the 

residential peak and the risk of electric distribution network.  To this end, the relevant 

research in this dissertation takes the PHEV charging scheduling as an example to discuss 

the demand-side management problems under the proposed modeling framework.  Such 

demand-side management problems are also discussed with the consideration of installed 

renewable energy generation and storage systems at the distributed level.  As a result, the 

integration of PHEVs needs more attention as the system’s performance becomes highly 

fluctuated and unpredictable.  In the following two paragraphs, we will provide more 

details on the PHEV charging problem and available literatures on solving such a 

problem. 

There are two strategies of charging a PHEV, normal charge and quick charge.  

For the normal charging strategy, the PHEV is charged with standard 110V/15A outlets 

that are built into any house during the construction.  For the quick charging strategy, an 

advanced 240V/30A outlet is required, which is available in some houses or can be 

acquired easily through re-wiring.  The time taken to fully charge a PHEV also depends 

on its battery capacity and the state of charge (SOC).  Nowadays, the battery capacity of a 

common Sedan PHEV is 5.2 kWh.  However, many EVs/PHEVs with battery capacities 

of 20 kWh to 50 kWh are developed.  The time required for charging these EVs/PHEVs 

are becoming longer.  Considering a PHEV with 20 kWh battery capacities, by applying 

the normal charge with an outlet of 110V/15A, it takes more than 12 hours to get the 

PHEV fully charged from empty. 
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PHEV charging scheduling has also been widely studied in the literature.  Paudyal 

and Dahal developed a mathematical model of PHEV and distribution system 

components to study the impacts of PHEV and to optimize their charging schedule 

(Paudyal & Dahal, 2011).  It is assumed that the smart grid system includes 

communications between the components including PHEVs.  Various penetrating levels 

with and without coordinated charging are studied for a distribution network.  Results are 

analyzed mostly at the utility level in terms of loss reduction and voltage profile 

improvements.  Later, an agent-based electricity market simulation with PHEV 

penetration is presented by Zhou to understand the charging strategies of PHEVs together 

with RTP programs (Zhou, Wang, & Botterud, 2011).  PHEV owners are modeled as 

agents and have decision making capabilities in different market structures.  5% and 10% 

PHEV penetration levels are simulated to investigate the PHEV integrations with 

different power markets.  Similarly, Shao et al. analyzed the impact of TOU rates on 

customers’ behavior in the case that customers have PHEVs (Shao, Zhang, 

Pipattanasomporn, & Rahman, 2010).  Various TOU rates are used for two seasons (i.e. 

summer and winter), and two PHEV penetration levels are considered for the 

neighborhood level.  Results show that the TOU rates can be designed such a way that 

the peak demand is high. 
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2.3 Agent Interactions in Agent-based Modeling and Social Network 

2.3.1 Interaction in Agent-based Models 

Agent-based simulation has been used in solving various technical and business 

problems.  This simulation technique has been successfully applied to many applications, 

such as supply chain management, logistics, human behaviors, social network, traffic 

congestions, the spread of epidemics, and biological studies.  In these applications, the 

system is simulated by capturing the behavior of individual agents and their 

interconnections (Niazi & Hussain, 2011).  Some research has been done on discussing 

the methodologies of interconnections or interactions among agents in agent-based 

models.  Basically, the interactions in agent-based simulation models can be 

characterized into three types: 1) the horizontal interaction between two single agents or 

the point to point interaction, 2) vertical interactions through different levels of agents, 

and 3) the environmental interaction. 

 

a. Point to Point Interaction 

In a multi-agent system, every agent is generated with some characteristics and 

behaviors, which form the heterogeneous components to make up the model.  The point 

to point interaction between agents depends on some communication protocol which 

helps them exchange information (messages) to enable the coordination of the whole 

system (Teweldemedhin, Marwala, & Mueller, 2004). This type of agent interaction is 

widely employed in the research works of spread of epidemics, human behaviors and 

social network primarily due to the characteristics of the modeling method.  In these 
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applications, agent-based simulation focuses on rules and interactions among the 

individual components or the agents of the system (An, Mi, Dutta-Moscato, & Vodovotz, 

2009).  A typical example of the point to point interaction mechanism is illustrated by 

word-of-mouth effect in classic Bass Diffusion model.  Potential adopters of a product 

are influenced into buying the product by advertising or by word of mouth from adopters 

– those who have already purchased the new product.   

 

b. Interaction through Different Levels of Agents 

In many case of the heterogeneous agent-based model, some of the agents may 

share a few common attributes or characteristics.  In that case, it will be more convenient 

to group these agents with common attributes to facilitate the simulation.  The groups of 

agents can be represented as a more abstractive level of objects (agents), which can 

enable the interaction between low level agents indirectly.  However, in some more 

complex interactive agent-based models, one agent can belongs to multiple groups.  This 

situation is described in a model of a community of farmers using an irrigated scheme 

(Rouchier, Bousquet, Barreteau, Page, & Bonnefoy, 2001).  In this system, farmers are 

the actors that are grouped into producer organizations and trader organizations.  Each 

famer is modeled as an agent that is included in different groups.  The interconnection 

between agents is achieved via membership and service relations.  The goal of the 

research is to analyze the influence of social networks on irrigation schemes.  Besides 

farmer and group classes, there are some other classes like the representation class and 

rule class.  During the simulation, farmer agents can get information from the three 
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groups they belong to.  Then, at each step, the farmers’ decisions could change the 

attributes of the corresponding representation class and rule class.  The attributes of the 

representation class and rule class will direct the actions of the farmers in different groups 

by changing their goals or friendships.  As an extension, the high level objects are not 

necessary agents (like the representation class and rule class), but object components of 

the model.  These objects can also enable the indirect interaction between low-level 

agents (farmers).  

 

c. Environmental Interaction 

The environmental interaction is achieved by putting agents into various 

environments, where the interrelation and interaction between agents depends on the 

attribute of the environments.  As mentioned in the point-to-point interaction, to simulate 

the spread of epidemics, we can construct a model of social network, where every 

individual person is an agent.  These agents may be subject to different environments at 

different times.  These environments may include home environment, working 

environment, or public service environment.  In different environments, the connections 

among agents change, and the chances of getting infected in the case of spread of disease 

are different.  Unlike direct connection between each agent, the agents can only interact 

with environments to change the value of some of the environmental attributes and get 

messages from the environments.  As another example of agent interaction based on 

environment, the work from Xi et al. discusses human behavior in a shopping mall (Xi, 

Lee, & Son, 2011).  In a shopping mall, shoppers (simulated as agents) are classified into 
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two groups, individual shoppers versus group shoppers.   The psychological attractions 

between agents are quite different.  Among the individual shoppers, people would like to 

keep a comfort distance between each other according to the Social Force Model (SFM).  

However, the group shoppers like to keep closer to each other.  To simulate the 

pedestrian reactions to different conditions of the environment, the paper employs the 

concept of vision to check the environmental condition of the visible area of every agent 

to support the agent’s decision making process on choosing the moving direction.  The 

visible area is defined with a ±90 degree angle from the pedestrian’s current moving 

direction.   

 

2.3.2 Social Network 

Axtell discussed the interaction topology in his paper (Axtell, 2001), which 

embedded the agent interaction into network architectures based on graph theory.  The 

social network has been introduced to the interactions of multi-agent-based models.  

Social network analysis (SNA) is the methodical analysis of the social network, which 

considers the social relations based on the network (graph) theory.  SNA has become a 

very critical technique in the modern sociology, which has been widely incorporated in 

the study of many fields, including anthropology, biology, economics, information 

science, communication, and social psychology.  Although the SNA is explored in 

various approaches in different fields, there are four basic architectures: regular network, 

random network, small-world network, and scale-free network (Graham, 2013).  The 

regular network and random network are two extreme cases that hardly exist in the real 
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world.  There are many examples of small-world network and scale-free network, so that 

the analysis of these two architectures is extended to a lot of fields.  Considering the 

modeling of the social networks, two most important methods were the WS model for 

small-world network (Watts & Strogatz, 1998) and the BA model for scale-free network 

(Barabasi & Albert, 1999).  The two papers provided detailed algorithm for constructing 

the two network architectures with the discussion of the characteristics of them 

respectively.  Such characteristics set up the foundation of the studies in many areas.  The 

WS modeling is a static process with a fixed number of vertices, while the BA modeling 

is a dynamic process starting with a small number of vertices, and the new vertices are 

added to the network according to specific connection rules.   

Some examples of small-world networks include electrical transmission and 

distribution system, nervous systems, the Internet and social influence network.  The 

world-wide web, protein networks, and some social network belong to the scale-free 

network architecture.  Therefore, this research focuses on two social network 

architectures that are small-world and scale-free.  Table 2 shows the definition and the 

characteristics of the architecture in detail. 

Table 2: Definitions and characteristics of four network architectures 

Network 

Architecture 
Definition Characteristics 

Random 

Networks 

A random network is a theoretical 

construct which contains links that 

are chosen completely at random 

with equal probability (Graham, 

 Highly disordered 

 Low clustering (unlike real 

world networks) 

 Low clustering 
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2013).  The degree distribution is 

defined by Poisson 

distribution. 

Regular Networks  

A regular network is a network 

where each vertex has the same 

number of neighbors (Chen W.-K. , 

1997). 

 Each node has exactly the 

same number of links 

 Highly ordered 

Small-world 

Networks 

A small-world network is a 

network in which most nodes are 

not neighbors of one another, but 

most nodes can be reached from 

every other node by a small 

number of links (Graham, 2013). 

 High clustering coefficient 

 Short average path lengths 

Scale-free 

Networks 

A scale-free network is a network 

whose degree distribution follows a 

power law. 

 The degree distribution is 

defined by a power law 

distribution instead of the 

Poisson distribution 

associated with the random 

network 

 High clustering coefficient 

 The network analysis paradigm used to study the dynamics of the relations in 

social networks has always been utilized to analyze the vulnerability of electric power 

infrastructure systems (Holmgren, 2006) (Zio, Petrescu, & Sansavini, 2008).  These 

research works focus on the connectivity characteristics of the network, using the SNA to 

find out the critical nodes (stations) inside the transmission network.  However, besides 

applying the SNA to the infrastructure systems, another promising study area is how the 

social network will affect the diffusion of human attitudes or opinions and the 
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information interactions.  A study on spread of happiness in a large social network with 

SNA was conducted by Fowler and Christakis (Fowler & Christakis, 2008).  The study 

followed 4739 participants from 1983 to 2003.  Some interesting results found out that 

the “relationship between people’s happiness extends up to three degrees of separation” 

and the physical distance enhance the spread of happiness between friends, but similar 

result is not shown between coworkers.  To combine the advantage of the above three 

papers, we intend to study the effect of information interaction on the diffusion of human 

behavior in electricity consumption based on specific social network architectures in this 

dissertation. 

In the modern world, the communication and information sharing via such online 

media plays a very significant role, even out of people’s imagination.  More and more 

studies on the online social network based on SNA are developed.  The information 

sharing and interactive effects through online social network become more significant to 

human life.  As a result, many studies have focused on the characteristics of users and the 

shared information based on the social network connections, which categorize the users 

on different criteria such as age, gender, race, and ethnic (Rao, Yarowsky, S., & Manaswi, 

2010).  Kwak et al. (Kwak, Lee, Park, & Moon, 2010) studied the topological features of 

the Twitter follower graph, concluding that the distribution of followers and the low rate 

of reciprocated ties in Twitter more closely resembled an information sharing network 

than a social network.  These studies on online social network seldom analyze the effect 

of such online connection on the human behavior in the real life.  In this dissertation 

research, we incorporate the graph theory, social network architecture and evolution with 
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the agent interactions in the proposed agent-based models.  The discussion will focus on 

how the interactions among agents based on different social network structures and 

connections affects the performance of the overall system.  
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CHAPTER 3 

PROPOSED MODELING FRAMEWORK AND METHODOLOGES 

 Given the pressure from the developing trends of electricity generation and 

distribution (e.g., distributed generation, electricity storage), the electric power system 

needs to be improved to accommodate the changes.  The simulation modeling framework, 

which facilitates evaluation of the improvement strategies in the electric power system, 

should have the capability of integrating all the potential components (existing as well as 

newly developing ones) and capturing the detailed interdependency among those 

components.  To meet such requirements, a multi-level modeling framework is proposed 

in this research to address various problems.  This chapter describes the proposed 

framework first, and then the incorporated methodologies in each component of the 

framework. 

 

3.1 Two-Level Simulation Modeling Framework for Electric Power System  

The two-level modeling framework proposed in this research (see Figure 4) takes 

advantage of the agent-based modeling (ABM) technique to facilitate the modeling of 

future electric power system with complex components and functionalities.  The Agent 

Level (low level) captures the details of each individual unit of energy generation and/or 

consumption.  These individual units or objects are connected via innovative 

infrastructure (e.g., smart grid), and they are all subject to various managerial programs 

and policies.  In contrary, the System Level (high level) is designed to show the overall 

attributes of the electric power network from a macro viewpoint.  The two levels are 
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interdependent, because the changes of agent behaviors at the low level can lead to the 

changes of the high level performance, and the adjustment of policies and/or changes of 

system attribute at the high level can affect the customer’s behavior at the low level.  

Furthermore, the agents at the low level are not only connected, but also affect each other 

through certain types of interactions.  To formulate the interactions and model the effect 

between individual agents, the proposed framework incorporates an “Agent Interaction” 

module between of the system level and the agent level.  Different types of interactions 

among agents can also change the overall performance of the system. 

At the agent level, every component is considered as an agent or an object.  The 

agents include the electricity suppliers, such as utility companies, as well as a variety of 

electricity consumers (i.e., residential, business, and industrial consumers).  The 

connecting techniques, and the managerial policies and programs are modeled as objects, 

which work as the constraints for the agents’ behaviors.  Other objects include distributed 

renewable generation systems (i.e., PV systems) and energy efficient devices (i.e., 

Electric Vehicles).  These objects are embedded in the customer agents and affect the 

customers’ electricity consumption/generation conditions.  The customers’ consumption 

behaviors and generation condition are aggregated to the system level as the load profiles 

and renewable energy utilization conditions, respectively.  Based on such attributes of the 

whole system, the system needs to select or adjust the electricity prices strategies or 

renewable policies for controlling purpose at the macro level.  Then such policies are 

broken down and refined to be implemented by the low level agents.  The agents will also 

adjust their behaviors according to the changes in the policies.   
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Figure 4: Proposed two-level modeling framework for electric power distribution system 

 

3.2 Major Methodologies and Techniques Involved in the Modeling Framework 

3.2.1 Agent-based Modeling (ABM) 

 The ABM has been selected as a fundamental modeling methodology in this 

research work as its capacity and functionalities greatly match with the goal of the 

proposed modeling framework (see Section 3.1).  As a class of models that simulate the 

behaviors and interactions of a number of individual and/or collective agents, the agent-

based models are able to assess the effects from the micro level on the macro level of a 

system.  ABM has been wildly implemented in scientific domains such as biology, 

ecology and social science (Niazi & Hussain, 2011).  Basically, agent-based models are 

composed of five elements: 1) agents that are specified at different scales; 2) decision-

making heuristics; 3) learning rules or adaptive processes; 4) an interaction topology; and 

5) a non-agent environment (Agent-based model, 2013).  The next paragraph explains 

more details on the proposed modeling framework (see Section 3.1) based on these five 

elements. 

 In the agent level of the framework (see Figure 4), there are three types of agents: 

1) the utility companies, 2) the residential customers, and 3) business/industrial 

customers.  Given particular problems, the agents may be modeled at different scales, e.g., 

neighborhood (a collective of residential customers) or individual customers.  Such 

collective agents not only enable the scalability of the simulation system to some extent, 

but also provide a method of interaction among the agents.  This will be discussed in 



68 

 

more detail with specific problems and models in Section 4.  Every individual agent is 

able to make decisions based on its functionality in the models.  The utility companies 

may make decisions from the managerial view of the customers’ demand, while the 

residential and business/industrial customers may make decisions on their electricity 

consumption behaviors and preferences.  The agents will experience changes or adaptive 

processes during the simulation, which can be based on time, events and agent 

interactions.  As emphasized in Section 3.1, the proposed framework incorporates the 

social network as an alternative interaction topology for the customer agents.  The agent 

interactions can also be based on other paradigms introduced in Section 2.3.1.  Besides 

three types of agents, there are other objects included in the agent level, such as the smart 

grid technology, renewable incentive policies, and demand response programs, which 

enable the integration of renewable generation systems and energy efficient devices from 

the customer side.  All these components (objects) and the agent interaction paradigms 

construct an environment for the agents.   

 

3.2.2 Social Network Construction and Evolution based on Graphic Theory 

As main social network architectures studied in this dissertation research, small-

world network and scale-free network are characterized by some attributes that are 

mentioned in Table 2 in Section 2.3.2.  This section will introduce the construction and 

evolution of these two types of social networks starting from basic concepts and 

terminologies in the graph/network theory.   
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Consider a network as an undirected graph ( ) that consists of two types of 

elements, vertices ( ) and edges ( ). 

 

  (   ) 

  {       } 

  {       } 

Eq. 1 

 

 Average Path Length (    ) is a concept in network topology that is defined as the 

average number of steps along the shortest paths for all possible pairs of network 

nodes (Mao & Zhang, 2013). 
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 (     ) is the shortest distance between    and    

Eq. 2 

 

 Clustering is used to measure a node’s direct connectivity to the other ones in a 

network.  

 Clustering Coefficient (  ) is a measure of degree to which nodes in a graph tend 

to cluster together (Watts & Strogatz, 1998).  The neighborhood of   , indicated 

as   , is defined as the set of vertices that can be immediately reached by   .  The 

clustering coefficient of    is defined as   . 

    
 |{   }|

  (    )
  Eq. 3 
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In a undirected graph,        , and the number of total possible connections 

within the neighborhood is 
  (    )

 
.  Based on the clustering coefficient of 

individual vertex in the graph, the clustering coefficient of the whole network is 

defined as the average clustering coefficient of all the vertices in the network 

(Watts & Strogatz, 1998). 

  ̅  
 

 
∑  

 

   

 Eq. 4 

 

 The Degree of a node in a network is the number of connections it has to other 

nodes, and the Degree Distribution is the probability distribution of these degrees 

over the whole network (Dorogovtsev & Mendes, 2002).  The degree distribution, 

indicated as  ( ) is the fraction of vertices in the graph with the degree of  .  For 

example, if there are   vertices in the graph,    of them having degree  , 

 ( )  
  

 ⁄ . 

The degree distributions of both small-world and scale-free networks follow 

power law distribution.  A power law is a kind of mathematical relationship between two 

quantities.  In a network, such relation can be seen between the number of nodes with   

direct connections (  ) and the number of direct connections  .  As the number of direct 

connections ( ) decreases, the number of such nodes (  ) with   direct connections 
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increases exponentially to the values of  .  The power law distribution is expressed in Eq. 

5, where   is the normalization constant. 

  ( )      Eq. 5 

  

This means, in such networks, there are only a very small amount of nodes having 

a large number of direct connections with other nodes, while most of the nodes only have 

much smaller direct connections with other nodes.  This is quite different from a random 

network whose degree distribution follows Poisson distribution.  

 

3.2.2.1 Construction Methods 

Modeling of Small-world Networks: The famous method for modeling the small-

world network is proposed by Watts and Strogatz (1998), referred to as the WS model.  

The algorithm in the WS model includes three steps (Watts & Strogatz, 1998):  

1. Create a one-dimensional lattice with   vertices;  

2. Link each vertex with its closest and second closest neighbors;  

3. Each link is reconnected with a probability   to a randomly chosen vertex.   

Later, Newman and Watts introduced a variant of WS model that dispenses the 

rewiring of existing connections while adding new connections (Newman & Watts, 1999).  

This variant model also obtains the characteristics of the WS model when   is not close 

to 1. 

Modeling of Scale-free Networks: Similarly, there is a widely known scale-free 

network model referred to as the BA model proposed by Barabási and Albert (1999).  
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Different from the modeling of small-world networks, the BA model is based on a 

dynamic process of adding new vertices into the existing network (Barabasi & Albert, 

1999).  The algorithm in the BA model is as follows: 

1. Starting with a small number (  ) of vertices, at every time step add a new vertex 

with   (   ) edges that link the new vertex to   different vertices already 

present in the network. 

2. A new vertex will be connected to an already present vertex   with the probability 

of  (  )  
  

∑    
, where    is the degree of vertex  . 

 

3.2.2.2 Evolution Methods 

The network evolution can be viewed as the continual process of the network 

construction.  Based on either construction algorithm described in Section 3.2.2.1 above, 

if we continue the process, the network will grow by increasing the number of vertices 

and edges.  Theoretically, there are several algorithms that can be used to model the 

evolution of a network to maintain or pursue some of characteristics.  For example, 

Barabási, et al. had applied an algorithm to model the network growth based on a random 

network, in the research work of analyzing the topology of world-wide web (Albert, 

Jeong, & Barabási, 1999).  This algorithm can generate the power-law attribute in a 

scale-free network.  In contrast to the dynamic process by adding new nodes to the 

original network, they applied a static method in this paper with a fixed number of 

vertices.  The algorithm in their work is described below: 

1. Construct a random network with   vertices 
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2. Assign   connections to each vertex, such that   is drawn from the power-law 

distribution. 

1) Randomly choose a vertex   in the network, and randomly choose another 

vertex   that has no connection with vertex  .  

2) Increase vertex  ’s connectivity to     , if the total number of vertices 

with      connections is less than   (    ). 

While all the above construction and evolution algorithms are developed from the 

theoretical perspective, how do the nodes arrive or depart and links form or vanish in a 

real social network?  While the real conditions may vary depending on different types of 

social networks, there is one principle that “If two people in a social network have a 

friend in common, then there is an increased likelihood that they will become friends 

themselves at some point in the future.” (Rapoport, 1953)  This principle is referred to as 

Triadic Closure.  Concerning the formation of Triadic Closure with the definition of 

Clustering Coefficient, it is reasonable to assume that to evolve a network with Triadic 

Closures, a high Clustering Coefficient tends to be achieved (Easley & Kleinberg, 2010).  

Based on this reasoning, the Triadic Closure has been implemented as the evolution 

methodology in the social network growth model in this dissertation research. 
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CHAPTER 4 

PROPOSED MODELING METHODOLOGIES FOR DIFFERENT PROBLEMS 

 

Based on different objectives mentioned in Chapter 1, three problems are defined.   

Three corresponding models are developed under the proposed modeling framework in 

Chapter 3.  Section 4.1 explains the formulation and construction of a solar energy 

diffusion model, which is used to evaluate the incentives for encouraging the utilization 

of renewable energy.  Section 4.2 discusses the demand-side management with EV 

charging scheduling problem, where the goal is to evaluate efficiency of different DR 

programs.  Section 4.3 addresses the problem of complex energy management at the 

residential household level with incorporation of renewable generation, storage, EV and 

the forecasted weather information.  The problems defined in these sections focus on the 

residential customers and the utility company.  

 

4.1 Model for Solar Energy Diffusion Process with Financial Incentives 

The solar energy diffusion problem was defined as objective b of this dissertation 

in Chapter 1.  the considered problem focuses on the adoption process of distributed solar 

energy generation system in the residential customers.  Many studies have been 

conducted on customer behavior and new product diffusion.  In 1969, Bass proposed a 

product diffusion model indicating that the adoption process is affected by the external 

effect referring to advertising and mass media, and the internal effect referring to word-of 

mouth or neighborhood effects (Bass, 1969) (Mahajan, Muller, & Bass, 1990).  
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Specifically for the adoption of solar energy system, Robertson (1971) identified 

important factors such as demographic factor, public interactions, and the consumption 

patterns (Robertson, 1971).  Cesta and Decker (1978) also indicated some additional 

factors that would affect the future adoption process, such as product cost, government 

support, product quality, and cost of energy (Cesta & Decker, 1978).  As such, the 

adoption process of a new innovative product depends not only on the attributes of the 

product, but also the human perception and consumption pattern.  Based on the study of 

diffusion of innovation, Labay and Kinnear (1981) found out that there are considerable 

difference between the adopters and non-adopters of solar technology (Labay & Kinnear, 

1981).  In their work, they developed classification models based on attribute perceptions 

of solar energy systems and the customers’ demographic characteristics.  For the 

demographic characteristics, they showed the differences between the adopters and non-

adopters in terms of age, education level, income, occupational status, and family life 

cycle.  All these characteristics are considered as factors (customers’ attributes) in 

modeling the solar energy adoption process in this dissertation work.        

 

4.1.1 Problem Formulation 

In the proposed model, a family’s willingness of installing a solar system is 

represented by an index called desire level.  All the factors are combined together to 

affect the desire level of households of purchasing PV, which is different for every single 

family.  The desire level of a specific family for adopting a PV system is formulated as a 

weighted summation of the four factors.   
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Eq. 6 

where D is the desire level of installing a PV system of a certain family, and    is the 

weight associated with each factor   .  Each    has a value between 0 and 1. 

In this proposed model, we defined four main factors for the adoption process, 

which are the advertising, neighborhood, household income and payback period of a solar 

system.  The advertising and neighborhood factors contribute to the human perception of 

the product, which is mentioned in the Bass model, while the household income 

determines the family consumption pattern.  The factor of payback period is a 

comprehensive one resulting from the cost of solar system, traditional electricity cost, 

household energy consumption, and government policies. 

 Factor of Advertisement (  ) is a function of the number of advertisements (  ) 

that a family receives.  For the impact from receiving advertisements on the 

adoption decision is not linearly proportional to the number of received 

advertisements, the factor of advertisement is formulated as follows: 

    

{
 
 

 
 

               

                

 
                  

       

 Eq. 7 
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   and    are controlling variables to differentiate the values of advertisement 

factor at different ranges. 

 Factor of Neighborhood (  ) is a function of the number of installed solar systems 

(  ) in the considered neighborhood that the family lives in.  Intuitively, when the 

first several households install solar systems, the attraction of such systems to the 

other potential adopters should be increasing as the number of installation 

increases.  The increasing rate should not be flat, but also be higher when the 

number increases.  However, when reaching a certain point, the attraction from 

installing even more solar systems will slow down.  In that case, the 

neighborhood factor is formulated as follows: 

    
 (    )

   (    )
 Eq. 8 

This is an S-shaped function, where   is the number of installed solar systems 

associated with the inflection point of the function. 

 Factor of Household Income (  ) is a function of average yearly income per 

person in a family.  The income level is an important factor determining the 

adoption behavior.  Since the solar energy is still expensive, the adopters much 

have the financial capability to purchase such a system.  For people who are 

above the mid-high income level, income may not affect much on their solar 

system adopting decisions.  This is also formulated as an S-shaped function (see 

Eq. 9): 
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(    )
 ⁄

   
(    )

 ⁄
 Eq. 9 

  is the average household income, and   is the number of people in a specific 

household.     is a threshold value for the household income that can afford 

installing a solar system. 

 Factor of Payback Period (  ) is a function of the payback period for a family by 

investigating a solar system, which is defined as follows: 

    
                      

                         
 Eq. 10 

  is the payback period for a installed solar energy system in a specific household.  

The calculation of          is a very complex process that is related to many 

issues, such as the capacity of the solar system, the household’s electricity 

consumption condition and the incentive programs can be enjoyed.               

and              are the maximum and minimum payback periods of installing 

solar systems for most possible situations.  The calculation of payback period is 

achieved by a simulation model.  This derives the content of the following section 

on the two-level simulation models. 

  

4.1.2 Two-Level Model 

In the study of solar energy system diffusion problem in the residential area, we 

integrated various factors that determine the customers’ desire level on adopting such 
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systems.  To analyze the adoption process, a hybrid two-level model is developed to 

evaluate the impact of each factor in detail.  The hybrid two-level simulation model is 

developed under the agent-based framework proposed in Chapter 3.  In addition, the 

model incorporates system dynamics and agent-based techniques.  The low-level model 

combines the system dynamic and agent-based techniques, which concerns the 

calculation of solar system payback period of individual household based on hourly 

electricity generation and consumptions, government incentives, solar system price, and 

hourly grid price.  The high-level agent-based model, running on a weekly basis for 20 

years, concerns the household adoption behaviors of the PV systems influenced by 

various factors, including payback period, household income, neighborhood effect and 

advertisement effect. 

 

4.1.2.1 Low-level Hybrid Model 

When customers install grid-tied solar systems, venders will give general 

approximation on the payback periods of the customers’ investment.  These 

approximations can be far from accuracy because of the uncertainty and limitation of 

available information.  Also, it will be highly dependent on the individual usage pattern 

and generation pattern (e.g., solar insolation in different regions).  The goal of the low-

level operational model is to provide more accurate calculation of PV system payback 

period based on hourly PV system generation, hourly household electricity consumption, 

and hourly grid price.  Both the agent-based simulation and the system dynamics 

simulation are employed with a simulation running time of one year. 
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A grid-tied residential solar system does not require a storage system considering 

its cost and efficiency compared with the profit of selling the excessive energy to the grid.  

During the daytime, PV system generates electricity to support the household 

consumption.  Any extra electricity will be sent to local grid, and the utility company 

purchases that based on the concurrent grid price.  During the hours that the generation 

from PV system is insufficient to support the demand, the household get supply from 

local grid.  This relation among demand, PV generation, and local grid is simulated by 

system dynamics method, while the AB modeling is employed to simulate the household 

consumption, where a household is an agent.  Figure 5 is the prototype model using 

system dynamics techniques to simulate the electricity transmission among the household 

consumption, its solar generation system and the local grid.   
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Figure 5: System dynamics simulation model for calculating the payback period of solar 

energy generation systems 

 

The households’ electricity consumption is modeled based on the rated power of 

ordinary household electric appliances.  The utilization of such appliances is 

differentiated for different types of families, different seasons and different days of a 

week.  Table 3 shows an example of the household hourly electricity consumption in a 

weekday of working couples (Estimating Appliance and Home Electronic Energy Use, 

2012). 

 

Table 3: Household electricity consumption of working couples in a winter weekday 

Appliances Quantity Rated Power 

(watt) 

Time Period 
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Electric blanket-single 1 60 11pm -12am, 12am-6am 

Fan 2 70 5pm-7pm 

Refrigerator 1 75 all day 

TV 1 110 7pm-9pm 

Lights 3 40 6pm - 12am 

Microwave oven 1 1000 7am - 7:10 am, 6pm-6:10 pm 

Laptop 1 50 7pm-11pm 

Coffee maker 1 900 7am - 7:10 am 

Dehumidifier 1 785 9pm - 11pm 

Water heater 1 4500 7pm - 8:pm 

Hair dryer 1 1500 11pm-11:10pm 

Toaster 1 800 7am - 7:10 am 

Dishwasher 1 1200 7pm-8pm 

Electric blanket- double 1 100 11pm -12am, 12am-6am 

Fan 4 70 5pm-7pm 

Refrigerator 1 75 all day 

TV 1 133 7pm-11pm 

Lights 5 40 6pm - 12am 

Microwave oven 1 1000 7am - 7:10 am, 6pm-6:10 pm 

Coffee maker 1 900 7am - 7:10 am 

Dishwasher 1 1200 7pm-9pm 

Personal computer 1 120 7pm-11pm 

Monitor 1 150 7pm-11pm 

VCR/DVD 1 20 9pm-11pm 

Toaster oven 1 1225 6:30pm-7pm 

Clothes dryer 1 2000 9pm-9:15pm 

Clothes washer 1 350 8pm-8:10pm 

Dehumidifier 1 785 9pm - 11pm 
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Water heater 1 4500 6pm - 9pm 

Hair Dryer 1 1500 11pm-11:20pm 

Toaster 1 1000 7am - 7:20 am 

 

Based on different electricity consumption conditions, households are assigned 

with different capacity-based solar generation system.  Considering the reimbursement 

based on financial incentive of Investment Tax Credits and Feed-in Tariff, the solar 

energy system payback period for each household can be calculated as the total capital 

investment divided by the total money saved during the operation as shown of Eq. 11. 

 

         
        

     
 

                     

      ∑(  ( )      
      ( )      ( )      

    
( ))

  

   

 

Eq. 11 

 The capital cost (         ) is determined by the cost of installing a solar 

generation system (      ) and the reimbursement (    ) that a customer can get based on 

the federal and state ITC.  As introduced in Chapter 2, the ITC takes about 45% to 50% 

of the total capital investment, depending on the differences in state ITC.  The operational 

saving (     ) of installing a solar system is the money saved because of the operation of 

a solar system in a certain time span.  It refers to the avoided cost of using solar 

generation other than getting electricity from the grid to supply the customer demand and 

the reimbursement for selling extra generation back to the grid.  The time span can be one 
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day, one week or one month.  In the proposed simulation, the time span has been selected 

as one day, and the time unit (  ) is one hour.  Since the customers’ consumptions, solar 

energy generation and the grid prices are different over time, the calculation of       is 

very complex.  In that case, we consider the difference of seasonal and weekly (weekdays 

vs. weekends) consumption patterns, difference of seasonal solar generation patterns, and 

seasonal grid price changes.  The operational saving during one day is normalized based 

on the results of different seasons and different days of a week.  In Eq. 11,   ( ) is the 

grid price at time  ;       
      ( )  is the electricity flow from solar generation to the 

customer demand at time  ;     ( ) is the unit reimbursement based on FiT at time  ; and 

      
    

( )  is the electricity flow of selling solar generation to the grid at time  .  In 

addition, the FiT changes based on the generation cost, and it may also be affected by the 

inflation.  Therefore, the     ( ) is modeled as a rate to the grid price   ( ), and this rate 

value decreases over years because of the “tariff degression” (Couture & Gagnon, 2010).  

The tariff degression will result in a longer payback period of solar energy systems. 

 

4.1.2.2 High-level Agent-based Model                                    

In the high-level agent-based model, three different types of agents are defined: 1) 

neighborhood, 2) household, and 3) individual person.  These agents are in a hierarchical 

structure that is used to facilitate the agent interactions in conjunction with four different 

predefined factors (i.e., neighborhood factor, advertisement factor, income factor and 

payback period factor).  The agents of individual persons are directly imposed by 
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received advertisements.  The number of advertisement received by a person will 

contribute to its family’s perception toward the solar energy systems.  The agents of 

households are modeled as the executors of the adoption behavior, which are directly 

related to the household income level and investment payback period, and the 

neighborhood-level agents are modeled to represent the neighborhood effects among 

families within a neighborhood.  As the calculation of payback period is accomplished by 

the low-level model, the high-level model considers the other three factors (i.e., 

advertisement, income level and neighborhood) using a state chart.  The state chart 

employed in this agent-based model is from the state diagram of Unified Modeling 

Language (UML), which can help model the agents’ states and the transitions during the 

simulation process.  Figures Figure 6, Figure 7 and Figure 8 indicate how the 

uncertainties of the three factors are captured in the high-level model. 

 

 

Figure 6: State chart for individual person receiving advertisement of solar energy 

 The state chart shown in Figure 6 tracks the number of advertisement received by 

a person.  Transition ①  happens when the person first notices the product from a 
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commercial.  Transition ② indicates that there is possibility that if a person has not been 

receiving such advertisements for some time, the effect of the advertisement become zero.  

Transition ③ represents the increasing counts of received advertisement.  This state chart 

is for person agent that is linked to the household agent that it belongs to.  Therefore, the 

effect of advertisement is collected to the household level for their decision making. 

 

 

Figure 7: State chart for tracking the household income levels and the changes 

 Figure 7 shows the state chart embedded in the household agent, for mimicking 

the income level of a household and the changes that may happen during the simulated 

time.  The income level is an important index representing how likely a household would 

adopt a solar generation system.  Each household is assigned to a range of income 

initially according to the demographic statistics.  Since the time scale of simulation is 20 

years, the household’s income may change a lot during that time.  The transitions 

between each pair of states capture such changes. 
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Figure 8: State chart for tracking the number of solar generation systems installed in the 

neighborhood 

 Figure 8 is the state chart for tracking the number of solar systems installed in the 

neighborhood.  When there is a household installing a solar system, either transition ① or 

transition ② is triggered in the corresponding neighborhood that the household belongs 

to.  The neighborhood agent tracks the number of installed solar system.  The number is 

retrieved by every household as the neighborhood factor. 

 To enhance the validity and credibility of the model, the models constructed in 

this work are based on real demographic data of Tucson, Arizona.  In addition, family 

and population growths are based on the information of Tucson from the US Census 

Bureau (USCB) (State & County Quick Facts, Tucson, Arizona, 2010).  Table 4 

compares the results obtained from our simulation (from 20 replications) and the real 

statistical data from USCB. 

 

Table 4: Comparison between simulation and real data on population demographic data 

 Data Data from Experiments 
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from 

USCB 
Mean 

Standard 

Deviation 

Average Number of Persons per Household 2.42 2.49 0.0466 

Population Change per six years (percentage) 6.5% 6.3% 0.0012 

 

4.1.2.3 Interaction between Two Levels 

The two-level models do not run in parallel.  The low-level model runs first to 

calculate the payback periods of various capacities of solar systems.  Based on the data 

resulted from the low-level model, the high-level model then generates the factor of 

payback period for different classes of households.  Combining the other three factors, 

the high-level model is able to obtain the desire level for each individual household on 

adopting solar systems.  Figure 9 summarizes the interactions and data exchanges 

between the two-level models in a UML sequence diagram. 
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Data Processing
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PV System Payback Period

Factor of Payback Period

Factor of Household Income
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Factor of Advertisement

Incentive Information (ITC FIT)

PV System Unit Cost

Expected System Capacity

Desire Level

 

Figure 9: Sequence diagram for two-level simulation models 

 

4.2 Model for Demand-side Management with DR Programs 

 As discussed at the beginning of Chapter 4, this section discusses the model 

developed to address the demand-side management problems (see objective c in Chapter 

1).  Demand response (DR) programs are designed for the customers who can shift or 

reduce part of their electricity consumptions during specific time periods.  Such programs 

are most recommended to the customers having large energy consumption appliances 

such as water pumps and PHEVs.  The increasing utilization of PHEVs in the future will 

have significant impact on utility companies and customers depending on their charging 

characteristics.  Uncontrolled or unscheduled vehicle charging may increase the 

residential peak and the risk of electric distribution network failure.  In order to reduce 
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the peak load, utility companies encourage customers who have such high electricity 

consuming devices to participate in various DR programs.  Additionally, considering 

increasing PV generation and storage facility installation on the customer side, the 

integration of PHEVs needs more attention as system’s performance becomes highly 

fluctuating and unpredictable. 

This section presents a simulation-based optimization model for integrated 

analysis of DR programs, with high penetration of PHEV, PV and storage systems from 

residential customer’s perspective as well as utility company’s perspective.  An agent-

based simulation model is built in AnyLogic to mimic the household load, PHEV 

charging, PV generation and storage together with various DR programs such as Time-

of-use (TOU), Real-time Pricing (RTP), and curtailment.  In the considered scenarios, 

customers adjust their PHEV charging schedules according to specific DR programs to 

reduce the electricity bill, while the utility company aims to minimize the peak load by 

using different pricing strategies.  The constructed simulation helps the utility company 

identify the best policies, and helps customers make better responses under different DR 

programs.  

 

4.2.1 Problem Formulation 

In this section, the problem of PHEV charging is formulated in three basic 

scenarios according to three types of DR programs (i.e., Curtailment, TOU and RTP).  As 

mentioned in Chapter 2, not all the electricity consumption of households can be flexibly 

shifted or reduced, so the residential load in the formulated problem is separated to 
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regular load and flexible load.  In this PHEV charging scheduling problem, the flexible 

load mainly refers to the electricity consumption for charging PHEVs at residential 

households.  As mentioned earlier, the problems are discussed from the perspectives of 

both residential customers and the utility company.  The parameters and variables are 

explained in Table 5. 

 

Table 5: Nomenclature of problem formulations 

Notion Description 

  The set of household of the simulated residential area. 

  Index of the households.            

  The time horizon of the simulation, e.g., 24 hours. 

  Index of hours.            

     Average residential load 

      Peak residential load 

      
  Electricity consumption of household   by regular household appliances 

at time t.  The regular consumption is used to distinguish it from the 

consumption of PHEV charging.   

    
  Electricity consumption of the whole simulated residential area by 

regular house hold appliances at time t. 

       
  Electricity consumption of household   by PHEV charging at time t. 

     
  Electricity consumption of the whole simulated residential area by 

PHEV charging at time t. 

   The total residential load at time  . 

      The base load used for grid price calculation in the case of RTP. 

   The electricity price at time t. 

      The grid price when the residential load does not exceed the base load 
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(     ). 

 (  ) The grid price when the total residential load is    in the case of RTP. 

     

The price threshold.  The customers will charge there PHEVs, when the 

grid price is lower than or equal to the price threshold. 

   The time of start charging PHEV every day 

   The time of finish charging PHEV every day. 

     The starting time of charging PHEV of household  . 

     The ending time of charging PHEV of household  . 

     
      

   The time period that a PHEV is available for charging of household  .  

    
  and     

  indicate the starting and ending time, respectively. 

    
  The ending time that the PHEV is available at home for charging of 

household  . 

     The maximum energy consumption of each household at each time unit.  

In the distribution system, such constraint usually comes from the 

distribution transformers (Shao, Pipattanasomporn, & Rahman, 

Challenges of PHEV penetration to the residential distribution network, 

2009).  

   
      

     The time of off-peak hours (when the electricity price is low).    
    and 

  
    indicate the starting and ending time, respectively. 

   
       

      The time when the PHEV is at home and available to be charged.    
     

and   
     indicate the arriving and leaving time of PHEV, respectively. 

   (  ) The state of charge of the battery before charging the PHEV. 

   (  ) The state of charge of the battery after charging the PHEV. 

         The capacity of the PHEV battery. 

  The control parameter indicating the value of higher SOC accomplished 

by charging the PHEV during non-off-peak hours to different customers. 

     
         

      The time period that a PHEV is available for charging of household  .  

    
     and     

      indicate the starting and ending time respectively. 



93 

 

  Constraint factor in RTP function 

  Incentive factor in RTP function 

 

4.2.1.1 Modeling of Curtailment Program 

In this scenario, the electricity price is flat.  Therefore, the customers’ payment on 

electricity will not change by adjusting the time to charge the PHEVs.  However, from 

the utility perspective, centralized control is necessary to avoid the additional peak load 

caused by PHEV charging.  Basically, the utility intends to minimize the total residential 

peak load, and the corresponding optimization formulation is shown below (Eq. 12).  The 

constraints indicate that the PHEV will not always be available for charging, but only 

when it is at home. 

        
   

 ∑( (      
 )   (       

 ))

   

 

Eq. 12 
            

                       

    
                

  

              
      

    

 

4.2.1.2 Modeling of Time-of-Use (TOU) Program 

This scenario focuses on customers who participate in the TOU program.  This 

problem can be considered from two perspectives: the customers’ perspective and the 

utility’s perspective.  From the customers’ perspective, the goal of each residential 

customer is to minimize his/her household electricity bill.  While joining the TOU 

program, customers may still have different consumption behaviors.  Some customers 
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may be willing to use the power based on the TOU prices, especially for charging PHEVs 

to reduce the electricity payment.  However, some other customers may not pay much 

attention on the electricity prices for their own preferences.  In the following sections, we 

will discuss the modeling details of different cases regarding to different types of 

customers based on their behaviors of charging PHEVs.  

 

4.2.1.2.1 Objective of Off-peak Customers 

The off-peak customers are those who charge their PHEVs only when the 

electricity price is at its lowest.  Their objective is to minimize the electricity bill.  Since 

the price changes over time, this case can be modeled as Eq. 13: 

    ∑   (    
 )

   

 ∑    (     
 )

  

    

 

Eq. 13                 

    
       

                  

    
                      

 

PHEV is available for charging only when it is at home.  In addition, customers 

are only willing to charge the PHEV when the electricity is cheap.  Therefore there are 

some constraints on    and    as shown in Eq. 14. 
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 Eq. 14 
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We assume each PHEV will be charged only once a day, and there is no 

interruption before the PHEV is fully charged.  Therefore, based on the real data of the 

TOU pricing, the low electricity price starts at 23:00 every day.  The time required to 

fully charge a PHEV depends on the vehicle’s battery capacity.  The status of a battery is 

described as State of Charge (SOC) that is defined as the available energy in the battery 

over the capacity of the battery.  During the simulation process, every household has an 

expected SOC at the beginning of everyday, which are different from customer to 

customer.  Every day, this expected SOC has to be accomplished by the end of the 

charging process.  Such constraint is shown in Eq. 15. 
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Eq. 15 
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In this scenario, the customers’ preference is to minimize expenses on electricity, 

and they are not willing to charge their PHEVs at a higher price rate in order to gain 

nonfinancial benefits, such as convenience in use.  Thus, the customers do not always 

expect to get their PHEVs fully charged.  The start charging time (  ) is the decision 

variable, and the end charging time (  ) depends on      and the customer’s expected 

battery status by finishing charging 

 

4.2.1.2.2 Objective of Customers with Preference 

Although customers join the DR program, they have the options to charge the 

PHEV when the grid price is not low.  Such customers are referred to “customers with 

preference”, who believe that they can gain benefits (e.g., flexibility and convenience) if 

they do not charge PHEV only during off-peak hours.  Though the customers are willing 

to get certain convenience in using PHEVs by scarifying the low payment on charging, 

their objective is still to minimize the payment with the consideration of their preferences.  

The fundamental idea in this model is to quantify the customers’ preference, so that it can 

be integrated into the objective function to compensate the additional payment they make 

for charging the PHEVs at a higher electricity price.  While there are many ways to 

model the customers’ preference, the main idea is to present how much the customer is 

willing to pay for the electricity consumption.  In this work, we use the energy consumed 

by PHEV during peak and/or shoulder hours to reflect the customers’ preference, which 

is defined by Eq. 16.  The electricity consumption for PHEV charging can be during off-

peak hours and non-off-peak hours.  More electricity consumption coming from the non-
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off-peak hours indicates that the customer prefers more convenience to reducing 

electricity bill.    is a controlling parameter, whose larger value means the customer is 

more willing to spend more money on electricity consumption in exchange of his/her 

convenience. 

 Customer Preference     
PHEV non off peak energy consumption

PHEV total energy consumption
 Eq. 16 

 

As mentioned, the amount of electricity consumed for PHEV charging can be expressed 

by the battery’s beginning SOC and end SOC of a charging process.  Thus the quantified 

customer preference can also be presented in SOC (Eq. 17). 
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Eq. 17 

 

Considering above formulations, the problem for each customer with preference can be 

modeled as follows (Eq. 18): 
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4.2.1.2.3 Objective of the Utility Company 

In this section, a scenario in which customers participate in the TOU programs is 

discussed from utility companies’ perspective.  The purpose of implementing TOU 

pricing policy for a utility company is to reduce the residential load during peak hours.  

Therefore, the problem can be modeled to achieve the minimum peak load in residential 

areas.  TOU pricing is the method employed by the utility company to adjust the 

residential customers’ consumption.  The utility intends to find out the optimal schedule 

for the TOU pricing, by defining the starting time of off-peak hours, considering the 

impact from PHEV charging.  In this case, both off-peak customers and customers with 

preference will be analyzed.  Customers’ preference is formulated in the same way 

presented in Eq. 17.  The optimization problem is formulated as follows (see Eq. 19): 
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4.2.1.3 Modeling of Real-time Pricing (RTP) Program 

 Whatever DR programs are implemented, the problem can always be discussed 

from the customers’ objective and the utility’s objective.  Among these three types of DR 

programs, RTP is the most delicate one to band the two objectives together.  However, 

RTP has been seldom used in the retail market, because it requires intensive interactions 

between utility companies and customers.  More studies are recently initiated to address 

RTP for the retail markets since RTP may become a promising pricing strategy in the 

future for residential customers (Mohsenian-Rad & Leon-Garcia, 2010).  Therefore, the 

purpose of this model is to bring more detailed discussion on the RTP design strategies to 

accommodate different conditions.  From the utility perspective, while many other works 

formulate the problem by focusing on the profit and cost of the utility companies, we 

formulate the problem on optimizing the quality of the distribution network in this work.  

From the residential customers’ perspective, the objective is to minimize their electricity 

bills.  Since the price depends on the amount of residential consumption, the customers 

have no reference of electricity prices to set their preference on less payment or more 

convenience.  Therefore, the customers in this case are not differentiated. 

 

4.2.1.3.1 Objective of Residential Customers 

 Under the RTP program, the customers use different amount of electricity at 

different time.  The goal of the consumption scheduling is to minimize the total energy 

cost.  In the modeled scenario, the objective of the residential customers can be expressed 
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as to minimize the total cost on electricity consumption, including the consumption for 

regular use and PHEVs charging.  In the other word, we formulate the customers’ 

objective as minimizing the average unit cost on total consumption (AUCTC) of 

electricity.  Additionally, we also examine the average unit cost on PHEV charging 

(AUCPC) to facilitate the discussion in Chapter 5.  The customers’ objective is 

formulated as follows: 
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Eq. 20 
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The charging activities have to be finished before using PHEV in the next day.  The 

constraint is set to ensure the accomplishment of PHEV charging.  In the simulation 

model, we also consider the uncertainties involved in regular load profile and the 

charging activities, such as the left over energy in each individual PHEV and the 

difference of time for each PHEV to leave home in the next day. 

 

4.2.1.3.2 Objective of Utility Companies 

By the effort of reducing peak load and encouraging customers to use electricity 

during off-peak hours, the utility’s revenue from sales may be reduced as well.  However, 

the cost may also be reduced by reducing the peak load, because peak load caused by 

sudden high demand makes the utility company purchase electricity from wholesale 

market at a very high price to cover the emergency.  Additionally, the high possibility of 
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such an extremely high peak load also increases the risk and maintenance fee of the 

distribution network.  These issues may result in very high cost for the power supply, 

which decreases the profit of the utility company.  In summary, a smooth and relatively 

flattened load profile from the demand side is preferable.  Therefore we consider the load 

factor (i.e. the ratio of average load to peak load) as the objective of the utility company.  

For complementary purposes, we also examine the load standard deviation (STD) in 

Chapter 5.  The objective is to maximize the load factor, which is formulated as follow: 
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   is the real-time prices that can be defined as the following function of real-time load    

(Wang & Groot, 2010). 

     (
  

     
)  Eq. 23 

In Eq. 23, the prices are based on    and subjected to the values of factors      and       .   

If the demand is lower than      , the price should be reduced to encourage the 

electricity consumption; if the demand is higher than      , the price should be increased 

to discourage the consumption.    is an incentive factor, which can control the sensitivity 



102 

 

of the price to the real-time demand.    is a constraint factor that can control the general 

level of the electricity price.  Usually,       refers to the generation capacity of a utility 

company.  When customers’ demand is within the range of this capacity, the utility 

company can manage the supply itself.  Otherwise, the utility company needs to buy 

electricity from the national grid (wholesale market).  The more electricity purchased 

from the national grid, the higher rate needs to be paid. 

 

4.2.2 Agent-based Model 

In the proposed simulation model, all the residential customers (households) and 

the utility company are modeled as agents.  The customers’ behaviors are defined by 

many components (i.e., PV system, battery storage system, weather conditions, smart 

grid and PHEV) that are modeled as objects.  In the model built with AnyLogic package, 

these objects are either embedded into the household agent or function as the connection 

between the customer agents and the utility agent.  The communications among the 

simulated objects are illustrated in the class diagram in Figure 10.  Every household may 

have at most one PHEV, one PV generation system, and one battery storage system.  The 

households may consume the electricity from the grid or from their own solar generation 

system, and decide when to charge their PHEVs based on the DR programs developed by 

the utility company.  The utility company also implements the net metering mechanism 

based on the smart gird to track the electricity demand and generation information of the 

households having PV systems. 
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Figure 10: Class diagram for object communications at the agent level 

 

The agent’s behaviors are represented using a state chart.  As an example, Figure 

11 shows the agent’s behavior of PHEV charging process, which is one of the most 

important components considered in this study.  The state chart defines the possible states 

that a PHEV can be in each day, and the state of a PHEV transits from one to another 

according to its activities.  For a PHEV owned by a typical day-time worker, the PHEV is 

outside during the day time and comes back home in the afternoon.  While at home, the 

PHEV may be on two different states, charging or idle.  “Idle” state means that the PHEV 

is either waiting to be charged or the charging has finished.  It is noted that models of 
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some other components (e.g., storage) have been also developed using state-charts, which 

are not shown here due to space limitation. 

 

 

Figure 11: Agent behavior model of PHEV activities with state charts 

 

 Different from the model for solar system adoption problem (see Section 4.1), the 

household energy consumption is simulated based on historical data.  The historical load 

data and TOU pricing data are retrieved from Baltimore Gas and Energy (BGE) 

(Historical Hourly Load Data).  In addition, solar irradiance data of Baltimore area from 

National Solar Radiation Data Base (NSRDB) is used to mimic PV generation in our 

simulation models (National Solar Radiation Data Base).  While simulating the 

household electricity consumption and PV generation, fluctuations are randomly added.  

Figure 12 and Figure 13 show the examples of household electricity consumption and PV 

generation for a time scale of one week. 
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Figure 12: Plots of household regular load and load with PHEV charging consumption 

 

 Figure 12 shows two simulation outputs obtained from AnyLogic, where the 

upper one displays the regular load of a household for a week.  The lower plot in Figure 

12 shows the regular load plus PHEV charging consumption, where the peak loads of all 

seven days are significantly higher than those in the upper plot.  The two stack charts on 

the right sides show the cumulative loads for these two conditions. 
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Figure 13: The household load with PHEV and the integration of PV generation 

 

The developed model allows us to represent a large number of residential 

households (e.g., 1000) in different time scales, such as one day, one week, one year, or 

even longer.  The orange plots in Figure 13 shows the household’s regular load plus the 

PHEV charging consumption subtracting the PV system generation that is shown in green. 

In this dissertation, we employ the simulation-based optimization method built on 

OptQuest embedded in AnyLogic.  OptQuest is a flexible engine to facilitate the 

optimization of complex systems.  The optimization process is based on repetitive 

simulations of the agent-based model with different parameters.  The framework of the 

system and the interactions between the simulation process and optimization process is 

depicted in Figure 14. 

 



107 

 

 

Figure 14: Framework of simulation based optimization with the agent-based model 

 

4.3 Incorporation of Social Network into Model 

 Incorporation of a social network into the simulation framework provides an 

innovative interaction method for the agents.  In the social network environment, the 

agents (residential customers) may communicate through the formed connections 

between each other.  Such communication can affect the customers’ preference on 

renewable energy and electricity consumption.  The connection is formed based on the 

architecture and structure of social networks, which is more than a static process if the 

evolution of social network is also considered.  Therefore, modeling of social networks 

includes two major aspects: the network construction and the network evolution.  In the 

proposed model in this work, we focus on the small-world architecture and the scale-free 

architecture.  For the evolution process, the triadic closure method is employed.  Details 

on the background of social networks have been provided Section 3.2.2. 
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4.3.1 Social Network Construction and Evolution 

 A network is composed of vertices and links, which are all modeled as objects 

shown in Figure 15.  For basic functionalities, a vertex holds the attribute of degree, 

neighborhood and clustering coefficient; a link can track its source vertex and end vertex; 

and the social network contains the attributes and operations.  The major attributes 

include network type (i.e., small-world or scale-free), vertices, links, degree distribution.  

The major functions include the initialization, evolution, calculation of the shortest path 

between each pair of vertices. 

 

-Degree : int
-ClusterCoeff : double
-Neighbors : object

Vertex

+Initialization() : void
+Evolution() : void
+ShortestPath() : void
+DegreeDistribution() : void

-Type : char
-Ave_PathLength : double
-Cluster_Coeff : double
-Degree_Distr : double
-Vertices : Vertex
-Edges : Link

Social Network

1*

-Initial Vertex : Vertex
-End Vertex : Vertex

Link

1

*

 

Figure 15: Object-oriented modeling of social networks 

 

 The construction method used for small-world network is based on the algorithm 

of building the WS model, and the method used for scale-free network is based on the 

algorithm of building the BA model (see Section 3.2.2.1).  For the evolution procedure, 
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the triadic closure method is adopted (see Section 3.2.2.2).  The modeling process is 

explained in detail in the following two sections. 

 

4.3.1.1 Network Construction 

 The algorithm used for constructing the small-world network is based on the SW 

model.  The network is initialized as a regular network, usually referred to as circular 

lattice that can be defined as follow. 

   {(   )|    } Eq. 24 

  is the number of vertices in the network.  Each vertex in the network is connected with 

its    closest vertices, where    is even.  Based on regular network  , a small-world 

network     is generated by re-wiring each edge with a probability of   .  To accomplish 

the procedure, choose a vertex as the initial point, and check every edge connected to the 

considered vertex following one direction (clockwise or counter-clockwise).  With a 

probability   , the connection is broken.  Then, randomly select a vertex in the network 

that does not have an edge connecting to the considered vertex.  Every vertex that is not 

connected to the considered vertex has an equal chance to be selected. 

     {(     )|       } Eq. 25 

 To construct a scale-free network, the algorithm starts with a number of separated 

vertices.  For each step, a new vertex is added by connecting with the existing vertices in 

the network.  A scale-free network can be defined as follow: 

     {(   )|         } Eq. 26 
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   is the number of initial vertices that are not connected to each other.     is the total 

number of vertices that are going to be added to the network.  Every time, one vertex is 

added to the existing network by connecting to   existing vertices that are not connected 

to the new added vertex, where     .  When selecting the   existing vertices, each one 

(  ) is selected with probability   
  

∑    
, where    is the degree of   .  When adding the 

very first new vertex, there is no edge so that   is not available.  Thus,   existing vertices 

are uniformly selected to connect with the new vertex. 

 

4.3.1.2 Network Evolution: Triadic Closure 

 As mentioned earlier, the network evolution method employed in this dissertation 

research is based on the formation of Triadic Closure.  The whole evolution process is 

based on a series of discrete evolving events.  The evolving events only include the 

increment of connections, while the number of vertices in the network does not change.  

For every evolving event, the method checks each pair of unconnected vertices.  A new 

edge will connect these two vertices with a specific probability  . 

 

     {(     )|     } 

        

Eq. 27 

 

The probability   follows an exponential distribution, where    is the number of common 

neighbors, and  ,   are the controlling parameters.  The formation of   is based on a 

research work analyzing the evolution of network on Twitter.  This work will be 

discussed in detail in Chapter 6. 
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4.3.2 Applications of Social Network Effects in Major Functional Models 

When incorporating the social network for agent interaction, the model’s scale is 

limited.  If the social network construction and evolution processes are incorporated into 

the same models as described in the previous sections, each agent has to perform the 

evolution activities in addition to the complex solar energy adoption, electricity 

consumption, solar energy generation and PHEV charging activates.  In that case, the 

number of simulated agent (residential customers) is limited.  Therefore, a separated 

social network model is built, which will be interacting with the major functional models 

(e.g., models discussed in Sections 4.1 and 4.2).  The social network model concerns only 

the network construction and evolution activities based on each vertex simulated as an 

agent.  Every vertex in the social network model is projected to a household agent in the 

major functional models.  In the major functional models, connection matrixes are 

incorporated to indicate the agent connection status.  The connection matrixes are 

updated only when a change occurs in the social network model.  Figure 16 depicts the 

communication between the social network model and a major functional model. 
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Figure 16: Interaction between social network model and the major functional models 

 

The impact of social network plays three major functions in the problems 

discussed in Section 4.1 and Section 4.2.  First, in the solar energy system adoption 

problem in Section 4.1, the effect of social network connection is employed to replace the 

neighborhood effect.  In that case, a household’s “neighborhood” in the social network is 

not static any more.  Both the total number of neighbors and the number of solar system 

adopters within the virtual neighborhood are changing during the simulation.  The 

simplest way to model the factor of neighbor is to take the percentage of installation in 

the virtual neighborhood of a specific customer (potential adopter).  Therefore, Eq. 8 can 

be replaced by Eq. 28 

 sd Interaction between Social Network Model and Major Functional Model

Social Network Model Major Functional Model

loop 

Social Network Initialization()

Household Initial Connection()

Model Basic Operations()
Social Network Evolution()

Updated Connections()

Update Household Interaction()
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Eq. 28 

   is the effect from neighbor  , which is 1 if the neighbor has adopted a PV system.     is 

the weight of neighbor  ’s effect.  Second, the effect of the social network is applied to 

determine the value of preference controlling parameter   in Section 4.2.  In the model of 

demand-side management, the customers’ PHEV charging behavior is formulated in Eq. 

16 with parameter  .  The values of   for different customers are different but can depend 

on the social network connections.  With the consideration of social interactions, the 

value of   can be formulated as the weighted summation of the neighborhood’s (Eq. 29). 
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Eq. 29 

   is the controlling parameter of a residential customer (  );    indicates the 

neighborhood of  ;     is the size of the neighborhood of  ;    and    are the weight and 

controlling parameter associated with customer  .  Third, the effect of social network can 

be applied to the design of RTP.  In the case of RTP model, the customers’ acceptable 

grid price will affect their consumption behaviors, such as the starting time of charging 
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PHEVs.  However, unlike the TOU cases, there is no guaranteed relation between the 

start charging time of a single customer and the payment on electricity bill, because the 

electricity price is determined by the total residential load by all the customers.  

Therefore, the customer’s reaction to the social network based interactions could be more 

complex compared with the PV adoption and TOU-based demand-side management 

problems.  In that case, we assume that customers’ acceptable electricity price is affected 

by the interactions among the social network.  Based on specific RTP design (e.g., with 

specific value of     and      ), with different acceptable electricity prices, the 

customers tend to charge PHEVs at different times.  The effect can be formulated as 

follows: 
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Eq. 30 
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CHAPTER 5 

RESULTS AND ANALYSES FOR DIFFERENT SCENARIOS 

 This chapter provides results and analyses for three problems whose models have 

been discussed in CHAPTER 4.  Sections 5.1 and 5.2 discuss major experimental results 

for 1) solar energy diffusion problem and 2) demand-side management problem with high 

penetration of PHEVs, respectively.  Section 5.3 then discusses how the results in 

Sections 5.1 and 5.2 change when a social network methodology (see Section 4.3) is used 

to represent agent interactions as opposed to the agent interaction methods in Sections 4.1 

and 4.2.  For all the experiments, the solar irradiance data used to calculate the solar 

energy generation is from National Solar Radiation Data Base (NSRDB).  The household 

electricity consumption profiles are based on the residential load data from South 

California Edison (SCE) and Baltimore Gas and Energy (BGE) (South California Edison 

Dynamic Load Profiles, 2010) (Historical Hourly Data, 2012). 

 

5.1 Scenarios and Experimental Analysis of Solar Energy Diffusion Problem 

5.1.1 Concerned Scenarios 

In this problem, we mainly focus on adoption conditions and requirement of PV 

systems in the residential areas.  While utility companies may have a high impact on the 

development of solar energy industry, the policies affecting utility companies are usually 

regulations imposed by the federal and local governments, which is difficult to quantify 

without explicit involvement of utility companies.  Furthermore, the way utility 

companies achieve those standards or requirements relies on the support of distributed 
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“grid-tied” PV systems adopted by the residential households.  It is noted however that 

the proposed modeling methodology is flexible and extensible to address other concerns 

such as the ones at the utility level.  Table 6 itemizes the costs and incentives of installing 

a PV system for a typical household in Arizona with a monthly electricity payment of 

about $100.  In the case depicted in Table 6, payback period of PV system is 10 years.  

PV system unit cost includes costs of all the equipment such as PV panels and inverters, 

but not storage and installation costs.  Arizona state rebate is $2/W-DC for grid-tied PV 

systems (TEP - Renewable Energy Credit Purchase Program, 2009).  For a 5,000W 

system, the state rebate is $10,000.  Federal Investment Tax Credit is 30% after the state 

rebate, and Arizona State Income Tax Credit is 25% of the PV system cost (up to $1000) 

(Credit for Solar Energy Devices, Official State 2010 Tax Form: Arizona Form 310, 

2009).  Totally, rebates and incentives reduce almost 48.5% of the total investment cost.  

Since state tax rebate is a fixed constant, two main incentives that can vary and hence are 

considered in this research are Investment Tax Credit (ITC) (including federal ITC and 

state ITC) and Feed-in Tariff (FiT). 

 

Table 6: Example of payment for a resident installing grid-tied PV system in Arizona  

PV System Capacity and Standard Cost 

System Capacity 5,000 W 

PV system unit cost $7 / W 

Cost Before Incentives $35,000 

Rebates and Incentives 

State Rebate $10,000 
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Federal Tax Credit $6,000 

Arizona State Tax Credit $1,000 

Feed-in Tariff Depends on the electricity price over time 

Total Investment Cost $18,000 

 

 To illustrate and demonstrate the proposed modeling approach, we have scaled 

down the residential area based on the gathered data from Arizona.  The city of Tucson in 

Arizona State has been chosen as a case study in this research.  To this end, the 

residential population demographic data has been collected from Tucson Arizona 

Demographics and Statistics and Census Scope (Social, Economic, and Housing Statistics 

Division Working Papers).  Various financial incentives and rebates that are available to 

a customer in Tucson such as state rebate, federal tax credit, Arizona State credit, and 

Feed-in tariff are also considered. 

 

5.1.2 Input Data Preparation for Experiment 

 There are two main types of input data in this problem: 1) the household 

electricity consumption and 2) the installed PV system generation.  In order to represent 

the uncertainties as well as to reflect the reasonable changes of these two types of data at 

different time of a year, we statistically processed the input data based on historical 

household load data and solar radiation data.   

As mentioned in Section 4.1.2.1, the residential household consumption is 

modeled based on general electric household appliances (Table 3).  To generate 

household electricity consumption patterns in different months, we have utilized the 
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hourly residential load data from SCE (South California Edison Dynamic Load Profiles, 

2010).  The selected load data is from May 1, 1998 to May 31, 2010.  First, the electricity 

consumption data is clustered according to 24 hours in a day for 12 months.  For the data 

of each hour, the average load values for 12 months have been calculated.  Then, we 

compared the clustered data of every hour in all the months to the average load of every 

hour in January.  For example, let    be the average hourly load of Januarys (  is from 1 

to 24) of all 13 years, and let    be the load of hour   in different date of 12 months.  Then 

for every other month, we use    as a base to calculate the difference of consumption 

patterns between the other months and January.  In addition,       
   

  
 is introduced to 

show the specific difference with respect to different dates and different months.  The 

next step is to cluster the values of    for each month to find the distribution of   .  Table 

7 shows the distribution of    for April as an example.  Based on the distribution of 

different    for each month and the load of January (see Table 3), we generate the hourly 

electricity consumption for each month. 

 

Table 7: Distribution of    of April 

Hour Distribution Expression of    Hour Distribution Expression of    

1 0.63 + GAMM(0.0194, 8.25) 13 0.69 + LOGN(0.244, 0.0958) 

2 0.67 + ERLA(0.018, 8) 14 0.69 + LOGN(0.268, 0.106) 

3 0.69 + ERLA(0.0158, 9) 15 0.7 + LOGN(0.298, 0.116) 

4 0.73 + ERLA(0.016, 8) 16 0.69 + LOGN(0.316, 0.118) 
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5 NORM(0.916, 0.063) 17 0.69 + LOGN(0.273, 0.106) 

6 TRIA(0.68, 1.01, 1.27) 18 0.59 + LOGN(0.22, 0.0763) 

7 0.63 + WEIB(0.288, 4.13) 19 0.64 + LOGN(0.185, 0.0632) 

8 0.69 + LOGN(0.125, 0.0493) 20 0.73 + ERLA(0.0209, 8) 

9 0.69 + LOGN(0.166, 0.0724) 21 0.72 + LOGN(0.151, 0.052) 

10 0.71 + LOGN(0.171, 0.0829) 22 0.68 + LOGN(0.132, 0.0496) 

11 0.72 + LOGN(0.182, 0.0876) 23 0.63 + LOGN(0.137, 0.0598) 

12 0.71 + LOGN(0.212, 0.0889) 24 0.62 + GAMM(0.0251, 5.98) 

 

 For the PV generation part, we have used real PV panel specifications and the 

hourly solar insolation data from National Solar Radiation Database (NSRDB) (1991- 

2010 Update, 2010).  The hourly solar radiation record is from January 1, 1991 to 

December 31, 2005.  To process the solar radiation data, we implemented a similar 

approach to processing residential household electricity load profile.  We clustered the 

hourly data of every month, and found the distribution of solar radiation of every hour in 

all 12 months.  Table 8 shows the hourly solar radiation distribution of the month June as 

an example. 

 

Table 8: Solar radiation distribution of June 

Hour Distribution Expression Square Error 

5 Beta -0.5 + 67 * BETA(0.24, 1.8) 0.006954 

6 Beta -0.001 + 441 * BETA(0.407, 1.24) 0.004365 
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7 Beta -0.001 + 674 * BETA(0.447, 0.893) 0.00874 

8 Beta -0.001 + 769 * BETA(0.412, 0.662) 0.0161 

9 Beta -0.001 + 828 * BETA(0.403, 0.571) 0.014293 

10 Beta -0.001 + 874 * BETA(0.483, 0.64) 0.01603 

11 Beta -0.001 + 896 * BETA(0.521, 0.718) 0.012642 

12 Beta -0.001 + 906 * BETA(0.577, 0.779) 0.011566 

13 Beta -0.001 + 905 * BETA(0.707, 0.898) 0.011234 

14 Beta -0.001 + 858 * BETA(0.657, 0.81) 0.01047 

15 Beta -0.001 + 838 * BETA(0.657, 0.85) 0.0087 

16 Beta -0.001 + 794 * BETA(0.623, 0.891) 0.008556 

17 Beta -0.001 + 720 * BETA(0.608, 0.949) 0.006762 

18 Beta -0.001 + 609 * BETA(0.531, 1.08) 0.007789 

19 Beta -0.001 + 362 * BETA(0.399, 1.73) 0.003106 

20 Beta -0.5 + 35 * BETA(0.26, 2.13) 0.003099 

 

The proposed agent-based model simulates the electricity demand of different 

types of households.  The electricity consumption patterns are modified according to the 

size of a family.  Table 9 shows percentages of different households based on the 

statistics of Tucson City by Arizona Statistics and Demographics (Social, Economic, and 

Housing Statistics Division Working Papers) in 2010.   

Table 9: Percentages of different family types in Tucson, Arizona 

Family Type Probability Size 

Families with Children 31.17% (2,6) 
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Married Couples 26.36% 2 

Female Householder 14.83% (2,4) 

Single Householder 21.45% 1 

Single Householder over 65 6.19% 1 

Total 100.00%  

 

5.1.3 Justification of Weights for Different Factors 

Because of the difference in human cognition, personality, or profile, the potential 

customers give different weights on the four factors (i.e. neighborhood factor, 

advertisement factor, income factor and payback period factor) mentioned in Section 4.1, 

when considering the purchase of a PV system.  Simulating the human adoption behavior 

based on these proposed four factors is one of the most challenging parts of our work.  In 

this study, we employ the fuzzy set theory to adjust the weights (  ) that contribute to the 

desire level of each family towards adoption.  In Jager’s paper, a survey was taken to rate 

the importance of considered aspects when adopting a PV system where the range of 

ratings is from 1 (unimportant) to 5 (very important) (Jager, 2006).  The results from this 

survey are shown in Table 10. 

 

Table 10: Importance of aspects in purchasing a PV system (Jager, 2006) 

Aspects being rated Average score 

1 The contribution to a better natural environment 4.22 

2 The grant on offer 4.21 

3 The central organization of the request for a grant 2.79 
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4 Independence from electricity supplier 2.49 

5 Discussion with other owners convinced me to adopt 2.32 

6 The buying of PV systems by acquaintances 2.07 

7 The technical support offered by the municipality 1.89 

 

 In our work, it is assumed that the importance of each factor (except the factor of 

household income) follows a triangular distribution between 1 and 5, where the mean 

value is the related average score.  The factor of neighborhood in our work relates to 

aspects (5) and (6) in Table 10, the factor of advertisement relates to aspects (1), (2), (3) 

and (7), and the factor of payback period relates to aspects (2) and (3).  For the factor of 

household income, the importance rating is based on the “demographic and attribute 

perception ratings” from the research of Labay and Kinnear (Labay & Kinnear, 1981).  

Based on their survey result, the financial risk has an average rating score of 3.9 on a 

scale from 1 (unimportant) to 7 (very important).  Relying on their survey results, we 

assume that the importance rating of household income follows a triangular distribution 

between 1 and 7, with the mean of 3.9.  By implementing the fuzzy set theory, we define 

the importance scores as the fuzzy set A, and the membership function  ( ) as the 

inflection point of the corresponding cumulative distribution function of each factor.  To 

satisfy the initial assumption ∑   
 
     , we normalize the weight of each factor that 

     ( ) ∑   ( ) 
   ⁄ .  The results are shown in Table 11 and Figure 17. 

 

Table 11: The PDF and membership functions 

 PDF m(x) Normalized Weight 
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Payback Period Triangular(1, 5, 3.5) 0.625 0.319 

Household Income Triangular(1, 7, 3.9) 0.483 0.247 

Advertisement Triangular(1, 5, 3.2) 0.55 0.281 

Neighborhood Triangular(1, 5, 2.2) 0.3 0.153 

 

 

Figure 17: CDFs of rates 

 

5.1.4 Justification of Threshold Values and Model Stability 

As mentioned in Section 4.1, a family’s willingness of installing a PV system in 

the proposed model is represented by an index called “desire level”, which is a function 

of the four factors affecting the purchase decision of customers.  The range of the values 

of desire level is between “0” and “1”, where “0” denotes the lowest level of willingness 
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and “1” denotes the highest level of willingness.  During the execution of the simulation, 

a threshold is used, via comparing with the family desire levels, to enable the adoption of 

PV systems by different families.  If a family’s desire level is greater than the threshold, 

the family will adopt a PV system.  Otherwise, the family will remain in the state of 

potential adopters.  Based on this decision making condition, identifying this threshold 

value to represent a real life case is a key challenge. 

In order to find a reasonable threshold, a series of experiments have been 

conducted based on different threshold values to analyze the adoption behaviors over 

time.  By collecting data from the experiment results, we intend to select the threshold 

value that best represents the real situation of customers’ reactions by comparing the 

annual growth rate of PV capacity (obtained from the simulation) with the PV power 

global historical data.  In this work, we have chosen 0.5 as the threshold value, and how 

the value was selected is discussed in the next paragraph. 
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Figure 18: Identification of a threshold value (0.5): (a) comparison between annual 

growth rates of PV with different threshold values with the global historical data; (b) 

adoption percentage corresponding to the threshold value of 0.5 

 

Figure 18(a) depicts how 0.5 was chosen as the threshold value by comparing 1) 

the annual growth rate with different threshold values in the simulation experiments and 

2) the global historical data (Global Market Outlook for Photovoltaics 2013-2017, 2013).  

The global historical data shows the annual PV capacity growth rate from year 2001 to 

2013.  By using the least square method, we choose 20 points during the process, one per 

year.  At each point, we collect the adoption percentage of every curve in this figure to 

perform the following calculation: 

 ∑(     )
 

  

   

 Eq. 31 

where    is the annual growth rate under a certain threshold value at year  , and    is the 

global annual growth rate at year  .  Table 12 shows the results from the least square 

method.  Among all the experiments, the minimum standard deviation value is achieved 
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when the threshold is 0.5.  And, Figure 18(b) depicts the average percentage of PV 

adoptions by setting the threshold value to be 0.5. 

 

Table 12: Results of least square method for selecting a threshold value 

 

Thresholds 

0.4 0.45 0.5 

Sum of Standard Deviation 4.187636 1.007955 0.630134 

 

To examine 1) the stability over time as well as 2) variability of the simulation model 

with randomness, we have run the simulation for 5 times.  Figure 19 shows the result of 5 

replications with the threshold, factor of ITC and factor of FiT equal to 0.5, 0.45 and 0.6, 

respectively.  To analyze the variability of the results obtained from 5 replications, four 

time points (years 6, 11, 16 and 21) are selected to calculate the confidence interval (CI).   

Table 13 shows the CIs and coefficient of variation (standard deviation/mean) for 

those four points.  As the simulation time increases, although the system does not 

converge by showing bigger CIs, the coefficient of variation (normalized measure of 

dispersion) decreases.  In other words, although the variability still exists, it is less 

important because of the bigger mean value. 
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Figure 19: Results of 5 replications with fixed values of incentives and threshold (0.5) 

 

Table 13: Confidence interval and coefficient of variation for four time points during the 

simulation 

Year Mean 

Standard 

Deviation 

Half width of 

CI 

Coefficient of 

Variation 

6 0.0078 0.0041 0.0036 0.5272 

11 0.0701 0.0112 0.0098 0.1595 

16 0.2016 0.0060 0.0053 0.0297 

21 0.2613 0.0112 0.0099 0.0430 

 

5.1.5 Experimental Results 

 This section provides experimental results on the considered PV adoption 

problem under various conditions.  All the experiments are based on 500 residential 

households that are classified as single person, working couples, and family with 5 

children.  When implementing the neighborhood factor, we have divided the households 
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into 10 neighborhoods with 50 household each.  Based on the discussion in Sections 5.1.3 

and 5.1.4, the weights of four factors used in the experiments are 0.319, 0.247, 0.281, and 

0.153, respectively, and the threshold value is 0.5.  In all the experiments, the simulation 

length was 252 months (21 years), where the first 12 months was used as the warm up 

period.  Also, for all the experiments, the incentive factors were assumed to remain 

unchanged during the simulation run (20 years).  While the factors are unchanged in our 

experiments, it is noted that our model is flexible to allow changes of the incentive 

factors during the simulation if necessary.  For the series of experiments with a fixed the 

value of ITC, we have compared the results by changing the values of FiT (i.e., 0.6, 0.5 

and 0.4).  In addition, for the series of experiments with a fixed value of FiT, we compare 

the results by changing the value of ITC (i.e., 0.45, 0.5 and 0.55).  The payback period 

also depends on the price of PV systems at the moment of purchasing.  In Solarbuzz 

Consultancy Reports (Module Price, 2012), the average PV price of the first six months 

of 2010 is reported as $4.243/watt.  The price in 2020 is expected to be reduced to about 

$1.5-2/watt.  In this study, the price of PV module is assumed to be $2/watt by the end of 

next ten years, and around $0.5/watt by the end of twenty years.  Other experimental 

parameters are determined according to the real condition of United States.  For example, 

according to a survey by Solar Electric Power Associator (SEPA) (Hossain, Taylor, & 

Shao, 2009), the targeted customers are mainly middle or upper level classes in terms of 

financial conditions, and the average household income for mid-high class in United 

States $62,000.  Therefore, the value of    in Eq. 9 is determined as $62,000 in our 

experiments. 
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 The policy makers want to manage the growth of renewable energy by adjusting 

the incentives.  The following results show how the PV systems are adopted over 20 

years with different values of ITC and FiT.  In the initial condition of the simulation, 

there is no PV system available in the considered residential area. 

 

 

Figure 20: Accumulative percentages of PV system adoption over 20 years under varying 

ITC and FiT values 

 

 Figure 20 shows the simulation results of PV system adoption process in the 

residential area over 20 years.  It is our intuition that higher values of ITC and FiT 

generate higher PV penetration in the residential area.  Our results in each of Figures 

Figure 20 (a), Figure 20 (b), and Figure 20 (c) agree with our intuition, where the values 

of FiT changes for a fixed ITC.  However, when we compare the percent of adoptions in 

Figure 20 (b) (with the ITC value of 0.5) and Figure 20 (c) (with the ITC value of 0.55) 

of the same FiT values, the final penetration levels by the end of year 20 are quite similar 

instead of being higher for the case with a higher ITC value.  This is more clearly shown 

in Figure 21.  The results in Figure 21 reveal that higher ITC values when fixing the 

value of FiT contribute to a little higher PV adoption percent in the first half of the 
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adoption process; however, changing the ITC value from 0.5 to 0.55 does not make much 

difference on PV penetration by the end of the 20 years. 

 

 

Figure 21: Comparison of PV adoptions with varying ITC values for cases with a fixed 

FiT value 

 

 While the results discussed in this section are based on a simulated population of 

500 households, the proposed agent-based model is highly flexible to be applicable to 

various other scenarios.  For instances, we can add more uncertainty to the number of 

households and the number of households in each neighborhood.  In addition, the 

immigration process can be also added, since 20 years is a long time period with a high 

possibility of population movement.  Moreover, the model can also be modified for 

different demographic conditions in different areas. 
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5.2 Scenarios and Experimental Analysis of Demand-side Management Problem 

with High Penetration of PHEVs 

As introduced in Section 2.2.2, demand-side management to the end users mainly 

relies on the implementation of DR programs.  DR programs can be distinguished as 

incentive-based programs and price-responsive methods.  The experimental results 

discussed in this section focus on two wildly adopted price-responsive methods: 1) Time-

of Use (TOU) and 2) Real-time Pricing (RTP).  To analyze the customer’s consumption 

behavior in response to the DR programs, this work concerns the scheduling of PHEV 

charging problem in residential areas, with the consideration of integrated PV generation 

systems at the household level. 

In the considered scenarios, we assume that a small PV system (if the customer 

has one) is always bonded with a battery storage system.  In addition, the battery capacity 

of PHEV considered in this study is 20 kWh, which is larger than the currently available 

ones (5 kWh) in production.  While a particular set of parameters are used in the 

experiments, it is noted that the proposed model is quite flexible for the analysis 

involving different levels of PHEV and PV penetrations and the capacities of storage and 

PHEV batteries.  The customers use normal charging strategy with outlets of 110V/15A.  

For those cases involving household PV generation system, it is assumed that the 

household will first use electricity generated from their PV system and save the extra one 

into the storage, if available.  If there is extra electricity available even after charging the 

storage, it will be sent to the grid for credits.  When the PV generation is not sufficient to 

supply the household consumption, the household will use the energy available in the 



132 

 

storage system first, and then from the grid.  In this section, the regular load refers to the 

load of the regular household consumption on appliances without including the energy 

consumed by PHEV charging. 

 

5.2.1 PHEV Charging Problem under TOU Program 

The results involving PHEV charging and/or PV generation shown in this section 

are based on the assumption that the PHEV and PV penetrations are 100%.  While this 

assumption is not realistic currently, our intent is to consider an extreme case (the case 

with a very high penetration), which is likely to be the case in the future.  Under the TOU 

policy, the price of energy is differentiated to three levels: the peak price, the shoulder 

price, and the off-peak price.  This policy encourages the customers to shift their energy 

consumption to off-peak hours.  According to historical data of Baltimore residential area 

(Historical Hourly Data, 2012), customers who join the TOU program have consumed 

much less energy even during the non-peak hours, compared with the load profile with a 

flat rate (see Figure 22).  Figure 22 displays the TOU price (black line), the load data for 

cases with (red line) and without (blue line) implementing the TOU program.  It can be 

observed from Figure 22 that implementation of the TOU program has moved the peak 

load one hour later and has reduced the peak load significantly, which indicates the 

households pay more attention on their energy consumption when they join the TOU 

program, so that their energy consuming habit has changed.  As the total demand is 

reduced, the household’s payment on electricity will also be reduced, which is beneficial 
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to the household.  On the other hand, this reduced peak load can be considered as the 

benefit to the utility company as well since it increases the reliability of electricity. 

 

 

Figure 22: TOU prices and residential loads for cases with a flat rate and TOU in 

Baltimore area 

 

5.2.1.1 Results from Customer Perspective 

5.2.1.1.1 Off-peak Customers 

In this case, customers with no preference refer to those who intend to charge 

their PHEVs only when the price is the lowest (off-peak hours).  We assume that the 

customers belonging to this category usually do not require much energy for their daily 

use of PHEV, so they can complete charging their PHEVs within the lowest price time 

period.  For each PHEV, our simulation sets an initial State of Charge (SOC) before 

charging and an expected SOC that the customer intends to reach after charging.  The 
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initial SOCs of simulated households follow the normal distribution with the mean of 

30% and the standard deviation of 2.5%, since the remaining SOCs of the PHEVs vary 

from customer to customer.  Similarly, the expected SOCs after charging are also 

assumed to follow a normal distribution with corresponding means (60%, 65%, 70%, 

75%, and 80%) and a standard deviation of 2.5%.  Figure 23 depicts the load profile in 

one day of 1000 households to accomplish different charging expectations.  It is observed 

that when the customers expect an 80% SOC after charging their PHEVs, the maximum 

residential load (3645 kW), which is caused by PHEV charging, exceeds the original 

peak load (3639 kW).  Table 14 shows the mean and standard deviation (STD) of the 

optimal start charging times for each case, as well as the average optimal daily electricity 

bill of one household.  The electricity bills in all the following tables in this section are 

shown in terms of 98% confidence intervals. 
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Figure 23: Residential load profiles (regular load and PHEV charging) for different levels 

of expected SOC under TOU pricing 

 

Table 14: Average start charging time and minimum daily cost for one household for 

different expected SOCs (cases considering TOU and PHEVs) 

Mean value of 

expected SOC 60% 65% 70% 75% 80% 

Mean of start 

charging time 0:30 0:00 23:00 23:00 23:15 

STD of start 

charging time 2.75 2.5 2.75 2.75 1 

Electricity bill ($) 
(7.184, 

7.201) 

(7.256, 

7.274) 

(7.338, 

7.356) 

(7.399, 

7.418) 

(7.519, 

7.532) 
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Figure 24 depicts the residential load profile with the integration of PV generation 

and storage system.  The household PV generation is calculated based on the system unit 

capacity, area of PV panels, converting rate (efficiency) and the solar radiation (Zhao, 

Mazhari, Celik, & Son, 2011).  As depicted in Figure 24, the distributed PV generation 

systems do not help reduce the peak load caused by charging PHEV.  This is because the 

PV generation is available during the day time only, when the PHEVs are not available to 

be charged.  On the other hand, it is observed that the peak of the regular load is reduced 

compared with the results in Figure 23, due to the supply from PV generation.  Table 15 

shows the mean and STD of optimal start charging times and average optimal daily cost 

of one household.  Comparing to the electricity bill in Table 14, the reduced cost of 

purchasing electricity from the grid is because of consuming PV generation. 
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Figure 24: Residential load profiles (combining regular load, PHEV charging, PV and 

storage) for different levels of expected SOC under TOU pricing 

 

Table 15: Average start charging time and minimum daily cost for one household based 

for different expected SOCs (cases considering TOU, PHEVs, PV and storage systems) 

Mean value of 

expected SOC 60% 65% 70% 75% 80% 

Mean of start 

charging time 23:45 23:15 0:15 23:15 23:00 

STD of start 

charging time 2.5 3 1.5 1.75 1.25 

Daily electricity 

bill ($) 

(3.103, 

3.136) 

(3.175, 

3.209) 

(3.255, 

3.288) 

(3.315, 

3.347) 

(3.440, 

3.470) 
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5.2.1.1.2. Customers with Preference 

Different from the off-peak customers, this section focuses on the customers with 

preference, who may charge their PHEVs even when the price is not at the lowest amount, 

believing that there are some benefits such as fully charging and finishing charging 

earlier.  Usually, customers belonging to this category require more charging power of 

PHEV, or more flexibility.  Therefore, the considered scenario in this section includes 

two different expected SOC levels, 80% and 100%.  The initial SOC of the PHEVs still 

follows a normal distribution with the mean of 30% and the standard deviation of 2.5%.  

As mentioned in Section 4.2.1, the customers’ levels of preferences (indicated by the 

values of   ) and the expected SOC for charging PHEV will affect the start charging time 

of PHEVs and the peak load.  Figure 25 depicts the results obtained for the case with a 

regular load and PHEV charging only. 

 

   

 (a) (b) 

Figure 25: The load profile (regular load and PHEV charging) of customers with different 

preferences and expected SOC 
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Table 16:  Optimal average start charging times and daily electricity bill for different 

conditions (cases considering TOU and PHEVs) 

Expected SOC 100% 80% 

Preference factor                                     

Mean of start 

charging time 20:30 20:45 19:30 21:45 20:15 19:30 

STD of start charging 

time 1.25 1.25 3 3 0.5 0.25 

Daily electricity bill 

(7.866, 

7.880) 

(7.850, 

7.965) 

(7.860, 

7.886) 

(7.513, 

7.536) 

(7.569, 

7.582) 

(7.580 

7.592) 

 

Figure 25 shows the residential load of two PHEV charging cases.  In the case of 

Figure 25 (a), the customers want to fully charge their PHEVs, while the customers in the 

case shown in Figure 25 (b) only expect to charge their PHEVs to 80% of the full 

capacity.  Both figures contain new peak loads around 21 O’clock caused by PHEV 

charging, because the customers start charging the PHEVs during the peak or shoulder 

hours based on their preference.  As mentioned in Section 4.2.1, the customers’ 

preference is related to parameter  .  The peak loads in both Figure 25 (a) and Figure 25 

(b) occur when      .  Regarding different expecting charging levels of the customers, 

the amount of energy consumed by charging PHEVs in Figure 25 (a) is more than that in 

Figure 25 (b).  However, the peak load in Figure 25 (b) is much higher than that in Figure 

25 (a).  Referring to the optimization results shown in Table 16, the mean values of the 

start charging time in both cases do not show much difference, but the standard deviation 
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of the start charging times in the case of Figure 25 (a) is much greater than that in the 

case shown in Figure 25 (a).  Such greater standard deviation means the times that the 

customers start charging their PHEVs are scattered rather than focused, which is good for 

the local grid to achieve a stable load profile.  The customers with preference are willing 

to pay more on PHEV charging to obtain convenience.  Charging the PHEVs to 80% of 

the battery capacity rather than 100% has already reduced the cost on PHEV charging, 

thus such customers may even prefer to charge their PHEVs early.  In that case, the peak 

load shown in Figure 25 (b) is even higher than that in Figure 25 (a).  We have similar 

findings in the conditions involving the PV generation and storage system illustrated in 

Figure 26 and Table 17.   

 

   

 (a) (b) 

Figure 26: The load profile (combining regular load, PHEV charging, PV and storage) of 

customers with different preferences and expected SOC 

 



141 

 

Table 17:  Optimal average start charging times, and daily electricity bill for different 

conditions (cases considering TOU, PHEVs, with PV and storage systems) 

Expected SOC 100% 80% 

Preference 

factor                                     

Mean of start 

charging time 
20:45 20:15 19:45 23:00 22:00 19:30 

STD of start 

charging time 
1 0.75 0.25 1.5 2.5 0.25 

Daily electricity 

bill 

(3.759, 

3.791) 

(3.779, 

3.810) 

(3.794, 

3.826) 

(3.425, 

3.457) 

(3.436, 

3.471) 

(3.482, 

3.514) 

 

Comparing Figure 26 with Figure 25, the supply from PV generation only helps to 

reduce the highest regular load, but not the peak load caused by PHEV charging.  The 

start charging times in Figure 26 (a) is more focused than those shown in Figure 25 (a), 

so the peak load is higher in Figure 26 (a).  This may be because the PV generation 

reduces customers’ electricity bills, which make customers with preference will to spend 

more on PHEV charging.   

 

5.2.1.2 Results from Utility Perspective 

The goal of this experiment is to find how the peak load of the simulated 

residential households will be affected by changing the starting times of three different 

prices (by the utility) under the TOU policy.  Therefore, the decision variables are the 

time points, and the objective function is to minimize the peak load (see Section 
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4.2.1.2.3).  In this experiment, only changing the starting times is considered, while the 

length of the durations is unchanged.  Therefore, the shape of the TOU price curve 

remains the same (see the TOU price (black line)) in Figure 27 (a) and Figure 27 (b) as an 

example, where the starting times of shoulder hours and peak hours are delayed by one 

hour).  The considered customers are the off-peak customers, who will only charge 

PHEV during off-peak hours.  In the cases shown in Figure 27 and Figure 15, the 

expected SOC after charging PHEVs is set to be 75%.  If customers’ expectation is to 

accomplish 80% SOC to finish charging, most of their requirements cannot be satisfied.  

This is because the time that customers leave home is still around 7 to 8 in the morning.  

For this constraint, one hour delay to begin the off-peak price (case of Figure 27 (b)) 

reduces the available charging time for the off-peak customers.  The results shown in 

Figure 27 indicate that by applying the TOU pricing in Figure 27 (b), the maximum load 

caused by PHEV charging is higher than that in Figure 27 (b), although neither reaches 

the peak of the original regular load.  The findings show that with the time constraint of 

customers’ leaving home, the current TOU pricing strategy is better than delaying the 

start time of off-peak prices.  Figure 28 indicate similar findings with the integration of 

PV generation and storage system.   
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 (a) (b) 

Figure 27: The load profiles (regular load plus PHEV) based on different TOU pricing 

schedules 

 

   

 (a) (b) 

Figure 28: The load profiles (combining regular load, PHEV, and PV generation and 

storage) based on different TOU pricing schedules 

 

When considering the customers with preference, the effect of shifting the time 

periods of TOU pricing strategy on the residential load is illustrated in Figure 29.  Figure 
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29 (a) shows the load involving regular electricity demand and the PHEV charging 

demand, while Figure 29 (b) shows the load including the PV generation and storage 

system.  In both experiments, the expected SOCs after the PHEV charging finished are 

set to be 80% of the battery capacity.  Under the new TOU strategy (indicated as TOU2), 

the overlapping time of the off-peak hours and the hours that PHEVs are available for 

charging is decreased.  In that case, if the customers still want to fully charge the PHEVs 

(100% SOC), the time for charging will not be much different from the condition under 

the original TOU strategy (indicated as TOU1).  Therefore the peak load will not change 

much, but the customers’ daily electricity bills will be increased.  Comparing the peak 

load in Figure 29 (a) and that in Figure 25 (b), the peak load has been significantly 

reduced, since the customers shift the PHEV charging time according to the new TOU 

strategy.  The peak load in Figure 29 (b) is based on the condition that    , which is 

slightly lower than that in Figure 25 (b).  Base on the above findings, the new TOU 

strategy seems better for the utility company to reduce the residential peak load.  

However, this is only effective when the customers’ expectations on charging PHEVs are 

not very high.  Additionally, the utility company also needs to consider the electricity 

price in the wholesale market that varies at different times.  In that case, the setup of a 

TOU strategy may require more comprehensive analysis and evaluation. 
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 (a) (b) 

Figure 29: The load profiles (combining regular load, PHEV, and PV generation and 

storage) based on different TOU pricing schedules 

 

5.2.2 PHEV Charging Problem under RTP Program 

 Currently, RTP programs are seldom applied to the electricity retail market for its 

requirements of 1) real-time information exchange and 2) the customers’ attention on the 

real-time electricity prices and consumption behaviors.  While applying a RTP program, 

the only controlling method from the utility side is the pricing design.  Therefore, careful 

evaluation of the RTP price design is necessary for effective management of the 

customers’ consumption behaviors.  Unlike the TOU programs, once a pricing plan is 

made, the customers can select their own responding strategies.  Under the RTP program, 

individual customers cannot generate a consumption plan to guarantee their benefits.  To 

resolve such a problem, the utility companies have to consider the uncertainties of 

customers’ consumption behaviors in a detailed level, as well as the aggregated load 

profile of a large area that determines the electricity prices.  This section focuses on 
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selecting an effective electricity pricing design based on the customers’ load profile.  In 

order to reduce the disturbance, the renewable energy generation systems are not 

considered for the problem in this section.  However, the proposed agent based model 

(see Section 3.2.1) has the capability of integrating various other electricity 

generation/consumption devices at the household level. 

 

5.2.2.1 Data Preparation 

To illustrate the proposed pricing design problem in this section, the residential 

consumers of electricity in Tucson, Arizona are considered.  The main input data for the 

experiments are the residential household electricity consumption.  Since the hourly 

electricity consumption data at the household level in Tucson is not available, the hourly 

loads for each month in this work has been constructed based on Tucson yearly electricity 

consumption by all the residential customers. (United States Securities and Exchange 

Commission, 2012), Arizona monthly electricity sales to residential customers (Electric 

Power Monthly, 2011-2013), and the historical hourly loads of a residential household 

from Southern California Edison (SCE) (Regulatory Information - SCE Load Profiles). 

 

Table 18: Percentage distribution of TEP energy sales by major customer classes in 2012 

Class Residential Non-mining Industrial Commercial Mining Others 

Percentage 41% 23% 21% 12% 3% 
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As mentioned in the 2012 annual report of the United States Securities and 

Exchange Commission, the number of TEP residential customers is 369,480.  And, in 

2012, the total TEP electricity sales to residential customers are 3,820,637 MWh.  Thus, 

we can obtain the average yearly electricity consumption by one residential customer (i.e. 

about 10.341 MWh).  Based on the Arizona monthly electricity sales to residential 

customers and the total Tucson residential electricity consumption of year 2012, we have 

generated the monthly residential consumption in Tucson, and the average daily 

electricity consumption of a household for each month (see Figure 30).  Then the hourly 

load profile from the San Diego area (data from SCE (Regulatory Information - SCE 

Load Profiles)) has been selected to mimic the load profile of the Tucson area as the 

latitudes of both cities are quite close, and both cities are in the southwest of the United 

States.  From Figure 30, the highest daily electricity consumption occurs in August, while 

the lowest daily consumption occurs in November and March.  The average daily 

consumptions from May to September are higher than those in other months.  Most utility 

companies in the United States apply two separate rate plans for winter and summer, 

respectively. May through September is a common “summer time” used by many utility 

companies such as TEP (TEP Rates and Tariff, 2013).  Figure 31 compares the average 

hourly loads of a household between summer and winter periods based on historical data 

of SCE. 
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Figure 30: Average daily electricity consumptions of a household in each month 

 

   

 (a) (b) 

Figure 31: Comparison of average hourly loads of a residential household between (a) 

summer months and (b) winter months in Southern California 
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To construct the average hourly load of a residential house in the Tucson area, we 

distribute the total electricity consumption by the residential area in Tucson 

proportionally to each hour of a day.  Figure 32 (a) shows the constructed average hourly 

load profile for a household in Tucson in January and August.  The load profile can 

reflect the electricity market price.  Figure 32 (b) shows the price pattern for the 

wholesale market based on real data (Power Smart Pricing).  The times of the peak loads 

and valley loads, and the trends of each month in Figure 32 (a) (based on our model) 

coincide with those in Figure 32 (b) (real data). 

 

   

 (a) (b) 

Figure 32: (a) The average hourly load of a residential household in Tucson area in 

January and August; (b) Average hourly electricity price patterns in the wholesale market 

(Power Smart Pricing) 

 

Besides the load data, the electricity retail prices are also analyzed to support the 

proposed model.  According to the latest data from Energy Information Administration, 
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the average residential electricity price of April 2013 in the state of Arizona is 11.74 

cents per kWh (Electric Power Monthly, 2011-2013).  Figure 33 (a) shows the average 

electricity price of each month to residential customers in the years 2011 and 2012 

(Electric Power Monthly, 2011-2013). 

 

 

 (a) (b) 

Figure 33: Historical and forecasted monthly electricity retail prices to residential 

customers in Arizona (a) and Mountain area (b) 

 

In Figure 33 (b), the solid lines depict the historical data, while the dashed lines 

depict  the forecasted price for the months of May, 2013 through December, 2014.  There 

is an increasing trend for the electricity prices in the entire United States.  For the case of 

Northwest of the U.S., the electricity demand is estimated to increase 1.4% per year from 

now till 2025, while the price of electricity is expected to increase 1.0% per year in 

addition to the general inflation (Sixth Northwest Conservation and Electric Power Plan, 

2010).  According to the 2013 Electric Reliability Council Planning (2013 ERCOT 
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Planning, Long-Term Hourly Peak Demand and Energy Forcast, 2012), the hourly peak 

demand in the Texas area will increase at an annual growth rate of 2% to 3% for the year 

2013 through 2016.  After 2017, the annual growth rate of the peak demand will slow 

down to around 1% through 2025.  

Considering the case with the state of Arizona, increase in the retail electricity 

price may be more significant in the next 10 years, due to the integration of renewable 

energy.  As well known, the southwest of the U.S., especially Arizona, has abundant solar 

energy.  In 2006, the Arizona Corporation Commission adopted the rule of Renewable 

Energy Standard Tariff (REST), which requires that at least 15% of the energy produced 

by Arizona regulated utilities has to be from renewable sources by the year 2025.  The 

State Tax Analysis Modeling Program (STAMP) estimated the effects of REST mandates 

based on the U.S. Energy Information Administration (EIA) projections and other 

academic literatures.  Their findings show that “Arizona’s electricity prices will rise by 

6% by 2025, within a range of 3.7% and 9.7%” (The Economic Impact of Arizona’s 

Renewable Energy Standard and Tariff, 2013).  This estimating report (The Economic 

Impact of Arizona’s Renewable Energy Standard and Tariff, 2013) provides three levels 

of results based on the analyses with different cost and capacity factors.  The results show 

that by the year 2025, the electricity price will increase 0.42, 0.68 or 1.09 cents per kWh 

(three different analysis results), compared with the price in 2013.  For the residential 

customers, an average household will spend 130 dollars more per year on the electricity 

in year 2025 than it does in 2013.  Totally, each household will pay an average of 850 

dollars per year (ranging from 520 to 1370 dollars) for the electricity over the periods of 
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2013 to 2025 (The Economic Impact of Arizona’s Renewable Energy Standard and Tariff, 

2013).  Such a growing trend in the retail prices of electricity is also considered in the 

proposed model.  The general increase in price is controlled by a constraint factor  . 

To match the RTP modeling with the real prices of today and the forecasted prices 

in the future, we have adjusted the valid value ranges for each factor in the proposed 

pricing function.  Compared with the above mentioned price data of the state of Arizona, 

the electricity prices of TEP are relatively lower.  Without any DR program, the TEP 

electricity rates during the summer are between $0.0913 and $0.1023, and the rates 

become between $0.0877 and $0.0967 during winter time.  For the customers joining the 

TOU program, the rates vary between different seasons (summer vs. winter) as well as 

between on-peak hours and off-peak hours.  The rates for the summer are $0.1175 (on-

peak) and $0.0785 (off-peak), and the rates for the winter are $0.0897 (on-peak) and 

$0.0689 (off-peak).  By applying RTP, the price range may be wilder than that of the real 

data, but we can try to control the weighted average unit cost within the customers’ 

acceptable range.  Figure 34 shows the RTP rates by the proposed model when setting 

                      .  The weighted average unit cost shown in Figure 34 is 

$0.0516 and $0.1107 per kWh for January and August, respectively.  By manipulating 

the values of the three factors in the pricing function, the RTP rates can be changed for 

the utility’s preference. 
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Figure 34: The rates of RTP in the proposed model by setting                    

    

 

5.2.2.2 Result Analysis 

The load factor is an important criterion and is generally accepted as the objective 

by the utility company.  The higher value of the load factor indicates a better load profile 

from the demand side.  Charging PHEVs at different time periods will lead to different 

load factors.  The values of load factors are also determined by the original household 

load profile without PHEV charging.  Therefore, clear understanding of the load factors 

is imperative in pricing design for load management.  Figure 35 shows the changes in the 

load factors and the load STDs based on different start charging times of PHEV in a 

simulated residential area of 50 households.  In this example, the PHEV penetration is 
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80%, and all the owners of PHEV choose quick charge method with a charging rate of 

3.3 kW. 

 

   

 (a) (b) 

Figure 35: Average residential load factors and load STD of January (a) and August (b) 

based on different start charging times of PHEVs in the residential area 

 

Figure 35 (a) shows the trend of load factors based on the load profile of January.  

The load factor increases as the start charging time is delayed, while the load STD 

decreases.  Figure 35 (b) shows the load factors based on the load profile of August.  

Generally, the load factors in August are higher than those in January, and the highest 

load factors occur when then customers start charging their PHEVs around 0:30 and 1:00. 

Table 19 shows the value ranges of the load factor as well as the load standard 

deviation (STD) for different cases concerned in this study.  For normal charge 

conditions, we have collected the data of these two indicators based on the mean values 

of the start charging time ranging between 19:00 and 22:00; while for quick charge 
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conditions, the data is collected based on the mean values of the start charging time 

ranging between 19:00 and 1:00.  For both charging conditions, the range of the STD of 

the start charging time is from 2 to 3.  Such data collection is based on a prerequisite that 

at least 90% of the simulated PHEV owners can finish their charging activities.  

Considering the uncertainties involved in the simulation model, such as the hourly 

demand of each household without PHEV charging and the energy levels left in the 

batteries when the PHEVs arrive home, we run the simulation for multiple replications 

and find the range of results shown in Table 19. 

 

Table 19: Ranges of the load factor and the load standard deviation in difference cases 

Penetratio

n 

Load Factor Load STD 

January August January August 

Norma

l Quick 

Norma

l Quick 

Norma

l Quick 

Norma

l Quick 

20% 

0.6615

-

0.7933 

0.5705

-

0.8036 

0.6803

-

0.7189 

0.6622

-

0.7203 

0.1551

-

0.2790 

0.1474

-

0.3795 

0.5161

-

0.6256 

0.5108

-

0.7032 

50% 

0.5806

-

0.8000 

0.4406

-

0.7861 

0.6651

-

0.7820 

0.5420

-

0.7889 

0.2497

-

0.4699 

0.2411

-

0.7134 

0.3752

-

0.6538 

0.3554

-

0.9083 

80% 

0.5688

-

0.7063 

0.3998

-

0.6995 

0.6614

-

0.8583 

0.5108

-

0.8516 

0.4211

-

0.6263 

0.4273

-

0.9547 

0.3390

-

0.7035 

0.2870

-

1.0827 
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The load STD is the standard deviation of the hourly load of a single household in 

the considered residential area.  According to the definitions, a higher load factor 

indicates a better residential load profile, while lower load STD values indicate a better 

residential load profile.  Generally, the load factor is higher and the load STD is lower for 

the cases with a low PHEV penetration (e.g., 20%) than those with a high PHEV 

penetration (e.g., 80%).  Comparing the winter (e.g., January) and the summer (e.g., 

August), the load factor is higher in the summer, when the regular electricity demand is 

high.  Such a difference between the load factors of January and August is bigger when 

the PHEV penetration is higher.  The findings indicate charging PHEVs is not always bad 

for the local grid in terms of load factor.  When there is big difference between the peak 

regular load and valley regular load, properly scheduled PHEV charging can balance the 

difference.  The quick charging method generates wilder ranges of load factors in both 

January and August for all three penetration levels (i.e., 20%, 50%, 80%), but the values 

of load factor are not always smaller than the normal charging results.  This means, no 

matter choosing the normal charge or quick charge from the customer side, a good 

quality of the residential grid, in term of the load factor, can be achieved by proper 

management.  Concerning the load STD, in most cases the normal charge is recognized 

as a better solution that generates a relatively lower load STD.  However, sometimes, the 

lower bound value of the STD values resulted from quick charge is smaller than that of 

normal charge (e.g., results in January with 20% PHEV penetration).     

From the customers’ perspective, customers’ cost on the electricity is mainly 

determined by the pricing function designed by the utility company and the PHEV 
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charging activity.  To provide a general idea about the customers’ electricity bill, Table 

20 shows the ranges of average unit price (dollar per kWh) that customers pay under 

difference conditions.  The data selection follows the same prerequisite as mentioned for 

Table 19, and includes all the values of pricing factors.  The simulation results shown in 

Table 20 are also based on multiple replications, considering the uncertainties. 

 

Table 20: Ranges of household electricity unit costs (dollars per kWh) for charging 

PHEV only and total consumption 

Penetration 

Average unit cost for total 

consumption (AUCTC)  

Average unit cost for PHEV 

charging (AUCPC) 

January August January August 

Normal Quick Normal Quick Normal Quick Normal Quick 

20% 

0.017-

0.116 

0.017-

0.132 

0.053-

0.380 

0.053-

0.404 

0.017-

0.139 

0.017-

0.211 

0.031-

0.290 

0.028-

0.445 

50% 

0.024-

0.195 

0.025-

0.248 

0.055-

0.445 

0.055-

0.516 

0.031-

0.259 

0.031-

0.423 

0.045-

0.449 

0.047-

0.699 

80% 

0.035-

0.198 

0.037-

0.403 

0.060-

0.523 

0.059-

0.689 

0.046-

0.273 

0.049-

0.652 

0.059-

0.583 

0.058-

1.057 

 

The average unit cost for total consumption (AUCTC) for a household is the total 

payment for electricity divided by the total amount of electricity consumption, and the 

average unit cost for PHEV charging (AUCPC) is the cost on PHEV charging divided by 

the amount of electricity consumed by charging a PHEV.  As the purpose of RTP is for 

the utility company to use a higher rate to avoid a high demand, the rates in August are 
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generally higher than those in January for a normal household.  Also, a higher PHEV 

penetration level yields a higher cost.  Comparing the AUCTC and AUCPC, the ranges of 

AUCPC is higher than those of AUCTC in January.  However, for August, the ranges of 

AUCPC are larger than those of AUCTC.  Such results imply a possibility that with some 

pricing design and PHEV charging scheduling, the PHEV charging will not increase the 

unit cost for electricity consumption.  The customers’ electricity cost under the RTP 

program is discussed in a detail considering the impacts of various conditions (e.g., 

PHEV penetration level, normal/quick charging strategy and seasonal changes on 

electricity demand). 

As mentioned in Chapter 1, the customers’ behavior on when to charge their 

PHEVs affects the load factor of the local residential grid, while the utility’s pricing 

policy may affect customers’ charging behavior.  Figure 36 and Figure 37 explain such 

interrelationship.  The results shown in Figure 36 and Figure 37 are based on the summer 

(August) condition that 1) the 80% of the residential customers have a PHEV, 2) all of 

them choose normal charge (charging rate is 1.8 kW), 3) by selecting the start charging 

time, it is guaranteed that 90% of the PHEV owners can finish the charging before using 

their PHEVs in the next morning.  For all the surface graphs, the light color indicates 

high average electricity unit cost, while dark color indicates low average electricity unit 

cost.  In the fitting graphs (see Figure 36 (b) and Figure 37(b)) the solid light blue lines 

are the fitting trend lines, and marked red and blue lines are the upper and lower bounds 

of the intersections from the surface graphs.  Every point in the coordinate of fitting 

graph represents a pair of values of   and      .  In Figure 36, the start charging time of a 
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PHEV follows a normal distribution with the mean of 19:00 and the standard deviation of 

2 hours.  In Figure 37, the start charging time of a PHEV also follows a normal 

distribution with the mean of 21:00 and the standard deviation of 2 hours.  In the 

experiment, the value of   in the pricing function (see Section 4.2.1.3, Eq. 23) is fixed to 

be 0.05, and we assume that the customers’ target AUCTC on the electricity consumption 

is $0.1±0.005.  Such a target AUCTC forms an intersecting range on the surfaces in 

Figure 36 (a) and Figure 37(a).  The discrete points in Figure 36 (b) and Figure 37 (b) are 

the combinations of   and       within this range.  

  

   

 (a) (b) 

Figure 36: (a) The surface graph of customers’ AUCTC on electricity and (b) the 

effective pricing design on factors   and       to push the customers to charge PHEVs 

around 19:00 to achieve a target cost of less than $0.1 per kWh on the electricity 

consumption  
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 (a) (b) 

Figure 37: (a) The surface graph of customers’ AUCTC on electricity and (b) the 

effective pricing design on factors   and       to push the customers to charge PHEVs 

around 21:00 to achieve a target cost of less than $0.1 per kWh on the electricity 

consumption 

 

If the load factor is acceptable to the utility company with the customers starting 

to charge their PHEVs around 19:00, the utility company can choose any pair of values of 

  and       that falls below the quadratic trend line of Figure 36 (b).  However, if the 

load factor is not acceptable in the case considered in Figure 36 and the utility company 

intends to manage the customers’ start charging time to be around 21:00, the pricing 

function need to be adjusted by changing the values of   and       according to the 

quadratic trend line shown in Figure 37 (b).  For instance, a point corresponding to 

     =1.6 and  =1.5 is a good setting for the case considered in Figure 37, but not for the 

case considered in Figure 36.  Therefore, the utility company can increase the load factor 
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and delay the PHEV charging time from 19:00 to 21:00 by setting the       to be 1.6 kW 

and   to be 1.5, if the customers are willing to pay for the electricity no more than $0.11. 

Many conditions can affect the residential load profile, which may end up 

affecting the electricity prices.  In the considered problem, we mainly concern the impact 

three aspects: 1) the PHEV penetration levels, 2) the seasonal changing load profile and 

3) different PHEV charging methods.  The penetration level of PHEVs directly changes 

the amount of flexible load that can be managed to avoid a high peak load.  Concerning 

the regular load, it can be quite different between the winter and the summer, and most 

utility companies provide a seasonal pricing plan to the customers.  In addition, choosing 

a different charging method (normal charge vs. quick charge) makes a significant 

difference on the required charging time and charging power, which may affect the 

pricing design substantially.  In the following sections, the results will be discussed with 

regard to these three aspects. 

 

5.2.2.2.1 Different PHEV penetration levels: 20%, 50%, 80% 

As more PHEV are available, the impact of PHEV charging on the local 

electricity grid will be higher.  The proposed simulation-based model can help the utility 

companies evaluate their pricing policies for different PHEV penetration levels; also, it 

can provide recommendations to the PHEV owners on their charging activity.  In this 

section, we analyze the impact of different PHEV penetration levels on the pricing policy 

design based on a summer load profile, assuming that all the PHEV owners select the 

normal charge strategy.  Figure 38 shows the average load factor and load STD resulted 
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from different PHEV penetration levels and different start charging times by the 

customers.  For the case of 20% penetration, no matter when the owners start charging 

their PHEVs, the load factors do not change much.  For the case of 50% penetration, the 

load factor increases till 21:00.  Whether the customers start charging their PHEVs 

around 21:00 or 21:30 does not make a big difference on the load factor.  For the case of 

80% penetration, the almost linear increasing trend of the load factor suggests that the 

later charging of PHEVs is started, the better the load factor can be achieved. 

 

   

 (a) (b) 

Figure 38: (a) The average load factor and (b) load STD for different PHEV start 

charging times for three levels of PHEV penetration 

 

Then we assume that an acceptable electricity price for charging PHEVs at home 

is around $0.1 with a tolerance of ±$0.005.  As an example, Figure 39(a) shows the 

surface graph of AUCTC of electricity, and Figure 39 (b) shows an appropriate pricing 
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design for acceptable prices, when the PHEV penetration is 20%, the constraint factor   

is set to be 0.05, and the owners start charging their PHEVs around 11:30. 

 

   

 (a) (b) 

Figure 39: (a) The surface graph of AUCTC and (b) effective pricing design on factors   

and       to encourage PHEV charging starts around 21:30, with 20% PHEV penetration 

and   = 0.05 

 

Based on the results in Figure 38, when the PHEV penetration reaches 50% and 

80%, delaying the start charging time of PHEVs from 20:30 to 21:30 will increase the 

load factor and decrease the load STD.  For the case of 20% PHEV penetration, although 

the load factor does not show much difference, the load STD decreases.  In that case, to 

start charging PHEVs later should be recommended from the utility’s perspective.  Then 

how the utility can make the customers start charging PHEVs later by adjusting the 

pricing parameters?  Figure 40 explains the appropriate values of factors in the pricing 

function for all three penetration levels.  In Figures 40 (a), (b) and (c), the dashed blue 
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lines are the fitting trend lines, when the PHEV owners start charging around 20:30, and 

the solid red lines are the fitting trend lines, when the PHEV owners start charging 

around 21:30.  Every point in the coordinate represents a pair of values of   and      .  

Any points above the trend line are considered not effective to control the residential 

PHEV charging activity, because the customers have to pay a higher price for electricity 

consumption than what they have expected ($0.1±0.005).  Figure 40 (d) compares the 

bounded values of   and      for an effective pricing design to encourage PHEV 

charging activities to start around 21:30 under three penetration conditions.  Given 

        ⁄  to describe the relationship between       and  , the value of   should be 

larger for a proper RTP design, if the PHEV penetration level increases. 

 

   

 (a) (b) 
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 (c) (d) 

Figure 40: Bounding points and trend lines for an appropriate pricing design on   and 

      for different PHEV penetration levels 

 

Figure 41 shows another example by setting the pricing constraint factor ( ) to be 

0.08.  This condition allows us to consider the pricing design when the general electricity 

price is higher.   

 

   

 (a) (b) 
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Figure 41: (a) The surface graph of AUCTC and (b) an effective pricing design on   and 

      to encourage PHEV charging starts around 21:30, with 20% PHEV penetration and 

  = 0.08 

 

5.2.2.2.2 Different Seasons of the Year  

The residential load profiles changes in different seasons even without 

considering the impact of the PHEVs penetration and their charging activities.  In the 

normal condition, the electricity consumption in summer is much higher than that in 

winter, which results in a smaller load factor during the summer.  Based on the historical 

data of load profiles used for the simulation, the load factors for January and August are 

approximately 0.705 and 0.662, respectively.  The peak load in August can reach 3.5 kW, 

which is more than twice of the peak load in January.  However, when considering the 

impact from PHEV charging in the residential area, the resultant load factors are quite 

different from those based on the original load profile.  Figure 42 depicts the load factors 

and load STDs affected by different PHEV start charging time in January and August.  

Results shown in Figure 42 are based on the scenario of 80% PHEV penetration and the 

normal charge for each individual PHEV with a charging rate of 1.8 kW.  After 

considering the PHEV charging, the load factor in August becomes larger than that in 

January.  Although a larger load factor indicates a more stable distribution network, a 

higher capacity of electricity supply required in August is also stressful to the utility side.   
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 (a) (b) 

Figure 42: (a) The load factors and (b) the load STDs in January and August based on the 

different PHEV start charging times in the residential area 

 

Since the hourly demand of electricity in the summer is much higher than that in 

the winter, utility companies usually set a higher electricity price in summer, which has 

nothing to do with the DR program and the pricing policy.  To this end, it is reasonable to 

assume that the customers are expected to accept a higher electricity price during the 

summer time.  The discussion in this section is based on the loads of January and August 

by differentiating the customers’ acceptable AUCTC in different seasons.  Additional 

assumptions are 1) 80% PHEV penetration, 2) normal charge applied to all PHEVs, and 

3) the constraint factor   in the pricing function is 0.05 (see Section 4.2.1.3, Eq. 23).  

Figure 43 shows the surface graph of AUCTC and the intersecting points projected on the 

coordinate of   and          . 
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 (a) (b) 

Figure 43: (a) AUCTC surface graph and (b) its intersecting points with surface 

0.1±0.005 for effective pricing design in January when   = 0.08 

 

Figure 44 compares effective RTP designs based on the relation between   and 

      in different seasons.  Similarly to Figure 40, the trend lines are the bounds for 

effective values of   and      for the pricing design.  Any point representing a pair of 

values for   and       below the trend line is considered as an effective pricing design.  

In Figure 44 (a), we assume the customers acceptable AUCTC is $0.1±0.005, while in 

Figure 44 (b), we assume the customers acceptable AUCTC is $0.12±0.005.  The solid 

red lines are the bounds for pricing design to make customers start charging their PHEVs 

after 20:30, while the dashed blue lines are the bounds for pricing design to make the 

PHEV charging start after 21:30.  Let   be the first order derivative of the trend line with 

respect to the load factor.  The value of   in Figure 44 (a) is larger than that in Figure 44 

(b), which explains the difference on the pricing design between the winter and the 

summer. 
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 (a) (b) 

Figure 44: The bounding points and their trend lines for effective pricing design:  (a) 

winter and (b) summer 

 

5.2.2.2.3. Two PHEV Charging Strategies 

As mentioned before, there are two most commonly used PHEV charging 

strategies at home.  The normal charge applies a charging rate of 1.8 kW, and the quick 

charge applies a charging rate of 3.3 kW.  Selecting the normal charge method implies a 

longer charging time for the PHEV owners, while implementing the quick charge 

involves a higher risk on generating an extremely high peak load in the residential area.  

Figure 45 shows the load factors and load STDs of the residential area considering 

different charging strategies as well as different start charging times of PHEVs.  The 

results are based on the normal residential load profile of August and the PHEV 

penetration level of 80%.  And, the pricing constraint factor   is set to be 0.05. 
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 (a) (b) 

Figure 45: The load factors and load STDs under normal and quick charging strategies 

 

Since the normal charge requires a longer charging time, the owners cannot start 

charging the PHEVs too late, in order to fully charge the PHEVs before their use in the 

next day.  On the other hand, the quick charge enables a more flexible charging time for 

the customers.  Figure 45 compares the different impact of two charging strategies on the 

local grid. 

We use the same method of drawing the surface graph of AUCTC to analyze the 

RTP design.  By setting the customer acceptable AUCTC to be $0.1±0.005, the results 

explicitly indicate that even selecting the quick charge strategy does not result in a higher 

AUCTC all the time.  Figure 46 compares the pricing strategy for the normal charge and 

the quick charge.  In the experiments, all the PHEV owners in the simulated residential 

area are assumed to choose the same charging strategy, either normal charge or quick 

charge. 



171 

 

 

   

 (a) (b) 

   

 (c) (d)  

Figure 46: Pricing design for implementing normal charge or quick charge 

 

Figure 46 (a) shows how the bound values of   and       change under normal 

charge by delaying the owners’ start charging time from 20:30 to 21:30; Figure 46 (b) 

shows such changes under the quick charge conditions.  Since the quick charge allows 

the owners to start charging late at night, Figure 46 (c) shows the changes under the quick 

charge by delaying the owners’ start charging time from midnight to 1:00.  The changes 
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of the bound lines are very small, which means the customers’ AUCTCs are almost the 

same regardless of different start charging times PHEV (midnight or 1:00).  However, 

from the results shown in Figure 45, the quality of the distribution network can still be 

improved by such delay with one hour in starting charging PHEVs.  To this point, the 

difference in prices based on the design of RTP cannot provide further incentive to let the 

customers delay their charging time by one hour.  Comparing Figure 46 (c) and Figure 46 

(a), the bound lines in Figure 46 (c) are quite similar to the solid red bound line in Figure 

46 (a).  Such results indicate that without changing the pricing policies from the utility 

side, the customers’ AUCTC can be the same between choosing the normal charge or the 

quick charge.  To achieve such a positive result, the only thing that needs to be done by 

the customers is to delay the start charging times of their PHEVs till midnight. 

 

5.3 Analysis of Results based on Social Network for Agent Interactions 

 A social network structure and its evolution provide a medium to represent agent 

interactions.  As mentioned before, this dissertation research focuses on two social 

network architectures: 1) small-word network and 2) scale-free network.  Modeling of 

these two networks has been described in Section 4.3.1.  Based on different values of the 

controlling parameters, the social network results in different structures.  Figures 47 and 

49 depict sample social networks with different structures. 

 Figure 47 shows the evolution of a small-world network with 50 vertices.  

Initially, by constructing a regular network, each vertex is connected to 4 closest vertices, 

and the re-wiring process is accomplished with the probability of 0.3.  Figure 47 (a) is an 
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initialized small-world network.  The triadic closure evolution process is based on 

discrete events.  When an evolving event is triggered, new edges are generated between 

two separated vertices based on Eq. 27 with the probability       , where        , 

      and   is the number of common neighbors of the two vertices.  Figure 47 (b) and 

(c) are the networks after the tenth and twentieth evolving events are triggered, 

respectively.   

 

    

 (a) (b) (c) 

Figure 47: Evolution of a small-world network by triadic closure 
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Figure 48: Changes in the network degree distribution during the evolution 

 

Figure 48 shows the degree distributions corresponding to each state during the 

network evolution process shown in Figure 47.  Initially, the largest degree is 5.  As the 

network evolves, the largest degree in the network increases to 11, and the maximum 

number of vertices for all the degrees decreases. 

Figure 49 and Figure 50 show another example of a scale-free network.  The 

scale-free network also contains 50 vertices, which starts from 5 separated vertices.  For 

each step during the construction, one vertex is added by connecting to 2 existing vertices 

with the probability   
  

∑    
  as explained in Section 4.3.1.1.  Figure 49 (a) shows the 

initially constructed scale-free network.  Based on that, the network evolves with triadic 

closure.  Figure 50 depicts the degree distributions with respect to the evolving status in 

Figure 49.  As the network evolves, the degree that the largest numbers of vertices hold 

increases from 2 to 5.  Comparing to Figure 48, the degree distributions in Figure 50 have 
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“fat tails” that is the characteristic of a scale-free network.  Such distribution is referred to 

as power law distribution.  Based on the experiments, it was found that the network 

evolution based on triadic closure does not change the original property of a scale-free 

network. 

 

    

 (a) (b) (c) 

Figure 49: Evolution of a scale-free network by triadic closure 

 

 

Figure 50: Changes in the network degree distribution during the evolution 
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The following experimental results in this section will demonstrate how the agent 

interactions based on a social network and its evolution will affect the simulation output.  

In these experiments, the social network is integrated into both problems addressed in 

Section 5.1 and Section 5.2, respectively.  For the problem of controlling PV system 

adoption process (see Section 5.1), the neighborhood effect will be replaced by the social 

network effect.  In the original demand-side management problem with PHEV charging 

(see Section 5.2), the customers make decisions independently.  With the integration of a 

social network, the customers’ consumption behaviors are mutually affected by each 

other because of the connections constructed by a specific social network structure.  

Below, the results obtained from the model integrated with the social network analysis 

will be compared with those obtained by the original models. 

 

5.3.1 Impact of Social Network-based Interaction on PV System Adoption Process 

 The results on the PV adoption shown in this section are based on the modified 

experiment, where the neighborhood factor has been replaced by a social network factor.  

In the results discussed in Section 5.1.5, every neighborhood has 30 to 40 households, 

which forms the boundary of word-of-mouth effect in the product diffusion process.  By 

using the social network interactions in this section, such as constraint has been 

eliminated.  As the proposed social network models focus on analyzing the network 

evolution with a fixed number of vertices, the results in this section are based on a fixed 

number of 500 residential households.  In this section, the factor formulated in Eq. 28 is 

replaced by the following equation: 
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Eq. 32 

          indicates the size of the virtual neighborhood of a residential customer, and 

          
   indicates the number of solar system adopters in the neighborhood.  In that 

case, every neighbor in the social network has the same weight on affecting the 

considered customer’s decision.  As mentioned in Section 4.3.1.2, the social network 

evolution process is based on the work discussed in Chapter 6.  During the 20 years (i.e. 

simulation length), the social network is updated 20 times, each of which corresponds to 

a triggering event for network evolution.  Based on the experimental scenarios considered 

in this section, we have assumed the evolution event happens every one year.  However, 

it is noted that the discussions that will be provided in Chapter 6 do not involve the effect 

of time dimension on the formation of triadic closure.  Therefore, in the formulation of 

Eq. 27, we introduced two parameters   and  , whose values can be adjusted for various 

conditions determined by different frequencies of evolution events.  In order to 

incorporate an appropriate time dimension into the network evolution process, more 

successive data collections and analysis with regular time periods (see Chapter 6) will be 

necessary.  However, this is left as a future research work. 

 

5.3.1.1 Results based on a Small-world Network 

Based on the social network modeling in Section 4.3.1, the structure of a small-

world network and its evolution process are mainly determined by three parameters: 1) 

the initial probability    to generate a regular network and 2) the controlling parameters 
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  and   for the triadic closure formation.  The structure of the network determines the 

connections or communications among the simulated households.  According to Eq. 25, 

all the experiments conducted in this section are based on small-word networks that can 

be expressed as follows: 

   {(   )|             } Eq. 33 

 

Figure 51 shows an exemplary PV adoption process based on the interactions in a 

small-world network with                       .  Generally, the final PV 

penetration levels in the simulated residential area are higher with larger incentive values 

(ITC and FiT), but the changes are very small.    We also found that the results are quite 

similar with different values of   and  .  Therefore, we have picked the results with ITC 

= 0.45 for a detailed analysis.   

 

 

Figure 51: Residential PV adoptions based on the evolution of a small-world network 

with                        

 

 Figure 52 shows the experimental results by only changing the parameters for the 

evolution of the social network.  The final PV penetration levels by the end of 20 years’ 
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simulation do not show much difference.  Since all the other settings for the experiments 

whose results are summarized in Figures Figure 52 (a), Figure 52 (b) and Figure 52 (c) 

are the same; we look into the factor of social network interaction.  In the simulated 500 

household agents, we have randomly selected 50 households to check the effects of social 

network interactions.  Such an effect is represented by the values of the social network 

factor (see Eq. 32) through the network evolving process.  The results are shown in 

Figure 53.   

 

 

 (a) (b) (c) 

Figure 52: Residential PV adoptions with same renewable incentives based on the 

interactions in a small-world social network with three different evolving processes: (a) 

                      , (b)                       , (c)          
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 (a) (b) (c) 

Figure 53: The average and maximum values of the factor of social network through 

three different network evolving processes: (a)                       , (b) 

                      , (c)                      

 

 Although larger values of   and   indicate a larger probability of generating new 

connections, it does not result in larger values of the factor of social network.  Figure 53 

illustrates the maximum and average factor of social network through the network 

evolution under difference conditions.  The plots in Figure 53 (a) show the results with 

the least probability for new connections in the three cases, but the maximum and 

average values of the factor are not smaller than those for the other two cases.  Actually, 

the results are very irregular, because the method of forming a new link is independent of 

the type of nodes that become the two sides of the link.  For a specific household, a new 

link in the network can connect itself to any household with or without an installed PV 

system.  Based on the definition of Eq. 32, such a new connection can contribute to either 

numerator (          
  ) or denominator (         ).   
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5.3.1.2 Results based on a Scale-free Network 

 In the proposed model, the structure of a scale-free network is mainly 

characterized by the number of connections ( ) to the existing vertices when adding each 

new vertex during the construction process, and the parameters of   and   during the 

evolution process.  In this section, we examine the PV adoption process by embedding 

the household customers into scale-free social networks.  By changing the values of the 

above parameters, the analysis focuses on 1) the PV systems penetration condition in the 

residential area and 2) the effect of scale-free-network based interactions on the 

customers’ adoption behaviors.  The scale-free networks for the experiments in this 

section are constructed with 5 initially separated vertices.  Based on Eq. 26, the initial 

scale-free network can be formulated as: 

     {(   )|               } Eq. 34 

 

 Similar to the results obtained for the case of a small-world network, the results 

do not show much difference by applying larger or smaller values of the probability of 

forming new connections to the network evolving process.  Figure 54 and Figure 55 

compare the PV adoption processes based on different network evolving processes.  

Larger values of   and   indicate a larger probability of linking two separated vertices in 

each network evolving event.  However, the value of   (the number of connections to the 

existing vertices, when adding one new vertex to the network) for the construction of an 

initial scale-free network, other than values of   and  , does affect more on the final PV 

adoption percentage.  
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 (a) (b) (c) 

Figure 54: Residential PV adoptions based on the evolution of a small-world network 

with                     

 

 

 (a) (b) (c) 

Figure 55: Residential PV adoptions based on the evolution of a small-world network 

with                   
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 (a) (b) (c) 

Figure 56: Residential PV adoptions based on the evolution of a small-world network 

with                     

 

 While Figure 54 and Figure 55 show the results with    , Figure 56 shows the 

results with    .  The final PV adoption percentages in Figure 56 are higher than those 

in Figure 54 and Figure 55, especially when the value of ITC is larger.  This can also be 

explained by the network construction process and the definition of the factor of social 

network (Eq. 32).  By applying a small value of  , the initial connections for each vertex 

before the evolving process is reduced.  Such reduction in initial connections contributes 

to a small value of neighbors in the social network (         ), which is the denominator 

in the factor of social network.  Then during the evolving process, selecting the existing 

vertices for connections is independent of the type of vertices, so there is no preference in 

increasing the value of           or the value of           
  .  The explanation can also be 

verified by the values of factor of social network through the network evolving process.  

Figure 57 compares the factors of social network in different conditions.  The results are 

based on fixed values of ITC (0.45) and FiT (0.6).  With smaller value of     (Figure 
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57 (b)), the average value of factor of social network is obviously larger than that with 

    (Figure 57 (a)). 

 

   

 (a) (b) 

Figure 57: The average and maximum values of the factor of social network in two 

different scale-free networks: (a) 3 connections for adding each new vertex (   ); (b) 2 

connections for adding each new vertex (   ) 

 

5.3.2 Impact of Social Network-based Interactions on Customer Electricity 

Consumption Preference 

 The discussion in this section is corresponding to the problems of demand-side 

management with PHEV charging scheduling.  In the original problem (see Section 5.2), 

residential customers are categorized as “off-peak customers” and “customers with 

preference”, which reflects the customers’ preferences between lower electricity bill 

versus higher convenience in electricity consumption.  The customers’ consumption 

preferences are modeled based on a preference factor  , where the value of   of each 

customer is independent from those of others.  However, this is not the case in a real life.  
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People’s view and attitude toward certain products or events tend to be affected by their 

acquaintances.  To incorporate this realism, the social network-based agent interactions 

have been integrated to the proposed model.  The analysis in this section does not 

separate the two categories of customers (“off-peak customers” and “customers with 

preference”) in different experiments, but consider the simulated residential area as a 

whole including both of them.  The customers’ consuming preference is differentiated by 

the preference factor.  When    , it means the specific customer is an “off-peak” 

customer who will only charge the PHEVs during off-peak hours. 

Based on the optimization results in Section 5.2.1, we define four different 

customers in electricity consuming behavior with different values of   (i.e., 0, 0.1, 0.2, 

0.3).  The optimal starting time of charging PHEVs for each type of customers 

(households) is given from the optimization results in Section 5.2.1.  At the beginning of 

the simulation, each type of customers occupy one fourth of the total 500 simulated 

residential households.  The households relations are embedded into different structures 

of small-world and scale-free networks.  As the network evolves over time, the customers 

will change their preference factors according to the majority of their neighbors’ 

preference value.  For instance, suppose a customer is connected to   other customers, 

among which    customers hold a preference factor value of   .  If    is more than the 

number of any other types of customers, the considered customer’s preference factor will 

become    for the next time period.  This is called “following the crowd”.  Whenever 

there is a tie, the customer will choose the smaller value of  , which indicate a choice of 
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willing to pay less.  The social network evolution is based on a discrete event.  The whole 

simulation is consisted of 20 evolution events. 

 

5.3.2.1 Results based on a Small-world Network 

 The results discussed in this section are based on same structures as discussed in 

Section 5.3.1.  For all three small-world network structures considered in the experiment, 

the results indicate that the PHEV charging times of the whole simulated residential area 

are moving toward the mid-night along with the evolution of the social network.  Figure 

58 shows the results with a network structure setting of                       as 

an example.  While the electricity consumed for charging PHEVs shift to the mid-night, 

the time of peak load is still around 0:30 to 0:45 in the morning. 

 

 

Figure 58: Residential load profile with PHEV charging based on the evolution of a 

small-world network with                       
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 Figure 59 shows the changing trend of peak load during the network evolving 

process, with different values of   and    that control the evolving speed of the network.  

It shows clear decreasing trends in all the four network evolving processes, although the 

reduced amount is small.   

 

   

 (a) (b) 

   

 (c) (d) 

Figure 59: The decreasing trend of peak loads along with the social network evolution in 

four different structures, (a)                       , (b)          

            , (c)                       , (d)                      
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 In order to examine the impact of social network interactions on customers’ 

consumption preference factors, we have randomly picked 50 simulated household agents 

out of 500 to observe the changes of the   values.  Figure 60 takes two cases of the above 

four evolving processes as examples to show the changing trends of   values in the 

selected 50 households.  In both cases (Figure 60 (a) and Figure 60 (b)), only the agents 

whose   values are 0 are increasing.   By the end of the 20 evolving events, all the 50 

agents’   values become 0 in Figure 60 (a), but not in Figure 60 (b).  Comparing Figure 

60 (a) and Figure 60 (b), larger values of   and   (see Figure 60 (b)), which indicates a 

higher probability to form a link between two unconnected customers, result in a lower 

speed in changing the   values to 0.  This is because with higher probabilities to connect 

with strangers, one household tends to receive more diversified information from the 

social network.  Therefore, the converting process takes a longer time.  The reason why 

all the customers’   values convert to 0 is because the social network tends to enlarge the 

small advantages.  The advantage of households with   value of 0 is set up by a tie-

breaking rule in the case of a tie (see the beginning of Section 5.3.2).  Whenever there are 

same largest numbers of connected agents having different   values, the considered agent 

will choose to follow a lower   value. 
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 (a) (b) 

Figure 60: Changes in the customers’ preference factors through the social network 

evolving process with (a)                       , (b)                 

        

 

 To verify the assertion for the ability to enlarge small advantages in an evolving 

social network, we reran the experiments by changing the rule for breaking a tie.  

Whenever there is a tie, the household will have a half chance to choose either   value.  

Figure 61 shows how the values of   change during the evolving process as an example.  

Figure 62 shows the corresponding trend on peak load increase during the network 

evolving process.  The network construction and evolution processes are exactly same as 

the results shown in Figure 60 (a), but the preference factor of 0.3 becomes dominant in 

the simulated residential area in this experiment.  In fact, the final results depend on the 

initial distribution of the customers’ preferences and the customers’ connecting status in 

the network.   
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Figure 61: Changes in the customers’ preference factors ( ) through the social network 

evolving process by reducing the advantage of small valued   

 

 

Figure 62: An example of the changing trend of peak loads along with the social network 

evolution by removing the advantage of having a small valued   
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5.3.2.2 Results based on a Scale-free Network 

 By embedding the simulated agents into a scale-free network, the residential 

load’s changing trend along the network evolution is similar to the results obtained from 

a small-world network.  The scale-free network structures discussed in this section are 

constructed with 5 initial vertices.  In addition, we keep the advantages of the small 

valued preference factor ( ).  Comparing to the results in Figure 58, the shifting of PHEV 

charging time toward the mid-night is faster in a scale-free network (see Figure 63).  By 

the time of the 5
th

 network evolving event, the load profile is almost the same as that by 

the end of the 19
th

 network evolving event.  In terms of the peak load, the results obtained 

from the scale-free network do not show an obvious increasing or decreasing trend during 

the evolving process (see Figure 64).  Based on the observation of the changes in the 

preference factor ( ), it was found that the effect of enlarging small advantages in a scale-

free network is more significant than that in a small-world network.  Figure 65 shows that 

after 6 evolving events, the values of   in the selected 50 agents become stable.  Since the 

preference factors do not change, the customers’ consuming behaviors of the simulated 

residential area do not change.  Therefore, the peak load does not reveal a changing trend 

for the rest simulation time.   
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Figure 63: Residential load profile with PHEV charging based on the evolution of a 

scale-free network with                     

 

   

 (a) (b)  

Figure 64: Changes of peak load during the network evolving process with different 

structures, (a)                    ; (b)                     
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 For the impact of social network interaction on customers’ preference factors, 

similar results as the small-world network case have been found based on the 

examinations from 50 randomly selected customers.  Figure 65 shows the trend of 

preference factors converting to 0 along the network evolution.  Such changes in the 

values of preference factors are faster than for the case of a small-world network.  This 

conforms to the shifting in the load profile (see Figure 63) and the comparison between 

the load profile shifting between the two types of networks. 

 

   

 (a) (b) 

Figure 65: Changes in the customers’ preference factors through the social network 

evolving process with (a)                    , (b)               
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5.3.3 Impact of Social Network-based Agent Interactions on Demand-side 

Management with Real-time Pricing 

 The discussions provided in Section 5.2.2 on the RTP pricing design were based 

on the generalization from extensive experiments and data analysis based on Design of 

Experiments (DOE) method.  The conditions were defined based on 1) the penetration 

level of PHEVs, 2) the seasonal changes of the residential load profile, and 3) the normal 

or quick charging strategy for the PHEVs.  However, to analyze the impact of the social 

network-based agent interactions on the RTP pricing design, the discussion in this section 

focuses on one specific condition.  In order to guarantee the effectiveness of the agent 

interaction on PHEV charging, this study assumes the PHEV penetration in the 

considered residential households is 100%.  In addition, all the customers are assumed to 

select the normal strategy for PHEV charging, and the regular residential load is based on 

the load profile in summer.  The number of households considered in the experiment is 

500. 

 As social network interactions are considered, each customer’s charging behavior 

is not independent, and is affected by their neighbors in the social network.  As 

mentioned in Section 4.3.2, the network-based interaction will affect the customers’ 

acceptance in the electricity price.  With such a difference, the customers will choose a 

different starting time to charge their PHEVs.  To analyze the effect of the social network 

structure and its evolution on the load factor of the whole residential area and the average 

electricity prices, the following experiments have been conducted based on a RTP setting 

of        (
  

   
)   .  With such a setting, the average electricity price in the experimental 
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results is similar to the real electricity prices provided by TEP.   Since the social network 

interaction does not involve the external effects (e.g., effects from the utility company), it 

is assumed that the customers’ behavior will be set on the principal of saving money.  

Based on the different acceptable electricity prices, customers will start charging their 

PHEVs at different times accordingly.  Such start charging times are incorporated as the 

input for the following experiments. 

 As discussed earlier, the network interaction affects the customers’ perception on 

the acceptable average unit cost of electricity.  After occurrence of each evolving event, 

the customers’ connections (neighbors) in the social network are revised.  Then they will 

update their perceptions on the acceptable price and the PHEV charging times.  In this 

case, the customers are assumed to follow the acceptable price by the majority people 

(same idea as updating the preference factor in Section 5.3.2).  Initially, the customers are 

classified by three different acceptable prices: 0.1 $/kWh, 0.11 $/kWh and 0.12 $/kWh.  

Each type of customers occupies 1/3 of the total 500 households. 

 

5.3.3.1 Results based on a Small-world Network 

 The simulation results for the case of a small-world network show decreasing 

trends of the residential peak load, which is positive for the utility companies.  Figure 66 

shows the changes of load profiles along with the social network evolution.  For the other 

two small-world network structures considered in this work (i.e.,                 

and                ), the obtained results are very similar.  At the beginning of the 

simulation, the peak load happens randomly between 21:00 and 23:00.  After the network 
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evolution, the times when peak load happens are stable to be around 23:00.  The network 

evolution in a RTP condition generates more notable decreasing trends of the peak load, 

compared with the TOU case. 

 

   

Figure 66: Residential load profiles with PHEV charging and the decreasing peak loads 

based on the evolution of a small-world network with                         

 

 The changes of load profile can be due to the social network effect on the 

customers’ acceptable prices.  The results in this section are based on a random sample of 

50 households out of 500.  As shown in Figure 67, the customers’ acceptable prices tend 

to be lower based on the interaction among the dynamic social network.  In Figure 67 (a), 

the changing trend of the acceptable prices is slower than those in Figure 67 (b).  The 

case in Figure 67 (b) shows that all the customers’ acceptable prices become 0.1$/kWh 

(the lowest one) by the end of the simulation. 
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 (a) (b)  

Figure 67: The change of customers’ perception on acceptable prices during the social 

network evolution respecting to three structures: (a)                       , 

(b)                        

 

5.3.3.2 Results based on a Scale-free Network 

 The results with a scale-free network are more complex in the condition of RTP.  

The results did not provide a regular pattern, but depend on the original combinations of 

the customers’ acceptable electricity prices and the customers’ status in the social 

network.  Given the same experiment setting, the results have shown two opposite 

directions: Figure 68 and Figure 69, respectively.  Although the values of acceptable 

prices are uniformly distributed at the beginning of the simulation, there may be slightly 

different in the number of customers holding different acceptable prices.  The changes in 

the distribution of acceptable prices among the simulated customers are shown in Figure 

70.  While Figure 70 (a) shows the results corresponding to the load pattern in Figure 68, 
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Figure 70 (b) shows the results corresponding to the load pattern in Figure 69.  Although 

no regular pattern is observable in the results, it can be concluded that the scale-free 

network holds a strong capacity to enlarge the small advantages during the initialization 

period.  

 

   

Figure 68: The changes of residential load profile and peak load based on the interaction 

in a scale-free network with                    (decreasing trend of peak load)  

 

   

Figure 69: The changes of residential load profile and peak load based on the interaction 

in a scale-free network with                   (increasing trend of peak load) 



199 

 

  

   

 (a) (b) 

Figure 70: The change of customers’ perception on acceptable prices during the scale-

free network evolution 
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CHAPTER 6 

EXAMINATION OF SOCIAL NETWORK EVOLUTION BASED ON THE 

FEATURE OF LISTS IN TWITTER  

 

This chapter deliberates a research work on the social network evolution with 

triadic closures, where Twitter was used as a case study with the focus on the tweets 

containing the sustainability topics (e.g. solar energy, renewable energy and green 

energy).  The results of social network evolution with triadic closure have been 

incorporated into the dynamic agent interactions in this research (see Section 4.3).  The 

social network-based agent interaction is one of major components in the proposed agent-

based modeling framework (see Section 3.1).   

 

6.1 Introduction  

The analysis of online social network has been attracting a great deal of attention 

in recent years, since the advent of social web applications, such as Facebook and Twitter.  

Although online social networks are similar in many ways to the classical networks in 

human society, the new information sharing formats have their own distinct 

characteristics.  Therefore, analyses of online social networks with traditional social 

network theories and approaches often generate interesting and unanticipated results.   

Among these social network websites, Twitter has become a very important 

platform for informal peer interaction in many fields, since its inception in 2006.   

Compared to another very popular social network Facebook, Twitter facilitates somewhat 



201 

 

different and more diversified online human communication modes.  On Twitter, the 

connections among users are not necessarily reciprocal: a user may follow anyone to let 

their “tweets” appear on her own display page, but the followee is not required to approve 

the “follower” unless the latter has setup stringent privacy controls.  At the same time, 

users of Twitter have multiple ways to communicate with the people he/she follows, like 

commenting on the followees’ tweets, re-tweeting the followees’ posts, or even using “@” 

to catch the attention of the followees directly.  In October 2009, a new feature called 

“list” was introduced on Twitter, which enables the categorization and organization of 

users into groups.  Users can use this feature to add people (they wish to follow) to a list 

(public or private).  Moreover, users may also subscribe or follow a public list instead of 

following every single user added to the list.  By following a list, it does not mean the 

user has to follow every single member in that list, rather, the user can view their status 

updates by accessing the list.  One the other hand, a list creator may add users to his/her 

lists without following them.  All of these list features make the networks among Twitter 

users more complex, and tend to involve more implicit information sharing in an online 

social network. 

Each list on twitter has a creator, and users added to a list tend to have some 

characteristics in common from the list creator’s perspective.  They may have some 

relationship with the creator, such as being a friend, colleague or relative; or they may 

share some common interests, such as a music genre, NBA sports, or be fans of some 

specific celebrities.  A specific user may be a member of multiple lists; however, a list 

can include at most 500 users.  Thus, different lists are connected implicitly by virtue of 
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sharing common users, and the users are also connected implicitly by being added to the 

same lists.  In this chapter, we focus on the evolution of these implicit networks in 

Twitter with users and their lists, and attempt to understand how triadic closures occur 

among users via lists. 

 

6.2 Relevant Work  

Many studies have examined social networks through many different lenses in 

sociology, computer science, economics and natural sciences such as biology.   Recently, 

several studies have focused on empirically examining Twitter and its usage.   Some of 

these studies have focused on the characteristics of users and the shared information.  

One study categorized the users on Twitter based on different criteria such as age, gender, 

race and ethnic (Rao, Yarowsky, S., & Manaswi, 2010).  Another study looked at how 

the users of Twitter with similar intensions connect with each other at work (Java, Song, 

Finin, & Tseng, 2007).  Other studies have examined Twitter from the perspective of 

information diffusion.  A study analyzed how Twitter is used as the tool for information 

diffusion to influence public beliefs (Marshall & Shipman, 2011).  Kwak et al. (2010) 

studied the topological features of the Twitter follower graph, concluding that the 

distribution of followers and the low rate of reciprocated ties in Twitter more closely 

resembled an information sharing network than a social network.  Twitter provides a 

variety of distinct features for creating connections, one of which is lists, however not 

much research has delved into this feature.  A recent study inferred users’ interests by 

analyzing the tweets of users in lists (Kim, Jo, & Moon, 2010).  Another interesting study 
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used lists to classify users into two categories, “elite” and “ordinary” and found 

considerable homophily within the subcategories of this classification (Wu, Hofman, 

Mason, & Watts, 2011).  Homophily is the basic organizing principle that originated from 

the argument “similarity breeds connection”, which controls the structure and evolution 

of social networks (McPherson, Smith-Lovin, & Cook, 2001).  Another study that 

analyze the evolving of social network in a real world condition is conducted at a 

university, which indicates that the evolution  of a social network is affected by the 

combination of its own structure and the surrounding context it has been embedded in 

(Kossinets & Watts, 2006).  However, to our knowledge there has not been much 

research on understanding the role of lists in generating closures among users in Twitter.   

As observed by Easley and Kleinberg, when examining the evolution of networks, 

we have to distinguish the homophily-driven changes from the peer-to-peer influences 

(Easley & Kleinberg, 2010).  Aral et al. found that homophily actually plays a more 

important role in the formation of links in some networks (Aral, Muchnik, & 

Sundararajan, 2009).  The mechanism behind homophily can be explained from two 

perspectives: i.e. selection and social influence (Easley & Kleinberg, 2010).  Selection 

(homophily) is when people tend to make friends with others having the same 

characteristics such as race or ethnicity, and social influence is when people’s behaviors 

are shaped by their friends to make them aligned with their surrounding social network.  

The evolution of networks involves the interdependency of selection and social influence. 

Network closures are often the primary focus of studies on network evolution, 

which can be utilized in many research fields.  Kalish and Robins (2006) have discussed 
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two different structures of network: 1) structure holes and 2) network closures in their 

work on psychological predisposition and network structure (Kalish & Robins, 2006).  

Network closures affect the density of a network and enable more sharing information 

(Coleman, Social Capital in the Creation of Human Capital, 1988) (Coleman, Foundation 

of Social Theory, 1900).  Closures can be classified as triadic, focal and membership 

closures (Easley & Kleinberg, 2010).  The latter two types of closures usually exist in the 

“affiliation networks” that include two types of nodes, which can be referred to as foci 

and people.  One type of the node, called focus, can be deemed as a group of the other 

type of nodes in the affiliation network.  The formation of closures is very important for 

the evolution of social networks with complex structures; in this chapter, we focus on 

different types of closures in the online network based on lists in Twitter. 

 

6.3 Networks of Lists/Creators 

Although there are two types of nodes, i.e. lists and users, in this research, we 

construct a network with only lists to study evolution of the network.  To this end, every 

node in the constructed network is conceptually defined as a list and its creator.  A 

directed connection between two nodes is formed if the creator of a specific list is a 

member of a list created by another user.  A user may create multiple lists; however we 

do not consider any links between lists created by the same user.  
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6.3.1 Data Collection 

We collected a dataset of uses and lists using Twitter APIs.  In this study we 

focused on lists related to sustainability and located lists containing key words such as 

solar energy, renewable energy and green energy.  Tweets including at least one of these 

key words (in the content or hash tags) were collected over a six month period.  From the 

collected tweets, we located the users who had posted more than 50 tweets on these 

topics during a one month period.  We then collected information on all lists that included 

these users including the creators of these lists.  The network was constructed with 

approximately 2000 nodes (list/creator).  In order to study the evolution of the network, 

we used two different time periods in our analysis.  The first network was constructed 

with nodes that existed as of July 1, 2011.  The same users and lists were used for 

constructing the network after 2 months had elapsed. 

 

6.3.2 Network Construction 

Our constructed network consists of a set of vertices and directed arcs.  A vertex 

is defined as a list and its creator.  A directed arc from vertex 2 to vertex 1 indicates that 

creator of list 1 (created by vertex 1) is a member of list 2 (created by vertex 2), or 

conversely creator 2 (of list 2) has included creator 1(of list 1) in his/her list (Figure 71).  

As mentioned above, creator 1 may have multiple lists related to “renewable energy”; 

however we chose a single list for each creator, so that there is 1-1 relationship between 

creators and lists in our network.  In our dataset most users had only one list for a specific 
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area of interest.  For a small subset of users who had multiple lists in the same area, we 

selected the largest list. 

   {   } Eq. 35 

   

 

Figure 71: Vertices and arcs in a network 

 

Since we collected information on the same set of lists and creators during two 

different time periods, we constructed two networks in which the vertices were the same, 

but the arcs changed from the first to the second time period.  Figure 72 shows how the 

constructed network at the first time period looks like. 
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Figure 72: The network at time T1 

 

6.4 Analysis of Network Closures 

We intended to track triadic closures in our network; hence we focused on 

analyzing the connections among units of three nodes in the network.  As expected, a 

preliminary examination of our network revealed that among the triads that were deemed 

possible based on connections from time period 1, a subset formed closures in time 

period 2.  At the same time some of triads which had the potential to form closures got 

disconnected in time period 2.  We were also interested in finding out why these 

connections disappeared. 

 

6.4.1 Four Patterns of Triadic Closure 

There are four types of triadic closures that can happen in our network.  Every 

pattern contains 3 nodes; recall that every node is defined as a list and its creator. 
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       (              )         Eq. 36 

Each pattern has a basic node, which connects with two other nodes, and contains a pair 

of unconnected nodes. 

 Pattern 1: Creator 2 and Creator 3 are members of list 1, but these two are not 

connected in time T1.  At or before time T2,  creators 2  and 3 get connected 

either because  creator 2 adds creator 3 to list 2, or creator 3 adds creator 2 to list 

3, or both.  This is the  classic focal closure (see Figure 73 for Pattern 1) 

 Pattern 2: In Pattern 2 creator 1 belongs to both list 2 and list 3 in time period T1, 

when creator 2 and 3 are not connected.  At or before time T2, three types of 

connections may happen similar to Pattern 1. 

 Pattern 3: List 1 includes creator 3 and list 2 includes creator 1 in time T1, but 

creator 3 and 2 are not connected.  At or before time T2, list 2 may add creator 3 

as a member.  The connection can be noted as counter-clockwise shown in Figure 

72. 

 Pattern 4: The relations among the three nodes are the same as that in Pattern 3 in 

T1.  However, the potential connection in T2 is clockwise, which means list 3 

may add creator 1 as a member. 
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 Pattern 1 Pattern 2 Pattern 3 Pattern 4 

Figure 73: Four patterns of closures 

 

6.4.2 Closure Evolution 

 Using our dataset, we analyzed each of these different patterns of closures.  For 

each pattern of closure, we determined the unconnected pair of nodes in each triad in time 

T1, and determined the fraction of these pairs of nodes that formed closures in time T2. 

 The potential to form a connection between nodes 2 and 3 may be affected by the 

number of common lists (node 1) to which they both belong.  The connections in patterns 

1 and 2 are complex, since the closures can be in either direction or reciprocal.  Therefore, 

we distinguish three cases of closures for patterns 1 and 2 in our analysis.  For the 

reciprocal connection, it is difficult to indicate which link happened first.   

 Case 1: Creator 2 adds creator 3 as a member of list 2. 

 Case 2: Creator 3 adds creator 2 as a member of list 3. 

 Case 3: Both of the above connections happen. 

 The results are shown in Figure 74 to Figure 78.  The X axis in each figure is the 

number of common lists for each pattern in time T1, while the Y axis is the probability of 
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link formation calculated as the fraction of pairs of nodes that become connected in time 

T2 of the total number of potential closures in each pattern.  

 

 

Figure 74: Closure formation for pattern 1: cases 1 and 2 

 

 

Figure 75: Closure formation for pattern 1 case 3 and cumulative result for all three cases 

of pattern 1 

 

 In all three cases of Pattern 1, the charts show exponential growing trend of the 

probability of forming focal closures.  The most significant increase in closure formation 

is in case 3, where the reciprocal connections happen.  Although the result does not 

indicate which direction of connection happens first in case 3, it is possible that when the 
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first link get connected, the second one becomes much more likely to get connected with 

larger number of common lists.  Comparing the result of case 3 (Figure 75) to cases 1 and 

2 (Figure 74), when the number of common lists is smaller than 14, the probability of 

closure formation in case 3 is smaller than that of cases 1 and 2.  However, case 3 shows 

significant increase in the percentage of closure formation after the number of common 

lists reaches 15 and above. 

 

   

Figure 76: Closure formation for pattern 2 

 

 

Figure 77: Cumulative result of all three cases of pattern 2 
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 In Pattern 2, it is obvious that the probability of generating closures in time T2 is 

significantly smaller than that in Pattern 1 (Figure 76 and Figure 77).  Considering that 

this is a Twitter network based on a specific domain of interest, this finding can be 

explained easily.  In Pattern 1, both nodes, participating in a closure, are members of one 

or more common lists.  When they are added to a list, they will be notified by Twitter, 

which may trigger the users to check the lists that have added them as members.  

However, in Pattern 2, both users with the potential to form a closure added the same 

user(s) to their list, which does not trigger any notifications for the users (i.e. about what 

other lists added the same users).  The results of case 2 do not show significant increase 

in the probability of closure formation with increase in number of common users.  Based 

on the structure of pattern 2, the connections of cases 1 and 2 should not have much 

difference, but as seen in the figures above, case 2 shows higher closure formation than 

case 1. Some of these results may be because of other connections in the network.  

Another interesting point to note is that, although Pattern 2 also has three cases of 

connections for potential closures; there were no reciprocal links formed between the pair 

of nodes from time T1 to time T2 in our collected data sample. 
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 (a) (b) 

Figure 78: Closure formation of pattern 3 and pattern 4 

 

Pattern 3 is a classic membership closure, which should be a very common case in 

affiliation networks.  The structure of pattern 3 shows that node 3 is getting information 

from node 1, while node 1 is getting information from node 2; hence node 2 is the source 

of information within the structure.  Therefore, the directed connection from node 3 and 

node 2 (creator 3 adding creator 2 to list 3) should be very common.  However, unlike the 

expectation, the fraction of closures in Patterns 3 (Figure 78) does not demonstrate an 

increasing trend based on the number of common connections, in fact it shows a 

decreasing trend.   We noticed that the number of potential closures for patterns 3 and 4 

at time T1 is much smaller than in the other two patterns.  Also the fraction of closures in 

time T2 based on potential closures from time T1 is even smaller.  Also from Figure 78 (a) 

and Figure 78 (b), the range of common connected nodes (X axis) is very small.  It 

appears from our sample that a lot of the triads were already formed in T1 (from our 

dataset).  We further analyzed the number of triads in time T1 and T2 for the four 

patterns as shown in Table 21.  From Table 21, it appears that a large number of triads 
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corresponding to Pattern 3 are formed; however they seem to be forming within a very 

short time frame. To understand these closures, we will need to analyze the networks 

using smaller time periods of evolution between T1 and T2. Compared to pattern 3, the 

result of pattern 4 (Figure 78) is easier to explain.  In pattern 4, vertex 2 is likely to be a 

source of information, and therefore there is no reason for this node to form a closure by 

connecting with vertex 3.  

 

Table 21: Number of triads of all types in times T1 and T2 

Types of Existing Triads Number of Triads in T1 Number of Triads in  T2 

Pattern 1 Case 3 289 4872 

Pattern 2 Case 3 1283 21499 

Pattern 3 6140 23617 

Pattern 4 597 8391 

 

6.4.3 Dissolution of Links among Closures  

 Detachment of connections also happens when we compare the network from 

time T1 to T2, which may be explained by different reasons.  Figure 79 and Figure 80 

show the result of closure detachment in each of the four previously defined patterns. For 

each pattern and case, we count the already existing triads in time T1, and track the 

detached triads in time T2.  Figure 79 shows the cumulative detachments of all the three 

cases of closures from patterns 1 and 2, while Figure 80 focuses on different cases of 

patterns 1 and 2.  
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Figure 79: Percent of detachment in each pattern 

 

 

Figure 80: Detachment of different cases in patterns 1 and 2 

 

More than 30 percent of the existing triads in pattern 1 disappeared in time T2, 

which is the highest among the four patterns.  And only a little over 10 percent of existing 

closures in pattern 4 dissolved in the second time period.  In both patterns 1 and 2, the 

second case of closures tends to disconnect most frequently and the third case of closures 

appear to be more stable than the other two cases.  However, in the above detachment 

analysis, we consider all the links among each type of closures, which means, that if any 
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one of the links disappears, it detaches the closure.  If we were to analyze the detachment 

of each specific type of link, the analysis will be more complex, because not only does 

every triad have three or four links, but also the detachment of a specific link may change 

the triad to another pattern.  For instance, as mentioned above, closures generated from 

cases 1 and 2 of patterns 1 and 2 are identical to the closures of pattern 3.  Thus, the 

detachment of existing closures in time T1 can also be classified into four types.  Figure 

81 shows the four types of existing triads, and Figure 82 shows the results on which link 

detachment causes the dissolution of the closures. 

 

    

 Type 1 Type 2 Type 3 Type 4 

Figure 81: Four types of existing closures in the network 
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Figure 82: Analysis of closure dissolution by link type 

 

In the result of type 1, 56 % of the closure dissolution is because arc 1-3 and arc 

2-3 detached during the time period between T1 and T2.  All the closure dissolutions 

involved detachment of arc 2-3.  Therefore, generally, node 2 is the information source in 

the triad of type 3.  The result of type 2 also shows that arc 2-3 is the most unstable arc 

that tends to cause dissolution of the closure.  This result is identical to the result of 

closure evolution of pattern 3, which indicates node 2 is the information resource within 
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the closure.  After node 3 gets directly connected with node 2, redundant connections are 

no longer necessary.  The distribution of detachments in type 4 reflects its structure really 

well.  Three nodes in the triad form a circle; therefore there is no explicit difference in 

roles played by each vertex.  The probability of any one of the arcs dissolving is the same, 

and the probability of any two of the three arcs dissolving also appears to be the same.   

 

6.5 Conclusion and Future Work 

Lists provide a distinct mechanism for connections among users of Twitter in 

their online social network. Our research was focused on understanding how closures 

among users and lists evolve over time.  Based on the nature of the network, we defined 4 

patterns of potential closures using two time periods for our analysis; we tracked the 

progression of these closures.  The results show an increasing trend for focal closures 

with the increase of the number of common foci.  Moreover, we found that membership 

closures occur most commonly in the network.  We also examined the dissolution of 

triads and analyzed different patterns of detachment for each pattern of closure.  The 

results are similar to those found from other studies on information networks.  Our 

research has several business implications for developing tools to recommend potential 

list members and for consolidation of different lists.  In additional, it has practical 

meanings to support the modeling framework for problems in many fields such as 

biology, psychology, and engineering.   

For the future work, we intend to collect additional data over a longer time period 

and domains. Moreover, we intend to examine other kinds of closures in the lists.  In this 
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research, we had described the case of closures with three nodes, by fixing two of them as 

unconnected pairs.  We plan to extend this analysis to transitive list closures i.e. user A 

adding connection to user B who is a member of user C’s list, where user C is a member 

of user A’s list.  
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CHAPTER 7 

ENHANCED CUSTOMER-SIDE ENERGY MANAGEMENT WITH WEATHER 

FORECASTING INFORMATION 

 

 As an extended discussion of demand-side management from the residential 

customer’s perspective, managing a household’s electricity consumption with the 

integration of solar generation system, storage system and PHEV becomes highly 

interesting.  When a household has installed the grid-tied PV system and/or storage 

system, there are multiple electricity sources for their daily use.  The customers can 

choose when to use the electricity from different sources.  If the customers also join a 

price-based DR program with some devices consuming large electricity such as PHEVs, 

they may want to evaluate and decide when and how much to use the electricity from the 

local grid is more profitable.  In addition, with the consideration forecasted weather 

conditions, the customers can make better decisions on the energy management based on 

the expected energy consumption and renewable generation in the next time period.  The 

complex decision making procedure incorporating all these elements deserve deep 

analyses. 

 

7.1 Background and Previous Work 

 Much research has been done in the area of controlling the energy transmission 

among the grid, renewable generation systems and the storage systems.  However, most 

of them focus on examining and controlling the quality of the power to deal with issues 
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that may arise when the intermittent nature of renewable energy is tied to the gridwithout 

any control.  Kim et al. (2008) modeled the control of a grid-tied hybrid generation 

system with PV array, wind-turbine, and storage to optimize the performance of the 

system in terms of the energy quality.  They modeled three controlling strategies: 1) 

normal operation, which transfers all the renewable generation to the grid, without using 

storage; 2) dispatch operation, which sets the desired injection to the grid with a frequent 

charging and discharging of the storage; and 3) average operation, which intends to 

provide a smooth power from the renewable generation.  Although the perspective and 

objectives are different from our research topic, this paper provides an idea of 

transferring options among different power sources.  Mazhari et al. (2011) discussed the 

operational decision for a utility company, where integration of PV farm and Compressed 

Air Energy Storage (CAES) system is considered.  The model is consisted of residential 

demand, local transmission grid, solar generation farm, and CAES system.  The goal was 

to find optimal strategies to maximize the benefit of the utility company, and the strategic 

discussion is based on four cases: 1) the utility can only sell electricity to the grid; 2) the 

utility can only buy electricity from the grid; 3) no matter selling, buying or storing 

energy, a safety stock of energy has to be kept; 4) decisions are made based on a price 

threshold.  The basic rule of the transmission among the components is that, when the 

grid price is high, the utility can sell its extra PV generation to the grid to obtain benefit; 

when the grid price is low, the utility can save its extra PV generation in the storage, even 

store energy from the grid to get benefit later by using the storage when the grid price is 

high, or even sell the storage to the grid.  Compared with their works, discussions in this 
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chapter focus on the household level energy management with a distributed small PV 

system and battery storage.  In addition, the DR programs introduce the pricing changing 

environment for the transaction.   

To solve the decision-making problems arising in the household level energy 

management, a threshold approach is proposed in our study.  Theoretically, a decision-

making process is a procedure of finding satisfactory outcomes (Simon, 1955).  The 

stopping point of such process is controlled by a threshold.  When the considered 

prospect reaches the threshold, an alternative decision will be accepted.  The paper 

constructed a psychological model of human behavior on decision making.  In the work 

of Gilbert and Mosteller (1966), the optimal stopping problem is indicated as a sequential 

decision problem that is based on a set of thresholds.  Although both of the above 

mentioned papers are from the psychological and human behavioral perspectives, it 

provides a theoretical foundation for using a threshold approach to solve the decision 

making problem with multiple decision variables. 

 

7.2 Available Weather Data 

The weather forecasting information is mainly used for the estimation of PV 

generation in this work.  The estimation of PV generation has been studied extensively 

for the promotion of solar utilization.  Kumar et al. (2007) discussed the estimation of 

standalone PV generation based on the measurements of global radiation on tiled surface, 

current and voltage of solar modules, module temperature, and ambient temperature.  As 

indicated in the study, not only the solar irradiance affects the PV generation, but also the 
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surface temperature of the PV module affects the conversion efficiency.  High surface 

temperature of PV modules will reduce the conversion efficiency.  Generally speaking, 

PV module efficiency drops 0.5%, when the module temperature increases 1ºC.  

However, the weather forecasting will only provide the ambient temperature and the solar 

irradiance, which is not enough for the calculation of PV generation.  The website “The 

Source for Renewables” provides the detailed information for estimating of PV panel 

efficiency and performance (Photovoltaic Panel Efficiency and Performance, 2012).  The 

information includes the relation between the ambient temperature and the surface 

temperature of PV modules, and the calculation of real power based on the rated power 

on the nameplate of a PV module and the surface temperature when PV is working.  

Some basic coefficients required for the estimation (e.g., maximum power temperature 

coefficient) are explicitly listed in the product specification sheets.  Such estimation 

usually requires the geological location of the PV arrays, the date of a year and the time 

of a day, which are used to estimate the solar irradiance.  However, based on the 

forecasted weather condition from Observed Atmospheric and Solar Information System 

built by University of Arizona (http://www.nrel.gov/midc/ua_oasis/, 2012), we can obtain 

more precise solar irradiance for the next 48 hours considering the complicated weather 

conditions (e.g., cloud, rain, or snow), which make the estimation in our work more 

valuable in the energy management decision making.   

The Observed Atmospheric and Solar Information System (OASIS) at University 

of Arizona (Solar Resource & Meteorological Assessment Project (SOLRMAP), 2012) 

(Arizona Regional WRF Model Data, 2012) provides forecasted weather data as well as 
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tracks the real live data for historical collection.  While a number of other data is 

available, the data to be used in our work are the solar irradiance and the air temperature.   

 

7.2.1 Data Types and Availability 

Based on the contributory factors to the PV generation, two types of data that will 

be obtained from OASIS are 1) the Global Horizontal Irradiance (GHI), and 2) the air 

temperature.   The GHI is used to calculate the solar irradiance on the PV panels, and the 

air temperature is used to calculate the temperature of module surface.  According to the 

definition of National Renewable Energy Laboratory (NREL) Glossary of Solar 

Radiation Resource Terms (Glossary of Solar Radiation Resource Terms, 2012), GHI is 

the “total solar radiation; the sum of Direct Normal Irradiance (DNI), Diffuse Horizontal 

Irradiance (DHI), and ground-reflected radiation;” It also indicates that “because 

ground reflected radiation is usually insignificant compared to direct and diffuse, for all 

practical purposes global radiation is said to be the sum of direct and diffuse radiation 

only.”  In Eq. 37,   is the solar zenith angle.  For both types of data (the Global 

Horizontal Irradiance and the air temperature), both historical and forecasted data are 

available.  The detailed information is listed in Table 22 and Table 23. 

                        Eq. 37 

 

Table 22: Details of available historical data 

Data Time Range Resolution Format Description 



225 

 

GHI 

11/03/2012 - 

present 

1-Minute, 

Hourly, 

Daily 

Text file 

1. The smallest resolution of the data 

is one minute. 

2. The hourly data shows the average 

value of the inputs. 

3. The daily statistical data for GHI 

generates the daily total value.  No 

daily data for air temperature is 

available. 

Air 

Temperature 

 

Table 23: Details of available forecasted data 

Data Time Range Resolution Format Description 

GHI 

09/27/2012 - 

present 
Hourly Text file 

The forecasted data is only hourly 

based.  In the morning of every other 

day, the forecasting data of two days 

is leased on the OASIS website. Air 

Temperature 

 

7.3 Data Utilization 

The collected forecasted data and the corresponding real historical data will be 

divided into two sets.  One set is for the use in the optimization model, and the other set 

is used for the simulation model with the results obtained from the optimization.  The 

purpose of the optimization is to obtain the optimal value for each decision variable 

according to the decision making rules.  Figure 83 shows a portion of the decision 

making table that has been developed in this dissertation work to define the decision 

making rules.  A complete decision making table is available in Appendix B. 
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Figure 83: A portion of the developed decision making table 

 

The decision making process is based on the comparison of the decision variable 

and a threshold value.  The weather forecasting data is used to calculate the forecasted 

PV generation (indicated as PVF in Figure 83), and the threshold value for the forecasted 

PV generation is the decision variable (indicated as PVT in Figure 83).  In the 

optimization model, the real data is also need to calculate the real PV generation 

(indicated as PV in Figure 83), when decisions are made.  The output of the optimization 

model will show an optimal value of PVT, which will be used as an input to the 

simulation model. 

 

7.2.1 Data Transforming Process 

This section provides details on how two data (the Global Horizontal Irradiance 

and the air temperature) are used and processed in the proposed models. 
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Calculation of PV Generation: Every PV module has a rated power capacity that 

indicates the maximum output power (W/m
2
) of a PV module under standardized test 

conditions (STC).  STC is defined as a condition with a temperature of 25°C, solar 

irradiance of 1000 W/m
2
 and air mass 1.5 spectrum.  The maximum power mainly 

depends on the conversion efficiency of the PV module by converting the solar power 

into the electric power.  The PV module efficiency may be 1% to 3% less than the 

efficiency of the encapsulated PV cell, because of the glass reflection frame shadowing 

and higher temperatures (Photovoltaic Panel Efficiency and Performance, 2012).  

Moreover, a PV module usually operates in another environmental condition in terms of 

solar irradiance and air temperature than STC, and the real output power of the PV 

module will be even less than the rated power.  The underperformance is caused by the 

changes of solar irradiance and the module surface temperature.   

Considering the effect of temperature, another concept is introduced as Normal 

Operation Cell Temperature (NOCT), which is the surface temperature of a PV cell, 

when working under the conditions of 1) an irradiance of 800 W/m
2
 on the cell surface, 

2) an air temperature of 20°C and 3) a wind velocity of 1m/s.  As mentioned above, the 

conversion rate of PV modules is affected by the surface temperature.  The cell surface 

temperature has a following relation with the air temperature and the NOCT (Eq. 38) 

(Honsberg & Bowden, 2012).  All the parameters of temperature in Eq. 38 are measured 

in centigrade degree (°C) (Luque & Hegedus, 2011). 

               
        

        
 Eq. 38 

      : Surface temperature of the PV module 



228 

 

     : The air temperature  

   : The effective solar irradiance on the panel 

      : The Normal Operating Cell Temperature 

Based on the above information, the real power generated by a PV module can be 

obtained from the following equation. 

              
       (        ) 

         
 Eq. 39 

  is maximum power temperature coefficient that determines the conversion rate of the 

PV module (Photovoltaic Panel Efficiency and Performance, 2012).  Usually, the value 

of   is around -0.5% (Kumar, Sharma, Jain, & Al Khaimah, 2007), which indicates the 

module efficiency will be 0.5% lower, when the module surface temperature is increased 

by 1°C.  According to the module specifics (Sharp3000 Solar System Panel 

Specifications, 2012), the modules of ND-F215A1 and ND-220E1F produced by SHARP 

have a maximum power temperature coefficient of -0.485. 

Moreover, the solar irradiance that we have obtained from the OASIS website is 

the GNI, but the PV arrays installed by households usually have a tiled angle with the 

ground surface.  The SI used in the above equations should be the solar irradiance that 

reaches the surface of the PV module directly.  Therefore, the following transformation is 

needed (Eq. 40).  Figure 84 shows the relation between GNI, incident irradiance, and 

irradiance to the PV array (Honsberg & Bowden, 2012). 

        
   (   )

    
 Eq. 40 
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   is the angel between incident irradiance and the ground,   
 

 
   

   is the angel between the installed PV array and the ground (the tiled angle). 

 

 

Figure 84: The relation among GNI, incident irradiance and irradiance to PV module 

(Honsberg & Bowden, 2012) 

 

Unification of Data Resolution: The resolution of the forecasted data is one hour, 

and the resolution of the historical data is one minute.  However, both data have to be 

coordinated with the same updating frequency (  ).  To normalize the forecasted data, we 

will use the forecasted value for each hour as the mean value for the whole hour in the 

proposed models, and obtain the standard deviation from the historical data before Sep. 

27 2012.  When the calculation frequency (  ) in the model is changed to accommodate 

another requirement, the forecasted data and historical data can be adjusted to the new    

with the same method. 
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7.2.2 Randomness 

Since use of the weather forecasting data requires a lot of data processing, the 

uncertainties in the data as well as the data processing will add more randomness and 

complexity to the simulation.  First of all, the randomness comes from the input data for 

both simulation and optimization models, such as the error tolerance of the PV module 

specifics, and the difference of the tiled angles between different PV systems.  For 

instance, the NOCT is a necessary parameter for calculating the PV generation, but there 

is always uncertainty associated with the NOCT procedure.  As addressed in “PV 

Performance Modeling Workshop Summary Report” (Cameron, Stein, & Tasca, 2011), 

because of the effect on PV cell performance from heat, the uncertainty associated with 

the NOCT testing procedure is about ±4 °C.  Additionally, it is impossible to get the 

accurate tiled angle of every single PV system.  In order to closely mimic the real 

condition, some randomness has to be added. 

Second, the randomness comes from the data processing.  As discussed in the 

Data Transforming Process section (see Section 7.2.1), the randomness will be generated 

in processing the data to coordinate the available data (both temperature and irradiance) 

with the proposed model. 

Third, the randomness comes from the optimization results.  The randomness in 

the above two aspects will affect the uncertainty in the input data needed for the 

optimization model.  This will in turn affect the uncertainty in the obtained optimal 

solution.  In that case, based on the results of multiple replications, the optimal solution 

(optimal value of the threshold) will follow a distribution around a mean value.  While 
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using the solution in the simulation model as an input data, the randomness will be 

generated. 

 

7.4 Conceptual Model with Decision Support Rules 

The conceptual model defines the rules for customers in their decision making on 

using electricity under different scenarios.  In this decision support model, we still focus 

on the charging of PHEVs.  However, in addition to the decision on when to charge, the 

problems can also consider which electricity resources to use to charge the PHEV.  Only 

the TOU program is considered in this problem, and net metering mechanism is 

incorporated.  For a residential household, the available electricity resources include grid-

tied PV generation systems, battery storage system, and the local grid.  The battery is 

used to store the electricity from PV generation and the grid.  All these components are 

not necessarily contained in one household.  Therefore, three scenarios are considered in 

this work: 1) household with PHEV and battery storage, 2) household with PHEV, PV 

system and battery storage, where PHEV charging is not considered separately from 

other electricity consumption and 3) household with PHEV, PV system and battery 

storage, where PHEV charging is separately considered.  The assumptions are made as 

follows: 

 We only consider the grid-tied PV generation system with net metering 

mechanism.  Also, a stand-alone PV system is not studied.  When the household 

installs a PV system, it will enjoy the net metering mechanism. 
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 The decisions are made only based on the conditions of current time (t), without 

the consideration of the next time (t + 1) or previous time (t - 1).   

 For the decision making, we only consider the PHEV charging under the TOU 

policy, but not the regular household consumption.   

 When no PV is installed, the household must have a storage system. 

The following rules have been developed to govern the considered decision 

making: 

 PV generation always has the highest priority to be used. 

 Any PV generation exceeding the customer’s demand can be saved in the storage 

or sent to the grid. 

 A household will not sell the energy in storage to the grid at any time.  This is 

based on the assumption that the purpose of residential customers joining the 

demand response programs is saving expense on electricity, but not trading for 

extra profit. 

 When making decisions, the forecasted PV generation is considered first.  Then, 

the grid price, storage level, and the charging status of PHEV are considered in 

sequence.   

 When the grid price is high, customers are to use the PV generation and/or storage, 

and then sell the extra back to the grid, if available. 

 When the grid price is low, customers want to use the energy from the PV 

generation and/or the grid, and save the energy from the extra PV generation 
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and/or the grid to the storage to a safety level (storage threshold) for charging 

PHEV. 

 If forecasted PV generation is abundant (greater than a certain amount), the basic 

idea is to only save the extra PV generation to storage (not additional energy from 

the grid).  In that case, there will be plenty of PV generation, and the customers 

tend to save the space in storage for extra PV generation. 

 If forecasted PV generation is low (less than a certain amount), the basic idea is to 

save both the extra PV generation as well as the energy from the grid to storage.  

In that case, there will not be much PV generation, so the households tend to save 

some storage for later use. 

Based on the assumptions and rules mentioned above, the decision making table 

and diagrams have been developed in this work.  The pseudo code for the considered 

decision making and the entire decision making table are available in Appendix A and 

Appendix B, respectively.   
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CHAPTER 8 

CONCLUSION AND FUTURE WORKS 

 

8.1 Summary of Research Works 

 In this dissertation research, we have proposed a multi-level agent-based 

modeling framework to help resolve various decision problems that will arise in future 

electric power systems.  Such problems include 1) controlling the utilization of renewable 

energy with effective incentives and regulations, 2) managing the end users’ electricity 

consumption with demand response programs, and 3) scheduling the PHEV charging in 

the residential areas with high PHEV penetration.  To solve these problems, a variety of 

promising techniques and methods have been selected and further developed.  For 

modeling specific systems, agent-based modeling technique has been used extensively 

with the help of system dynamics and discrete event methods.  To address the decisions 

from both the utility company’s perspective as well as the end users’ perspective, we 

have employed the simulation based optimization as well as Design of Experiments 

techniques for different demand response conditions.  The OptQuest tool integrated with 

the AnyLogic simulation package is based on scatter search, tabu search, and Neural 

Network.  To represent more realistic interactions among the end-users, we have 

incorporated a dynamic social network evolution into our agent-based model.  By 

embedding the simulated residential households into different architectures of social 

networks that evolve based on triadic closure, the proposed models can be applied to 

various problems addressed in the electric power system. 



235 

 

  In addition to the contribution in developing an agent-based modeling framework 

for simulating the electric power distribution system, this research work has also made 

important contributions to several other research problems such as  1) the simulation-

based policy evaluation for the solar energy penetration in the residential areas, 2) 

modeling of customers’ electricity consumption preference in the PHEV charging 

problem under the demand response program (i.e. TOU), 3) RTP design for demand-side 

management to accommodate different conditions (e.g., seasonal consumption changes, 

electricity vehicle penetration levels, and different electricity vehicle strategies), and 4) 

integration of a dynamic social network evolution process to test the agent interaction 

effect on customers’ electricity consuming behaviors.  Each of these contributions are 

summarized in more detail below. 

 

8.1.1 Contributions in Simulation-based Policy Evaluation 

 In this work, we constructed a hybrid simulation model under the proposed 

framework to discuss the effectiveness of two incentive policies (i.e., ITC and FiT) on 

PV system diffusion process within the residential customers.  The details of the model 

have been explained in Section 4.1.  Based on the product diffusion model and the 

specialties of the PV generation systems, the model incorporated the effects of customers’ 

income levels, neighborhood interaction, advertising, and the system payback period to 

simulate the customers’ decisions on adopting PV systems.  The two incentive policies 

were involved in detailed calculation of system payback period.  The payback period of 

the PV system is usually considered as an important issue for customers to determine 
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whether purchasing the systems or not.  However, the calculation is seldom accurate, 

because of the uncertainties in price changes and electricity consumption in the long term.  

The developed model in this research has considered such uncertainties with respect to 

different type of residential customers to provide more accurate information on the PV 

system payback periods.  The proposed model can be applied to other product diffusion 

process with specific incentive policies.  In addition, the proposed model can be used not 

only for prediction of the product’s diffusion trend, but also for evaluating the impact of 

the potential promotion strategies with the consideration of customers’ responses.  By 

adjusting the strategies in the model, the policy makers will be able to find proper 

promotional solutions, resulting in a high growth rate of specific products in various 

types of targeted customers.  

 

8.1.2 Contributions in Demand-side Management with Demand Response Programs 

and Modeling of Customer Consumption Preferences 

 Our research works in demand-side management under demand response 

programs have focused on the PHEV charging problems arising in the residential 

customers.  The problem formulation has categorized the customers’ electricity 

consumption into 1) regular consumption and 2) flexible consumption, and has 

considered the customers’ consumption preferences between paying less and obtaining 

more convenience.  The constructed agent-based simulation model in AnyLogic has 

utilized OptQuest to obtain optimal PHEV charging strategies (i.e., charging times) for 

customers balancing the payment on electricity bills and convenience in using PHEVs.  



237 

 

In addition, the proposed simulation-based optimization also provided valuable 

suggestions for utility companies on pricing design under the demand response programs. 

 

8.1.3 Contributions in RTP Design 

 As RTP is seldom used in the electricity retail market, we have studies RTP as a 

demand response program in this work.  Our focus was to evaluate various price designs 

for RTP based on the proposed model for demand-side management.  The proposed 

modeling of pricing function (see Eq. 23) has been analyzed for various scenarios 

characterized by 1) different PHEV penetration levels, 2) different charging strategies 

(normal vs. quick), and 3) seasonal consumption changes (summer vs. winter).  

Considering customers’ acceptance on the electricity ranges, it was demonstrated that the 

price can be designed to ensure the effectiveness RTP in reducing the residential peak 

load. 

 

8.1.4 Contributions in Agent Interactions based on a Social Network 

 To represent more realistic interactions among the agents, a social network 

research has been integrated with agent-based modeling.  The interactions among agents 

in the proposed models are embedded into a social network environment with a dynamic 

evolving process.  The evolving process has utilized the method of triadic closure based 

on the study of the network evolution on Twitter (Chapter 6).  With the integration of 

such a social network evolution, the agents’ behaviors in the simulation model are 

affected by their connections in the network, and the connections change over time as 
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well.  To compare the effects of different network architectures on the agent interactions, 

two widely known architectures (small-world network and scale-free network) have been 

applied to the demand-side management problems.  The results indicated that the small-

world network is more helpful in enlarging the small advantages of a certain group of 

agents with common behavioral properties.  

 

8.2 Firsts in the Research 

To the best of our knowledge, the followings are achieved first in this research. 

 Proposed a multi-level modeling framework for a future electric power system 

with high penetration of distributed PV generation, storage systems, and PHEVs. 

 Proposed an agent interaction method based on dynamic social network evolution 

that is achieved by implementing triadic closure to the initial network connections. 

 Proposed detailed hybrid simulation model with system dynamics and agent-

based techniques for accurate calculation of PV system payback periods for 

various residential households. 

 Used simulation-based optimization model for the demand-side management 

problem in conjunction with the PHEV charging problem and the uncertainties 

from customers’ different electricity consumption preferences. 

 Pricing designs with a real-time pricing strategy for the retail electric power 

market with the integration of PHEV charging problems in the residential level. 
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 Detailed studies of connections and detachment occurrences in an online social 

network. Also, implementation of the triadic closure to examine the social 

network evolution based on the feature of Lists in Twitter. 

 Proposed an operational decision support system for the residential household 

energy management based on a threshold method.  The considered problem 

integrates weather forecasting information for predictions of PV system 

generation. 

 

8.3 Future Directions of Research 

 Although this dissertation has accomplished several significant efforts for solving 

the current and potential problems in the electric power market, there are still many 

challenges and interesting topics to be considered.  Considering the problems in this 

dissertation research, there are three main discussions and analysis can be further 

explored.  First, the discussion of demand-side management has focused on the charging 

problem of PHEVs that is the only considered device as a flexible consumption in the 

residential household.  Second, the analysis of real-time pricing designs in Section 5.2.2 

using quadratic polynomial fittings to find the relations between two decision variables 

can be extended to considering other fitting methods, especially the lognormal fitting.  

Third, as mentioned in Section 5.3.1, in the social network evolution process, the time 

dimension is not included as a factor for the network updating event.  In order to examine 

how the triadic closures are formed based on different times, more works have to be 

performed involving successive data collections with a regular time period for a longer 
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time.  This is left as a future work, where discussions in Chapter 6 and Section 5.3 can be 

extended accordingly. 

Other than extending the current analysis, the research scenarios can also be 

exploited more concerns.  The demand-side management can be further analyzed for 

integrated customers from residents, industry, and commercial sectors under various 

conditions in the wholesale electricity market.  The incorporation of social network and 

its evolutions has provided a promising method to represent the interactions in the agent-

based model.  The communications among human beings in the real world can be far 

more complex.  Today, the online social networks, such as Twitter and Facebook, 

provide another media for people to communicate and share information and opinions in 

addition to communications based on physical interactions.  Comparing the effects of 

information sharing in physical human interactions versus those via the online social 

networks will be very useful for manufacturers and distributors in selecting an effective 

medium for their advertising activities. This is another interesting topic of a future work.  

Additionally, the future work on the agent interactions with both online and real social 

networks will allow us to consider various types of connection (e.g., weak tie vs. strong 

tie).  Consideration of such differences in connection may be integrated with theoretical 

or empirical knowledge available in the fields of psychology and social science.  The 

effects based on different interactions can exploit a new aggregated system performance.  

For more methodological concerns, the dynamic social network interaction environment 

can be integrated with the Markov Decision Process, reinforcement learning, or other 

Machine learning methodologies.  
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APPENDIX A 

Pseudo Code for Decision Making Rules in Household Energy Management 

/**********Condition 1: The household has no PV system or storage system. *********/ 

/**********It does not matter of having PHEV or not.*******************/ 

if (PV == false and Storage == false and PowerShift == true){ 

    get energy from the grid at any time for demand; 

    L = D;    // D is the demand. 

} 

 

/**********Condition 2: The household has no PV system, but has a storage system.*********/ 

/**********It does not matter of having PHEV or not.**************************/ 

 

if (PV == false and Storage == true and PowerShift == true){ 

    if (s = 0){ 

        get energy from the grid for demand; 

        if (GP >= GPT) 

            L = D; 

        else{ 

            save energy from grid to storage; 

            L = D + S_r; 

        } 

    else if (0 < s < SC){ 

        if (GP >= GPT){ 

            get energy from storage for demand; 

            if (s >= D) 

                L = 0; 

            else 

                L = D - s; 

        } 

        else{ 

            get energy from the grid for demand; 

            save energy from the grid to storage; 

            L = D + S_r; 

        } 

    } 

    else{    //storage is full 

        if (GP >= GPT){ 

            get energy from storage for demand; 

            if (s >= D) 

                L = 0; 

            else{ 

                get energy from the grid for demand; 

                L = D - s; 

            } 

        } 

        else{ 
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            get energy from the grid for demand; 

            L = D; 

    }  

} 

 

/**********Condition 3: The household has a PV system, but no storage system.*********/ 

/**********It does not matter of having PHEV or not.**********************/ 

 

if (PV == true and Storage == false and PHEV == false and PowerShift == true){   

 if (PV_g > 0){    //PV_g is PV generation 

        use PV generation for demand; 

  if (PV_g >= D){     

            sell extra energy to the grid; 

            L = 0;    // L is load to the grid 

  } 

  else{ 

            get extra energy from the grid for demand; 

            L = D - PV_g; 

  } 

    } 

    else{ 

        get energy from the grid for demand; 

        L = D; 

    } 

} 

 

/*****Condition 4: The household has a PV system and a storage system, but no PHEV.******/ 

 

if (PV == true and Storage == true and PHEV == false and PowerShift == true){ 

    if (PV_g > 0){ 

        use PV generation for demand; 

        if (PV_g >= D){ 

            L = 0; 

            if (s < SC){ 

                if (GP >= GPT) 

                    sell extra PV generation to the grid; 

                else 

                    save extra PV generation to the storage; 

            } 

            else{    //Storage is full 

                sell extra PV generation to the grid; 

                if (GP >= GPT) 

                    sell stored energy to the grid; 

            } 

        } 

        else{  //PV_g < D 

            if (s == 0){    //s is the energy in storage 

                get energy from grid for demand; 
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                L = D - PV_g; 

            } 

            else{    //s <= SC 

                if (GP >= GPT){ 

                    get energy from the storage for demand; 

                    if ((PV_g + s) >= D){ 

                        sell extra stored energy to the grid; 

                        L = 0; 

                    } 

                    else{ 

                        get extra needed energy from the grid for demand; 

                        L = D - PV_g - s; 

                    } 

                } 

                else{ 

                    get energy from the grid;    //keep the storage 

                    L = D - PV_g; 

                } 

            } 

        } 

    } 

    else{    //no PV generation 

        if (s == 0){ 

            get energy from the grid for demand; 

        } 

        else{    //s <= SD 

            if (GP >= GPT){ 

                get energy from the storage for demand; 

                if (s >= D){ 

                    L = 0; 

                    sell extra energy to the grid; 

                } 

                else{ 

                    get energy from the grid for demand; 

                    L = D - s; 

                } 

            } 

            else{ 

                get energy from the grid for demand; 

                L = D; 

            } 

        } 

    } 

} 

 

/*******Condition 5: The household has a PV system, a storage system and a PHEV.*******/ 

 

if (PV == true and Storage == true and PHEV == true and PowerShift == true){ 
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    if (PV_g > 0){ 

        use energy from PV generation for demand; 

        if (PV_g >= D){ 

            L = 0; 

            if (s < SC)    //storage is not full. 

                save extra PV generation to storage; 

            else 

                sell the extra PV generation to the grid; 

        } 

        else{ 

            if (s == 0){ 

                get energy from the grid for demand; 

                if (GP >= GPT) 

                    L = D - PV_g; 

                else{ 

                    if (the PHEV has not been charged today){ 

                        save energy from the grid to storage for PHEV charging; 

                        L = D - PV_g + S_r; 

                    } 

                    else 

                        L = D - PV_g; 

                } 

            } 

            else if (s < SC){ 

                if (GP >= GPT){ 

                    use storage for demand; 

                    if ((PV_g + s) >= D){ 

                        L = 0; 

                        if (the PHEV has been charged today) 

                            sell extra energy in the storage to the grid; 

                        else 

                            keep the rest storage for PHEV charging; 

                    } 

                    else{ 

                        get required energy from the grid for demand; 

                        L = D - PV_g - s; 

                    } 

                } 

                else{    // GP is low 

                    get energy from the grid for demand; 

                    if (the PHEV has been charged today) 

                        L = D - PV_g; 

                    else{ 

                        save energy from the grid to storage;    //for PHEV charging 

                        L = D - PV_g + S_r; 

                    } 

                } 

            } 
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            else{    //storage is full 

                if (GP >= GPT){ 

                    use storage for demand; 

                    if ((PV_g + s) >= D){ 

                        L = 0; 

                        if (the PHEV has been chared today) 

                            sell extra energy in the storage to the grid; 

                        else 

                            keep the rest storage for PHEV charging; 

                    } 

                    else{ 

                        get required energy from the grid for demand; 

                        L = D - PV_g - S; 

                    } 

                } 

                else{ 

                    get energy from the grid for demand; 

                    L = D - PV_g; 

                } 

            } 

        } 

    } 

    else{    //no PV generation 

        if (s == 0){ 

            get energy from the grid for demand; 

            if (GP >= GPT) 

                L = D; 

            else{ 

                if (the PHEV has been charged today) 

                     L = D; 

                else{ 

                    save energy from the grid to storage for PHEV charging; 

                    L = D + S_r; 

                } 

            } 

        } 

        else if (s < SC){ 

            if (GP >= GPT){ 

                use storage for demand; 

                if (s >= D){ 

                    L = 0; 

                    if (the PHEV has been charged today) 

                        sell s-D to the grid; 

                    else 

                        keep the rest storage; 

                } 

                else{ 

                    get energy from the grid for demand; 
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                    L = D - s; 

                } 

            } 

            else{    // GP is low 

                get energy from the grid for demand; 

                if (the PHEV has been charged today) 

                    L = D; 

                else{ 

                    save energy from the grid to storage for PHEV charging; 

                    L = D + S_r; 

                }    

            } 

        } 

        else{    //storage is full 

            if (GP >= GPT){ 

                use storage for demand; 

                if (s >= D){ 

                    L = 0; 

                    if (the PHEV has been charged today) 

                        sell s-D to the grid; 

                    else 

                        keep the rest storage; 

                } 

                else{ 

                    get energy from the grid for demand; 

                    L = D - s; 

                } 

            } 

            else{ 

                get energy from the grid for demand; 

                L = D; 

            } 

        } 

    } 

} 

 

/**********In the following conditions,the household does not join the PowerShift 

program.*************/ 

 

/**********Condition 6: The household has no PV.**********/ 

/**********No matter having PHEV or not******/ 

if (PV == false and Storage == false and PowerShift == false){ 

    get energy from the grid at any time; 

    L = D; 

} 

 

/**********Condition 7: The household has PV.**********/ 

/**********No matter having PHEV or not****************/ 
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/*This is exactly the same as Condition 3*/ 

if (PV == true and storage == false and PowerShift == false){ 

    if (PV_g > 0){ 

        get energy from PV generation for demand; 

        if (PV_g >= D){ 

            sell extra energy to the grid; 

            L = 0; 

        } 

        else{ 

            get energy from the grid for demand; 

            L = D - PV_g; 

        } 

    } 

    else{ 

        get energy from the grid for demand; 

        L = D; 

    } 

} 
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APPENDIX B 

Decision Making Table 

 

PV Storage PHEV DR PV Forecasting Grid Price Storage PHEV PV generationDecision

PVF GP S PHEV PV

N N N N Get energy from the grid

N N N Y Get energy from the grid

N N Y N Get energy from the grid

N N Y Y Get energy from the grid

N Y Y Y GP >= GPT S >= ST Not charged Use energy from storage, keep extra amount if available

GP >= GPT S >= ST Charged Use energy from storage, keep extra amount if available

GP >= GPT S < ST Not charged Use energy from storage, keep extra amount if available

GP >= GPT S < ST Charged Use energy from storage, keep extra amount if available

GP < GPT S >= ST Not charged Use energy from the grid if necessary

GP < GPT S >= ST Charged Use energy from storage till S = ST, then use energy from the grid if necessary

GP < GPT S < ST Not charged Use energy from the grid, store energy from the grid till S = ST

GP < GPT S < ST Charged Use energy from the grid

Y N N N Use PV, then get energy from the grid if necessary or sell extra PV to the grid if available

Y N N Y Use PV, then get energy from the grid if necessary or sell extra PV to the grid if available

Y N Y N Use PV, then get energy from the grid if necessary or sell extra PV to the grid if available

Y N Y Y Use PV, then get energy from the grid if necessary or sell extra PV to the grid if available

Y Y N Y PVF >= PVT GP >= GPT S >= ST Use PV, then use energy from storage if necessary or sell extra PV to the grid if available

PVF >= PVT GP >= GPT S < ST Use PV, then use energy from storage if necessary or sell extra PV to the grid if available

PVF >= PVT GP < GPT S >= ST Use PV, then use storage till S = ST if necessary, or save extra PV to the storage if available

PVF >= PVT GP < GPT S < ST Use PV, then use the grid if necessary, or save extra PV to the storage if available

PVF < PVT GP >= GPT S >= ST Use PV, then use storage if necessary or sell extra PV to the grid if available

PVF < PVT GP >= GPT S < ST Use PV, then use storage if necessary or sell extra PV to the grid if available

PVF < PVT GP < GPT S >= ST Use PV, then use storage till S = ST if necessary, or save extra PV and/or grid to the storage if available

PVF < PVT GP < GPT S < ST Use PV, then use the grid if necessary, or save extra PV and/or grid to the storage if available

Y Y Y Y PVF >= PVT GP >= GPT S > ST Charged PV >=D Use PV, send extra PV to the grid, send the storage to the grid till S = ST

PVF >= PVT GP >= GPT S > ST Charged PV < D Use PV, use energy from storage, then from the grid

PVF >= PVT GP >= GPT S > ST Not charged PV >=D Use PV, send extra PV to the grid

PVF >= PVT GP >= GPT S > ST Not charged PV < D Use PV, use energy from storage, then from the grid

PVF >= PVT GP >= GPT S <= ST Charged PV >=D Use PV, send extra PV generation to the grid

PVF >= PVT GP >= GPT S <= ST Charged PV < D Use PV, use energy from storage, then from the grid

PVF >= PVT GP >= GPT S <= ST Not charged PV >=D Use PV, extra PV to storage till S = ST, then send to the grid

PVF >= PVT GP >= GPT S <= ST Not charged PV < D Use PV, use energy from storage, then from the grid

PVF >= PVT GP < GPT S > ST Charged PV >=D Use PV, send extra PV to the grid

PVF >= PVT GP < GPT S > ST Charged PV < D Use PV, use energy from storage, then from the grid

PVF >= PVT GP < GPT S > ST Not charged PV >=D Use PV, send extra PV to the grid

PVF >= PVT GP < GPT S > ST Not charged PV < D Use PV, use energy from storage till S=ST, then from the grid

PVF >= PVT GP < GPT S <= ST Charged PV >=D Use PV, save extra PV to storage till S=ST, then send the rest PV to the grid if available

PVF >= PVT GP < GPT S <= ST Charged PV < D Use PV, use energy from storage, then from the grid

PVF >= PVT GP < GPT S <= ST Not charged - Save PV to storage till S=ST, then use extra PV if available, then use energy from the grid

PVF < PVT GP >= GPT S > ST Charged PV >=D Use PV, send extra PV to the grid

PVF < PVT GP >= GPT S > ST Charged PV < D Use PV, use energy from storage, then from the grid

PVF < PVT GP >= GPT S > ST Not charged PV >=D Use PV, save extra PV to storage, then send extra PV to the grid if available

PVF < PVT GP >= GPT S > ST Not charged PV < D Use PV, use energy from storage, then from the grid

PVF < PVT GP >= GPT S <= ST Charged PV >=D Use PV, send extra PV to the grid

PVF < PVT GP >= GPT S <= ST Charged PV < D Use PV, use energy from storage, then from the grid

PVF < PVT GP >= GPT S <= ST Not charged PV >=D Use PV, save extra PV to storage, then send extra PV  to the grid if available

PVF < PVT GP >= GPT S <= ST Not charged PV < D Use PV, use energy from storage, then from the grid

PVF < PVT GP < GPT S > ST Charged PV >=D Use PV, send extra PV to the grid

PVF < PVT GP < GPT S > ST Charged PV < D Use PV, use energy from storage till S=ST, then from the grid

PVF < PVT GP < GPT S > ST Not charged PV >=D Use PV, save extra PV to storage till full, then send to the grid

PVF < PVT GP < GPT S > ST Not charged PV < D Use PV, then get energy from the grid

PVF < PVT GP < GPT S <= ST Charged PV >=D Use PV, save extra PV to the storage till S=ST, then send to the grid

PVF < PVT GP < GPT S <= ST Charged PV < D Use PV, then get energy from the grid

PVF < PVT GP < GPT S <= ST Not charged - Save PV to storage till full, then use extra PV if available, then use energy from the grid

Component Combination
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