
ABSTRACT  

MONROE, JACOB GARNER. Simulating Evolution of Low-voltage Electric Grids with 

Distributed Energy Technology Adoption: An Agent-based Modeling Approach. (Under the 

direction of Dr. Emily Z. Berglund.) 

 A set of modeling frameworks are presented here to simulate the dynamics of an evolving 

smart electric grid. The diffusion of distributed energy resources (DER) is catalyzing a major 

transition in the composition of low-voltage electric grids and causing grid stability concerns for 

utility managers. This research develops an agent-based modeling (ABM) framework to simulate 

the adoption of rooftop solar PV technology by residential households and couples it with a 

mechanistic power system model to evaluate grid stability issues that arise on low-voltage feeders. 

The integrated sociotechnical modeling framework is applied to a virtual neighborhood of single-

family households to demonstrate its use in analyzing utility management strategies to improve 

grid reliability. Additionally, the diffusion of DER is transitioning modern electric grids by shifting 

generation market power from traditional utilities to the end-users. This transfer in market power 

necessitates a new system of settlement in the electricity business that can better manage 

generation assets at the grid-edge. This research develops another ABM framework for simulating 

electricity trades between heterogenous households in a decentralized peer-to-peer (P2P) 

electricity market. The framework is applied to a set of cities in the United States to assess the 

impact of local geographic and environmental differences on the sociotechnical dynamics of 

decentralized electricity markets. The framework is also applied for a case study in Western 

Australia to analyze the effect of alternative electricity market structures on the average electricity 

rate in a neighborhood sub-network. Modeling scenarios are assessed to gauge the performance of 

battery energy storage systems in increasing the flexibility of solar generated resources in 

residential P2P markets. Simulation results from both modeling frameworks are evaluated to 



 

 

determine best management practices for implementing distributed energy technology and 

stabilizing grid performance on low-voltage sub-networks. ABM is shown here to help manage 

the resulting uncertainties in DER management by facilitating the testing and development of 

alternative strategies. 
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CHAPTER 1: Introduction  

Motivation for converting to sustainable forms of energy has spurred the adoption of many 

distributed energy resources (DER), including solar panels and battery storage systems. The 

adoption of DER is catalyzing a major transition in the composition of low-voltage electric grids. 

This transition is heavily influenced by the smart grid movement, where electric grids are slowly 

moving away from a conventional paradigm of large-scale centralized systems with unidirectional 

power flow to a new paradigm of small-scale distributed systems with bidirectional power flow. 

Electric grids over the past century have typically been designed for dispatchable one-way power 

flow from remote fossil-fuel powered generators to distant end-users. The presence of bidirectional 

power flow from household renewable energy systems has caused grid stability concerns for utility 

managers that operate traditional systems (Ipakchi and Albuyeh 2009; Cui and Zhang 2018). 

Additionally, reverse power flow compromises the physical integrity of conveyance infrastructure 

(Morgan et al. 2011). Ensuring grid reliability of evolving distribution networks while meeting the 

increasing demand for renewable energy sources requires power system engineers to evaluate new 

forms of architecture and to adapt distribution management practices for a more intermittent 

electric grid.  

 The diffusion of DER is also transferring market power in electric generation from utilities 

to end-users (Zhou, Wu, & Long, 2018). Solar photovoltaics (PV) and battery energy storage 

systems together can enable traditional utility customers to become prosumers (Sousa et al. 2018), 

or end-users that both consume electricity and send excess solar energy back to the grid (Zafar et 

al. 2018). The rise of prosumerism can potentially endow households at the grid-edge with a 

sizable share of the generation market (Jogunola et al. 2017). This transition in market power 

necessitates a new system that can better manage small-scale distributed generation of renewable 
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energy. Decentralized networks for peer-to-peer (P2P) electricity exchange offer an innovative 

paradigm for managing DER (Long, Wu, Zhou, and Jenkins 2018). P2P market configurations can 

provide a platform solution for flexible trading of excess energy from DER (Long et al. 2017), in 

addition to producing cost savings for households (Mengelkamp et al. 2018b). P2P market systems 

could conceivably change the economic practicality of household solar PV and battery energy 

storage systems, and thus influence the diffusion process of DER. Developing a better 

understanding of the impact of P2P energy exchanges on the economics of DER is a prerequisite 

for grid stakeholders to both gauge the transfer of generation market power from utilities to end-

users and to anticipate the impending evolution of power system dynamics. 

1.1 Solar Photovoltaic Technology Diffusion and Grid Stability 

Understanding and forecasting solar PV technology diffusion and assessing its impact on 

low-voltage feeders is needed to develop new operational standards. Household adoption of solar 

PV systems both causes damage to distribution infrastructure and decreases operational revenue 

for utilities (Cai et al. 2013). These characteristics of solar PV technology diffusion degrade the 

ability of an electric utility to provide a consistent flow of affordable grid-supplied power. Utility 

managers may have to respond with an electricity rate hike on retail prices, increasing the 

incentivization of solar PV for those who can afford it, while imposing a financial burden on those 

who cannot (Laws et al. 2017). As a result, a feedback loop is created between residential solar 

PV technology adoption and increasing retail rates for grid power. Long-term damage to 

distribution infrastructure may affect solar PV technology diffusion and electricity rate hikes. This 

research develops a framework to simulate the adoption of rooftop solar PV technology by 

residential households and couples it with a mechanistic power system model to evaluate grid 

stability issues that arise on low-voltage feeders. The integrated sociotechnical modeling 
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framework is applied to a virtual neighborhood of single-family households to demonstrate its use 

in analyzing utility management strategies. Chapter II  addresses the Research Question: How 

does rooftop solar PV technology diffusion affect the spatio-temporal profile of stability for low-

voltage electric grids? 

1.2 Simulating a Decentralized Electricity Market 

The diffusion of DER pressures grid stakeholders to rethink the historical business model 

of electric power distribution systems and the roles that major utilities play in their daily operation. 

An increase in microgeneration of electricity at the grid edge allows for a new system of P2P 

electricity trading among end-users (Murkin, Chitchyan, and Byrne 2016). A P2P trading system 

creates a free-market mechanism for solar adopters and non-adopters to exchange excess power 

(Mengelkamp et al. 2018). Solar producers can sell their excess at a price higher than the wholesale 

rate while consumers can purchase electricity at a price that is lower than the retail rate. A 

transactive electricity trading platform that is capable of processing P2P, utility-to-peer, and peer-

to-utility trades is needed to enable a more agile electricity market. An electricity trading platform 

depends on smart home energy sensor data and solar forecasting models to execute fair and 

effective market trades. Inaccurate market trades caused by poorly designed forecasting models 

may lead to financial penalties for sellers (Vergados et al. 2016), lowering the average selling price 

on their excess power. Battery bank energy storage may increase trade flexibility of a householdôs 

energy resources in a decentralized P2P market, raising the certainty of exchanged power flows 

and lowering the possibility for penalties. This research develops a modeling framework for 

simulating electricity trades between heterogenous households in a decentralized P2P electricity 

market. The framework is applied to a simple residential network filled with single-family 

households to analyze the impact that different trade scenarios have on the average price of 
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exchanged electricity. Chapter III  answers the Research Question: How does a decentralized 

P2P electricity market affect the average price of electricity bought in a neighborhood sub-

network? 

1.3 Modeling Trades and Energy Consumption in a P2P Energy Trading Network 

Decentralized P2P energy trading systems may add new value to renewable electricity 

generation while also encouraging conservation of natural resources (Jogunola et al., 2017; 

Kloppenburg & Boekelo, 2019; Morstyn, Farrell, Darby, & McCulloch, 2018). Advocates of P2P 

energy trading stress its potential in making green energy more affordable and more accessible 

(Jogunola et al., 2017). While P2P trading offers economic and environmental benefits, little is 

known about the effect of P2P interactions on household net electricity costs (Fridgen, Kahlen, 

Ketter, Rieger, & Thimmel, 2018). Given there are few implementations of P2P energy trading, 

there are also knowledge gaps regarding the impact of alternative electricity market structures on 

the dynamics of neighborhood electricity exchanges (Zhou et al., 2018) and the impact of 

individual decision strategies on trading dynamics and outcomes (Morstyn et al., 2018). Limited 

real-world experience (Lüth et al., 2018) means that discussions around the advantages and 

disadvantages of P2P energy trading currently depend on theoretical analyses (Abdella & Shuaib, 

2018; Kraan, Dalderop, Kramer, & Nikolic, 2019). Empirically-based investigations are needed 

(Fridgen et al., 2018) to advance our understanding of the effects and implications that P2P energy 

trading has on, and for, participants and infrastructure (Bollinger, van Blijswijk, Dijkema, & 

Nikolic, 2016; Morstyn et al., 2018). This study develops a modeling framework to simulate P2P 

electricity trades in a decentralized residential energy market, and applies the framework for a case 

study in Perth, Western Australia for a set of alternative electricity market structures. Results 

assess the impact of governance structures on the dynamics of P2P energy trading systems. 
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Chapter IV  addresses the Research Question: How does the governance structure of a 

decentralized energy market affect the dynamics of P2P electricity exchanges? 

1.4 Applying Agent-based Modeling to Simulate Solar PV Technology Diffusion and P2P 

Energy Trading Markets 

The research presented here develops both a solar adoption framework and a decentralized 

electricity market platform using an agent-based modeling approach. Agent-based modeling 

simulates simple actions and interactions among a group of agents in a closed environment 

(Holland 1995). Agents are modeled as autonomous actors that have both assigned states and rules 

of behavior (Wilensky and Rand 2015). Agent-based modeling provides a computational approach 

to simulate complex systems and the underlying feedback loops that influence their dynamics. The 

agent-based approach is bottom-up in nature, a simulation framework that focuses on the 

individuals and their interactions in a P2P or group setting (Miller and Page 2007). Agents have 

been used to study the human impact on civil infrastructure (Zechman 2011), bioenergy industry 

performance (Shu, Schneider, and Scheffran 2017), and the diffusion of DER (Zhao et al. 2011; 

Zheng, Meinrenken, and Lackner 2014; Ringler, Keles, and Fichtner 2016). Further, agent-based 

modeling has been recognized as a key approach in modeling electricity markets (Hansen, Liu and 

Morrison 2019). This research employs agents to analyze feedbacks that affect solar PV 

technology diffusion and grid dynamics. Additionally, this study uses agents to assess the impact 

of virtual P2P energy trading on the dynamics of residential electric distribution systems. The 

agent-based modeling approach is used here to simulate a series of what-if scenarios for rooftop 

solar PV technology diffusion and electricity market implementation.  

The major goals of the proposed research are to (1) fill knowledge gaps surrounding 

the dynamic interactions among social and engineering systems within an electric power 
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supply sociotechnical infrastructure system and (2) develop new analytical methods for the 

design and management of evolving low-voltage electric distribution systems. The first 

research objective of the proposed plan is to develop an agent-based solar adoption model and 

couple it with a mechanistic power system model to create an integrated sociotechnical modeling 

framework. The second research objective of the proposed activities is to develop an extensible 

agent-based market model capable of simulating electricity trades between heterogenous 

households in a decentralized electricity market. The third objective of the proposed research is to 

apply the agent-based energy trading framework for an empirical case study for a set of alternative 

electricity market structures. Simulation results are evaluated to determine best management 

practices for implementing distributed energy technology and stabilizing grid performance on low-

voltage sub-networks. 
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CHAPTER 2: Assessing Solar Photovoltaic Technology Diffusion and Grid 

Stability Using an Agent-based Modeling Approach 

1 INTRODUCTION  

Solar photovoltaics (PV) provides an opportunity to curb greenhouse gas emissions by 

transitioning dependence on fossil fuel-based energy sources to solar irradiation, which is clean, 

free, and widely available (Solangi et al. 2011; Tsoutsos, Frantzeskaki, and Gekas 2005; Zhao et 

al. 2011). Solar PV technology may have limited application in a residential setting, however, 

because electricity for household demand is provided during hours that typically do not coincide 

with periods of high consumption. As a result, excess energy must be contributed back to the grid 

(Motlagh et al. 2015). Large penetration of solar PV systems can create management problems for 

operation of the electric grid. Increased deployment of solar PV by residential users can increase 

the variability of distributed electricity generation, which compromises the reliability and 

robustness of the electric distribution system through increased frequency and magnitude of 

blackouts (Morgan et al. 2011).  Variability in household-level decision-making and energy 

contribution can create grid instability, which causes physical damage to distribution equipment, 

including transformers and wires (Eftekharnejad et al. 2013; Ipakchi and Albuyeh 2009). Grid 

instability can induce major fluctuations in the voltage level across distribution lines, leading to 

brownouts or blackouts in an electric service region (Novosel, Begovic, and Madani 2004). 

Infrastructure management may be challenged with transmission system issues, distribution 

system failures, and forecasting and scheduling problems (Ipakchi and Albuyeh 2009). A set of 

studies assessed the stability of electric grids with variable renewable generation present 

(Eftekharnejad et al. 2013; Lee and Wang 2008; Yan and Saha 2012) and found that solar PV 

degrades the short-term stability of medium-voltage distribution and high-voltage transmission 
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systems. In addition to equipment failure, residential adoption of solar PV technology can lead to 

loss of revenue for electric utilities (Cai et al. 2013). Customers may be adversely affected, because 

electric utilities typically recover lost revenue and infrastructure damages through hikes in 

electricity rates. 

The hypothesis of the research presented here is that the magnitude of the loss of electric 

grid stability and of hikes in electricity prices both affects and is affected by temporal and spatial 

patterns of solar PV adoption among households. The adoption of solar PV leads directly to electric 

grid instability, loss of revenue for the electric utility, and increases in the price of electricity. 

Decisions to adopt rooftop solar PV are made at the household level, and adoption within 

neighborhoods and communities may be driven by internal messages from a social network and 

external messages about energy conservation and environmental protection, as described by the 

theory of diffusion of innovations (Islam 2014; Rogers 1995). Adoption is driven by price and 

level of service, where grid instability and price increases encourage or accelerate adoption. A 

reinforcing feedback loop also exists through the social network, where adoption leads to further 

adoption within the community through peer relationships. The relationship between increasing 

solar adoption and increasing electricity price persists as a reinforcing feedback loop; feedback 

may continue until all households that can afford the technology adopt.  

The Bass Diffusion model, based on the diffusion of innovations theory, was applied to 

simulate diffusion of solar PV technology (Islam 2014). The Bass Diffusion model generates a 

time-series of aggregated adopters, but it does not predict spatially explicit and heterogeneous 

adoption among households, which is necessary to assess grid stability. Agent-based modeling, on 

the other hand, simulates adoption at the household level as a bottom-up process to capture 

heterogeneity in decision-making and spatially explicit decisions within a community. Agent-



9 

 

based modeling frameworks have been developed to simulate the diffusion of solar PV technology 

when word-of-mouth communication has an impact on the adoption decision (Palmer, Sorda, and 

Madlener 2015; Zhao et al. 2011). Additional agent-based modeling frameworks were developed 

to enable spatio-temporal modeling of solar PV technology diffusion (Rai and Robinson 2015; 

Robinson and Rai 2015). These frameworks simulate household adoption, but they do not simulate 

the feedbacks between distributed solar PV technology diffusion and the long-term damage to low-

voltage electric distribution infrastructure due to grid instability.  

The research presented here develops an approach to simulate the dynamics between the 

adoption of solar PV technology and energy infrastructure performance. Assessing the long-term 

damage to low-voltage distribution equipment is necessary to determine an appropriate 

relationship between rooftop solar PV technology diffusion and electricity rate hikes. Cai et al. 

(2013) use a top-level model similar to system dynamics to simulate the feedback between 

residential solar PV technology adoption and retail electricity rate hikes; their rate hike model is 

based on lost revenue alone and does not consider financial losses from distribution equipment 

failure caused by grid instability. This research develops a modeling framework to simulate the 

installation of solar PV technology in residential neighborhoods and to assess grid stability issues 

that accompany the adoption of solar PV technology.  We build on the agent-based modeling 

approach developed by Palmer et al. (2015), which was developed to simulate the diffusion of PV 

among single-family household neighborhoods through word of mouth processes and 

decentralized decision-making. In this research, we couple the agent-based adoption model with a 

power system model to represent the effects on grid stability. Agent behaviors create new input 

for the power system model based on decisions to adopt a solar PV system, which is made at the 

beginning of each simulation year. A power system model simulates performance of the electric 
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distribution infrastructure that serves a neighborhood of residential household agents. Based on 

levels of voltage difference and lost revenue, electricity prices are increased, which affects 

adoption decisions at the next simulation time step.  

We couple the Multi-Agent Simulator of Neighborhoods (MASON) (Luke 2015) for agent-

based modeling and GridLAB-D (GridLAB-D 2017) for power system modeling to create an 

integrated sociotechnical modeling framework.  The framework is applied to a virtual residential 

neighborhood of single-family households to demonstrate its use for evaluating management 

strategies. Simulation results show projections of installed solar PV capacity for scenarios with 

varying values for governmental rebate and price of electricity. Results also include grid instability 

heat maps for a baseline scenario, low penetration scenario, and high penetration scenario. The 

initial model is designed to simulate performance for small neighborhoods, and the model is 

developed using a modular approach to scale up to simulate larger neighborhoods, regions, or 

states. 

2 BACKGROUND  

2.1 Agent-based Modeling 

Agent-based modeling simulates the actions and interactions of multiple agents within a closed 

environment (Holland 1975; Miller and Page 2007). Agents are autonomous actors that are 

assigned states that may change and rules of behavior. Agents interact with other agents, update 

states, and select decisions for interacting with other agents and the environment. The diffusion of 

sustainable and renewable energy technology has been simulated with agent-based modeling in 

related work. The planning and development of renewable energy technology in developing 

countries was simulated with agents (Alfaro 2014). Agent-based modeling was used to simulate 
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transitions in consumer lighting (Afman et al. 2010) and the diffusion of compact fluorescent 

lamps (CFL) and light-emitting diodes (LED) (Hicks, Theis, and Zellner 2015). 

Agent-based modeling offers a decentralized approach for simulating multiple agents and 

their impact on infrastructure and the environment (Zechman 2011), and a set of models have been 

developed to simulate the interaction of a community with real-world infrastructure management 

systems. An agent-based model was coupled with hydraulic modeling to simulate contamination 

events in water distribution networks and evaluate threat management strategies (Zechman 2011). 

Agent-based modeling was applied to optimize bioenergy industry infrastructure (Shu, Schneider, 

and Scheffran 2017), compare expansion plans for new water reclamation infrastructure (Kandiah 

2015), and evaluate sustainable planning practices for new water and sanitation infrastructure 

(Triantafyllidis et al. 2018). 

2.2 Agent-based Modeling for Solar PV Technology Diffusion 

The decision to adopt rooftop solar PV technology typically takes place at the household 

level, which makes agent-based modeling ideal for simulating diffusion across geographic areas 

(Islam 2014). One agent-based model was applied to evaluate policy options for solar power 

generation systems.by simulating adoption based on financial parameters, word-of-mouth effects, 

and the influence of advertisements (Zhao et al. 2011). The framework developed by Zhao and 

colleagues (2011) was extended by adding environmental sensitivity as a factor in the adoption 

decision (Palmer, Sorda, and Madlener 2015). The model was tailored for the country of Italy to 

evaluate the effect that feed-in tariffs and government incentives have on the diffusion process.  

 An agent-based model of residential solar adoption that includes social, attitudinal, and 

economic factors in the adoption process was integrated with a geographic information system 

(Rai and Robinson 2015). This model was applied and validated for the City of Austin, Texas, and 
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was extended by incorporating disaggregated empirical data for evaluating model performance 

(Robinson and Rai 2015). Results of these studies showed that modeling the adoption process 

using financial factors alone does not perform well in accurately predicting the spatial and 

demographic pattern of solar adoption; however, model performance was improved by including 

social and attitudinal aspects along with economic factors in the adoption process. These studies 

did not assess the power system impacts that are associated with solar PV diffusion patterns. 

2.3 Solar PV and Grid Stability 

Electricity production and power distribution have historically been managed using a 

centralized paradigm (Wedde et al. 2007). With the rise of solar energy, power generation has 

increasingly become decentralized and distributed. While solar energy accounted for only 1.0% of 

the total electricity generation share in the United States in 2016, the International Energy 

Association envisions that solar PVôs share of global electricity will reach 16% by the year 2050 

(2014). The success of government tax incentives, net-metering programs, and state instituted 

renewable portfolio standards have led to an exponential increase in solar PV rooftop installations 

in southwestern states such as Arizona (ASU Energy Policy Innovation Council 2013).  

For electric utility systems to perform properly, generation and load must be in balance, as 

a momentary imbalance between the two can create stability issues (Banerjee, Jayaweera, and 

Islam 2016). Solar PV systems create a possibility of bidirectional power flow in low-voltage grids 

during periods of high generation and low energy demand. Previous studies indicate that the 

voltage of nodes in the system rise when there is bidirectional power flow, which results in 

overvoltage that causes grid instability (Tonkoski, Turcotte, and El-Fouly 2012). Utility managers 

can balance the grid and combat instability by ramping up or ramping down, or supply-side 

balancing through changing the output of power plants. Ramping the electricity output of a 
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baseload power plant usually incurs a cost to the utility. For example, fossil-fuel fired power plants 

must run at steady state to avoid stresses that accompany temperature gradients and ramping down 

should be administered to avoid sudden changes in temperature, which may require a long period 

of time (Denholm and Hand 2011). If excess solar power is produced, the utility manager may not 

be able to effectively ramp down the load at power plants. Electric utilities in the State of California 

have developed strategies to increase demands during periods of high production by paying 

consumers in the State of Arizona to use excess solar power and avoid major physical damage to 

the electric grid (Penn 2017). Although solar power is free, the cost of balancing this resource can 

be quite large for utilities (Wedde et al. 2007). The consequences of rapid deployment of solar PV 

must be explored to assist in the development of management strategies for electric utilities.   

3 AGENT-BASED MODELING FRAMEWORK  

We develop an agent-based modeling framework (Fig. 2.1) to simulate the interactions among 

households and feedback with an electric distribution grid. An agent-based model represents each 

household as a cell, or agent. Once an agent adopts solar PV, the input to the power system model 

is updated to reflect the change in technology. Output from the power system model includes 

infrastructure performance that is used to evaluate the effect of adoption on power system damage.  
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Figure 2.1: Agent-based modeling framework simulates interactions between household agents, a utility 

manager agent, and the electric distribution system.  

3.1 Household Agent 

Each agent is assigned a list of attributes, including roof size and household income, and a 

list of neighbors. Household attributes, messages from neighbors, and environmental factors are 

used as input to a utility function, which determines whether an agent will adopt solar PV at each 

time step.  

3.1.1 Utility Function to Adopt Solar PV  

  The adoption decision is based on a utility function (Eq. 1) that is the weighted sum of sub-

utility values associated with factors (Palmer, Sorda, and Madlener 2015). Sub-utility values have 

been equally weighted for this study. A household adopts PV technology if the total utility reaches 

a predefined threshold value (ta). 

ό Ὦ     (1) 

ό Ὦ  ὸᴼὃὨέὴὸ ὝὩὧὬὲέὰέὫώ       (2) 
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where utotal(j) is the total utility of household j; uinc(j) is the income utility of household j; uecon(j) 

is the economic utility of household j; uenv(j) is the environmental utility of household j; ucomm(j) 

is the communication utility of household j; and ta is the adoption threshold value.  All utilities 

and the value of ta range from 0.0-1.0. 

3.1.1.1 Income Utility 

  The income utility (Eq. 3) is modeled as a function of household income compared to the 

average household income of all agents in the model:  

ό Ὦ            (3) 

where uinc(j) is the income utility of household j (0.0-1.0); Nj is the annual income of household j 

($/year); and Navg is the average annual income of all household agents in the model ($/year). If 

the household income level is below the average income level of all agents in the model, the agent 

has positive marginal income utility. Conversely, if the household income level is above the 

average income level, the agent has negative marginal income utility. 

3.1.1.2 Economic Utility 

  The economic utility is a measure of the practicality of the investment for solar PV 

technology, which is based on the discounted payback period of the investment, or the number of 

years until the initial cost is recovered from electricity savings.  

ὔὖὠ  Ὅ Ὑ В            (4) 

Where NPV is the net present value of solar PV system investment ($); Io is the initial investment 

cost of solar PV system ($); Ro is the rebate for solar PV system ($); i is the discount rate; and R(t) 

is the expected electricity savings during year t of investment ($). The value of NPV is calculated 
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each year, and the year in which the value is a positive value is the payback period (pp).  The 

economic utility is then calculated: 

ό Ὦ           (5) 

where uecon(j) is the economic utility of household j (0.0-1.0); maxpp - minpp is the total investment 

length (years); and ppj is the payback period for household j (years). Payback period accounts for 

PV system investment cost, governmental rebates, and electricity savings associated with solar 

self-consumption. The economic utility formula (Eq. 4) is a linear function of the payback period 

and the total investment length. The initial cost includes the investment cost for solar PV, based 

on the peak capacity of the system. Electricity savings are assessed on a yearly basis and are 

discounted to a net present value for the investment year using a discount rate (Eq. 3). Rebates are 

assessed at the time of investment. 

3.1.1.3 Environmental Utility  

The environmental utility is a representation of an agentôs sensitivity toward renewable energy 

technology. Switching to eco-friendly renewable energy can mitigate greenhouse gas emissions 

from fossil-fuel fired power plants. Therefore, carbon dioxide savings or electricity savings is used 

to represent environmental utility. The environmental utility (Eq. 6) is a function of the expected 

electricity generation of the proposed solar PV system for a household over the lifetime of the 

system compared with the average expected electricity generation of all solar PV systems in the 

model (Palmer, Sorda, and Madlener 2015).  

ό Ὦ  

ȟ ȟ

ȟ ȟ
          (6) 

Where uenv(j) is the environmental utility of household j (0.0-1.0); EPV,j is the expected electricity 

generation of proposed PV system for household j over 20 years (kWh); and EPV,avg is the average 
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expected electricity generation of all PV systems currently in the model over 20 years (kWh). If 

the expected electricity generation for a householdôs proposed PV system is below the average 

expected electricity generation of all PV systems in the model, the agent has positive marginal 

environmental utility. Conversely, if the expected electricity generation for a householdôs proposed 

PV system is above the average expected electricity generation of all PV systems in the model, the 

agent has negative marginal environmental utility. 

3.1.1.4 Communication Utility 

  The diffusion of a technology is strongly influenced by social networks that communicate 

their qualities. Interpersonal communication can cause a ñword-of-mouthò effect among agents in 

a social system which may accelerate the acceptance of a technology (Moldovan and Goldenberg 

2004). The communication utility of a household is used to quantify the impact that inter-personal 

communication has on the adoption of solar PV technology. Communication utility (Eq. 6) is based 

on the total number of links in a householdôs social network and the number of links in the social 

network that have adopted PV technology (Palmer, Sorda, and Madlener 2015). If the number of 

adoption links is less than half the number of total links in householdôs social network, the agent 

has positive marginal communication utility. Conversely, if the number of adoption links is more 

than half the number of total links in a householdôs social network, the agent has negative marginal 

communication utility. 

ό Ὦ  

ȟ Ȣz ȟ

Ȣ

ȟ Ȣz ȟ

Ȣ

          (7) 

where ucomm(j) is the communication utility of household j (0.0-1.0); Lj,total is the total number of 

links in household jôs social network; and Ej,adopt is the number of links in household jôs social 

network that have adopted solar PV 
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3.2 Cellular Automata Model 

  The agent-based model is implemented within a cellular automata system, which is a two-

dimensional square lattice of cells that evolve over time using simple rules that are based on the 

state of their neighbors (Wolfram 1986). A householdôs social network is composed of the 

households that are in its neighborhood. This research uses a Von Neumann neighborhood to 

represent the social network of a household. A Von Neumann neighborhood includes a central cell 

and the cells that are immediately above, below, to the right, and to the left of the central cell 

(Toffoli and Margolus 1987). 

3.3 Utility Manager Agent  

The utility manager agent monitors grid infrastructure for reliability and assesses the 

system for damage over time. This agent passes an electricity rate hike to the household agents.  

The increase in electricity depends on the degree of adoption and level of grid instability within 

the distribution system.  

3.3.1 Damage function 

A damage function has been created to account for the rate hikes passed to utility customers 

due to impacts from solar adoption (Eqns. 8-11). First, the adoption score (sa) is calculated as the 

ratio of the total number of adopters (Na) to the total number of households (NT) in the system. 

This score serves as a proxy for lost revenue. 

ί             (8) 

Next, the damage score (sd) is calculated based on the number of violations of a threshold in the 

voltage drop across the major wires. The voltage drop across a major wire approximates the voltage 

rise experienced by nodes towards the end-users, which is a common metric used to gauge 

localized overvoltage instability. The sign of the voltage drop indicates if there is bidirectional 
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power flow present in the network, which acts as another flag for grid instability (Tonkoski, 

Turcotte, and El-Fouly 2012).  

The average voltage drop (Ўὠ) is calculated for a wire over a one-day simulation.  

ώ  
ρȟὭὪ ɝὠ  ὸ 
πȟέὸὬὩὶύὭίὩ

       (9) 

Where yij is the binary variable for voltage drop violation of wire i during day j; and td is the 

damage threshold (V). The damage score is calculated as the ratio of violations to the total 

maximum number of penalties possible. This score is used as a proxy for costs incurred through 

infrastructure damage. 

ί  
ВВ ȟ

          (10) 

Where sd is the damage score and I is the total number of days that are evaluated, and J is the 

number of major wires that are observed. The electricity price (pnew) is a function of the adoption 

score and the damage score from the previous year.  The damage function demonstrates the 

feedback mechanism between increasing electricity price and increasing solar PV adoption. The 

new price of electricity can range from the original price to value that is twice the original price.  

ὴ ὴ ρ                (11) 

Where pnew is the electricity price after adjustment ($/kWh); poriginal is the initial electricity price; 

sa is the adoption score; and sd is the damage score. 

3.4 Power System Model 

  A power system model is built to satisfy the distribution requirements of a small 

neighborhood of single-family households.  After all adoption decisions are made at the beginning 

of the year, the power system model is simulated for a characteristic day from each of the four 

seasons of the year. The power system is assessed for grid instability damage for each of the four 
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seasons. Grid instability is evaluated based on the average voltage drop across major distribution 

wires. 

4 APPLICATION  

The agent-based modeling framework is applied for a case study.  A virtual neighborhood is 

simulated with a realistic distribution feeder system adapted from a model provided by Pacific Gas 

and Electric Company (PG&E) (GridLAB-D 2017b). This approach demonstrates a computational 

subsection analysis of electric grid performance that can be scaled up to large neighborhoods or 

regions. The neighborhood has 25 residential single-family households aligned in a 5 X 5 cellular 

lattice as shown in Figure 2.2 below. The total number of households needs to be close to the 

original PG&E feeder model (13), must be a perfect square to satisfy the dimensions of a cellular 

automata system, and should be large enough to properly assess geospatial complexity of adoption 

and grid dynamics. The distribution system is connected to a pole top transformer with a single-

phase connection. System components are connected using five overhead major distribution wires 

and 25 overhead minor distribution wires. A list of parameter values for the virtual low-voltage 

grid are given in Table 2.1. 
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Figure 2.2: Spatial layout of the virtual neighborhood and the power infrastructure.  

Table 2.1: Parameter values for virtual low-voltage grid. 

Parameter Value 

Major wire length 180 ft 

Minor wire length 60 ft 

Household PV wire length 20 ft 

Transformer primary voltage 7200 V 

Transformer secondary voltage 120 V 

 

4.1 Household Characteristics  

Each household is assigned a set of parameter values at initialization, these parameter 

values are the same for all simulations. Household agents are modeled using characteristic data for 

the State of Arizona due to the stateôs large solar potential and its quickly growing solar PV market 

(Ringle 2017). Household floor square footage is assigned using a standard normal distribution, 

with mean of 1800 square feet (Energy Information Administration 2017). Roof square footage 

was calculated as 1.12 roof square feet per square foot of floor space. This relation is based on a 

house with a 6 in. 12 pitched roof (SFGATE 2017). Household income was assigned using a 

standard normal distribution, with a mean of $51,500 (United States Census Bureau 2017). Annual 
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electricity consumption for the State of Arizona was found to be 14250 kWh per household 

(Energy Information Administration 2017). Average floor square footage for the State of Arizona 

was found to be 1798 square feet per household (Energy Information Administration 2017). These 

figures were used to determine an electricity consumption relation of 7.925 kWh electricity 

consumed per square foot of household floor space. The peak power of a solar PV system is 

calculated using Eqn. 12.  Households are modeled with solar PV panels on south-facing roofs. 

ὖ  Ὅ  zὃ ὅz  zὉ                           (12) 

Where Ppeak is the peak PV system power (kWpeak); Is is the solar irradiation (1 kW/m2 or 0.0929 

kW/ft2); Ar is the roof area (ft2); Cp is the proportion of roof coverage (0.125 and 0.25); and Ec is 

the solar cell efficiency (0.25). 

Table 2.2: Parameter values for households. 

Parameter Value 

Original electricity price (poriginal) 0.128 $/kWh 

Household heating system type Heat pump 

Heating coefficient of performance 3.0 

Household cooling system type Electric system 

Cooling coefficient of performance 2.6 

Household air temperature 70 ºF 

Solar panel type Single Crystal Silicon 

Solar cell efficiency 25.3% 

Peak solar irradiation 0.0929 kW/ft2 

5 RESULTS 

Results are presented below for (1) a decoupled approach and (2) a damage function approach. In 

the decoupled approach, the feedback loop between increasing electricity price and increasing 

solar PV adoption is not explicitly modeled; instead, the electricity price is modeled independently 



23 

 

of the number of adopters and damage to grid infrastructure. The feedback loop is explicitly 

modeled in the damage function approach, where the number of adopters and damage influence 

the price of electricity over time.  

5.1 Decoupled Approach 

Three different adoption scenarios are presented for the decoupled approach, including 

conservative, baseline, and optimistic scenarios. Each scenario is characterized by values for 

electricity price model, adoption threshold, and roof coverage. A constant investment price of 

$3090/kWpeak is assumed for all scenarios. All scenarios are initiated with a rebate value of 

$15,000; this value approximates the sum of solar rebate, federal tax credit, and Arizona state tax 

credit values offered in the State of Arizona (Zhao et al. 2011). The three scenarios are each tested 

under two settings, a constant investment price setting, and a decreasing investment price.  

  The conservative scenario uses a constant electricity price that is equivalent to the average 

retail electricity rate in Tucson in 2015 (Fig. 2.3a). A constant investment price is assumed and set 

equivalent to the average price per peak kW in the United States in 2015 (Fig. 2.3b) (Chung et al. 

2015).  The baseline scenario uses an electricity price model that shows a 7.81% increase over 

time; this model was taken from the Energy Information Administration reference projection for 

electricity price in Tucson over the next 20 years (Fig. 2.3a) (Sieminski 2015). Under the constant 

investment price setting, an investment price of $3090/kWpeak is assumed. Under the decreasing 

investment price, a conservative investment price model is used that yields a 45.86% decrease over 

the 20-year time horizon (Fig. 2.3b). This investment price model was fitted using an exponential 

distribution of data from the National Renewable Energy Laboratory (Fu et al. 2016). The original 

data was provided for years 2009-2016; an exponential trend line was fit to data provided for these 
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years then the trend was extrapolated through year 2034. Only values for years 2015-2034 are used 

in the model.  

 The optimistic scenario uses an electricity price model that shows a 40.63% increase over 

time (Fig. 2.3a); this model was formulated by extrapolating the electricity price of Tucson using 

historic data from the previous 20 years (Energy Information Administration 2018). Under the 

constant investment price setting, an investment price of $3090/kWpeak is assumed. For the other 

setting, an investment price model is used that shows a 94.69% decrease over time (Fig. 2.3b). 

This model was formulated by fitting the price per peak kW capacity to an exponential distribution 

of the unit price of a similar technology, lithium-ion batteries. Data for the unit price on consumer 

lithium-ion batteries for years 1995-2011 was made available by Citi (2016). An exponential trend 

line was fit to this data and then extrapolated through year 2020. This decreasing trend was fit to 

the solar PV investment price model for years 2009-2034 using the base unit price of $7060/kW 

provided by the National Renewable Energy Laboratory for year 2009 (Fu et al. 2016). Only values 

for years 2015-2034 are used in the investment price model. 

Two models are constructed for each of the scenarios to demonstrate conditions that favor 

high adoption and conditions that favor low adoption. For the high adoption model, the 

conservative, baseline, and optimistic scenarios use adoption threshold values of 0.35, 0.30, and 

0.25 respectively for roof coverage of 25%. For the low adoption model, the conservative, baseline, 

and optimistic scenarios use adoption threshold values of 0.50, 0.40, and 0.30 respectively for a 

roof coverage of 12.5%.  A summary of settings is provided in Table 2.3. 
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Table 2.3: Summary of parameter settings for the agent-based modeling framework application to Grid-1. 

Price and investment cost models include Conservative (Cons.), Baseline (Base.), and Optimistic (Opt.). 

 Decoupled Approach 
Damage Function 

Approach 

Scenario Low Adoption High Adoption 
Low 

Adoption  

High 

Adoption  

Economic 

Forecasting 

Model 

Cons. 

model 

Base. 

model 

Opt. 

model 

Cons. 

model 

Base. 

model 

Opt. 

model 
NA* NA 

Proportion 

of roof 

coverage 

12.5% 12.5% 12.5% 25% 25% 25% 12.5% 25% 

Damage 

threshold 

(td) 

NA NA NA NA NA NA 

0.5 V 0.5 V 

0.0 V 0.0 V 

-0.5 V -0.5 V 

Adoption 

threshold 

(ta) 

0.5 0.4 0.3 0.35 0.3 0.25 

0.3 0.25 

0.35 0.275 

0.4 0.3 

0.45 0.325 

0.5 0.35 

Electricity 

price 

Cons. 

model 

Base. 

model 

Opt. 

model 

Cons. 

model 

Base. 

model 

Opt. 

model 
NA* NA 

Investment 

price 

Cons. 

model 

Base. 

model 

Opt. 

model 

Cons. 

model 

Base. 

model 

Opt. 

model 
3090 

$/kWpeak 

3090 

$/kWpeak 3090 

$/kWpeak 

3090 

$/kWpeak 

3090 

$/kWpeak 

3090 

$/kWpeak 

3090 

$/kWpeak 

3090 

$/kWpeak 

Initial 

rebate 
$15,000 $15,000 $15,000 $15,000 $15,000 $15,000 $15,000 $15,000 

* - electricity cost increase is calculated dynamically through the damage function 
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Figure 2.3: Input for conservative, baseline, and optimistic adoption scenarios are shown as (a) electricity 

price models, and (b) investment price models. 

5.1.1 Levels of Adoption 

  At 25% roof cover with constant investment price, each scenario leads to different rates of 

adoption over time (Fig. 2.4a). The optimistic scenario outgrows the baseline scenario with respect 

to total adopters, and the baseline scenario leads to more adopters than the conservative scenario. 

All scenarios can be characterized by an abrupt rate of adoption in the beginning that quickly 

reaches equilibrium. The conservative, baseline, and optimistic scenarios reach equilibrium after 

five, five, and three years of simulation, respectively.  

  The 12.5% roof cover scenarios with constant investment price yield very different 

adoption dynamics (Fig. 2.4b). Under this setting, the optimistic scenario dominates the baseline 

scenario with respect to total adopters, and the baseline scenario dominates the conservative 

scenario. While the optimistic scenario reaches 100% adoption within five years of simulation, the 

baseline scenario plateaus after four years and reaches equilibrium after 10 years at a point well 

below the optimistic scenario. The small bump in adoption for the baseline scenario is because of 

the electricity price increase experienced by the households halfway through the simulation period.  
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At 25% roof cover and a decreasing investment price, model results yield distinct 

differences in total adoption and rate of adoption over time (Fig. 2.4c). The optimistic scenario 

again outgrows the baseline scenario with respect to total adopters, and the baseline scenario leads 

to more adopters than the conservative scenario. The optimistic and conservative scenarios can be 

characterized by an abrupt rate of adoption in the beginning that quickly reaches equilibrium. The 

optimistic scenario has a larger rate of adoption because of major momentum from both economic 

utility and word-of-mouth communication. The conservative scenario reaches equilibrium after 

four years. The baseline scenario shows a large rate of adoption in the beginning, but it plateaus 

after four years; it begins to pick up momentum 14 years into the simulation and reaches 100% 

penetration by year 19. This momentum is due to the decrease in investment cost for the solar PV 

system (Fig. 2.3b). Although this scenario picks up momentum in later years with a decrease in 

the investment cost, the adoption dynamics early on in simulation are no different than the case 

with constant investment price. 

The 12.5% roof cover scenarios with investment price decrease yield slightly different 

results (Fig. 2.4d). The optimistic scenario dominates the baseline scenario with respect to total 

adopters in the beginning of simulation; however, they both reach 100% penetration within three 

years. The conservative scenario leads to the least number of adopters. The conservative scenario 

has a slow rate of adoption in the beginning that becomes slower after the second year of 

simulation. The 12.5% roof coverage case leads to more adopters for each scenario, compared to 

the low adoption model for each scenario, except the conservative scenario. This is likely because 

of the lower initial investment cost required for a household, resulting in a shorter payback period. 

The 25% roof coverage case leads to larger penetration for the conservative scenario because larger 

solar PV systems lead to larger values for the environmental utility; this may have a stronger 
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impact on adoption because initial investment cost and retail electricity price do not decrease over 

time.  

The investment price decrease impacted the 12.5% roof cover scenarios more than the 25% 

roof cover scenarios. The adoption dynamics were increased more for the 12.5% roof cover cases 

because households with larger systems now had small enough payback periods to put them in 

range of the adoption threshold. For the 25% roof cover scenarios, households with the largest 

systems were already out of range of adoption with or without an investment price decrease 

because their payback periods were so large.  
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Figure 2.4: Time series of adoption for conservative, baseline, and optimistic scenarios with (a) 25% roof 

coverage with constant investment price (b) 12.5% roof coverage with constant investment price (c) 25% 

roof coverage with decreasing investment price and (d) 12.5% roof coverage with decreasing investment 

price. All simulations were performed with an initial rebate of $15,000. There is no change in investment 

cost in these simulations. 

5.1.2 Grid Stability Impacts  

Grid stability profiles for constant and decreasing investment models for high and low 

adoption scenarios (Fig. 2.5). Each data point represents the total average voltage drop across all 

major distribution wires for a single day that is modeled within each season, and the value found 

for each data point is considered a characteristic value for the entire season. The day chosen for 

each season is the 15th of January, April, July, and October respectively. The repeating order of 
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seasons reflects winter, spring, summer, and fall; this order continues for 20 years and is 

representative of years 2015-2034.  

At 25% roof coverage with constant investment price, the optimistic scenario has the 

largest total average voltage drop across the major distribution wires (Fig. 2.5a). The baseline 

scenario reaches a steady state in which values are greater than zero voltage in all seasons except 

winter, and the network consumes energy in the winter. Conversely, the equilibrium pattern for 

the conservative scenario shows that the network is a net generator of electricity during the spring 

but is a net consumer of electricity in the summer, fall, and winter. For the low adoption scenarios 

with 12.5% roof coverage (Fig. 2.5b), the network does not evolve to a net generator of electricity.  

This is because small systems produce low energy. For the optimistic and baseline scenarios, all 

households adopt solar PV, but voltage drops remain at negative values in all seasons of the year. 
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Figure 2.5: Time series of total average voltage drop across major distribution wires for conservative, 

baseline, and optimistic adoption scenarios with (a) 25% roof coverage with constant investment price (b) 

12.5% roof coverage with constant investment price (c) 25% roof coverage with decreasing investment 

price and (d) 12.5% roof coverage with decreasing investment price. All simulations were performed with 

an initial rebate of $15,000. 
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  The stability profiles for decreasing investment price models do not differ substantially 

from the setting with constant investment price. Average voltage drops are slightly higher for the 

optimistic and baseline scenarios when there is an investment price decrease. The optimistic 

scenario generates the largest total average voltage drop across the major distribution wires. The 

baseline scenario initially reaches equilibrium in a pattern that lies over the zero-voltage point in 

all seasons except the winter, but after 14 years, the voltage drop remains above zero in all seasons. 

The equilibrium pattern for the conservative scenario shows that that network is a net generator of 

electricity during the spring but is a net consumer of electricity in the summer, fall, and winter. 

Because of the low energy production of smaller systems, results for the low adoption scenario 

(Fig. 2.5d) demonstrate that the network does not evolve to a net generator of electricity.  For the 

optimistic and baseline scenarios, all households adopt solar PV, but voltage drops remain at 

negative values in all seasons of the year. 

5.2 Damage Function Approach 

  The damage function approach simulates that electricity prices are affected by solar PV 

adoption, creating a feedback that affects solar PV adoption. Three different damage threshold 

values are each tested on five different adoption threshold values for the damage function 

approach. The damage function approach is applied for a roof coverage of 25% and 12.5%. A full 

description of the parameter value sets that were simulated can be found in Table 2.3.  

  The adoption threshold has a distinct impact on the total number of adopters and the rate 

of adoption within the system (Fig. 2.6). As expected, larger adoption thresholds result in a lower 

number of adopters, while smaller adoption thresholds lead to a larger number of adopters. Ranges 

of adoption threshold values were simulated at 0.25-0.35 for the low adoption model and 0.30-

0.50 for the high adoption model. The differences in threshold values were chosen for each set of 
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roof coverage scenarios to exhibit the areas of dynamic response of the system. For the low 

adoption scenario, values less than 0.25 for ta demonstrate the same performance as 0.25, and 

values greater than 0.35 generate the same performance as 0.35. The lower and upper bound for ta 

were chosen for the high adoption scenario following the same approach. Results are shown for td 

set at 0.5 V. Changing the damage threshold between -0.5 V, 0.0 V, and 0.5 V did not produce any 

differences in adoption dynamics among simulations. 

 

Figure 2.6: Time series of adoption for adoption threshold scenarios with (a) roof coverage of 25%, and 

(b) roof coverage of 12.5%. All data shown represent a damage threshold of 0.5 V and an initial rebate of 

$15,000.  

 The adoption threshold also impacts the electricity price (Fig. 2.7). Smaller adoption 

thresholds and larger adoption levels lead to larger increases in the electricity price. Larger 

adoption levels lead to larger amounts of excess solar power during the daytime. The 25% coverage 

scenarios led to larger electricity prices despite lower levels of adoption. This happened because 

of the larger system sizes, which contributed more excess solar power and resulted in more voltage 

drop penalties. The damage function for determining the electricity price depends on both the level 

of adoption and the number of voltage drop penalties. The 25% coverage scenarios have a larger 

range in the equilibrium price of electricity than the 12.5% coverage scenarios, and this is because 

with each additional level of adoption there was an increase in the number of voltage drop 
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penalties. Since the average system size was smaller for the 12.5% coverage scenarios, additional 

adoption did not necessarily increase the number of voltage drop penalties. For all scenarios, retail 

electricity price reached equilibrium in less than five years, following the adoption dynamics, 

which also stabilize after five years. 

 

Figure 2.7: Time series of retail electricity price for adoption threshold scenarios with (a) roof coverage of 

25%, and (b) roof coverage of 12.5%. Simulations represent a damage threshold of 0.50 V and an initial 

rebate of $15,000.  

  There are clear differences in the stability profiles between adoption threshold values for 

each roof coverage scenario (Fig. 2.8). At 25% roof coverage, the lower adoption threshold 

scenarios converge to profiles with positive voltage drops. The higher adoption threshold scenarios 

lead to an equilibrium where local stability is not a concern. At 12.5% roof coverage, all scenarios 

converge to stability patterns that lie below the zero voltage drop point, which keeps the price of 

electricity low (Fig. 2.7b), compared to the 25% roof coverage scenarios (Fig. 2.7a).  
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Figure 2.8: Time series of total average voltage drop across major distribution wires for damage function 

analysis with (a) roof coverage of 25%, and (b) roof coverage of 12.5%. All simulations were performed 

with an initial rebate of $15,000, and a damage threshold of 0.5 V. 

 

 

 



38 

 

5.2.1 Comparing the Decoupled Approach and the Damage Function Approach 

  A set of simulations was conducted to directly compare the results of the uncoupled 

approach and the damage function approach.  For these simulations, the base electricity price and 

the rebate were kept at constant values. A range of adoption threshold values are tested for both 

approaches, while the damage threshold was varied for the damage function approach.   

  The damage threshold does not affect the total number of adopters at equilibrium for 25% 

roof coverage (Fig. 2.9a). This is because retail electricity price has a small impact on total 

adoption utility and the damage thresholds produce very little variation in the electricity price. A 

clear increase in equilibrium adoption can be seen for the damage function cases compared to the 

decoupled case for 12.5% roof coverage, at larger values for ta (Fig. 2.9b). The damage function 

approach predicts larger levels of adoption, when the increase in electricity price is simulated.  

  Electricity prices are substantially influenced by the damage threshold for both 25% roof 

coverage and 12.5% roof coverage (Fig. 2.10). Larger damage thresholds lead to lower equilibrium 

electricity prices. Variation in the electricity price between damage thresholds is wider for the 25% 

roof coverage cases than for the 12.5% roof coverage cases, although the variation diminishes as 

the adoption threshold gets larger. Although equilibrium electricity prices were higher for the 25% 

roof coverage cases, this did not translate into more adoption than the 12.5% roof coverage cases. 

Adoption is more sensitive to the electricity price for agents with a smaller roof coverage. 
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Figure 2.9: Total adoption at equilibrium for damage function analysis with (a) roof coverage of 25%, and 

(b) a roof coverage of 12.5%. Results are shown for a decoupled case (DC) and damage function cases for 

damage thresholds of -0.5, 0.0, and 0.5 V respectively. All simulations were performed with an initial rebate 

of $15,000.  
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Figure 2.10: Electricity price at equilibrium for damage function analysis with (a) roof coverage of 25%, 

and (b) roof coverage of 12.5%. Results are shown for a decoupled case (DC) and damage function cases 

for damage thresholds of -0.5, 0.0, and 0.5 V respectively. All simulations were performed with an initial 

rebate of $15,000. 
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5.3 Initial Seed Analysis 

 The geospatial impact of the initial seed on the total number of solar PV adopters is 

evaluated in Figures 2.11 and 2.12 below. A comparison of the total number of adopters present 

at the end of the simulation between roof coverages of 25% and 12.5% is provided in Figure 2.11. 

Results are shown for a set of simulations with an adoption threshold of 0.50, initial rebate of 

$15,000, and a damage threshold of 0.5 V. At each roof coverage value there are distinct areas of 

the grid where the initial seed leads to a substantially lower number of total adopters. This likely 

happens because the initial seed location is surrounded by several households that are lower 

income or have smaller system sizes due to roof constraints, which lowers the economic 

practicality and environmental sensitivity utilities respectively. These types of households act as 

shields against PV technology diffusion, preventing word-of-mouth communication from having 

a positive effect on the process.  There is more variation in total adopters between initial seed 

placement for the 25% roof coverage than for 12.5% roof coverage. This may be due to the high 

adoption threshold, where adoption dynamics are generally slower for the 25% roof coverage case 

and are more dependent on the connectivity of the seed to households with higher income and 

larger system sizes. These results show that there are ridges of initial seed locations within the grid 

that lead to the emergence of vastly different adoption dynamics.  
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Figure 2.11: Seeding analysis results represent total number of solar PV adopters at the end of simulation 

when household is chosen as the initial seed. Simulation shown is from the damage function analysis with 

an adoption threshold of 0.50, initial rebate of $15,000, and damage threshold of 0.5 V. Results are shown 

for (a) roof coverage of 25%, and (b) roof coverage of 12.5%. 

 A temporal comparison of the total number of adopters present between initial seed 

locations is provided in Figure 2.12. These results are for a set of simulations with a roof coverage 

of 12.5%, an adoption threshold of 0.50, initial rebate of $15,000, and a damage threshold of 0.5 

V. Again, there are areas of the grid where the initial seed leads to a substantially lower number of 

total adopters. There are other seed locations where all adoption happens within the first two years 

of the simulation. This happens because of the initial shielding effect from households with 

generally low adoption utility. Some seed locations lead to adoption dynamics that are slow in the 

beginning and become faster paced in subsequent years. While the initial seed location can be 
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shielded, there are other households in the network that have a high enough adoption utility without 

a connection to the initial seed, so interpersonal communication picks adoption momentum up 

following them. These results again show that there are ridges of initial seed locations within the 

grid that lead to the emergence of vastly different adoption dynamics.  

 

Figure 2.12: Seeding analysis results represent total number of solar PV adopters at the end of (a) year 1, 

(b) year 2, (c) year 3, and (d) year 4 when a household is chosen as the initial seed. Simulation shown is 

from the damage function analysis with an adoption threshold of 0.40, initial rebate of $15,000, damage 

threshold of 0.5 V, and a roof coverage of 12.5%. 

6 DISCUSSION   

This study serves to assess the long-term spatio-temporal stability of a low-voltage electric 

distribution system during a transition period of increasing distributed energy resources. Rooftop 

solar PV technology diffusion was modeled at the household level using a bottom up approach 

seen in previous studies (Palmer, Sorda, and Madlener 2015; Rai and Robinson 2015; Robinson 

and Rai 2015; Zhao et al. 2011). Like Rai and Robinson (2015), the geospatial distribution of 

rooftop solar PV technology was considered in the diffusion process. This study extends previous 

research by considering the magnitude of grid instability caused by solar PV technology adoption, 

beyond simulating the geospatial distribution of adoption alone. Household electricity 
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consumption and variable solar power production were modeled using a power system simulation 

tool; voltage drops across major grid wires were used as a proxy for grid stability. A decoupled set 

of simulations was performed where the agent-based adoption model was executed to feed 

information unidirectionally to the power system model for an annual assessment of grid stability 

over a 20-year timeline. Simulations were performed for conservative, baseline, and optimistic 

adoption scenarios. We found there to be stability issues for baseline and optimistic adoption 

scenarios at 25% roof coverage as voltage drop values indicated that the sub-network annually 

became a daytime net-producer of electricity within the simulation timeline. At 12.5% roof 

coverage, grid stability did not seem to be a problem. This shows the need for an appropriate limit 

on the capacity of solar PV systems connected to the grid. Grid-tied solar PV systems with large 

peak capacities can compromise grid reliability during the daytime. Future work can assess the 

effects of stability problems for electric utilities by modeling the upstream affects associated with 

power plant ramping cycles.  

  This research also served to evaluate the impact that the positive feedback loop between 

increasing adoption and increasing electricity price has on local grid stability. We model an 

electricity rate hike function. We extend the rate hike function formulated by Cai et al. (2013) by 

considering both the long-term damage to infrastructure caused by grid instability and lost revenue 

from increased adoption. The agent-based adoption model was coupled to the power system 

simulation model using the damage function to update the electricity price annually; several 

simulations were performed to determine the impact that the positive feedback loop between 

increasing adoption and increasing electricity price has on local grid stability. The results from this 

study indicate that while electricity prices are affected by the damage function approach, the 

adoption dynamics and grid instability are the essentially the same with and without a damage 
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function for some scenarios. The total adoption is predicted as higher using the damage function 

when the adoption thresholds are higher, indicating consumers that are somewhat resistant to 

adoption, and when roof areas that can be converted to solar PV are smaller.  When developing 

incentives programs for distributed energy, these simulations can be assistance in developing 

insight to how adoption may be influenced, due to the characteristics of the population. 

The limited impact of the damage function on adoption dynamics may also be attributed to the 

weight chosen for the economic practicality attribute in the adoption decision model. In this study, 

equal weights were chosen among all attributes in the adoption decision model, however, other 

studies use a larger weight for the economic practicality attribute as this is seen to be more 

important in the adoption decision in many scenarios (Palmer, Sorda, and Madlener 2015). The 

use of a larger weight for the economic practicality attribute may lead to a larger impact on overall 

adoption and local grid stability.  

 The research performed here extends previous solar adoption research by incorporating the 

power system dynamics that accompany diffusion of residential solar PV technology. The methods 

employed by this study allow us to track the transitional changes to distribution system 

infrastructure during the diffusion process; these transitional states elucidate the technical and 

operational challenges that may arise while adoption spreads through a neighborhood. This study 

illuminates the idea that the impacts of solar PV technology adoption on electric distribution 

infrastructure are both temporal and geospatial in nature. The initial seeding analysis revealed 

socio-demographic ridges that lead to the emergence of complex adoption dynamics. Identifying 

these geospatial ridges can offer insight into the potential growth of solar PV capacity throughout 

the distribution system over time. The findings of this study would be of most benefit to electric 

utility managers that are facing fast-paced growth of residential rooftop solar PV capacity through 
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their low-voltage distribution networks. A simulation framework that considers the geospatial 

array of sociodemographic characteristics along with the physical topology of the distribution 

infrastructure can help to identify regions of the grid that are at risk of unwanted voltage rise or 

frequency shift. From a centralized electric utility point of view, these methods offer a powerful 

means to discover appropriate strategies for implementing integrated supply and demand side 

management practices that are aimed at providing reliable and cost-effective power. From a micro-

grid point of view, these methods give insight to planners about future solar curtailment necessary 

to balance their grid. 

7 CONCLUSION   

An agent-based modeling framework is demonstrated here for a virtual case study to facilitate the 

simulation of nonlinear interactions among households and electric distribution infrastructure in 

several technology diffusion scenarios. This approach provides a framework that enables the 

integration of technology adoption principles with power system modeling to provide a holistic 

understanding of electric infrastructure dynamics during a transition period of increased distributed 

generation. An interdisciplinary approach that combines technology adoption decision science 

with power system engineering can result in more informed decision making for electric utility 

managers. This work extends solar adoption modeling previously reported by considering power 

system effects that accompany rooftop solar PV technology adoption (Palmer, Sorda, and 

Madlener 2015; Rai and Robinson 2015; Robinson and Rai 2015; Zhao et al. 2011). It is 

demonstrated here that household behavior such as word-of-mouth communication may impact 

reliability of the sub-network by causing higher penetration of solar PV, which can contribute to 

voltage rise in the system and cause ramping problems upstream. 
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 Although validation of the results is not possible considering that the neighborhood is 

virtual, the modeling framework may be used to evaluate potential benefits and consequences 

associated with different deployment scenarios. The framework can be applied for electric utilities 

that manage an increasing presence of solar PV systems in their service regions. A utility can use 

this model to identify clusters of houses that may be prone to adopt rooftop PV technology and 

contribute large quantities of excess solar power back to the grid. Leveraging the model requires 

an estimation of household income potentially using property value as a proxy, household square 

footage, south-facing roof area, and climate data for the study area. Through studying and 

analyzing a set of adoption scenarios, electric utility managers will be better prepared to select 

adequate management strategies in response to a system that is transitioning in its composition.  

 The scenarios that are modeled in this study carry with them a set of assumptions that 

should be carefully evaluated. However, the limitations of these assumptions can be improved with 

additional research. As an example, it is uncertain what the adoption threshold is for households. 

This uncertainty can be lowered if the framework is updated using survey data about the decisions 

of households to adopt solar PV. The size of each householdôs social network is a parameter that 

is used as input to the agent-based model. This research uses a Von Neumann neighborhood to 

represent a householdôs social network; however, it is realistic that the household may be 

connected to households farther away that are both within and outside of the modeled sub-network. 

The damage threshold quantifies the impact that ramping has on overall distribution system 

damage and to appropriately set this value, a decision-maker may require more information than 

the presence of bidirectional power flow. The weight applied to each attribute in the adoption 

function also affects model outcomes, and it is likely that there is a wide distribution of weights 
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that can be applied for each household that depend on sociodemographic factors and geographic 

location.   

 Future work will consider the effect of solar PV technology diffusion when energy storage 

is considered in the adoption decision. It is anticipated that including battery bank energy storage 

in the model will alleviate some of the grid stability issues by decreasing instances of bidirectional 

power flow. Energy storage does this by increasing solar self-consumption of the PV system, or 

increasing the proportion of solar power that is consumed by the household. Battery bank energy 

storage is not modeled in this study because the power system simulation and analysis tool 

GridLAB-D lacks a functioning household battery model.  Future work should apply the agent-

based modeling framework for a realistic case study to better parameterize and validate the model 

based on real data and to provide insight about  
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CHAPTER 3: Simulating a Decentralized Peer-to-peer Electricity Market 

using Agent-based Modeling 

1 INTRODUCTION  

The widespread diffusion of distributed energy resources (DERs) can shift production of electricity 

from remote large-scale generation facilities to commercial buildings and residential households 

at the grid edge. The adoption of DERs provides an opportunity for grid stakeholders to reevaluate 

the traditional centralized system of business in the electric power distribution industry. An 

increase in distributed microgeneration capacity motivated Murkin, Chitchyan, and Byrne to assess 

peer-to-peer electricity markets (2016). As microgeneration becomes more mainstream, peer-to-

peer electricity trading would allow consumers to exchange electricity with prosumers across a 

decentralized system; prosumers are agents that both consume and produce energy (Parag and 

Sovacool 2016). This would mean that electricity consumers would be switching their power 

supplier every few minutes. Households would be able to buy electricity based on personal or 

community preferences about distance from the generator, type of generation, or even price.  

A decentralized peer-to-peer electricity exchange would create a free market system in 

which solar power producers compete to sell their excess to local buyers. Decentralized market 

structure would allow producers of excess solar energy to sell their electricity at a higher rate than 

typical utility buy-back offers. This market structure would also allow residential consumers to 

buy electricity at a lower rate than is offered at retail. However, decentralized electricity markets 

are mostly theoretical at this point as there are few real-world systems that have implemented the 

structure. Little is known about the impact of peer-to-peer interactions on the dynamics of 

decentralized electricity systems. Therefore, simulation and modeling studies must be employed 

to explore its benefits and illustrate its disadvantages. 
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 A decentralized electricity market can be viewed as a complex system where several 

stakeholders with varied attributes and behaviors participate in a structured network to satisfy 

personal objectives, such as maximizing energy value. Agent-based modeling (ABM) provides a 

bottoms-up method to simulate complex systems and assess the emergence of key system-level 

properties. ABM models the actions and interactions of multiple goal-seeking agents within a 

closed environment. ABM has been identified as a key approach in modeling electricity markets 

(Hansen, Liu and Morrison 2019), and several studies have previously applied the technique to 

simulate competitive wholesale markets and decentralized market structures (Gnansounou et al. 

2007; Yasir et al. 2013). Gnansounou et al. proposed a multi-agent approach for planning activities 

in decentralized electricity markets (2007); their study produced a conceptual market model that 

included consumers, transmission system operators, distributors, wholesalers, and retailers. Yasir 

et al. simulated community coordination of local energy distribution using an ABM approach 

(2013); they modeled decentralized trades between a utility and multiple community micro-grids 

with wind generation and battery energy storage present. There is a need to model a decentralized 

electricity market for residential households in a neighborhood with solar power generation, and 

simulating this market across a range of different environments can generate new insight about 

how these markets can be expected to perform. 

This research develops an ABM approach to simulate the behavior of utility managers and 

residential single-family households with solar PV and evaluate trades in a decentralized electricity 

market. A utility manager agent determines the appropriate retail and buy-back electricity rates for 

household consumers. Household agents decide whether to buy or sell electricity, and at what 

price. There is a great deal of uncertainty in solar power production on a sub-hour basis because 

of its intermittency and the potential for cloud formations. An ineffective electricity exchange due 
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to uncertainty in solar power production may result in either overproduction or shortfall of 

electricity for a sub-network. This research seeks to simulate solar power generation forecasts and 

decentralized electricity trades based on information collected by smart home energy sensors.  

This study develops an extensible ABM framework capable of simulating electricity trades 

between heterogeneous households in a decentralized market.  The ABM is applied to assess the 

impact that decentralization has on excess solar electricity exchanges in a residential system. A 

simple low-voltage grid network is developed and filled with single-family residential households. 

An agent-based market model is built here to simulate decentralized electricity trades, this 

framework is built using the multi-agent simulator of neighborhoods (MASON) open-source 

toolkit (George Mason University 2003). Different trade scenarios are tested by applying the ABM 

framework for 15 cities in the United States (Fig. 3.1). Results are evaluated based on 

overproduction, shortfall, and seller average electricity price. Results also explore the impact of 

battery energy storage systems on the flexibility of solar generated power and peer-to-peer 

electricity prices. Finally, the impact of solar forecasting on transaction penalties and market 

efficiency is evaluated. 
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Figure 3.1: Map of 15 cities in the United States that are used to simulate the agent-based peer-to-peer 

electricity market model.  

2 BACKGROUND  

2.1 Transitioning to smart grids 

The current state of the electric grid is centralized, dispatchable, and large scale with most of the 

generation coming from fossil fuel fired power plants. Most importantly, it is designed for 

unidirectional power flow between a remote source and a distant end-user. The smart grid can be 

characterized as intermittent, distributed, and small scale with a large portion of energy coming 

from renewable resources (Ipakchi and Albuyeh 2009). The smart grid will be designed to allow 

bidirectional flow of electric power. Smart grids may take the form of a virtual power plant, which 

is a centralized network that controls all distributed energy resources on the grid; they may also 

become decentralized in nature. These properties enable the possibility of implementing a 

decentralized peer-to-peer electricity market.  
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Solar power microgenerators on centralized electric grids generally get paid for their excess 

electricity through utility-sponsored buyback programs. Utility buyback typically offers a smaller 

payout price for electricity than retail prices paid by residential end-users. A utility  buyback offer 

is often times priced at the avoided fuel cost rate (Payne and Monast 2018); in this study, the 

avoided fuel cost is assumed to be a lower bound estimate for the buyback rate. Further, residential 

households often lack choice in their electricity provider. This lack of competition offers little 

incentive for electric utilities to pursue lower retail rates for their customers. A decentralized peer-

to-peer electricity exchange can foster competition between microgenerators leading to lower 

electricity prices for consumers and higher prices on excess solar power for prosumers.  

2.2 Difficulties of peer-to-peer electricity exchanges 

 

Electricity exchanges in a decentralized market may need to be completed before the power 

is ever produced depending on the market structure; in this case, they must be made using 

forecasted power flows over discrete time intervals. The dynamic nature of power flows from solar 

resources and residential consumers presents a major challenge in achieving these requirements 

(Da Silva, Per Goncalves, Dejan Iliĺ, and Stamatis Karnouskos. 2013). The effectiveness of an 

exchange is therefore dependent on the certainty of the upcoming power flows. Because of smart 

home energy meters, there may be a wealth of knowledge available to a household on daily 

electricity consumption; however, there may be great uncertainty about the upcoming solar 

generation forecast in some environments. An ineffective electricity exchange due to uncertainty 

in solar power production may result in either overproduction or shortfall of electricity for a sub-

network. Overproduction of electricity in the decentralized grid leads to utility buyback rates for 

solar generators, it also leads to excess energy being sent back to the utility side of the distribution 

system which may lead to transmission level instability or contribute to power plant ramping 
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(Ipakchi and Albuyeh 2009; Cui and Zhang 2018). Additionally, shortfall of electricity from 

prosumers because of inaccurate exchanges can lead to penalties to make up for the shortage 

(Vergados et al. 2016), likely through a purchase from the utility at the retail rate. 

2.3 Technical requirements for a decentralized electricity market 

 

A peer-to-peer electricity market would require the generated electricity to be verified, 

including generation time and total amount. Electricity trades would also need to be transparent 

and auditable so that bills can be calculated accurately (Mengelkamp et al. 2018a). Enabling peer-

to-peer electricity trading requires an adaptable electricity trading platform that allows both peer-

to-peer and utility-to-peer trades. Advanced metering infrastructure must also be laid in the form 

of smart home energy meters and distribution level network sensors. Appropriate algorithms must 

be developed that can leverage smart meter data to pair, order, and execute trades among electricity 

users all while maintaining operational reliability of the grid. All components must be integrated 

together into an easy to use online platform to digitally facilitate the shared energy resources 

(Hansen et al. 2020). 

2.4 Applying ABM to simulate smart grid concepts 

ABM can be used to describe systems with complex behavior at the macroscopic level, 

which emerges from the aggregated actions of many interacting elements. ABM frameworks 

simulate systems from the bottom-up, they represent individual actors in a system as a set of 

potentially autonomous agents (Miller and Page 2007). Agents act according to a set of rules that 

define how they react and adapt to other agents and the environment that surrounds them (Holland 

1995). Agents may act according to pre-defined objectives, interact with other agents, and exhibit 

learned behavior (Wilensky and Rand 2015). 
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ABM has been employed to simulate and test several smart grid concepts. Many studies 

have commonly used ABM to apply the diffusion of innovations theory to simulate the evolution 

of smart grids. ABM has been used in previous studies to simulate the diffusion of rooftop solar 

PV systems (Palmer et al. 2014), storage devices (Zheng, Meinrenken, and Lackner 2014), smart 

meters (Ringler, Keles, and Fichtner 2016), smart metering platforms (Kowalska-Pyzalska 2016), 

and dynamic tariffs (Kowalska-Pyzalska 2014). The agent-based methodology has also been used 

to simulate the dynamics of competitive wholesale electricity markets (Harp et al. 2000; Praca et 

al. 2004; Bernal-Agustín et al. 2007). This research develops an ABM framework to simulate peer-

to-peer electricity trades in a decentralized electricity market; the framework also models solar 

power generation, solar generation forecasting, and battery storage dynamics.  

3 METHODS 

An ABM framework is developed to simulate the dynamics of a peer-to-peer energy market to 

model electricity exchanges and prices for a theoretical residential system. A set of consumers, a 

set of prosumers, a trading coordinator, and an electric utility are simulated as agents; their 

interactions are simulated to assess market dynamics and the value of electricity in a local peer-to-

peer system (Fig. 3.2). The framework also simulates battery energy storage dynamics at the 

household-level with multiple scenarios of varied functionality; the framework simulates 

automatic battery unit charging and discharging, predefined schedules for charging and 

discharging the battery unit, and no battery energy storage. Modeling automatic charging and 

discharging provides a scenario with full flexibility over energy storage resources, allowing battery 

units to charge when irradiance is present and to discharge when there is available capacity. 

Predefined schedules for charging and discharging energy storage units constrain the flow of 

electricity to and from battery banks to daily timelines set by the household; electricity is not 
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allowed to flow into battery units outside of the charging timeline, and electricity is unable to flow 

from the units outside of the discharging timeline. Modeling predefined schedules for battery 

discharge provides a scenario in which households can advantageously pinpoint the exchange of 

their energy resources, such as during peak demand hours. A complete summary of the market and 

energy storage dynamics simulated in the ABM framework is provided below according to the 

ODD protocol (Grimm et al. 2010). A complete explanation of the calculations used to account 

for each energy storage method are provided in Appendix 1.  

 

Figure 3.2: ABM framework simulates a peer-to-peer energy market to model electricity exchanges and 

prices for a residential system. Agent attributes are shown in boxes.  

3.1 Overview 

Purpose:  

The purpose of the model is to assess the value of electricity as determined by the dynamics 

of a residential peer-to-peer energy market with and without battery energy storage systems. 
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State Variables and Scales:  

A set of prosumer households and a set of consumer households are represented as agents 

in the model. The state variables for the two agent types are listed below in Table 3.1. The trading 

platform is represented as the coordinator agent and the electricity retailer is represented as a utility 

agent; their state remains static and their behaviors are outlined below in the process overview and 

scheduling sub-section. The model is simulated for one month with a step period of 60 minutes. 

Table 3.1: State variables for prosumer and consumer agents, which are updated at each time step j. 

Prosumer Agent Consumer Agent 

Generation of electricity in interval j - Gj Consumption in interval j - Cj 

Generation forecast in interval j - GFj   

Consumption in interval j - Cj  

Storage available at beginning of interval j - Sj  

 

Process Overview and Scheduling:  

At each time interval, the order of operations in the ABM are executed as follows: 

Step 1. Discharge initial storage: Available storage is initially discharged at the beginning of the 

current interval to satisfy prosumer household demand. There is no initial storage discharge for 

the predefined storage method if outside of discharge hours. 

Step 2. Communicate bid prices: Each prosumer agent checks if GFj will satisfy remaining 

scheduled demand for the interval; calculating GFj is outlined below in the sub-models section. If 

loads cannot be satisfied, then the prosumer communicates the remaining demand amount to the 

market along with the WTPj value. If demand can be satisfied, then the prosumer checks to see if 

there is any surplus. If there is surplus between remaining storage and GFj, then this amount is 

communicated to the market with the WTAj value; storage is not included in the surplus calculation 



58 

 

for the predefined storage method if outside of discharge hours. If there is no surplus, then the 

prosumer does not go to the market. Consumer agents communicate their upcoming demand to the 

market with their WTPj value. 

Step 3. Perform market exchanges: Buyers and sellers are aligned in a bilateral exchange market 

based on their WTPj and WTAj values. Trades are successful if the WTPj value of the buyer is 

greater than or equal to the WTAj value of the seller; transactions are cleared at the buyerôs WTPj 

value. Trading is repeated until all demand is exhausted, surplus is completely bought, or the 

highest WTPj value of the buyers is smaller than the lowest WTAj value of the sellers. 

Step 4. Satisfy seller demand remaining after initial discharge: Prosumers use Gj to satisfy 

demand remaining after initial storage discharge. 

Step 5. Execute electricity exchanges: Seller generation remaining after demand and storage 

remaining after initial storage discharge are routed to the grid to satisfy electricity trade agreements 

made by sellers in the peer-to-peer market. Sold electricity is first supplied by the available storage 

remaining after initial discharge; sold electricity cannot be supplied by storage with the predefined 

storage method if outside of discharge hours. Any sold electricity that is left over is then supplied 

by solar generation remaining after demand. The amount of electricity that is sold may be higher 

than what the household can supply to the local grid based on forecasting errors. In this case, all 

remaining storage and solar generation will be injected into the grid; storage will not be injected 

into the grid with the predefined storage method if outside of discharge hours. The utility agent 

will supply the amount of sold electricity that remains after all prosumer energy resources are 

exhausted, which the prosumer must pay for at the retail rate. 

Step 6. Fill battery energy storage unit: Any solar generation remaining after satisfying electricity 

exchanges in the market is routed into the battery bank. If there is more solar generation remaining 
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than storage capacity available, then the battery bank will be charged to maximum capacity and 

leftover generation will be routed to the local grid at the avoided fuel cost rate set by the utility 

agent; again, the avoided fuel cost rate is assumed to be a lower bound estimate for the utility 

buyback rate. Battery energy storage will not be charged by remaining solar generation for the 

predefined storage method if outside of charging hours; in this case, all leftover solar generation 

will be routed to the local grid at the avoided fuel cost rate set by the utility agent. 

Step 7. Satisfy buyer remaining demand: Any demand remaining for buyers after satisfying 

electricity exchanges in the market will be supplied by the utility agent at the retail rate. 

3.2 Design Concepts 

· Emergence ï The system price of electricity emerges from the interactions of the 

prosumer and consumer agents. 

· Heterogeneity ï The prosumer and consumer agents both have a different consumption 

profile as well as different willingness to pay and willingness to accept values. The 

prosumer agents also have differing generation profiles. 

· Prediction ï Prosumers predict their solar generation at the beginning of each trading 

interval using a simple forecasting model. 

· Sensing ï Both the prosumer and consumer agents are aware of their hourly demand.  

· Interactions ï The prosumers and consumers can communicate energy bids if surplus 

electricity exists, and bids may be accepted or rejected based on the willingness to pay 

and willingness to accept values. 
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3.3 Details 

Initialization:  

The agent-based modeling framework is initialized with values for number of prosumers 

as well as charging and discharging timelines for the predefined storage method. For each 

simulation, a total of 25 households are engaged in the market. A base case is tested with 5 and 10 

prosumers, and prosumer-to-consumer ratio analysis is performed where the number of prosumers 

is toggled from 1 to 12. Prosumers are selected from the available households by descending order 

of household floor square footage. 

 For the predefined storage method, default charging and discharging timelines are set as 

hours 9am-3pm and 5-11pm respectively. A discharge timeline analysis is also performed to test 

the following discharging timelines: 3-9pm, 4-10pm, 5-11pm, and 6pm-12am; a charging timeline 

of 9am-3pm is held constant for all scenarios in the discharge timeline analysis.  

Input Data:  

The input data provided for the agent-based modeling framework include the consumption 

schedule for each household, irradiance profile of the modeled city, and both the willingness-to-

accept and willingness-to-pay values for excess solar generated power. Electricity consumption 

data from the Building America B10 Benchmark building simulation framework is used to 

calculate household electricity demand (NREL 2013). A complete explanation on how the 

household demand profile is calculated is provided in the modeling scenarios section below. Real 

minutely solar irradiance data from the National Renewable Energy Laboratoryôs Measurement 

and Instrumentation Data Center was used to calculate solar power generation for household PV 

systems (NREL 2019). The process of converting irradiance data into the generation profile of 

each household is detailed in the sub-models section below. 
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Values for willingness-to-pay and willingness-to-accept are determined based on a random 

sampling of numbers from 0.00-1.00 and calculated using Eqns. 1 and 2.  

ὡὝὃ ὠ ᶻὙ Ὑ Ὑ      (1) 

ὡὝὖ ὠ ᶻὙ Ὑ Ὑ      (2) 

 

Where: 

WTA = willingness-to-accept price for excess solar generated power [¢/kWh] 

WTP = willingness-to-pay price for excess solar generated power [¢/kWh] 

VWTA = random sample value used to calculate willingness-to-pay value [0.00-1.00] 

VWTP = random sample value used to calculate willingness-to-accept value [0.00-1.00] 

RR = retail rate for utility electricity [¢/kWh] 

RAFC = avoided fuel cost rate for utility electricity [¢/kWh] 

Random numbers are is used to place the bid price values between the avoided fuel cost rate and 

retail rate of the modeled city. One set of random numbers (VWTP and VWTA) are generated and used 

throughout the study to calculate both the willingness-to-pay and willingness-to-accept values for 

each modeled city. Avoided fuel cost and retail rates for electricity are shown for each simulated 

city in the modeling scenarios section of this paper. 

Sub-models: 

Converting Irradiance to Generation  

The solar irradiance data, taken as direct beam radiation at the surface of the earth, is 

converted into solar power generation values by using the below set of calculations for a fixed axis 

collector face tilted at local latitude (Masters 2013). Total radiation on the PV collectorôs surface 

is determined by summing the direct beam, diffuse, and reflected radiation on the collector. Actual 

generation values are then determined by multiplying the total radiation on the PV collector by the 

total area of the surface. Minutely generation values are aggregated into 60-minute periods to 

facilitate an hourly trading market.  
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Summary of Variables: 

n = Day of Year (1-365) 

LTM = Local time meridian [degrees] 

LG = Local longitude [degrees] 

L = Local latitude [radians] 

E = Equation of time [minutes] 

MFSN = Minutes from solar noon [minutes] 

MOSN = Minute of solar noon [minutes] 

MFCN = Minutes from clock noon [minutes] 

LC = Longitude correction [minutes] 

ŭ = Solar declination [radians] 

H = Hour angle [radians] 

ɓ = Solar altitude angle [radians] 

űS = Solar azimuth [radians] 

űC = Collector azimuth = 0 

 ᷊= Incidence angle between sun and collector face [radians] 

Ɇ = Collector tilt angle = L [radians] 

C = Sky diffuse factor 

 = Ground reflectance = 0.2 (ordinary ground or grass) 

IB = Direct beam radiation at the surface of the earth [W/m2] (values taken from NREL data) 

IBC = Beam radiation on collector face [W/m2] 

IDC = Diffuse radiation on collector face [W/m2] 

IRC = Reflected radiation on collector face [W/m2] 

IC = Total radiation on collector face [W/m2] 

GBL = Generation from the PV before system losses [W] 

AR = Area of roof [ft2] 

AC = Area of collector [ft2] 

EC = Cell efficiency = 0.25 (NREL) 

FD = Derate factor = 0.77 (PVWatts) 

GAL = Generation after system losses [W] 
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Gj = Total generation of solar electricity in interval j [kWh] 

k = Current minute of the month (0-44639) [min] 

Summary of Equations 

ὓ ὓ ὓ      (3) 

ὓ ρσ Ὤέόὶίz
 

ὓ     [during daylight savings]  (4) 

ὓ ρς Ὤέόὶίz
 

ὓ     [not during daylight savings] (5) 

ὓ ὒὅ Ὁ     (6) 

ὒὅ
 

ᶻὒὝὓὒὋЈ     (7) 
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ὄ ᶻὲ ψρ     (9) 
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Ὄ
Ј

ᶻ
 

     (11) 
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     (13) 
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Ὅ Ὅ ὅzᶻ      (17) 
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 zὃ      (21) 
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     (23) 

Note: Values calculated in degrees first must be converted into radians to use in trigonometric functions 

 



64 

 

Forecasting Models 

There are two forecasting models that prosumers use to predict upcoming solar generation 

for each trading interval, these include the perfect and simple forecasting models. The perfect 

forecasting model assumes that the prosumer knows exactly the solar generation for the upcoming 

trade interval as shown in calculation 24 below. The simple forecasting model assumes that the 

solar power generation value after system losses present in the first minute k of trade interval j 

stays constant throughout the entire 60-minute period as shown in calculation 25 below.  

ὋὊ Ὃ     (24) 

ὋὊ Ὃ ȟᶻ
 

 
ρz Ὤὶ     (25) 

 

Where: 

GFj = Forecast of total solar electricity generation in trade interval j [kWh] 

Gj = Total generation of solar electricity in trade interval j [kWh] 

GAL,k = Total solar power generation value after system losses in first minute k of trade interval j 

[W]  

Tallying Results for Simulated Scenarios 

The monthly seller average price of electricity is simulated for several scenarios among the 

cities modeled. Scenarios are also evaluated for the proportion of total production sent to the peer-

to-peer market and the proportion of excess solar power sent to the market. Excess solar power is 

defined as generation that exceeds household demand, or production that is sent to the grid to settle 

peer-to-peer and peer-to-utility transactions. Seller average price of electricity, proportion of 

production sent to market, and proportion of excess solar power sent to market are determined 

using the equations below. Calculations for the no storage method are different than those for the 

automatic and predefined storage methods. A full explanation of the methods used to calculate the 

variables below can be found in Appendix 1. 
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Tallying Results for No Storage Method 

 

ὖ В ὴȟ     (26) 

ὖ В ὴȟ     (27) 

ὖ В ὴȟ     (28) 

ὛὊ В ίὪ     (29) 

ὖ ὖ ὖ ὖ      (30) 

Ὕ ὖ ὖϳ      (31) 

Ὕ ὖ ὖ ὖϳ      (32) 

Ὓ
ᶻ ᶻ

     (33) 

 

Where: 

PT = Total Production 

PD = Total production for demand 

PM = Total real production sent to grid for market 

PU = Total production for utility 

SF = Total shortfall for overselling solar energy in market 

pd,j = Production for demand in hour j 

pm,j = Actual production sent to grid for market in hour j 

pu,j = Production for utility in hour j 

sfj = Shortfall production for overselling in market in hour j 

TM = Proportion of production sent to market 

TE = Proportion of excess sent to market 

RR = Retail rate for utility electricity 

RAFC = Avoided fuel cost rate for utility electricity 

VM = Revenue exchanged in market 

SP = Seller average price of electricity traded in market 

 

Tallying Results for Automatic and Predefined Storage Methods 

 

ὖ В ὴȟ     (34) 

ὖ В ὴȟ     (35) 

ὖ В ὴȟ     (36) 

ὖ В ὴȟ      (37) 

Ὓ В ίȟ     (38) 

ὛὊ В ίὪ      (39) 

ὖ ὖ ὖ ὖ ὖ     (40) 

Ὕ ὖ Ὓ Ⱦὖ     (41) 

Ὕ ὖ Ὓ Ⱦὖ ὖ Ὓ      (42) 

Ὓ
ᶻ ᶻ

     (43) 

 

Where: 

PT = Total Production [kWh] 

PD = Total production for demand [kWh] 
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PM = Total production for market [kWh] 

PU = Total production for utility [kWh] 

PST = Total production for storage [kWh] 

SF = Shortfall production for overselling in market 

SM = Total storage discharged for market transactions [kWh] 

sm,j = Storage discharged into grid for market transactions in hour j [kWh] 

pd,j = Production used for demand in hour j [kWh] 

pm,j = Production sent to grid for market transactions in hour j [kWh] 

pu,j = Production sent to the grid for utility purchase in hour j [kWh] 

sfj = Shortfall production for overselling in market in hour j [kWh] 

TM = Proportion of production sent to market 

TE = Proportion of excess sent to market 

RR = Retail rate for utility electricity [$/kWh] 

RAFC = Avoided fuel cost rate for utility electricity [$/kWh] 

VM = Revenue exchanged in market [$] 

SP = Seller average price of electricity traded in market [$/kWh] 
 

4 MODELING SCENARIOS  

The agent-based modeling framework is applied to a virtual residential neighborhood with 25 

households using the perfect forecasting and simple forecasting market structures; the framework 

is simulated with 5 and 10 prosumers as base cases. A summary of settings is provided in Table 

3.2 below. A prosumer-to-consumer ratio analysis is performed for the PF-N and PF-A scenarios 

where the number of prosumers is increased from 1 to 12; prosumers are chosen in each scenario 

by descending order of household floor square footage. A discharge timeline analysis is performed 

for the PF-P5 and PF-P10 scenarios in which the following timelines are tested: 3-9pm, 4-10pm, 5-

11pm, and 6pm-12am; a charging timeline of 9am-3pm is held constant for all scenarios in the 

discharge timeline analysis. 
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Table 3.2: Summary of base modeling scenarios. 

Forecasting Structure Storage Method 
Number of 

Prosumers 
Scenario Name 

Perfect Forecasting 

No Storage 
5 

10 

PF-N5 

PF-N10 

Automatic Storage 
5 

10 

PF-A5 

PF-A10 

Predefined Storage 
5 

10 

PF-P5 

PF-P10 

Simple Forecasting 

No Storage 
5 

10 

SF-N5 

SF-N10 

Automatic Storage 
5 

10 

SF-A5 

SF-A10 

Predefined Storage 
5 

10 

SF-P5 

SF-P10 

 

The input data used in each modeling scenario includes minutely irradiance data and hourly 

consumption data, as well as WTP and WTA values determined using the process provided in the 

input data sub-section of the methods section. The modeling framework is applied for 15 cities in 

the United States. Cities chosen for simulation are shown below in Table 3.3, they are mostly 

located in the Southwest, Mountain West, and Pacific West regions of the country. Final locations 

were chosen based on the availability of minutely solar irradiance data from the National 

Renewable Energy Laboratoryôs Measurement and Instrumentation Data Center (NREL 2019). 

Minutely solar irradiance data is used by the agent-based modeling framework to calculate solar 

power generation for household systems. Elizabeth City solar irradiance data was provided at five-

minute intervals. The year of irradiance data was chosen based on the most recent year with a 

complete set of data. Solar irradiance data is used with PV system tilt and geographic coordinates 

to calculate direct, diffuse, and reflected irradiance captured by the system; these are shown in 

Table 3.4. 
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Table 3.3: Sites with minutely irradiance data chosen for simulation. Avoided fuel cost and retail rates for 

utility provided electricity are provided for each city. Calculations for avoided fuel cost rate are provided 

in Appendix 2. Retail rates for utility electricity were taken from an online database (Electricity Local 

2019). 

Site Name City  State 

Year of 

Irradiance 

Data 

Avoided Fuel 

Cost Rate 

(¢/kWh) 

Retail Rate 

(¢/kWh) 
Source 

Humboldt State 

University (SoRMS) 
Humboldt CA 2018 1.33 15.59 

Andreas and 

Wilcox 2007 

SOLRMAP Loyola 

Marymount University 

(RSR) 

Los Angeles CA 2013 1.33 13.03 
Andreas and 

Wilcox 2012 

Solar Technology 

Acceleration Center 

(SolarTAC) 

Denver CO 2018 1.64 11.05 
Andreas and 

Wilcox 2011 

Xcel Energy 

Comanche Station 

(RSR) 

Pueblo CO 2010 1.64 16.27 Andreas 2015 

SOLRMAP Sun Spot 

Two - Swink (RSR) 
Swink CO 2014 1.64 16.27 Andreas 2011 

SOLRMAP Kalaeloa 

Oahu (RSR) 
Kalaeloa HI 2010 9.32 35.10 

Wilcox and 

Andreas 2010 

SOLRMAP La Ola 

Lanai (RSR) 
La Ola Lanai HI 2011 9.32 35.10 

Wilcox and 

Andreas 2009 

Elizabeth City State 

University 

Elizabeth 

City 
NC 2006 2.06 12.65 

Andreas and 

Stoffel 1985 

Oak Ridge National 

Laboratory (RSR) 
Oak Ridge TN 2018 1.52 10.43 

Maxey and 

Andreas 2007 

University of Texas 

Pan-American Solar 

Radiation Lab 

Edinburg TX 2017 1.72 10.98 
Ramos and 

Andreas 2011 

SOLRMAP Tri-State 

Escalante (RSR) 
Prewitt NM 2012 1.87 12.31 Andreas 2013 

SOLRMAP University 

of Arizona (OASIS) 
Tucson AZ 2016 1.70 10.15 

Andreas and 

Wilcox 2010 

University of Nevada - 

Las Vegas 
Las Vegas NV 2018 1.97 12.15 

Andreas and 

Stoffel 2006 

University of Oregon 

(SRML) 
Eugene OR 2017 0.56 9.64 

Vignola and 

Andreas 2013 

SOLRMAP Utah 

Geological Survey - 

State Energy    

Program (Milford) 

Milford UT 2012 1.88 10.31 Andreas 2013 
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Table 3.4: Geographic information for the 15 simulated cities. 

City  State 
Latitude  

(degrees N) 

Longitude 

(degrees W) 

Local Time Meridian 

(degrees W) 

Humboldt CA 40.88 124.08 120 

Los Angeles CA 33.97 118.42 120 

Denver CO 39.76 104.62 105 

Pueblo CO 38.21 104.57 105 

Swink CO 38.01 103.62 105 

Kalaeloa HI 21.31 158.08 150 

La Ola Lanai HI 20.77 156.92 150 

Elizabeth City NC 36.28 76.22 75 

Oak Ridge TN 35.93 84.31 75 

Edinburg TX 26.31 98.17 90 

Prewitt NM 35.42 108.09 105 

Tucson AZ 32.23 110.96 105 

Las Vegas NV 36.11 115.14 120 

Eugene OR 44.05 123.07 120 

Milford UT 38.41 113.03 105 

 

The agent-based modeling framework also uses electricity consumption data from the 

Building America B10 Benchmark building simulation framework to calculate household 

electricity demand (NREL 2013). Electricity consumption data represent the residential base 

energy demand profile for the chosen cityôs home county; the parameters used to calculate the data 

are shown below in Table 3.5. Consumption data are scaled down per square foot based on the 

total size of the selected B10 building structure type and then are multiplied by the household size 

to calculate electricity demand. The months of March, June, September, and December are 

simulated to represent Spring, Summer, Fall, and Winter, respectively.  
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Table 3.5: Building America B10 benchmark information and parameters for the 15 simulated cities. 

City  State County B10 Climate Type Total Floor Size (ft2) 

Humboldt CA Humboldt Marine 2090 

Los Angeles CA Los Angeles Hot-Dry 2000 

Denver CO Denver Cold 2696 

Pueblo CO Pueblo Cold 2696 

Swink CO Otero Mixed-Dry 2000 

Kalaeloa HI Honolulu Hot-Humid 2023 

La Ola Lanai HI Maui Hot-Humid 2023 

Elizabeth City NC Pasquotank Mixed-Humid 2546 

Oak Ridge TN Anderson Mixed-Humid 2546 

Edinburg TX Hidalgo Hot-Humid 2023 

Prewitt NM Bernalillo Mixed-Dry 2000 

Tucson AZ Pima Hot-Dry 2000 

Las Vegas NV Clark Hot-Dry 2000 

Eugene OR Lane Marine 2090 

Milford UT Beaver Cold 2696 

 

Information on the size of the 25 households is generated to represent a neighborhood of 

households with varying characteristics. The floor area for each household was randomly chosen 

from a standard normal distribution with a mean of 1,500 ft2 and a standard deviation of 200 ft2. 

Roof area was calculated as 1.12 roof square feet per square foot of floor space, which is based on 

a house with a 6 in 12 pitched roof (SFGATE 2019). For households that were modeled as 

prosumers, 10% of their roof area was used for solar collectors. Battery energy storage units were 

modeled after the Tesla Powerwall 2.0 with a maximum charge of 13.5 kWh; a minimum charge 

of 4.05 kWh was chosen which represents a 70% depth of discharge (Tesla 2019). The battery 

energy storage unit was modeled with a 100% round trip efficiency to calculate a best-case 

scenario for battery functionality.  
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5 RESULTS 

5.1 Monthly Electricity Demand and Solar Energy Production 

Monthly electricity demand and solar energy production for a 5-seller scenario are shown below 

for 15 simulated cities (Fig. 3.3). The results indicate that there is a seasonal aspect to electricity 

demand, influenced by the latitude of the city. Cities, such as Las Vegas, Tucson and Edinburg, 

that are in lower latitudes, tend to have higher electricity demand during the months of June and 

September, likely because of air conditioning. Other cities in higher latitudes such as Denver, 

Milford, and Eugene have higher demand in the months of March and December, probably due to 

heating. December generally has larger demands with eight cities recording it as the highest 

demand month, while March has smaller demands with nine cities recording it at the lowest. 

Edinburg, Kalaeloa and La Ola Lanai show consistently high demand for electricity among the 

months simulated with average values of 23,477, 22,370, and 19,068 kWh respectively. Kalaeloa 

and La Ola Lanai have relatively high electricity demands for an area that is described in literature 

as having modest demand for electricity, needing little for heating and cooling because of its mild 

tropical climate (Sioshansi 2015); higher demands produced through this simulation are a result of 

the B10 simulation protocol, which has higher electricity demand for air conditioning than what is 

actually encountered in Hawaii. Las Vegas (17,402 kWh) and Tucson (17,321 kWh) also have 

high average electricity demands, but more importantly, these cities show extreme seasonal swings 

in demand; the margin between the highest and lowest demand month is 11,033 kWh for Las 

Vegas and 11,614 kWh for Tucson.   

 The total monthly solar energy production for each city is much smaller than the associated 

monthly electricity demand (Fig. 3.3). The largest monthly production value is reported during the 

month of June in Milford at 4,487 kWh. The lowest production month, at 488 kWh of solar 
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generation, occurred during December in Kalaeloa; although this is one of the sunniest places in 

the country, areas in Hawaii suffer from partly cloudiness as is discussed below in Section 5.4. 

Like electricity demand, seasonal variation can be seen in the solar production values although for 

different reasons. June typically has larger values for solar energy production with eight cities 

posting it as the highest production month; December has smaller values with ten cities recording 

it at the lowest. These variations can be explained by the seasonal tilt of the earth relative to the 

sun; the summer solstice occurs in June which results in higher production for an array that is tilted 

at latitude in the northern hemisphere, while the winter solstice happens in December which results 

in lower production (Masters 2013). Las Vegas, Prewitt and Tucson have the largest average 

production values among the months modeled at 3,404, 3,213, and 3,196 kWh respectively; these 

cities are generally closer to the equator compared to others, and they are also located in areas that 

are less cloudy.
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Figure 3.3: Monthly electricity demand and solar energy production for 15 simulated cities. Solar energy production is shown for a neighborhood 

with five households with solar PV systems. Values are shown for the months of March, June, September, and December. 
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5.2 Summary of Scenarios for 15 Modeled Cities 

The seller average price of electricity traded in the peer-to-peer market is shown below for 

15 simulated cities for the month of June (Fig. 3.4); results are shown for perfect forecasting and 

simple forecasting scenarios (PF-N5, PF-A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios). There are 

fairly similar results among the cities modeled, except for Kalaeloa and La Ola Lanai. Cities in the 

State of Hawaii have the highest prices with an average of approximately 31 cents per kWh among 

the PF-N5, PF-A5, and PF-P5 scenarios, but these prices are skewed because of the high avoided 

fuel cost of 9.31 cents per kWh, which results from the heavy use of petroleum fuel oil. The SF-

N5, SF-A5, and SF-P5 scenarios marginally reduce the seller average price across the 15 cities 

except for La Ola Lanai which has a 133% decrease for the SF-N5 scenario, and Kalaeloa which 

has a 54% decrease (Fig. A.3.8). La Ola Lanai has a negative price of approximately -10 cents per 

kWh for the SF-N5 scenario because of forecasting errors, which means that sellers must pay to 

provide electricity to the buyers. The PF-P5 (15%) and PF-A5 (18%) scenarios increase seller 

average price relative to the PF-N5 scenario. The full set of results for the months of March, June, 

September and December are provided in Appendix 3; the distribution of results among the cities 

modeled are similar for each month, although June is the only month where a negative seller 

average price was discovered which is why it was provided as an example.  

The proportion of solar production sold in the peer-to-peer market is shown below for 15 

simulated cities for the month of June (Fig. 3.5). The cities with the lowest proportion of solar 

production sold in the peer-to-peer market for the PF-N5 scenario include La Ola Lanai (15%), 

Edinburg (21%), Kalaeloa (22%), Elizabeth City (37%), Tucson (37%), Las Vegas (38%), and 

Oak Ridge (39%); these cities also have the largest simulated electricity demands (Fig. 3.3). The 

results indicate that larger electricity demands will increase solar self-consumption of household 
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production and decrease the amount of excess that is available for the peer-to-peer market. The 

PF-N5 scenario decreases the proportion of solar production sold in the market relative to the PF-

A5 (13%) and PF-P5 (12%) scenarios, with percentages shown as the average decrease across 15 

simulated cities (Fig. A.3.4); this generally leads to lower seller average prices (Fig. 3.4). The 

automatic storage capability maximizes the proportion of production sold in the market, which can 

lead to lower average prices relative to the predefined storage capability. Automatic storage 

functionality increases the supply of production available each hour which fills orders further down 

the buyer list, resulting in lower clearing prices. Exchanges will clear at lower prices because 

buyers are arranged in the descending order of willingness-to-pay. The full set of results for the 

months of March, June, September and December are provided in Appendix 3.
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Figure 3.4: Seller average price of electricity in virtual peer-to-peer neighborhood market for 15 simulated cities. Results above are for the month 

of June. Results are shown for the PF-N5, PF-A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios. 

 

Figure 3.5: Proportion of solar production sold in virtual peer-to-peer neighborhood market for 15 simulated cities. Results above are for the month 

of June. Results are shown for the PF-N5, PF-A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios.
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The proportion of excess solar production sold in the peer-to-peer market is shown below 

for 15 simulated cities for the month of June (Fig. 3.6). Excess solar production can be defined as 

generation that is left over after satisfying household demand; it is calculated by summing the 

generation that is sent to the grid for peer-to-peer market exchanges with the generation that is sent 

to the grid for utility buy-back. Storage functionality allows a large majority of the cities to sell 

nearly all the excess solar production in the virtual market. The PF-N5 scenario lowers the 

proportion of excess sold with an average decrease of 16% relative to the PF-A5 scenario and 14% 

for the PF-P5 scenario for all cities modeled. There is much more variability among the cities for 

the PF-N5 and SF-N5 scenarios. The cities with the lowest proportion of excess solar production 

sold in the market for the PF-N5 scenario include Milford (53%), Pueblo (59%), Denver (59%), 

Eugene (67%), Humboldt (69%) and Los Angeles (74%); these cities also have the smallest 

simulated electricity demands. These results indicate that smaller electricity demands will decrease 

the proportion of excess solar production sold in the virtual market; consequently, this will increase 

the amount of overproduction that will flow to the utility side of the power grid. The exception to 

the previous statement can be seen by looking at the proportion values for the SF-N5 scenario for 

Kalaeloa (74%) and La Ola Lanai (66%); these cities have large electricity demands, but cloudy 

weather in their area leads to imperfect forecasts. Solar forecasting error decreases the accuracy of 

electricity exchanges and can leave available excess from other sellers untraded. The misallocation 

of energy resources from inaccurate solar forecasting decreases the proportion of excess 

production sold in the market. Forecasting errors marginally decrease the proportion of excess sold 

in the virtual market for most of the other cities modeled. The full set of results for the months of 

March, June, September and December are provided in Appendix 3. 
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Figure 3.6: Proportion of excess solar production sold in virtual peer-to-peer neighborhood market for 15 simulated cities. Results above are for the 

month of June. Results are shown for the PF-N5, PF-A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios. 
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5.3 Seasonal Seller Average Price of Electricity 

The seller average price of electricity for 15 simulated cities is shown below for the months 

of March, June, September, and December for the PF-N5 scenario (Fig. 3.7). These results indicate 

that there are seasonal shifts in the monthly average price of excess solar power, although the 

seasonal pattern of electricity price varies among the simulated cities. The range between the 

minimum and maximum monthly price is highest for Las Vegas, Tucson, and Pueblo at 2.85, 2.83, 

and 2.62 cents per kWh, respectively; the range is lowest for Oak Ridge, Edinburg, and Denver at 

0.90, 1.09, and 1.09 cents per kWh, respectively. Overall, the price of electricity follows the 

seasonal variation of neighborhood solar energy supply relative to neighborhood electricity 

demand (Fig. 3.3); months with a higher supply of excess solar power relative to electricity demand 

will lead the market to lower clearing prices on average, while those with a lower supply of excess 

solar power relative to electricity demand will lead the market to higher clearing prices on average.  

Results for the PF-A5 scenario are provided in Appendix 4 (Fig. A.4.2). The PF-A5 scenario shows 

similar seasonal shifts in the average price of electricity, but the shifts are much smaller relative to 

the PF-N5 scenario. The range between the minimum and maximum monthly price is highest for 

Kalaeloa, La Ola Lanai, and Tucson at 1.28, 1.24, and 1.16 cents per kWh respectively; the range 

is lowest for Los Angeles, Swink, and Humboldt at 0.29, 0.45, and 0.47 cents per kWh 

respectively. For example, the PF-A5 scenario decreases the range in the monthly electricity prices 

for Los Angeles by 80% relative to the PF-N5 scenario. These results show that battery energy 

storage can decrease the seasonal variability of the average market price for excess solar power. 
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Figure 3.7: Seller average price of electricity for 15 simulated cities. Values are shown above for the 

months of March, June, September, and December. Results are shown for the PF-N5 scenario. Simulation 

results for cities in the state of Hawaii are displayed with a larger axis range for seller average price because 

values are much higher. 
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5.4 Temporal Profiles of Neighborhood Electricity Demand and Solar Energy Production 

The temporal profiles of neighborhood electricity demand for Edinburg, Eugene, and La 

Ola Lanai are shown below along with the solar energy production profiles for a five and ten seller 

scenario; profiles are shown for the months of March, June, September, and December (Figs. 3.8-

3.10).  

Edinburg 

For Edinburg, the neighborhood electricity demand follows a consistent daily diurnal 

pattern for most of March, June, and September with minor inter-daily variation (Fig. 3.8abc); the 

peak daily demand hour is usually in the evening. Demand during the month of December is much 

more irregular, both in terms of inter-daily and intra-daily variability (Fig. 3.8d). There are two 

periods spanning several days where the demand is small and consistent with a diurnal pattern. 

There are several other periods during the month of December where the inter-daily pattern of 

demand begins to ramp upward and downward, and intra-daily patterns deviate from the typical 

diurnal structure. The production profiles are consistent for March, June, and September with a 

few cloudy days in each month (Fig. 3.8abc); demand dwarfs production during these months, 

except for the month of March during hours of peak irradiance. Production during the month of 

December is sporadic with multiple streaks of days at zero irradiance (Fig. 3.8d); days on which 

production does occur happen to coincide with the periods of low electricity demand. Peak 

production is usually a few hours before  

Eugene 

For Eugene, electricity demand follows a standard daily diurnal pattern that is tight and 

consistent throughout each month with little variation (Fig. 3.9). The production profiles are 

inconsistent with several days missing production in the months of March, June, and December 
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(Fig. 3.9abd). September also has several days with highly diminished production values (Fig. 

3.9c). For each month, production usually overshadows demand during the peak hours of 

irradiance. As seen in Edinburgh (Fig. 3.8), peak production is usually offset from peak demand 

by a few hours as well.  

La Ola Lanai 

For La Ola Lanai, the electricity demand profile follows a daily diurnal pattern in each 

month without much inter-daily variation (Fig. 3.10). While the production profiles for each month 

do not have many days with zero irradiance, the production is very choppy overall. La Ola Lanai 

seems to suffer from perpetual partly cloudiness, which is consistent with results in other 

publications (Johnson et al. 2011). The month of June suffers from partly cloudiness the most (Fig. 

3.10b), and December the least (Fig. 3.10d). During days with full irradiance the production only 

slightly tops demand for the few hours of peak irradiance. Peak production is usually offset from 

peak demand by a few hours, like Edinburgh and Eugene (Figs. 3.8-3.9).  
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Figure 3.8: Temporal profile of electricity demand and solar energy production for Edinburg, Texas. Solar energy production is shown for a 

neighborhood with both five and ten households with solar PV systems. Values are shown for the months of (a) March, (b) June, (c) September, and 

(d) December.  
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Figure 3.9: Temporal profile of electricity demand and solar energy production for Eugene, Oregon. Solar energy production is shown for a 

neighborhood with both five and ten households with solar PV systems. Values are shown for the months of (a) March, (b) June, (c) September, and 

(d) December.  
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Figure 3.10: Temporal profile of electricity demand and solar energy production for La Ola Lanai, Hawaii. Solar energy production is shown for a 

neighborhood with both five and ten households with solar PV systems. Values are shown for the months of (a) March, (b) June, (c) September, and 

(d) December.  
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5.5 Prosumer-to-Consumer Ratio Analysis 

The proportion of excess solar production sold in the peer-to-peer market versus the 

number of prosumers in the market is shown below for four months at three cities (Fig. 3.11). 

Results from Edinburg, Eugene, and La Ola Lanai are shown for both the PF-N and PF-A 

scenarios. For each scenario, the total number of households in the market remains at 25, and the 

number of prosumers varies from one to 12. For the PF-N scenario in Edinburg, March and 

December follow similar trajectories, as do June and September (Fig. 3.11a). The proportion of 

excess sold decreases by approximately 51% across the number of prosumers for March and 

December, while the months of June and September had a smaller decrease of around 20%. The 

market begins to create overproduction at four, eight, six, and three prosumers for the months of 

March, June, September, and December respectively. The smaller numbers for March and 

December are likely because they are the lowest demand months for Edinburg (Fig. 3.3). 

December is also a special case both because of its odd demand pattern and because there are lower 

demands on the days that the production occurs (Fig. 3.8d); this highlights the importance of the 

temporal profiles for solar energy production and electricity demand. 

In Eugene, there are clear differences in the profile of excess sold into the market among 

the months simulated for the PF-N scenario (Fig. 3.11b). The market begins to create 

overproduction at three, two, three, and four prosumers for the months of March, June, September, 

and December respectively. The proportion of excess solar production sold in the peer-to-peer 

market decreases as the number of prosumers increases from three to 12 sellers for each month. 

June had the largest decrease over the range at 77% and March had the smallest decrease at 65%. 

For La Ola Lanai, the monthly trajectories are like those seen for Edinburg, although the spread 

between them is tighter (Fig. 3.11c); The range in proportion of excess sold between months with 
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the highest and lowest values at 12 prosumers is 16.38% for La Ola Lanai (Fig. 3.11c) and 32.08% 

for Edinburg (Fig. 3.11a). The proportion of excess sold in La Ola Lanai decreases by 

approximately 47% across the range of prosumers simulated for the months of March and 

December, while the months of June and September had smaller decreases of 31% and 38% 

respectively. The market creates overproduction at four, six, five, and three prosumers for the 

months of March, June, September, and December respectively.  

For the PF-A scenario, Edinburg and La Ola Lanai sell greater than 95% of excess solar 

production for all months simulated across the entire range of prosumers (Fig. 3.11df). In Eugene, 

the proportion of excess sold decreases by approximately 7%, 32%, 24%, and 5% across the range 

of prosumers simulated for the months of March, June, September, and December respectively 

(Fig. 3.11e). Storage functionality decreases the amount of overproduction in the peer-to-peer 

market; as a result, the PF-A scenario simulations result in higher seller average prices for 

electricity relative to the PF-N scenario simulations across the range of prosumers tested (Fig. 

A.5.1def).  

Overall, the results have large implications for overproduction and the market clearing 

price of electricity. The analysis here reveals that there is a saturation point for the number of 

prosumers in a market of excess solar production, and that increasing the number of prosumers 

beyond this point results in overproduction. Additionally, increasing the number of prosumers in 

the market will steadily decrease the average market clearing price. Finally, simulations show that 

the automatic storage capability allows more sellers to participate in the market before 

overproduction becomes an issue leading to larger average clearing prices. 
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Figure 3.11: Proportion of excess solar energy production sold into the peer-to-peer market versus the number of prosumers in a 25-household 

neighborhood for three simulated cities. Results are shown for the PF-N scenario for (a) Edinburg, TX, (b) Eugene, OR, and (c) La Ola Lanai, HI. 

Results are shown for the PF-A scenario for (d) Edinburg, TX, (e) Eugene, OR, and (f) La Ola Lanai, HI. Values are shown for the months of March, 

June, September, and December.  
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5.6 Analysis of Predefined Storage Discharge Timeline 

The proportion of excess solar production sold in the peer-to-peer market versus the discharge 

timeline for the predefined storage case is shown below for the PF-P5 and PF-P10 scenarios; results 

are shown for three cities including Edinburg, Eugene, and La Ola Lanai (Fig. 3.12). In Eugene, 

the discharge timeline has a clear impact on the proportion of excess sold into the market for both 

the PF-P5 and PF-P10 scenarios in each month except for December (Fig. 3.12b); this happened 

because the total supply of excess solar power in the neighborhood is relatively high compared to 

the demand for electricity (Fig. 3.9), which is the smallest out of the three cities shown here (Fig. 

3.3). In Edinburg and La Ola Lanai, nearly 100% of excess solar production is sold into the peer-

to-peer market for almost all discharge timelines tested (Fig. 3.12ac); this is because the 

neighborhood demand for electricity in these two cities is fairly high relative to the total supply of 

excess solar power, even with ten prosumers in the market (Figs. 3.3, 3.8 and 3.10). The discharge 

timeline does have an impact on the proportion of excess sold for the PF-P10 scenario in the months 

of March and December (Fig. 3.12ac); for La Ola Lanai, this is likely because of higher production 

in these months, and for Edinburg, this is because of lower electricity demand in these months 

(Fig. 3.3). Also, Edinburg has an irregular electricity demand profile for the month of December 

with extended periods of lower values (Fig. 3.8d); production sporadically occurs during this 

month as well, happening on days with lower electricity demands. Overall, discharging later in the 

day leads to a larger proportion of excess sold in the peer-to-peer market because the energy is 

being released closer to the peak daily demand hour; this also results in a higher seller average 

price of electricity (Fig. A.6.1abc). 
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Figure 3.12: Proportion of excess solar energy production sold into the peer-to-peer market versus the predefined storage discharge timeline for (a) 

Edinburg, TX, (b) Eugene, OR, and (c) La Ola Lanai, HI. Results are shown for the PF-P5 and PF-P10 scenarios. Values are shown for the months 

of March, June, September, and December.  
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6 DISCUSSION 

Simulations in this study reveal that market outcomes are heavily influenced by the ratio of sellers 

to buyers as well as environmental and geographic conditions, such as cloud cover and local 

latitude. Market price is ultimately determined by local supply and demand for excess solar power, 

but more importantly it is determined by the timing of supply and demand. Additionally, battery 

energy storage increases both the flexibility of household generated solar power and the proportion 

of production that is sold in the peer-to-peer market. Seller average electricity prices in all 

scenarios are higher than the avoided fuel cost rate in each modeled city indicating that prosumers 

reap financial gains compared to a typical utility buy-back program. Overall, agent-based 

modeling provides an extensible framework for simulating decentralized energy market dynamics. 

Households are modeled here to participate in the peer-to-peer market with any excess solar power 

they have generated; however, some households with energy storage may choose to optimize the 

price of their generation by maximizing solar self-consumption. In a scenario where all consumers 

place their WTP values below the retail rate, prosumers maximize the value of their solar power 

by consuming it all themselves; this is because self-consumed power would be priced at the retail 

rate since it is offsetting energy purchased from the utility. Rules may be developed to commit 

prosumers to bid a certain proportion of their excess into the market for consumers to buy. 

Alternative electricity market structures must be developed and simulated to determine the impact 

on the dynamics of both the electricity market and distribution infrastructure. 

Forecasting penalties propagate heavily in cloudy cities, such as Kalaeloa and La Ola 

Lanai. Penalties lower the value of excess generated solar power for prosumers specifically, which 

could be a negative stimulus that perturbs or eliminates their bids in future trading intervals for a 

real system. Peer-to-peer markets must plan for geographic issues like cloud cover by improving 



92 

 

short-term solar forecasting or designing the rules of engagement to drop forecasting altogether. 

Short-term forecasting may be improved by developing sophisticated algorithms to track local 

cloud formations through satellite imaging and ground telemetry (Marquez et al. 2013). 

Forecasting penalties may also be improved by including simple constraints to restrict the amount 

of excess generation that can be bid by the seller in the market. The trading rules can be designed 

to eliminate forecasting penalties by restricting trade to single pairs of sellers and buyers each 

interval; instead of sellers coming to the market with forecasted excess, sellers would agree to sell 

any excess they have to a single buyer up to their total demand or the total supply of excess 

available. Restricting the market to single trading pairs would eliminate all forecasting penalties 

paid by the sellers, but it may limit a prosumerôs ability to sell all of their excess. Tradeoffs between 

alternative electricity market structures must be assessed through additional modeling and 

simulation. 

While heterogeneity is modeled in this study through differing electricity demands and 

solar generation values, other household characteristics may be simulated as heterogenous in 

further studies. For example, the electricity demand profile is the same for each household and 

scaled by the floor area. Additionally, each prosumer has an identical solar generation profile, 

which is scaled by the solar coverage area. Energy storage system specifications and functionality 

are also modeled to be alike for all prosumers in each simulation scenario. The demand profiles of 

households in a real system would be characteristically different based on the number of occupants, 

age groups, daily activities, and preference for indoor climate. Further, the composition of 

distributed energy resources in a neighborhood would likely be dissimilar as well; from the size 

and cell efficiency of solar arrays to the presence, capacity, round-trip efficiency, and functionality 

of battery energy storage systems. Local geographic and environmental differences would be 
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expected to influence the solar generation profiles of households as well, including the presence 

of trees, unequal distribution of clouds, or even the topology of the neighborhood. The architecture 

of households could also impact generation by influencing the available area for solar coverage as 

well as the optimal orientation and tilt of solar panels. Even intermittent shading and temperature 

effects from the chosen architecture could control generation during certain times of the day. Peer-

to-peer electricity markets must be simulated with a higher level of heterogeneity to assess the 

impact of local differences on the dynamics of electricity bids and closing prices.  

 Agents are modeled in this study as static with respect to electricity demand and placing 

market bids. Goal-directed households may modify or adapt their behaviors over time to better 

achieve their set goals; they alter their behavior based on accumulated experiences (Macal and 

North 2010). Electricity market participants may have price expectations when making bids, the 

rejection of those bids over multiple trading periods can influence buyers and sellers to adapt their 

pricing strategy (Veselka et al. 2002). Additionally, the temporal variation of prices in a real-time 

electricity market may motivate participants to shift their demand to periods that are consistently 

low in price (Albadi and El-Saadany 2008). Monitoring of energy consumption in real-time can 

also prompt behavioral changes to reduce wasteful energy use (Hargreaves, Nye and Burgess 

2013). New modeling approaches are needed to conduct quantitative analysis of bidding and 

consumption strategies that considers the interactions between infrastructure and market 

participants; new approaches will help us better understand the role of human decision-making in 

the dynamics of decentralized electric distribution systems. 

The agent-based modeling framework developed here simulates a virtual electricity market 

where households can exchange excess solar generation to anyone who places a bid in the system. 

Physical constraints of the electric grid are not represented in this study and therefore should be 
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modeled using power system simulation. Power system modeling may reveal voltage or frequency 

issues with the low-voltage network that serves the neighborhood participating in the market. 

Further, inverter constraints on power output from both the solar array and battery storage system 

are not modeled; these may be more appropriately modeled using a power system model. Power 

flow constraints imposed by the inverter system may limit the transfer of power from prosumers 

to the grid, so they must be considered when placing bids in the market. A peer-to-peer electricity 

market could be expanded to allow households in different low-voltage sub-networks to trade 

excess generation, which could have a negative impact on the main transmission system that feeds 

them. Reverse power flow through the transformer from the low-voltage to the medium-voltage 

side of the grid could result in operational issues for the utility maintaining the network. Market 

rules may be designed to restrict trade based on distance between buyers and sellers to ease any 

distribution-level interference from reverse power flow. The idea of restricting trade based on 

distance raises an important question on how to appropriately scale peer-to-peer markets. It may 

be necessary to aggregate households into clusters to better facilitate the flow of excess solar 

generation across long distances. 

7 CONCLUSION 

An agent-based modeling framework is developed in this research to explore the sociotechnical 

dynamics of a peer-to-peer electricity trading system. Several cities in the United States are 

modeled to simulate the emergence of the seller average price of electricity in a residential peer-

to-peer electricity market. Simulations explore the benefits and disadvantages of decentralized 

electricity markets. Battery energy storage systems are modeled to determine the impact of storage 

on both the flexibility of solar generated energy and electricity market prices. Solar forecasting is 

modeled to assess transaction penalties and to determine the effect on market effectiveness. Agent-
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based modeling is demonstrated as an extensible framework for exploring the dynamics of 

decentralized peer-to-peer electricity markets. Future work can explore novel methodologies to 

analyze the impact of adaptive behaviors on demand shifting and placing market bids. Empirical 

data from a real peer-to-peer energy market trial can be applied to this framework to validate its 

assumptions and to develop an appropriate sub-model for adaptation. Agent-based modeling that 

uses empirical data and considers adaptation will bridge social-science and engineering disciplines 

to provide a flexible framework for simulating evolutionary dynamics of decentralized electricity 

systems. 
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CHAPTER 4: Agent-based Modeling to Simulate Trades and Energy 

Consumption in a Peer-to-peer Energy Trading Network: Application for 

Perth, Australia 

1 INTRODUCTION  

Distributed energy resources (DER) are transitioning modern electric grids by shifting generation 

from utilities to the end-users (Zhou, Wu, and Long 2018). Solar photovoltaics (PV) and battery 

storage systems collectively empower traditional utility customers to become prosumers (Sousa et 

al. 2018), or end-users who can consume energy and sell excess electricity back to the grid (Zafar 

et al. 2018). The introduction of the prosumer has the potential to place a large share of the 

generation market into the hands of those at the grid edge (Jogunola et al. 2017). This transfer of 

market power has created the need for a system that can better manage distributed generation (DG) 

of electricity (Mengelkamp et al. 2018b; Zhou et al. 2018). One concept for facilitating DG is peer-

to-peer (P2P) energy trading (Lüth et al. 2018). 

P2P electricity trading is the exchange of surplus renewable energy among pro- and 

consumers (Lüth et al. 2018; Nguyen et al. 2018). By assigning a value to units of surplus 

renewable energy, a virtual marketplace is created that overlays the physical infrastructure and 

flow of electricity with a financial accounting structure (Kloppenburg and Boekelo 2019). P2P 

energy trading provides a free-market system for prosumers to exchange excess electricity with 

neighboring consumers at a pre-arranged price (Lüth et al. 2018; Murkin, Chitchyan, and Byrne, 

2016). Online P2P energy trading platforms may add new value to renewable electricity generation 

while also encouraging conservation of natural resources (Jogunola et al., 2017; Kloppenburg and 

Boekelo 2019; Morstyn et al. 2018). Moreover, the reconciliation of multiple usersô energy and 

pricing information may enable equity in consuming energy from renewable sources (Cornélusse, 
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Ernst, and Lachi 2018). Advocates of virtual energy trading stress its potential in making green 

energy more affordable and more accessible to larger shares of the population (Jogunola et al. 

2017).  

While P2P offers economic and environmental benefits, little is known about the effect of 

P2P interactions on realized net electricity costs of households (Fridgen et al. 2018). Given the 

novelty of the concept, there are also knowledge gaps regarding the impact of alternative electricity 

market structures on the dynamics of neighborhood electricity exchanges (Zhou et al. 2018) and 

the impact of individual decision strategies on trading dynamics and outcomes (Morstyn et al. 

2018). Limited real-world experience (Lüth et al. 2018) means that discussions around the virtues 

and shortcomings of P2P energy trading currently rest predominantly on theoretical analyses 

(Abdella and Shuaib 2018; Kraan et al. 2019). Systematic, empirically-based investigations are 

needed (Fridgen et al. 2018) to move beyond theoretical discussions and to advance our 

understanding of the effects and implications that P2P energy trading has on, and for, participants 

and infrastructure alike (Bollinger et al. 2016; Morstyn et al. 2018).  

Agent-based modelling (ABM) offers the capabilities and flexibility to explore in silica the 

issues surrounding decentralized electricity markets (Kahrobaee et al. 2014; Koritarov 2004). 

ABM is a computer simulation technique that enables a bottom-up approach to study complex 

adaptive systems (Macal and North 2014). By simulating the interactions of pro - and consumers 

with the physical, technical and financial aspects of P2P systems, ABM may provide insight into 

the dynamics emerging as a result of such interactions (Jager and Janssen 2003; Jogunola et al. 

2017; Kraan et al. 2019). Some applications of ABM to P2P energy trading exist (Long et al. 2018; 

Lüth et al. 2018; Mengelkamp et al. 2018b; Zhou et al. 2018). However, these studies share the 

shortcoming of insufficient validation with other application areas of ABM (Jager and Janssen 
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2003). This research addresses this gap in the literature and validates an existing ABM framework 

to simulate P2P electricity trades in a decentralized residential energy market for a set of alternative 

electricity market structures; further, this framework is applied for a case study in Perth, Western 

Australia. The ABM framework is applied using empirical data to simulate decentralized 

electricity trades in an existing residential community in Western Australia. The framework was 

constructed using the multi-agent simulator of neighborhoods (MASON) open-source toolkit 

(George Mason University 2003). Alternative electricity market structures that use alternative 

approaches to forecast energy generation are tested using the framework to analyze the impact on 

untraded excess and both the seller and buyer average price of electricity in the system. Several 

storage scenarios are tested using the framework to determine the impact of battery energy storage 

units on market dynamics.  

This paper is organized as follows. Section 2 describes the theoretical foundation of P2P 

energy trading as well as the use of ABM to simulate the integration of renewables into smart 

grids. Section 3 characterizes the case study of Perth, Western Australia and the trial of P2P energy 

trading in the Fremantle residential community. Section 4 describes the agent-based electricity 

market model used to simulate decentralized P2P energy trades. Section 5 explains the modeling 

scenarios simulated in the study. Section 6 lists a set of results from the analysis of alternative 

electricity market structures, the use of storage, and the clustering of trial participants. Section 7 

provides a discussion of the impact of governance structures on the dynamics of P2P energy 

systems and the scale at which they are most effectively managed. Finally, Section 8 presents the 

conclusions of our study. 
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2 BACKGROUND 

2.1 Peer-to-Peer Energy Trading 

With the growing prominence of small-scale and local generation of renewable energy, a plethora 

of community energy initiatives and new market models has emerged (Vergados et al. 2016) to 

address the need for innovative management mechanisms. Given its potential effectiveness in 

managing distributed energy resources (DER) (Long et al. 2018), P2P energy trading as one such 

mechanism is expected to become a key element of future power systems (Abdella and Shuaib 

2018). Although a variety of potential P2P market configurations exist (Long et al. 2017), it may 

generally be described as the flexible trading of excess energy from small-scale DER among 

customers in a neighborhood (Long et al. 2017). 

A number of benefits have been linked with P2P energy trading, including better overall 

system efficiency (Jogunola et al. 2017) and the potential to improve social cohesion and sense of 

community (ibid.). Energy matching, uncertainty reduction, and preference satisfaction have been 

identified as potential value streams offered by P2P energy trading platforms (Morstyn et al. 2018). 

It has further been argued that the emergence of prosumers may contribute to the viability of P2P 

trading through increases in diversity and variability of energy demand (Morstyn et al. 2018). 

Importantly, a central motivator for the transdisciplinary interest in P2P trading has been cost 

optimization, and potential cost savings for communities and their members are frequently cited 

(Jogunola et al. 2017; Mengelkamp et al. 2018b).  

Some evidence of cost savings is beginning to emerge (Long et al. 2018; Nguyen et al. 

2018), but so are indications of challenges. For example, one study found that savings are highly 

sensitive to a range of factors such as the size of PV and battery systems, and trading margins and 

time-of-day ï factors that are, as of yet, poorly understood (Nguyen et al. 2018). Challenges also 
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exist regarding the practical implementation of P2P energy trading. For example, to calculate bills, 

near-real time information on amounts of electricity produced, types of trades and time of trades 

is required (Lüth et al. 2018). Other questions pertain to sub-optimal economic outcomes (Morstyn 

et al. 2018; Sousa et al. 2018); privacy and security concerns (Abdella and Shuaib 2018); and 

adequate prosumer engagement and education (Morstyn et al. 2018; Sousa et al. 2018). 

Lastly, research on P2P energy trading thus far has had limited access to empirical evidence 

to validate expectations. Given the novelty of the field, only a small number of practical 

demonstration projects and trials has been discussed in the literature, with the most frequently cited 

ones being Vandebron in The Netherlands (Jogunola et al. 2017; Morstyn et al. 2018; Zhou et al. 

2017), sonnenCommunity in Germany (Jogunola et al. 2017; Morstyn et al. 2018; Zhou et al. 

2017), Piclo in the UK (Jogunola et al. 2017; Morstyn et al. 2018; Zhou et al. 2017), and the 

Brooklyn Microgrid (US) (Jogunola et al. 2017; Lüth et al. 2018; Morstyn et al. 2018). In addition 

to the relatively small pool of potential sources of data, projects differ substantially in focus and 

design (Zhang et al. 2017). As a result, literature on P2P energy trading currently suffers a lack of 

empirical grounding. Simulation studies have therefore served as an important tool and source of 

information for researchers and practitioners. 

2.2 Agent-based Modelling in the Context of Peer-to-Peer Energy Trading 

The complex, dynamic nature of energy systems has made simulation studies, and ABM 

in particular, a popular approach to the study of emerging energy system structures. ABM has the 

ability to account for the complexity of interactions in real-world settings (Macal and North 2014). 

This makes it uniquely suited to simulating energy systems (Hansen, Liu, and Morrison 2019) and 

an important tool for the management of power systems (Kahrobaee et al. 2014). Using ABM, 

dynamic processes and their emergent properties can be simulated effectively based on interactions 



101 

 

between heterogeneous, autonomous agents (Macal and North 2014). ABM is applicable for 

emerging P2P markets, that are formed through interactions between rational and distributed 

decision-making units (Kahrobaee et al. 2014; Koritarov 2004).  

ABM applies to a large range of problems which other modelling approaches often cannot 

address; in addition, it is becoming more accessible and being applied to practical problems (Macal 

and North 2014). For example, simulations may serve as a test ground for novel regulatory 

structures (Koritarov 2004). The practical relevance of ABM is reflected in an increasing 

application to energy-related policy and planning problems (Hansen, Liu, and Morrison 2019; 

Deissenroth et al. 2017). The growth in popularity has also been associated with the need for 

innovative research methods and decision-support tools brought on by the emergence of novel 

energy system paradigms (Ringler, Keles, and Fichtner 2016). 

There is a growing body of literature dedicated to applications of ABM to energy systems 

(Hansen, Liu, and Morrison 2019; Macal and North 2014). Electricity markets in particular have 

been the focus of many ABM applications (Hansen, Liu, and Morrison 2019; Ringler, Keles, and 

Fichtner 2016) and have started to include those based on P2P interactions. Mengelkamp et al. 

(2018b) found that distributed information and communication technology (ICT) (specifically, 

blockchain technology) can be employed to design decentralized, local energy markets and 

confirmed the potential of these markets to lead to electricity cost savings (ibid.). An evaluation 

of the simulated performance of three different sharing mechanisms was conducted by Zhou, Wu, 

and Long (2018) and indicated a general potential of residential P2P energy sharing to generate 

economic benefits. Long et al. (2018) proposed a sharing mechanism aimed at ensuring economic 

benefits for all individuals in a community. Analyzing these benefits further, they showed reduced 

costs for the community as a whole, reduced electricity bills for individuals, and an increase in 
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both self-consumption of PV energy, and in self-sufficiency (Long et al. 2018). 

Zhang et al. (2016) also demonstrated the potential of P2P energy trading to balance 

demand and generation in a local market. Lüth et al. (2018) analyzed how electricity storage in a 

local P2P market may benefit end-users. Proposing two different market designs ï one with 

decentralized (prosumer-level) and one with centralized (community-level) storage ï they 

analyzed the value of their models in a heterogenous prosumer group that differed in terms of 

demand patterns as well as available technology (ibid.). Findings in this study showed that, while 

both models were economically viable, the centralized storage design yielded slightly lower cost 

savings but more trades (Lüth et al. 2018). These dynamics were found to be primarily driven by 

the type of market design. The trade-off between higher independence of the main grid or higher 

levels of integration of storage, and P2P trade suggests that when designing markets in practice, 

the marketôs primary objective should be considered (ibid.). 

These ABM studies provide valuable insight into possible designs and dynamics of P2P 

energy markets. As applied to other types of studies on P2P energy trading, there is a need to 

establish better empirical foundations and improve the integration of empirical data into model 

design and analysis. The first issue lies in the type of data used in simulations. Data used to 

simulate trading models is often based on averages (Mengelkamp et al. 2018b; Zhou et al. 2018); 

may stem from various different sources (Mengelkamp et al. 2018b); or may be artificially 

simulated (Long et al. 2018). Various authors call for the use of real consumption data 

(Mengelkamp et al. 2018b), or of local demand and generation data (Zhou et al. 2018) in future 

research. Secondly, there is a lack of empirical data being used in the validation of ABM (Robinson 

and Rai 2015). For a given model to be useful, it needs to be rigorously grounded in theoretical 

and empirical foundations (Robinson and Rai 2015). 
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Another dimension of the missing empiricism is a disregard for the stakeholders involved 

in P2P energy trading markets. Engaging the stakeholders of local energy markets is essential to 

improve public acceptance of such systems, especially when both the market design and the ICT 

(e.g. blockchain) are new (Mengelkamp et al. 2018b). Formulation of shared visions about the 

objectives and operation of microgrid energy markets may help increase communitiesô acceptance 

(ibid.). It has further been argued that end-users and their active participation in markets have 

received insufficient attention in market designs (Kahrobaee et al. 2014; Lüth et al. 2018). The fact 

that the behavior of the actors involved in such markets has not yet been sufficiently studied 

contributes to the current uncertainty regarding the configuration of future energy systems 

(Deissenroth et al. 2017). The imperfect communication and forecasting abilities that agents hold 

in the real world should be considered in modeling studies (Zhou et al. 2018). 

This article makes several contributions at the interface of P2P energy trading and ABM 

research. We contribute to the burgeoning literature on P2P energy trading by analyzing the 

dynamics arising from the interactions of heterogeneous pro- and consumers with an empirically 

tested pricing structure and trading mechanism. To the authorsô knowledge, this is the first post-

hoc agent-based study of a real-life P2P energy trading trial. Methodologically, we thereby address 

the lack of empirical data for modelling and validation in ABM studies by presenting a framework 

and simulation based on a real-world trial. Using available data, real consumption and generation 

data is used to run the simulation; and simulation results are validated against observed dynamics. 

3 CASE STUDY: THE RENEW NEXUS TRIAL IN PERTH, WESTERN AUSTRALIA  

3.1 Case Study Description  

The present study combines the capabilities of ABM with empirical data from the 

Renewable Energy and Water Nexus (hereafter RENeW Nexus) P2P energy trading trial 



104 

 

conducted in Perth, Western Australia, between August 2018 and June 2019. As part of the 

Australian Government funded RENeW Nexus project, the trial was run by a consortium of 

research, government and industry partners, including the state utilities, and a blockchain-based 

energy trading start-up company. Electricity consumption and solar generation data were collected 

from 50 households recruited through an expression of interest process. Eighteen of these 

households subsequently signed up to the P2P electricity trading trial conducted in the Perth suburb 

of Fremantle between November 2018 and June 2019 (Fig. 4.1).   

Perth enjoys a mild climate with an annual mean temperature of approximately 24 ЈC 

(based on 1993-2019 data) (Bureau of Meteorology 2019a). Annual mean global solar exposure 

in Fremantle in 2019 was 5.5 kWh m2, with a low of 2.7 kWh m2 in June, and a high of 8.3 kWh 

m2 in December (Bureau of Meteorology 2019b). An estimated 23% of dwellings in the Fremantle 

Local Government Area (LGA) have rooftop solar PV systems, with an installed capacity of 

approximately 11280 kW (Australian PV Institute 2019). This is compared to 19.5%, 23.7%, 

27.3%, and 33.2% of dwellings with rooftop PV systems in the neighboring LGAs of Mosman 

Park, East Fremantle, Melville, and Cockburn, respectively. The state-wide average for Western 

Australia is 28.8% . 

3.2 Community Characteristics 

The trial cohort of 18 participants comprised of 6 consumers and 12 prosumers, i.e. 

participants with a rooftop solar PV system installed at their home. A number of surveys and 

workshops were administered to varying (sub-)groups of participants that provide additional 

background information. Based on a set of 14 trial participants who provided the relevant 

information, average household size within the trial cohort was 2.6 adults and 1.5 children (0-18 

years). Homes had an average of 3.4 bedrooms; 2.2 bathrooms; 2.4 living areas; and were built 



105 

 

between 1945 and 2018. Solar PV system capacities averaged approximately 4-5 kWh, ranging 

from 1 to 10 kWh1. Further information on community characteristics and an analysis of 

qualitative data from the RENeW Nexus project is available in Wilkinson et al. (2020). 

All trial participants had access to an online trading platform that allowed them to set and 

adjust their buying and selling prices at any time. Set rates remained active until the next change 

was made. Prices to be set were peak and off-peak rates for maximum buying and minimum selling 

prices per kWh of excess solar energy. In addition, the following prices (in Australian Dollars) 

applied:  

ǒ Rate for grid-sourced energy: $0.0572 per kWh (off-peak); $0.0990 per kWh (peak/ 3pm-

9pm) 

ǒ Retailer rate for purchase of any unsold excess: $0.04 per kWh 

ǒ Retailer daily capacity charge: $1.10    

ǒ Daily network operator charge: $2.20 

ǒ Platform transaction fee: $0.05 per kWh purchased through trading 

 

 

 

 

 

 

 
1 Only 11 out of 12 prosumers provided system size; average of 4.64 kWh based on these 11 
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Figure 4.1: Map showing where Fremantle (local government area) is located within the greater Perth 

area. Screenshot taken by the authors. Map data: Google, 2020. Accessed on 21st May, 2020.  

3.3 Observations of P2P Market Performance 

Monthly electricity consumption and solar energy generation for 18 households are shown 

below for the trial system (Fig. 4.2). The results indicate that there are seasonal gradients for both 

profiles; a general decrease in generation and increase in consumption from November to June. 

The negative gradient in solar generation can be attributed to the decrease in direct solar irradiance 

from the end of spring in November to the beginning of winter in June, which is consistent for 

geographic areas in the southern hemisphere. The positive gradient seen in the profile for 

electricity consumption is likely due to the general increase in household space heating from late-

spring to early-winter. It is important to note that in Western Australia the penetration rate of 

household space heating systems (90%) is higher than that for air cooling systems (79%), which 
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shows that the electricity consumption in the trial system is probably driven more by heating than 

cooling (Australian Bureau of Statistics 2010). The solar generation dominates electricity 

consumption in the system from November to April, with the opposite being true in May and June. 

 

Figure 4.2: Monthly electricity consumption and solar energy generation for 18 households in the trial 

system.  

The temporal profile of daily total changes to willingness to pay and willingness to accept 

values for all participants are shown below for the entire length of the market trial (Fig. 4.3). 

Participants were highly engaged early on with the largest peak in activity occurring on the day of 

the launch. Changes within the first month and a half of the trial can be attributed to the learning 

curve effect and early emails from program administrators with tips on how to use the trading 

system. Additionally, a few of the trial participants were onboarded to the market system in mid-

December which can account for some of the dynamics during that time. The profile of bid pricing 

updates becomes mostly static after mid-January. The decrease in the dynamics of bid pricing is 

likely due to apathy of engagement because of poor economic opportunities from participation 
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resulting from high monthly fixed fees, which is described below. A lack in understanding of how 

to use the online trading system by some participants also likely influenced the decrease in bid 

pricing dynamics. 

 

Figure 4.3: Daily total changes to willingness to pay and willingness to accept values during the trial market 

system.  

4 AGENT-BASED MODELING FRAMEWORK  

An ABM framework is developed to simulate the dynamics of a peer-to-peer energy market to 

model electricity exchanges and prices for the RENeW Nexus trial system in the Perth suburb of 

Fremantle. A set of consumers, a set of prosumers, the Power Ledger trading platform, and an 

electricity retailer are simulated as agents; their interactions are simulated to assess market 

dynamics and the value of electricity in a local peer-to-peer system (Fig. 4.4). The framework also 

simulates household-level battery energy storage with multiple scenarios of varied functionality; 

the framework simulates automatic battery unit charging and discharging, predefined schedules 

for charging and discharging the battery unit, and no battery energy storage. Automatic charging 

and discharging provide full flexibility over battery resources, allowing energy storage units to 
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charge whenever irradiance is present and to discharge whenever there is available capacity. 

Predefined schedules for charging and discharging energy storage units constrain the flow of 

electricity to and from battery banks to daily timelines set by the household; electricity is not 

allowed to flow into battery units outside of the charging timeline, and electricity is unable to flow 

from the units outside of the discharging timeline. A complete summary of the market and energy 

storage dynamics simulated in the ABM framework is provided below according to the ODD 

protocol (Grimm et al. 2010). 
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Figure 4.4: ABM framework simulates a peer-to-peer energy market to model electricity exchanges and 

prices for a trial system in the City of Perth. Agent attributes are shown in boxes.  

4.1 Overview 

Purpose:  

The purpose of the model is to assess the value of electricity as determined by the dynamics 

of a residential peer-to-peer energy market. 

State Variables and Scales:  

A set of prosumer households and a set of consumer households are represented as dynamic 

agents in the model. The state variables for the prosumer and consumer agent types are listed below 

in Table 4.1. Additionally, the platform is represented as an oracle agent and the retailer is 

represented as a retailer or utility agent; their state remains static and their behaviors are outlined 

below in process overview and scheduling. The model is simulated for one month with a step 

period of 30 minutes, which was the trade interval length used in the RENeW Nexus trial system. 
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Table 4.1: State variables for prosumer and consumer agents, which are updated at each time step j 

Prosumer Agent  Consumer Agent  

Generation in interval j - Gj Consumption in interval j - Cj 

Generation forecast in interval j - GFj Willingness to pay of interval j - WTPj 

Consumption in interval j - Cj  

Storage available at beginning of interval j - Sj  

Willingness to accept of interval j - WTAj   

Willingness to pay of interval j - WTPj  

Process Overview and Scheduling:  

At each time interval, the order of operations in the ABM are executed for the RENeW 

Nexus system rules using the set of steps described below.  For a scenario with no forecasting, 

the following steps are applied. 

Step 1. Discharge initial storage: Available storage is initially discharged at the beginning of the 

current interval to satisfy prosumer household demand.  If the time of day is outside of discharge 

hours, then there is no initial storage discharge for the predefined storage method. 

Step 2. Communicate bid prices: Prosumer agents communicate their WTAj for surplus electricity. 

Consumer agents communicate their WTPj for surplus electricity. 

Step 3. Perform market exchanges: Buyers and sellers are aligned in a bilateral exchange market 

based on their WTPj and WTAj values. Trades are successful if the WTPj value of the buyer is 

greater than or equal to the WTAj value of the seller; transactions are cleared at the buyerôs WTPj 

value. The trade agreement is defined so that the seller can exchange up to the buyerôs full demand 

or their total excess generation for the upcoming interval. If two or more sellers have the same 

WTAj value: sellers will bid together, and their upcoming excess will be grouped in the same 

exchange. If two or more buyers have the same WTPj value: buyers will bid together, and their 

demand values will be grouped in the same exchange. 
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Step 4. Satisfy prosumer demand remaining after initial discharge: Prosumers use their energy 

generation, Gj, to satisfy demand remaining after initial storage discharge. 

Step 5. Execute electricity exchanges: Seller generation remaining after demand and energy 

storage remaining after initial storage discharge are routed to the grid to satisfy electricity trade 

agreements made by sellers in the peer-to-peer market. If there are multiple sellers on the same 

exchange, then sellers sell all surplus electricity for the upcoming interval if the amount is smaller 

than the upcoming demand from the buyer(s). If the upcoming demand of the buyer(s) is smaller 

than the combined surplus of the sellers, then sellers exchange an equal amount of surplus 

electricity between those on the same exchange up until the seller with the smallest amount of 

surplus has exhausted their resources; this process will repeat down the order of sellers until the 

demand of the buyer(s) is fully satisfied. If there are multiple buyers on the same exchange, then 

buyers will all buy surplus electricity up to their demand for electricity for the upcoming interval 

if their combined demand is smaller than the total amount of surplus from the seller(s). If the 

upcoming amount of surplus from the seller(s) is smaller than the combined demand of the buyers, 

then buyers will purchase an equal amount of surplus electricity between those on the same 

exchange up until the buyer with the smallest demand has filled their demand; this process will 

repeat down the order of buyers until the surplus from the seller(s) has been fully purchased. 

Exchanged electricity from the seller(s) is first supplied by the available storage remaining after 

initial discharge; sold electricity cannot be supplied by storage with the predefined storage method 

if outside of discharge hours. Solar generation remaining after prosumer demand is then supplied 

for the trade agreement made with the buyer(s). 

Step 6. Fill battery energy storage unit: Any generation remaining after satisfying electricity 

exchanges in the market is routed into the battery bank. If there is more solar generation remaining 
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than storage capacity available, then the battery bank will be charged to maximum capacity and 

leftover generation will be routed to the local grid at the buyback rate set by the retailer. Battery 

energy storage will not be charged by remaining generation for the predefined storage method if 

outside of charging hours; in this case, all leftover generation will be routed to the local grid at the 

buyback rate set by the retailer. 

Step 7. Satisfy buyer remaining demand: Any demand remaining for buyers after satisfying 

electricity exchanges in the market will be supplied by the utility at the retail rate. 

 

Steps are changed slightly for the solar forecasting scenario, as follows. 

Step 1. Discharge initial storage: Available storage is initially discharged at the beginning of the 

current interval to satisfy prosumer household demand. There is no initial storage discharge for 

the predefined storage method if outside of discharge hours. 

Step 2. Communicate bid prices: Each prosumer agent checks if GFj will satisfy remaining 

scheduled demand for the interval; calculations for GFj are outlined below in the sub-models 

section. If loads cannot be satisfied, then the prosumer communicates the remaining demand 

amount to the market along with the WTPj value. If demand can be satisfied, then the prosumer 

checks to see if there is any surplus. If there is surplus between remaining storage and GFj, then 

this amount is communicated to the market with the WTAj value; storage is not included in the 

surplus calculation for the predefined storage method if outside of discharge hours. If there is no 

surplus, then the prosumer does not go to the market. Consumer agents communicate their 

upcoming demand to the market with their WTPj value. 

Step 3. Perform market exchanges: Buyers and sellers are aligned in a bilateral exchange market 

based on their WTPj and WTAj values. Trades are successful if the WTPj value of the buyer is 
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greater than or equal to the WTAj value of the seller; transactions are cleared at the buyerôs WTPj 

value. Trading is repeated until all demand is exhausted, surplus is completely bought, or the 

highest WTPj value of the buyers is smaller than the lowest WTAj value of the sellers. 

Step 4. Satisfy seller demand remaining after initial discharge: Prosumers use Gj to satisfy 

demand remaining after initial storage discharge. 

Step 5. Execute electricity exchanges: Seller generation remaining after demand and storage 

remaining after initial storage discharge are routed to the grid to satisfy electricity trade agreements 

made by sellers in the peer-to-peer market. Sold electricity is first supplied by the available storage 

remaining after initial discharge; sold electricity cannot be supplied by storage with the predefined 

storage method if outside of discharge hours. Any sold electricity that is left over is then supplied 

by solar generation remaining after demand. The amount of electricity that is sold may be higher 

than what the household can supply to the local grid based on forecasting errors. In this case, all 

remaining storage and solar generation will be injected into the grid; storage will not be injected 

into the grid with the predefined storage method if outside of discharge hours. The utility will 

supply the amount of sold electricity that remains after all prosumer energy resources are 

exhausted, which the prosumer must pay for at the retail rate. 

Step 6. Fill battery energy storage unit: Any generation remaining after satisfying electricity 

exchanges in the market is routed into the battery bank. If there is more solar generation remaining 

than storage capacity available, then the battery bank will be charged to maximum capacity and 

leftover generation will be routed to the local grid at the buyback rate set by the retailer. Battery 

energy storage will not be charged by remaining generation for the predefined storage method if 

outside of charging hours; in this case, all leftover generation will be routed to the local grid at the 

buyback rate set by the retailer. 
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Step 7. Satisfy buyer remaining demand: Any demand remaining for buyers after satisfying 

electricity exchanges in the market will be supplied by the utility at the retail rate. 

4.2 Design Concepts 

Emergence. The system price of electricity emerges from the interactions of the prosumer and 

consumer agents. 

Heterogeneity. The prosumer and consumer agents both have a different consumption profile as 

well as different willingness to pay and willingness to accept values. The prosumer agents also 

have differing generation profiles. 

Prediction. Prosumers predict their solar production at the beginning of each trading interval 

using a simple forecasting model. 

Sensing. Both the prosumer and consumer agents are aware of their demand profile. 

Interactions. The prosumers and consumers can communicate energy bids if surplus electricity 

exists, and bids may be accepted or rejected based on the willingness to pay and willingness to 

accept values. 

4.3 Details 

Initialization: 

The agent-based modeling framework is initialized with values for number of prosumers 

as well as charging and discharging timelines for the predefined storage method. The default 

numbers of prosumers and consumers are 12 and 6, respectively. For the predefined storage 

method, default charging and discharging timelines are set as hours 09:00-14:59 and 15:00-20:59, 

respectively.  
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Input: 

The input data provided for the agent-based modeling framework include the consumption 

schedule for each household, generation profile of households with solar PV, and the timelines of 

willingness-to-accept and willingness-to-pay values for excess solar generated power. The input 

values are all taken from data recorded by the Power Ledger blockchain platform. These data for 

the RENeW Nexus system are shown in Section 3.3 above. 

Sub-models: 

Forecasting Models: There are two forecasting models that prosumers use to predict 

upcoming solar production for each trading interval, including the perfect and simple forecasting 

models. The perfect forecasting model assumes that the prosumer knows exactly the solar 

production for the upcoming trade interval. The simple forecasting model calculates GFj for the 

current interval using Eqn. 1, which multiplies the generation value of the previous trade interval 

by a forecasting parameter.  

GFj = Gj-1 * PF        (1) 

Where: 

GFj = Generation forecast for the current trade interval 

Gj-1 = Generation value of the previous trade interval 

PF = Forecasting parameter 

5 MODELING SCENARIOS  

The ABM framework is applied to the 18-household trial market system using the RENeW Nexus, 

perfect forecasting, and simple forecasting market structures; the framework is simulated with 12 

prosumers and 6 consumers. The input data that is used in each modeling scenario includes 

generation and consumption data, as well as WTP and WTA data recorded during the actual 
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RENeW Nexus trial. The simple forecasting market structure is modeled with a forecasting 

parameter (PF) of 75% and 100%. Each market structure is simulated with automatic, predefined, 

and no storage methods; household battery energy storage systems are modeled after the Tesla 

Powerwall 2.0 with a 13.5 kWh maximum capacity and a 70% depth of discharge (Tesla 2019). A 

summary of settings is provided in Table 4.2 below.  

A prosumer-to-consumer ratio analysis is performed for the RN-N and RN-A scenarios 

where the number of prosumers is increased from 1 to 12; prosumers are chosen in each scenario 

by descending order of total solar generation over the entire market trial. A discharge timeline 

analysis is performed for the RN-P scenario in which the following timelines are tested: 15:00-

20:59; 16:00-21:59; 17:00-22:59; and 18:00-23:59; a charging timeline of 09:00-14:59 is held 

constant for all scenarios in the discharge timeline analysis. 
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Table 4.2: Summary of modeling scenarios and parameter settings. 

Scenario 

Name 
Market Structure  Storage Method 

Forecasting 

Parameter (PF) 

RN-N 

RENeW Nexus 

No Storage NA 

RN-A Automatic 

Storage 
NA 

RN-P Predefined 

Storage 
NA 

PF-N 

Perfect 

Forecasting 

No Storage NA 

PF-A Automatic 

Storage 
NA 

PF-P Predefined 

Storage 
NA 

SF-N75 

SF-N100 

Simple 

Forecasting 

No Storage 
75% 

100% 

SF-A75 

SF-A100 

Automatic 

Storage 

75% 

100% 

SF-P75 

SF-P100 

Predefined 

Storage 

75% 

100% 

6 RESULTS 

6.1 RENeW Nexus Market Structure Scenario 

The simulated seller average price of electricity traded in the peer-to-peer market is shown below 

from November 2018-June 2019 for the RN-N, RN-A, and RN-P scenarios (Fig. 4.5). Prices shown 

are similar between November and April, with the month of January holding the peak during this 

range. The seller average price increased substantially in the months of May and June for the RN-

A and RN-P scenarios, likely due to the increase in electricity consumption for these months. The 

range in price for each of the RN scenarios across the months simulated is 4.06-4.55 (4.29 mean) 

¢/kWh for RN-N, 4.14-6.89 (5.31 mean) ¢/kWh for RN-A, and 4.10-6.05 (4.85 mean) ¢/kWh for 

RN-P. Automatic and predefined storage capabilities increase prices relative to the RN-N scenario 

in each month except for November, which was caused by early market inefficiencies from poor 

bids, or the learning curve effect. The RN-A scenario dominates the RN-P scenario in all months; 
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however, shifting the discharge timeline later in the evening can marginally improve the seller 

average price for the RN-P scenario (shown in Fig. A.7.1). Each monthly seller average price 

shown here is greater than the standard 4 ¢/kWh utility payout. 

The buyer average price of electricity traded in the peer-to-peer market is shown in the 

supplemental information section for the RN scenarios (Fig. A.7.2). The highest average prices 

emerge in the months of January and February, though the other months are in a similar range. 

The range of price for each RN scenario across the months simulated is 5.85-9.42 (6.97 mean) 

¢/kWh for RN-N, 6.30-9.28 (7.55 mean) ¢/kWh for RN-A, and 6.62-9.40 (7.86 mean) ¢/kWh for 

RN-P. Prices are lowest for the RN-N scenario because the electricity must be purchased earlier 

in the day during off-peak hours of demand. Monthly prices are highest for the RN-P storage 

scenario because prosumers are able to place bids during on-peak pricing hours. 

 

 

Figure 4.5: Seller average price of electricity in the trial market. Results are shown for the RN-N, RN-A, 

and RN-P scenarios. Prices shown here do not include monthly generation and network fees or transaction 

fees.  
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The proportion of excess solar generation that is sold in the peer-to-peer market is shown below 

for simulations of the RN-N, RN-A, and RN-P scenarios (Fig. 4.6). The values shown here 

correlate well with those seen for the monthly seller average price of electricity. The month of 

November shows much smaller values compared to the other months because households were 

learning how to use the platform and efficiently conduct trades early in the trial. The proportion of 

sold excess is similar from December through April, then increases in May and June. Both the 

automatic and predefined storage capabilities increase the proportion of excess generation sold 

relative to the RN-N scenario, with automatic storage dominating predefined storage. Results for 

the RN market structure represent a lower bound of performance for the market structures that are 

tested in the following sections. 

 

 

Figure 4.6: Proportion of excess solar generation sold in peer-to-peer market. Results are shown for the 

RN-N, RN-A, and RN-P scenarios. 
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6.1.1 Analysis of Electricity Rates with Fees Included 

The simulated monthly seller and buyer average prices of electricity in the trial system are 

shown below for the RN-N scenario (Fig. 4.7); the prices include transaction fees as well as 

monthly generation and network fees. Average prices for buyers are calculated using simulated 

purchase data for all 18 participants, while the seller average prices are calculated using simulated 

sell data for the 12 prosumers that were involved in the trial. Buyer average prices are extremely 

high at multiple orders of magnitude greater than typical prices paid to the utility. The economic 

incentive for a buyer to participate in the market is the slim margin of savings that is made possible 

through a prosumer that underbids the retail rate of electricity; however, the fixed monthly 

generation and network fees overshadow the marginal savings accrued in the peer-to-peer market. 

Negative values can be seen for seller average prices, indicating that sellers must pay to send their 

excess onto the grid; this happens because the fees are greater than the revenue gained from 

exchanging excess solar power. Seller prices are much lower than buyer prices because prosumers 

receive revenue from consumers in the peer-to-peer market and buyback payouts from the utility 

for untraded excess. There is no economic benefit for either group to participate in the trial as 

consumers pay substantially more than typical rates for electricity while prosumers pay to send 

their excess power onto the grid. 
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Figure 4.7: Modeled monthly seller and buyer average price of electricity in the trial system. Negative 

seller prices indicate that sellers pay to put energy on the grid. Results are shown for the RN-N scenario. 

Prices shown here include monthly generation and network fees. Transaction fees are also included in the 

prices shown. 

6.1.2 Comparison of Actual and Simulated Trading Data 

The actual and simulated daily energy exchanged in the peer-to-peer market is shown 

below for the entire time period of the trial system (Fig. 4.8); the simulated data is based on the 

RN-N scenario, which is the scenario that most closely resembles the structure of the actual system. 

There is a large error between the two series shown, as the actual energy exchanged is higher than 

simulated values. Over the trial period, the actual energy exchanged was approximately 6,900 kWh 

while the simulated energy exchanged was 2,600 kWh, which is 62% lower than the observed 

energy exchanged. The error can be attributed to differences between the rules that were modeled 

for energy exchange and the actual implementation of the trading algorithm. The Power Ledger 
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trading algorithm specifies that 1) prosumers cannot both buy and sell excess generation in the 

same trade interval, 2) prosumers cannot buy excess generation from themselves, and 3) prosumers 

cannot enter into more than one exchange per trade interval. The simulated series of energy 

exchange shows the temporal profile of the trial system with strict adherence to the rules outlined 

for the Power Ledger trading algorithm. Inspection of the trading data reveals that these three rules 

were violated in the implementation of the Power Ledger trading algorithm and inflated the amount 

of energy that was exchanged in the peer-to-peer market. While there is a discrepancy in the 

magnitude of values between the actual and simulated energy exchanged, the pattern of peaks and 

troughs in the temporal profiles are similar.  

 

 

Figure 4.8: Actual and modeled daily energy exchanged in the peer-to-peer market system. Modeled data 

is shown for the RN-N scenario. Percent error of the modeled energy exchanged relative to the actual energy 

exchanged is also provided. 
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The actual and simulated daily average price of electricity exchanged in the peer-to-peer 

market is shown below for entire length of the trial system (Fig. 4.9); the simulated data is 

representative of the RN-N scenario and only includes transaction fees. Both series keep the price 

of electricity reasonably close to retail rates, although they can be higher than the on-peak rate 

during some periods of the year. All prices shown are greater than the 4 ¢/kWh utility buyback 

rate for excess solar generation. The modeled data matches the observed data well over the trial 

timeline, although the modeled temporal profile overvalues the actual profile from early-January 

through mid-February and undervalues the actual profile from mid-March through late-May.  

 

Figure 4.9: Actual and modeled daily seller average price of electricity exchanged in the peer-to-peer 

market system. Modeled data is shown for the RN-N scenario. Prices shown include transaction fees but 

do not include monthly generation and network fees. Percent error of the modeled price relative to the actual 

price is also provided. 

6.2 Forecasting Market Structure Scenarios 

The ReNEWS Nexus system was modeled using two alternative rules for forecasting 

energy production, as shown in Table 4.2. Simulation results for the PF (perfect forecasting) 
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scenarios represent an upper bound of performance of all the scenarios tested; the percent increase 

in performance of the PF scenarios relative to the RN scenarios in terms of the proportion of excess 

generation sold in the peer-to-peer market is shown below for all months and storage scenarios 

(Fig. 4.10). PF generates a positive increase in sold excess generation for each month and storage 

scenario. For all months except November the order of increase in performance of the storage 

scenarios from largest to smallest is no storage, predefined, and automatic, respectively. The range 

of increase for each storage scenario across the months is 35-71% (57% mean) for no storage, 6-

51% (35% mean) for predefined, and 22-44% (29% mean) for automatic.  

Results for the SF (simple forecasting) scenarios represent the middle ground between the 

RN and PF scenarios; the percent increase in the proportion of excess generation sold in the peer-

to-peer market relative to the RN scenarios are shown in the supplemental information for a 

forecasting parameter value of 75% (Fig. A.7.4) and 100% (Fig. A.7.5). Similar to the PF 

scenarios, the SF-N75, SF-A75, SF-P75, SF-N100, SF-A100, and SF-P100 scenarios lead to a positive 

increase in excess generation sold relative to the RN scenarios for all months simulated. The mean 

increase in performance for the SF-N75, SF-A75, and SF-P75 scenarios across the months simulated 

is 45, 31, and 29% respectively; the SF-N100, SF-A100, and SF-P100 scenarios result in a mean 

increase of 35, 29, and 27% respectively. Limiting the forecasting parameter to a value of 75% 

leads to a larger proportion of excess sold into the market on average than a value of 100% for 

each SF storage scenario because the 75% SF scenario underestimates upcoming solar generation 

and limits shortfall penalties; this allows prosumers farther down the sell list to exchange their 

excess generation instead of prosumers higher up on the list filling buyer demand with an 

inaccurate amount of generation which must be eventually supplied by the utility. Both PF and SF 

market structures improve performance of the no storage scenario greater than the automatic and 
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predefined storage scenarios relative to the RN market structure. 

 

Figure 4.10: Percent difference in proportion of excess solar generation sold in peer-to-peer market 

between the PF and RN market structures. Results for the PF-N, PF-A, and PF-P scenarios are shown. The 

percent difference shown is for the increase in performance of the PF scenarios relative to the RN scenarios. 

6.3 Prosumer-to-Consumer Ratio Analysis 

The proportion of excess solar generation sold in the peer-to-peer market versus the number 

of prosumers in the market is shown below for three months (Fig. 4.11). Results are shown for the 

RN-N scenario (Fig. 4.11a) and the RN-A scenario (Fig. 4.11b). Additionally, results are shown 

for the PF-N scenario (Fig. 4.11c) and the PF-A scenario (Fig. 4.11d). For each scenario, the total 

number of households simulated in the market is held at 18 while the number of prosumers 

increases from one to 12.  

For the RN-N scenario (Fig. 4.11a), March and December follow similar trajectories; the 

trend dips within the first few numbers of prosumers, then increases until six prosumers, and finally 

decreases all the way through 12 prosumers. The odd profiles seen for March and December are 
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likely due to a combination of low demand and the restrictive rule of one exchange per prosumer 

per trade interval; as the number of prosumers increase, more consumers can participate in 

exchanges to meet more demands through decentralized production. The month of June shows an 

expected trajectory with a decreasing trend from one to 12 prosumers. The proportion of sold 

excess generation is higher in June than in March and December because June is a higher demand 

month, and each consumer is able to buy a larger share of available excess, leading to increased 

market efficiency. The RN-A scenario demonstrates that automatic storage functionality 

substantially increases the proportion of excess generation sold in the peer-to-peer market (Fig. 

4.11b). March and December follow trajectories similar to those seen in the RN-N scenario, 

decreasing within the first few numbers of prosumers, then increasing to the peak at six prosumers, 

and decreasing thereafter. The month of June shows, in general, a slightly decreasing trend from 

one to 11 prosumers, but the overall efficiency is stays around 90% of excess energy, compared to 

the RN-N scenario, in which efficiency drops to nearly 30% in the month of June for 12 prosumers. 

The market creates overproduction of solar generation for all months at each setting for the number 

of prosumers, for both RN-N and RN-A scenarios.  

For the PF-N scenario (Fig. 4.11c), the market efficiency is higher than for the RN-N 

scenario, which does not use forecasting. For a small number of prosumers in the PF-N structure, 

the market efficiency is very high, between 90-100 % for all three months. This demonstrates that 

forecasting can significantly improve market performance, even without storage, for markets with 

few prosumers. For the PF-A scenario (Fig. 4.11d), the proportions sold are much higher than 

those seen for the PF-N scenario, and in the month of June, nearly 100% of excess generation is 

sold in the peer-to-peer market for 1-4 prosumers in the market. Market efficiency remains high 

for the month of June across the number of prosumers in the market.  
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Figure 4.11: Proportion of excess solar generation sold in the peer-to-peer market versus the number of 

sellers. Results are shown for the (a) RN-N and (b) RN-A scenarios. Results are also shown for the (c) PF-

N and (d) PF-A scenarios. Values are shown for the months of December, March, and June.  

7 DISCUSSION 

The validation of our model using the RENeW Nexus case study provided the foundation for a 

critical analysis of P2P energy market structures. Building on the congruence of simulated and 

empirical observations, systematic experimentation, and the availability of supplementary 

information on the trial, this section discusses the efficacy of P2P trading as a means to manage 

DG. We provide an overview of the RENeW Nexus model and its challenges first, before 

discussing the structures, benefits and trade-offs of alternative models.  
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7.1 Implications and Effects of Participant Characteristics  

Efficiency of the P2P market system depends on the balance between households with solar 

PV and those without it. A major challenge for the energy trading trial was the high ratio of 

prosumers to consumers. The disparity between the count of prosumers to consumers created 

market inefficiency leading to a large amount of untraded excess. Results from the seller to buyer 

ratio analysis reveal that the market becomes oversaturated with excess solar generation when 

there are only a few prosumers participating in the system. Further, the saturation point of the P2P 

market with respect to the number of sellers depends on the time of year. Balancing the numbers 

between prosumers and consumers is necessary to make the market more efficient. Program 

managers must develop recruitment strategies that consider how to bring parity between system 

supply and demand to increase market efficiency. Forecasting algorithms and storage can provide 

solutions to offset the market inefficiencies introduced by a high number of prosumers. This was 

also suggested by Wilkinson et al. (2020), who analyzed qualitative data from the same trial.  

Recruiting participants for a fairly balanced P2P market relies on an effective engagement 

plan. Approaching potential consumers was found to be more difficult than potential prosumers 

throughout the data collection and trial setup phases. As this challenge was recognized before the 

announcement of the planned tariff structure, economic considerations alone do not explain this 

difference in readiness to participate. A possible explanation may lie in household attitudes 

towards the environment, with prosumers placing a higher value on positive environmental 

outcomes than consumers. Differences in preferences mean that consumer engagement may 

require different strategies than those for prosumers. Clear economic incentives for consumer 

participants may be necessary to invoke their interest and eliminate the disparity with prosumers 

in the market. Incentivizing potential consumers may include a reduction in the upfront fees for 
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distribution system generators and network operators. Another incentive may be an amendment to 

the tariff structure for those that participate in the program as true consumers. Improving the 

perceived satisfaction of consumers with potential economic outcomes will likely increase their 

participation and enhance P2P market efficiency through a more balanced market population. 

Again, this was confirmed by other analyses of the same trial (Wilkinson et al. 2020). The 

relevance of financial incentives was identified as a key theme emerging from a participant 

workshop. In addition to perceiving financial disadvantages as a disincentive for participation, 

workshop participants also agreed there was a need for subsidies to encourage the uptake of P2P 

trading (ibid.).  

Economic payoffs appeared to gain relevance for all (consumer and prosumer) participants 

once the initial decision to join had been made. This is suggested by the drastic reduction in 

changes made to buying and selling prices. Though pro-environmental attitudes may have initially 

motivated participants to join, the size of the economic rewards led to market engagement levels 

falling to a minimum. As participants realized the limited scope of potential economic outcomes, 

they optimized their net benefits by minimizing their time investments. As a result, rate changes 

stagnated. Adequate overall engagement, as well as increased market participation may thus 

require the provision of sufficiently large economic incentives within the tariff structure.  

7.2 Implications of Regulatory and Incentive Structures 

In the case of the RENeW Nexus project, existing rules within the Western Australian 

electricity system significantly delimited the possibilities for tariff design. The lack of flexibility 

within the incumbent structure translated into a limited scope of potential payoffs of P2P trading 

for households. Automation may offer an alternative - or complementary - approach to improving 

market participation. By removing the time commitment barrier, economic outcomes may still be 
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optimized. In addition, automated adjustment of buying and selling rates could help address 

potentially low levels of technological and electricity market literacy by offering participants the 

possibility to delegate decision-making to algorithms.  

Technological solutions, however, can only offer a partial solution or mitigation strategy 

to barriers imposed by the status quo. In the RENeW Nexus case study, these barriers determined 

the feasibility of the trial in addition to affecting its viability through existing pricing rules. The 

implementation of the RENeW Nexus trial was made possible by a rule exemption granted by the 

utilities. Because the current regulatory framework does not permit the trading of energy across 

the network, the involvement of the regulatory agencies was pivotal to the real-life testing of the 

trading model.  

Creating the possibility for alternative electricity market structures to be put into practice 

thus requires a collective effort amongst a variety of actors. Initiating collective action and 

maximizing its beneficial outcomes requires consideration of the incentive structures guiding 

different actorsô decision-making. The involvement and support of the utilities in the absence of 

economic incentives in the RENeW Nexus trial suggests that participation as such was considered 

valuable (or at least, worthwhile). Given the nature of their business, valuable learnings from 

participating in the trial are likely to include positive network effects such as the ability to gauge 

the trajectory of smart grid evolution. As such, adaptations to the existing structure need to address 

technical as well as economic outcomes (particularly for households).  

The simulation and analysis of the RENeW Nexus trial suggests that feasibility of P2P 

models depends on the creation of incentives for regulatory agents to partake in their testing, 

whereas their viability depends on the adequacy of incentives for participating household agents. 

While the former may have an interest in technical outcomes, the latter prefers economic 
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efficiency. To optimize outcomes of P2P trading in practice, collective action is needed that takes 

these incentives into account. 

The market structure of the RENeW Nexus trial influenced the inefficiencies of the 

exchange platform. The rules of the RENeW Nexus trial were set to create a simplistic bilateral 

exchange system where only one transaction could take place each trade interval for all sellers and 

buyers. The single transaction setup limited the ability for sellers to exchange all of their excess 

solar generation. An alternative electricity market structure involving solar forecasting is tested 

using the ABM framework. The alternative structure allows for multiple transactions to take place 

so more energy can be exchanged. While forecasting rules have the advantage of allowing 

prosumers to sell more of their excess generation, penalties for incorrect forecasts are possible 

which can lower the value of that excess. The forecasting scenario is adapted to build simple 

constraints into the design of the market structure to limit shortfall penalties and increase the 

amount of energy sold relative to the RENeW Nexus scenario. Simulation of alternative electricity 

market rules with constrained forecasting shows that simple changes can be made to the platform 

exchange structure to improve market efficiency.  

7.3 Effects of Integrating Storage into Market Design 

Flexibility of solar generated energy resources can be improved with the use of energy 

storage technology. A lack of energy storage in the decentralized market system is problematic in 

that prosumers are forced to sell the majority of excess in the middle of the day during off-peak 

hours of demand. Further, the absence of storage leads to a considerable amount of reverse power 

flow which can negatively affect the power system and make network operations more difficult 

for utility managers. Only one household prosumer in the RENeW Nexus trial has a functioning 

battery energy storage system. Simulations are performed with the ABM framework to evaluate 
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the advantages of using energy storage in decentralized electricity markets. Results show that 

energy storage can increase the amount of excess generation that is sold in the P2P market. Both 

the automatic and predefined storage scenarios allow prosumers to shift the discharge of excess 

solar generation to time periods of higher demand, which reduces high levels of reverse power 

flow during off-peak hours and increases the value of solar power for sellers. The predefined 

storage scenario allows prosumer households to pinpoint the discharge of excess during the peak 

price hours for retail electricity resulting in higher prices for sold electricity. Adoption of energy 

storage units at residential households can give prosumers the ability to employ temporal arbitrage 

in the decentralized market and limit the effects of reverse power flow during off-peak periods of 

system demand.  

7.4 Addressing Issues Identified in this Study 

The P2P electricity trading trial succeeded in giving prosumers more control on the price 

of their excess generation. However, the trial reveals some important tradeoffs between the 

decentralized and centralized paradigms of electric distribution. The decentralized system of 

business gives end-users more financial control over their distributed energy resources, but the 

time commitment of participation combined with high fixed costs severely limits market activity. 

The centralized paradigm eliminates the time burden of household participation and provides a 

stable price point for electricity rates, though it gives prosumers less control over the value of their 

excess generation and limits the ability for communities to cultivate sustainable cultural norms. 

Fee and market structure changes are necessary to keep decentralized energy markets from 

drastically raising the price of electricity for consumers and lowering the value of excess 

generation for prosumers. Creating the opportunity for net positive financial outcomes will likely 

incentivize activity in decentralized markets and increase their economic efficiency; this in turn 
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may embolden morale for P2P electricity systems and household renewable energy technology.  

Alterations to the P2P market structure not simulated in this study may improve outcomes 

of decentralized electricity systems. The issue of time commitment to participate in the trial could 

be solved through the use of automation services or tools. An increase in economic and technical 

efficiencies can be achieved by transferring management to aggregation service providers who 

have expertise in the operation of renewable energy technology. Aggregation services eliminate 

the time burden for households and can decrease the uncertainty in payments for excess generation 

by offering a predetermined rate for solar production. However, aggregation service providers can 

negatively perturb electricity prices for consumers in decentralized markets if they gain enough 

market power; aggregators can do this by withholding energy storage capacity and manipulating 

the supply curve of electricity, similar to Enron in the early-2000ôs (Borger 2005).  

A different method of solving the time burden for prosumers and consumers could be the 

development of an automated trading algorithm. An algorithm that automatically updates bid 

pricing for households can be made possible through the use of machine learning technology. 

Machine learning can be applied to data on historical bid success and failure as well as system-

level demand data that is made available by the online trading platform to make improved 

decisions on P2P energy bids. Machine learning can also be applied to meteorological data to make 

more accurate solar forecasts during the bidding process. Automated trading algorithms can 

increase the technical efficiencies of decentralized electricity exchanges and defend consumers 

against price manipulation induced by aggregation service providers by keeping market power in 

the hands of individual household prosumers.  

The simulation framework developed here models a virtual P2P electricity market but does 

not consider the constraints of the physical infrastructure. P2P electricity exchanges could 
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adversely impact the power system dynamics of the distribution system. It is thus necessary to 

build an electric distribution system model of the infrastructure that connects the P2P trading 

system and perform power system analyses to determine the constraints of the grid. Discovering 

the physical constraints of the distribution system will help utility managers with planning 

operations and platform facilitators with regulating market exchanges. Determining the constraints 

could also help platform facilitators in choosing appropriate network and generation fees to pass 

to participants. Finally, a better understanding of the network layout and a map of the physical 

vulnerabilities can help facilitators draw boundaries for sub-market systems that are more 

appropriate for infrastructure and easier to regulate.  

Decentralized electricity systems must be regulated at both the virtual market and physical 

distribution levels. An important issue for regulation is developing a platform solution for 

enforcing system-level policies. A solution for regulating P2P energy trading platforms may be 

developed using new abilities of blockchain technology. A novel feature of blockchain platforms 

is the ability to create assets and sub-assets, or tokens that represent something like virtual or 

physical objects. Asset tokens can be issued by users of a blockchain protocol that supports asset 

creation; they can be used for a number of purposes including representing gold bars, energy 

credits, concert tickets, and gift card credits (Fenton and Black 2018). Assets can also be used to 

represent organizations like Procter & Gamble or Delta Airlines; sub-asset tokens can be created 

under those assets and used to develop sub-networks within the blockchain platform that facilitate 

the public trading of stocks for subsidiary companies or manage boarding passes and frequent flyer 

miles.  

In the context of P2P energy trading, an asset can be created to support a decentralized 

electricity platform and sub-asset tokenization can be used to regulate the virtual energy market. 
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For example, tokens can be created and passed to prosumers for each kWh of excess generation 

sold in the P2P market, which can be used to enforce rules for maximum power flow. Additionally, 

tokens can be passed to prosumers for each kWh of energy storage that is bid into the P2P market 

to institute a constraint for the minimum amount of storage that must be offered each interval, 

which would be a defense against the gaming of aggregated energy storage resources. Smart 

contracts can be used with the ledger of bids and transactions to validate that constraints are being 

met and to restrict market exchanges between participants. The feature of blockchains to support 

sub-asset tokenization can be employed to regulate a P2P energy trading platform, to ground the 

virtual market into the physical constraints of the grid and protect consumers from electricity price 

manipulation.  

P2P energy trading allowed prosumers in the trial to create higher value for their excess 

generation. However, the extra value was overshadowed by the high fixed costs of participating in 

the trial. Participants could accrue other value with their distributed resources if secondary markets 

were established in the platform. Secondary markets can be created for frequency balance, 

ancillary services and peak shaving to help facilitate grid stability; this can add more value for 

prosumers if they own a household energy storage system. Further, secondary markets can be 

enabled through sub-asset tokenization of energy resources and smart contract technology. The 

addition of secondary markets could completely change the game theoretical approach of 

households that participate in the market. More simulations should be performed to determine the 

additional value that is created through secondary markets and to assess their impact on the 

dynamics of decentralized electricity systems. 

The geographic displacement of the participating households along with the disparity 

between the number of prosumers to consumers together raise an important challenge in how to 
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appropriately scale decentralized electricity markets. As the number of participants increases it 

will become important to facilitate decentralized markets at an adequate scale. Decentralized 

markets can be scaled by aggregating participants into clusters that function as sub-market 

systems. Boundaries for the sub-markets may be drawn according to power system boundaries to 

better facilitate grid stability. Sub-market boundaries may also be assigned through neighborhood 

zoning to foster community connections in decentralized electricity systems. Boundaries for sub-

markets should consider the ratio of prosumers to consumers; parity between prosumer excess 

generation and sub-system daytime demand is necessary to ensure market efficiency. The 

boundaries may be redrawn over time based on market outcomes and comparing historical 

willingness to pay and willingness to accept values for P2P electricity. Clustering households to 

scale decentralized markets may induce gains in economic efficiency and help to better manage 

power system integrity. 

8 CONCLUSION 

An ABM framework is demonstrated here to simulate P2P electricity trades in a decentralized 

electricity market. The framework is applied to data from a real case study in Western Australia to 

validate modeling assumptions. Simulations are performed to determine the impact of alternative 

governance models on the dynamics of the trial system. Battery bank systems are modeled in the 

framework to determine the effect that energy storage can have on market performance.  

The work presented here can be extended in the future to enhance the insight that is gained 

from using ABM. For example, the modeling framework can be applied for a P2P electricity 

system that allows residential apartment units to trade excess generation within and between 

buildings. Clustering schemes of households in the community can be tested to evaluate the scale 

at which to conduct decentralized energy trading. The ABM can be used to simulate the 
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withholding of household energy storage capacity from the P2P market to determine the ability of 

individuals and aggregation service providers to manipulate energy prices. Sub-asset tokenization 

can be modeled to assess its ability in enforcing market constraints for limiting price manipulation 

and protecting grid integrity. The extent to which blockchain technology may be able to mitigate 

potential privacy and data accuracy concerns in the context of power control could be another 

possible avenue of research. Though the platform used in the trial was based on blockchain 

technology, none of the observed outcomes could be linked directly to this feature. Commentary 

regarding the usefulness of platforms in improving user engagement is beyond the scope of this 

study but may be an important avenue for future research. Although low engagement was 

observed, the study design does not allow for inferences to be made in this regard. Future studies 

should also consider including more heterogeneity in behavior and allow for the assessment of 

behaviors within social systems.  

Designing and implementing an efficient, equitable and sustainable future energy system 

requires collective and coordinated action from a diverse set of actors. Its success hinges on the 

recognition of trade-offs on, and across, social, technological, economic and environmental levels. 

ABM helps manage the resulting uncertainties by facilitating the testing and development of 

alternative management strategies. 

  



139 

 

CHAPTER 5: Summary and Conclusions 

The major contribution of this research is a set of modeling frameworks that collectively simulate 

the dynamics of an evolving smart electric grid. An agent-based solar adoption model is developed 

here and coupled with a power systems simulation model to create an integrated sociotechnical 

modeling framework. The agent-based modeling approach provides a framework that enables the 

amalgamation of technology adoption principles with power system modeling techniques to 

provide a holistic understanding of electric infrastructure dynamics during a transitional period of 

increased distributed energy resources (DER). The interdisciplinary application combines 

technology adoption decision science with power system engineering to create a tool for more 

informed decision making for electric utility managers. This research also served to evaluate the 

impact that the positive feedback loop between increasing adoption and increasing electricity price 

has on local grid stability. 

This research also develops an extensible agent-based market model for simulating 

electricity trades between single-family households in a decentralized peer-to-peer (P2P) 

electricity market. The framework is applied to a set of cities in the United States to assess the 

impact of local geographic and environmental differences on the sociotechnical dynamics of 

decentralized electricity markets. The framework is applied for a case study in Western Australia 

to analyze the effect of alternative electricity market structures on the average electricity rate in a 

neighborhood sub-network. Modeling scenarios are also assessed to gauge the performance of 

battery energy storage systems in increasing the flexibility of solar generated resources in 

residential P2P markets. Simulation results from both modeling frameworks are evaluated to 

determine best management practices for implementing distributed energy technology and 

stabilizing grid performance on low-voltage sub-networks. ABM is shown here to help manage 
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the resulting uncertainties in DER management by facilitating the testing and development of 

adequate strategies. 

1. Assessing Solar PV Technology Diffusion and Grid Stability 

Simulations in this study indicate that PV technology diffusion can create long-term 

stability issues for low-voltage electric distribution networks. Impacts of solar PV technology 

adoption on electric distribution infrastructure are both temporal and geospatial in nature. 

Household behavior such as word-of-mouth communication can impact reliability of a sub-

network by causing higher penetration of solar PV. The adoption framework developed here helps 

to identify regions of the grid that are at risk of unwanted voltage rise by considering the geospatial 

array of sociodemographic characteristics along with the physical topology of the distribution 

infrastructure. Analyses reveal that socio-demographic ridges in a community may lead to the 

emergence of complex adoption dynamics. Identifying these geospatial ridges can build insight 

into the potential patterns of solar PV diffusion throughout the distribution system over time. This 

modeling framework can be used to assess strategies for both incentivizing solar PV technology 

adoption and ensuring grid stability. 

2. Simulating a Decentralized Electricity Market 

Simulations from the agent-based electricity market model reveal that P2P trade outcomes 

are largely impacted by the ratio of prosumers to consumers as well as environmental and 

geographic conditions, including cloud cover and local latitude. Average market prices are 

ultimately determined by local supply and demand for excess solar generated power, but more 

importantly, they are determined by the timing of supply and demand. Battery energy storage 

increases the flexibility of solar power by allowing households to store excess supply until times 

of high demand, which leads to a larger proportion of excess sold in the peer-to-peer market. 
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Average P2P market prices in all scenarios are larger than the avoided fuel cost rate in each 

modeled city, affording prosumers more financial gains compared to a utility buy-back program. 

The physical constraints of the low-voltage network are not represented in the agent-based 

electricity market study and therefore should be modeled using a power system simulation tool in 

future research. Modeling components in the power system may reveal voltage or frequency issues 

with the local grid that serves the neighborhood participating in the market. 

3. Modeling Trades and Energy Consumption in a P2P Energy Trading Network 

Applying the agent-based electricity market model to a case study in Perth, Western 

Australia allowed for the evaluation of an implemented set of trading rules for a residential system, 

as well as a comparison of that system with an alternative governance structure that allows for 

solar forecasting. The market structure of the RENeW Nexus trial create an inefficient market 

because prosumers were limited to a single transaction per time step, which severely limited the 

ability for sellers to exchange all of their excess solar generation. Simulation results based on 

alternative trading structures reveal that solar forecasting can be used to improve market efficiency 

by allowing more exchanges between sellers and buyers and increasing the proportion of excess 

that is sold in the P2P market. Although the alternative trading scenario allows for the possibility 

of penalties due to incorrect forecasts, adaptations can be made by building simple constraints into 

the market design to limit shortfall penalties and increase performance relative to the RENeW 

Nexus trade structure. The agent-based market framework was applied using timelines of 

willingness-to-accept and willingness-to-pay values from households that participated in the trial 

market; however, the decision method used by each household to update these values is unknown. 

Modeling in the study can be improved by evaluating how learning and adaptation change 
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household bidding strategies in a P2P electricity market, in addition to how adaptive behavior 

impacts decisions regarding energy consumption. 

4. New Research Questions and Future Research Directions 

Knowledge gained through this research raises new questions about the dynamics of 

transitioning smart grids and the roles of stakeholders who interact with, manage, and depend on 

this infrastructure. Human decision-making influences the dynamics of electricity systems and 

markets. Learning and adaptive behavior can alter the decision-making processes of humans. Goal-

directed households may modify or adapt their behaviors over time to better achieve their set goals 

based on accumulated experiences. Electricity market participants have price expectations when 

making bids, the rejection of those bids over multiple trading periods can influence buyers and 

sellers to adapt their pricing strategy. Additionally, the temporal variation of prices in a real-time 

electricity market may motivate participants to shift their demand to periods that are consistently 

low in price. Further research can explore an emerging question, How will learning and adaptive 

behavior change the decision-making processes of buyers and sellers for pricing bids and 

consuming energy in a decentralized P2P electricity market system? 

To answer this research question, new modeling approaches are needed to conduct 

quantitative analysis of bidding and consumption strategies that considers the interactions between 

infrastructure and market participants. A new comprehensive methodology will fill gaps in 

knowledge regarding how adapting household consumption and bidding decisions can influence 

infrastructure performance. Research must be performed to analyze the decision-making process 

of buyers and sellers in determining bid prices and electricity consumption. Additionally, new 

studies should evaluate how learning and adaptation change household bidding and consumption 

strategies in decentralized electricity markets. Surveys should be performed on household 
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participants of P2P market systems along with data science techniques on real trade and electricity 

demand data to extract information about the decision models used for placing bids and consuming 

energy. This novel research will bridge social-science and engineering disciplines to construct 

pricing and consumption decision models based on survey data for use in agent-based simulation. 

The agent-based electricity market framework developed in this study should be informed using 

data from the survey and extended to allow for learning and adaptations in pricing and 

consumption strategy. Results from this research will help us better understand the role of human 

decision-making in the dynamics of decentralized electric distribution systems. 

Information gained from participation in P2P market systems can change the opinions of 

non-adopters about the economic practicality of household solar PV and battery energy storage 

systems. Non-adopters may also form opinions on the dollar value of renewable power produced 

at the grid edge which can impact the diffusion process of DER. This study has illustrated how the 

diffusion of DER can impact the stability of electric distribution systems. Future studies can also 

explore the research question, How does a decentralized P2P electricity market affect the adoption 

dynamics of distributed energy technology and the grid stability profile of a sub-network? 

A rigorous research agenda is needed to answer the second question raised through this 

research. Evaluating the impact of peer-to-peer electricity trades on the adoption of distributed 

energy resources is important for utilities to develop new analytical methods for designing and 

assessing operational management practices of the smart grid. Determining the effect of a peer-to-

peer electricity market on grid reliability also becomes pertinent to identify critical tipping points 

of grid instability throughout the distribution system. Identifying proper distribution management 

techniques for the smart grid depends heavily on the creation of simulation tools that can study the 

cyber-physical system under different market and operational scenarios, and across multiple 
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timescales. The agent-based solar adoption model and the agent-based electricity market model 

from this study should be integrated to perform simulations to evaluate grid stability under 

different market and technology diffusion scenarios. Simulations should illustrate the feedback 

between increasing adoption of distributed energy resources, increasing grid instability, and 

increasing retail electricity prices. Results should be evaluated to identify management strategies 

that enable the transition to a smart grid that is both sustainable and reliable. 

The research completed through this dissertation generates new insight about the 

integration of DER within the current energy grid. Building on this insight, these emerging 

research questions can be addressed to create a more holistic evaluation of DER. The modeling 

approach that is developed in this research to answer questions about grid stability and P2P market 

performance using an interdisciplinary approach that couples infrastructure mechanics, dynamic 

behaviors, climate parameters, and economic principles.  The agent-based modeling approach can 

be further developed to answer emerging questions about the influence of human learning, gaming, 

and decision-making on market performance and impacts on the existing current grid.  The 

framework developed here and research that builds on these findings create insight that can be 

directly applied for designing, managing, and evaluating the performance of DER within a 

decentralizing energy grid. 
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1 Accounting for Storage Methods 

1.1 No Storage Method 

Summary of variables used in calculations for no storage method: 

PT = Total Production 

PD = Total production for demand 

PM = Total real production sent to grid for market 

PU = Total production for utility 

SF = Total shortfall for overselling solar energy in market 

pa,j = Actual solar production in hour j 

pd,j = Production for demand in hour j 

pm,j = Actual production sent to grid for market in hour j 

pu,j = Production for utility in hour j 

em,j = Virtual energy sold into market in hour j 

exj = Actual excess solar power in hour j 

sfj = Shortfall production for overselling in market in hour j 

TM = Proportion of production sent to market 

TE = Proportion of excess sent to market 

RR = Retail rate for utility electricity 

RAFC = Avoided fuel cost rate for utility electricity 

VM = Revenue exchanged in market 

SP = Seller average price of electricity traded in market 

 

Tallying Results for No Storage Method 
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1.1.1 No Storage Method Accounting 

First set of calculations: Determining pd,j and exj 
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Second set of calculations: Determining pu,j, sfj, and pm,j 
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1.2 Automatic and Predefined Storage Methods 

Summary of variables used in calculations for automatic and predefined storage methods: 

PT = Total Production [kWh] 

PD = Total production for demand [kWh] 

PM = Total production for market [kWh] 

PU = Total production for utility [kWh] 

PST = Total production for storage [kWh] 

SF = Shortfall production for overselling in market 

SM = Total storage discharged for market transactions [kWh] 

em,j = Virtual energy sold into market in hour j [kWh] 

dj = Demand of prosumer in hour j [kWh] 

das,j = Demand after initial storage discharge in hour j [kWh] 

dasp,j = Demand after initial storage discharge and production in hour j [kWh] 

sj = Storage in battery at the beginning of hour j [kWh] 

sd,j = Storage discharged for demand in hour j [kWh] 

sad,j = Storage remaining after demand in hour j [kWh] 

sm,j = Storage discharged into grid for market transactions in hour j [kWh] 

sam,j = Storage remaining after discharge for market transactions in hour j [kWh] 

pa,j = Actual solar electricity production in hour j [kWh] 

pd,j = Production used for demand in hour j [kWh] 

pad,j = Production remaining after prosumer demand in hour j [kWh] 

pm,j = Production sent to grid for market transactions in hour j [kWh] 

pam,j = Production remaining after market transactions in hour j [kWh] 
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ps,j = Production sent to battery storage in hour j [kWh] 

pu,j = Production sent to the grid for utility purchase in hour j [kWh] 

sfj = Shortfall production for overselling in market in hour j [kWh] 

DTS = Start of discharging time for predefined method [0-23] 

DTE = End of discharging time for predefined method [0-23] 

CTS = Start of charging time for predefined method [0-23] 

CTE = End of charging time for predefined method [0-23] 

GEmin = Minimum charge of battery [4.05 kWh] 

GEmax = Maximum charge of battery [13.5 kWh] 

TM = Proportion of production sent to market 

TE = Proportion of excess sent to market 

RR = Retail rate for utility electricity [$/kWh] 

RAFC = Avoided fuel cost rate for utility electricity [$/kWh] 

VM = Revenue exchanged in market [$] 

SP = Seller average price of electricity traded in market [$/kWh] 

 

Tallying Results for Automatic and Predefined Storage Methods 

 

ὖ В ὴȟ     (1) 

ὖ В ὴȟ     (2) 

ὖ В ὴȟ     (3) 

ὖ В ὴȟ      (4) 

Ὓ В ίȟ     (5) 

ὛὊ В ίὪ      (6) 

ὖ ὖ ὖ ὖ ὖ     (7) 

Ὕ ὖ Ὓ Ⱦὖ     (8) 

Ὕ ὖ Ὓ Ⱦὖ ὖ Ὓ      (9) 

Ὓ
ᶻ ᶻ

     (10) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



165 

 

1.2.1 Automatic Storage Method Accounting 

 

First set of calculations: Determine sd,j, sad,j, and das,j 
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Second set of calculations: Determine pd,j, pad,j, and dasp,j 
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Third set of calculations: Determine sm,j, pm,j, and pam,j 

ὭὪȡ Ὡȟ π   

ὭὪȡ ί ȟ ὋὉ π  

ὭὪȡ ί ȟ ὋὉ Ὡȟ  

ίȟ ί ȟ ὋὉ   

ὭὪȡ ὴ ȟ Ὡȟ ίȟ  

ὴȟ ὴ ȟ  

ὴ ȟ π  

ὩὰίὩȡ  
ὴȟ Ὡȟ ίȟ  

ὴ ȟ ὴ ȟ ὴȟ  

ὩὰίὩȡ    
ίȟ Ὡȟ  

ὴȟ π  

ὴ ȟ ὴ ȟ   

ὩὰίὩȡ    
ίȟ π   

ὭὪȡ ὴ ȟ Ὡȟ  

ὴȟ ὴ ȟ  

ὴ ȟ π  

ὩὰίὩȡ  
ὴȟ Ὡȟ  

ὴ ȟ ὴ ȟ ὴȟ  

ὩὰίὩȡ    
ίȟ π  

ὴȟ π  

ὴ ȟ ὴ ȟ  

 

Fourth set of calculations: Determine sam,j, pu,j, ps,j, and sj+1 
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Fifth set of calculations: Determine sfj 
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1.2.2 Predefined Storage Method Accounting 

First set of calculations: Determine sd,j, sad,j, and das,j 
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*Note: The modulo operator (%) returns the remainder after the division of one number by another. 

In this case, it is used to determine the hour of day to check if the current hour lies within the 

discharging or charging timeline. 
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Second set of calculations: Determine pd,j, pad,j, and dasp,j 
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Third set of calculations: Determine sm,j, pm,j, and pam,j 
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Fourth set of calculations: Determine sam,j, pu,j, ps,j, and sj+1 
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Fifth set of calculations: Determine sfj 
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2. Calculating State-wide Avoided Fuel Cost Rates for Chapter 3 

Avoided fuel cost rates used for each simulated city were calculated using state-level data from 

total electric power industry generation. State-wide electric fuel mix and price data were taken 

from the Energy Information Administration for the year 2017 (Energy Information 

Administration 2019b). The price used for nuclear fuel comes from a national average of investor-

owned electric utilities for the year 2017 (Energy Information Administration 2019a). Generation 

from fuel types labeled other, other biomass, other gas, and pumped storage were not included in 

the fuel mix used to calculate the avoided fuel cost rate. A fuel price for wood-fired generation 

was not available, so a fuel cost of zero was used in the calculation. 

Table A.2.1: Electricity fuel mix data for the state of Arizona in the year 2017. Fuel cost values used to 

calculate the avoided fuel cost are also shown. 

State Fuel Type 
Production 

[MWh]  
Proportion 

Fuel Cost 

[mill/kWh]  

Fuel Cost 

[$/kWh]  

Avoided Fuel 

Cost [$/kWh] 

Arizona 

Coal 31396138 0.296 23.34 0.0233 0.0069 

Hydro 6831891 0.065 0.00 0.0000 0.0000 

Natural Gas 29590699 0.279 27.65 0.0277 0.0077 

Nuclear 32340138 0.305 7.47 0.0075 0.0023 

Other -1186 - - - - 

Other Biomass 38730 - - - - 

Petroleum 56729 0.001 150.48 0.1505 0.0001 

Pumped storage -45830 - - - - 

Solar 4941957 0.047 0.00 0.0000 0.0000 

Wind 569934 0.005 0.00 0.0000 0.0000 

Wood 132521 0.001 0.00 0.0000 0.0000 

Total 105898737 1.000 - - 0.0170 
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Table A.2.2: Electricity fuel mix data for the state of California in the year 2017. Fuel cost values used to 

calculate the avoided fuel cost are also shown. 

State Fuel Type 
Production 

[MWh]  
Proportion 

Fuel Cost 

[mill/kWh]  

Fuel Cost 

[$/kWh]  

Avoided Fuel 

Cost [$/kWh]  

California 

Coal 291092 0.001 36.10 0.0361 0.0001 

Geothermal 11559591 0.058 0.00 0.0000 0.0000 

Hydro 42363141 0.211 0.00 0.0000 0.0000 

Natural Gas 88350133 0.440 28.44 0.0284 0.0125 

Nuclear 17901079 0.089 7.47 0.0075 0.0007 

Other 835537 - - - - 

Other Biomass 2840997 - - - - 

Other Gas 1408335 - - - - 

Petroleum 45796 0.000 150.48 0.1505 0.0000 

Pumped storage 407454 - - - - 

Solar 24352915 0.121 0.00 0.0000 0.0000 

Wind 12822857 0.064 0.00 0.0000 0.0000 

Wood 2967465 0.015 0.00 0.0000 0.0000 

Total 200654069 1.000 - - 0.0133 

 

Table A.2.3: Electricity fuel mix data for the state of Hawaii in the year 2017. Fuel cost values used to 

calculate the avoided fuel cost are also shown. 

State Fuel Type 
Production 

[MWh]  
Proportion 

Fuel Cost 

[mill/kWh]  

Fuel Cost 

[$/kWh]  

Avoided Fuel 

Cost [$/kWh] 

Hawaii 

Coal 1375724 0.151 40.71 0.0407 0.0062 

Geothermal 322592 0.035 0.00 0.0000 0.0000 

Hydro 66075 0.007 0.00 0.0000 0.0000 

Natural Gas 0 0.000 0.00 0.0000 0.0000 

Nuclear 0 0.000 7.47 0.0075 0.0000 

Other 363123 - - - - 

Other Biomass 292762 - - - - 

Other Gas 52022 - - - - 

Petroleum 6633596 0.729 119.50 0.1195 0.0871 

Pumped storage 0 - - - - 

Solar 174101 0.019 0.00 0.0000 0.0000 

Wind 532055 0.058 0.00 0.0000 0.0000 

Wood 0 0.000 0.00 0.0000 0.0000 

Total 9104143 1.000 - - 0.0932 
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Table A.2.4: Electricity fuel mix data for the state of Nevada in the year 2017. Fuel cost values used to 

calculate the avoided fuel cost are also shown. 

State Fuel Type 
Production 

[MWh]  
Proportion 

Fuel Cost 

[mill/kWh]  

Fuel Cost 

[$/kWh]  

Avoided Fuel 

Cost [$/kWh] 

Nevada 

Coal 1865592 0.049 26.16 0.0262 0.0013 

Geothermal 3291874 0.086 0.00 0.0000 0.0000 

Hydro 1812700 0.048 0.00 0.0000 0.0000 

Natural Gas 26625904 0.699 26.33 0.0263 0.0184 

Other 31566 - - - - 

Other Biomass 57681 - - - - 

Other Gas 0 - - - - 

Petroleum 8746 0.000 135.21 0.1352 0.0000 

Solar 4145867 0.109 0.00 0.0000 0.0000 

Wind 361364 0.009 0.00 0.0000 0.0000 

Wood 0 0.000 0.00 0.0000 0.0000 

Total 38112047 1.000 - - 0.0197 

 

Table A.2.5: Electricity fuel mix data for the state of Tennessee in the year 2017. Fuel cost values used to 

calculate the avoided fuel cost are also shown. 

State Fuel Type 
Production 

[MWh]  
Proportion 

Fuel Cost 

[mill/kWh]  

Fuel Cost 

[$/kWh]  

Avoided Fuel 

Cost [$/kWh]  

Tennessee 

Coal 27715284 0.348 24.80 0.0248 0.0086 

Hydro 8691134 0.109 0.00 0.0000 0.0000 

Natural Gas 10268540 0.129 26.17 0.0262 0.0034 

Nuclear 31817502 0.400 7.47 0.0075 0.0030 

Other 21440 - - - - 

Other Biomass 96515 - - - - 

Other Gas 11648 - - - - 

Petroleum 123659 0.002 132.82 0.1328 0.0002 

Pumped storage -686154 - - - - 

Solar 92342 0.001 0.00 0.0000 0.0000 

Wind 43327 0.001 0.00 0.0000 0.0000 

Wood 851160 0.011 0.00 0.0000 0.0000 

Total 79602948 1.000 - - 0.0152 
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Table A.2.6: Electricity fuel mix data for the state of Texas in the year 2017. Fuel cost values used to 

calculate the avoided fuel cost are also shown. 

State Fuel Type 
Production 

[MWh]  
Proportion 

Fuel Cost 

[mill/kWh]  

Fuel Cost 

[$/kWh]  

Avoided Fuel 

Cost [$/kWh] 

Texas 

Coal 134648358 0.300 18.21 0.0182 0.0055 

Hydro 1061997 0.002 0.00 0.0000 0.0000 

Natural Gas 204511996 0.455 24.30 0.0243 0.0111 

Nuclear 38581401 0.086 7.47 0.0075 0.0006 

Other 527849 - - - - 

Other Biomass 668607 - - - - 

Other Gas 2471966 - - - - 

Petroleum 163711 0.000 133.91 0.1339 0.0000 

Solar 2189127 0.005 0.00 0.0000 0.0000 

Wind 67061094 0.149 0.00 0.0000 0.0000 

Wood 908357 0.002 0.00 0.0000 0.0000 

Total 449126041 1.000 - - 0.0172 

 

Table A.2.7: Electricity fuel mix data for the state of Utah in the year 2017. Fuel cost values used to 

calculate the avoided fuel cost are also shown. 

State Fuel Type 
Production 

[MWh]  
Proportion 

Fuel Cost 

[mill/kWh]  

Fuel Cost 

[$/kWh]  

Avoided Fuel 

Cost [$/kWh] 

Utah 

Coal 26389567 0.710 20.51 0.0205 0.0146 

Geothermal 480928 0.013 0.00 0.0000 0.0000 

Hydro 1293715 0.035 0.00 0.0000 0.0000 

Natural Gas 5870852 0.158 25.78 0.0258 0.0041 

Other 174966 - - - - 

Other Biomass 77669 - - - - 

Other Gas 16409 - - - - 

Petroleum 38413 0.001 160.99 0.1610 0.0002 

Pumped Storage 0 - - - - 

Solar 2211105 0.060 0.00 0.0000 0.0000 

Wind 858252 0.023 0.00 0.0000 0.0000 

Total 37142832 1.000 - - 0.0188 
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Table A.2.8: Electricity fuel mix data for the state of Colorado in the year 2017. Fuel cost values used to 

calculate the avoided fuel cost are also shown. 

State Fuel Type 
Production 

[MWh]  
Proportion 

Fuel Cost 

[mill/kWh]  

Fuel Cost 

[$/kWh]  

Avoided Fuel 

Cost [$/kWh] 

Colorado 

Coal 29242216 0.541 18.52 0.0185 0.0100 

Hydro 1897228 0.035 0.00 0.0000 0.0000 

Natural Gas 12532242 0.232 27.50 0.0275 0.0064 

Other 56711 - - - - 

Other Biomass 74852 - - - - 

Petroleum 7249 0.000 159.15 0.1592 0.0000 

Pumped storage -326652 - - - - 

Solar 954498 0.018 0.00 0.0000 0.0000 

Wind 9314667 0.172 0.00 0.0000 0.0000 

Wood 90994 0.002 0.00 0.0000 0.0000 

Total 54039094 1.000 - - 0.0164 

 

Table A.2.9: Electricity fuel mix data for the state of New Mexico in the year 2017. Fuel cost values used 

to calculate the avoided fuel cost are also shown. 

State Fuel Type 
Production 

[MWh]  
Proportion 

Fuel Cost 

[mill/kWh]  

Fuel Cost 

[$/kWh]  

Avoided Fuel 

Cost [$/kWh] 

New 

Mexico 

Coal 18414483 0.548 20.51 0.0205 0.0112 

Geothermal 12963 0.000 0.00 
  

Hydro 193249 0.006 0.00 0.0000 0.0000 

Natural Gas 9131655 0.272 26.64 0.0266 0.0072 

Other -587 - - - - 

Other Biomass 17588 - - - - 

Petroleum 40850 0.001 156.01 0.1560 0.0002 

Solar 1192641 0.036 0.00 0.0000 0.0000 

Wind 4594571 0.137 0.00 0.0000 0.0000 

Total 33580412 1.000 - - 0.0187 
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Table A.2.10: Electricity fuel mix data for the state of Louisiana in the year 2017. Fuel cost values used 

to calculate the avoided fuel cost are also shown. 

State Fuel Type 
Production 

[MWh]  
Proportion 

Fuel Cost 

[mill/kWh]  

Fuel Cost 

[$/kWh]  

Avoided Fuel 

Cost [$/kWh] 

Louisiana 

Coal 12315925 0.130 27.52 0.0275 0.0036 

Hydro 906237 0.010 0.00 0.0000 0.0000 

Natural Gas 58972846 0.622 24.53 0.0245 0.0153 

Nuclear 15409745 0.162 7.47 0.0075 0.0012 

Other 632350 - - - - 

Other Biomass 87784 - - - - 

Other Gas 2143065 - - - - 

Petroleum 4569753 0.048 23.94 0.0239 0.0012 

Solar 2418 0.000 0.00 0.0000 0.0000 

Wood 2679085 0.028 0.00 0.0000 0.0000 

Total 94856009 1.000 - - 0.0212 

 

Table A.2.11: Electricity fuel mix data for the state of Oregon in the year 2017. Fuel cost values used to 

calculate the avoided fuel cost are also shown. 

State Fuel Type 
Production 

[MWh]  
Proportion 

Fuel Cost 

[mill/kWh]  

Fuel Cost 

[$/kWh]  

Avoided Fuel 

Cost [$/kWh]  

Oregon 

Coal 1728105 0.028 24.28 0.0243 0.0007 

Geothermal 174381 0.003 0.00 0.0000 0.0000 

Hydro 38293938 0.615 0.00 0.0000 0.0000 

Natural Gas 15066379 0.242 20.39 0.0204 0.0049 

Other 39246 - - - - 

Other Biomass 361329 - - - - 

Other Gas 0 - - - - 

Petroleum 10394 0.000 137.70 0.1377 0.0000 

Solar 194052 0.003 0.00 0.0000 0.0000 

Wind 6226593 0.100 0.00 0.0000 0.0000 

Wood 619331 0.010 0.00 0.0000 0.0000 

Total 62313173 1.000 - - 0.0056 
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Table A.2.12: Electricity fuel mix data for the state of North Carolina in the year 2017. Fuel cost values 

used to calculate the avoided fuel cost are also shown. 

State Fuel Type 
Production 

[MWh]  
Proportion 

Fuel Cost 

[mill/kWh]  

Fuel Cost 

[$/kWh]  

Avoided Fuel 

Cost [$/kWh]  

North 

Carolina 

Coal 34460167 0.271 31.19 0.0312 0.0084 

Hydro 3818017 0.030 0.00 0.0000 0.0000 

Natural Gas 38589794 0.303 30.94 0.0309 0.0094 

Nuclear 42374264 0.333 7.47 0.0075 0.0025 

Other 577380 - - - - 

Other Biomass 694829 - - - - 

Other Gas 0 - - - - 

Petroleum 251382 0.002 140.52 0.1405 0.0003 

Pumped storage 0 0.000 - - - 

Solar 5114235 0.040 0.00 0.0000 0.0000 

Wind 470743 0.004 0.00 0.0000 0.0000 

Wood 2117424 0.017 0.00 0.0000 0.0000 

Total 127196026 1.000 - - 0.0206 
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3. Seasonal Simulations with Base Modeling Assumptions for Chapter 3 

 

Figure A.3.1: Seller average price of electricity in virtual peer-to-peer neighborhood market for 15 simulated cities. Results above are for the month 

of March. Results are shown for the PF-N5, PF-A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.2: Percent difference in seller average price of electricity in virtual peer-to-peer market from the scenario with perfect forecasting and 

automatic storage capability for 15 simulated cities. Results above are for the month of March. Results are shown for the PF-N5, PF-A5, PF-P5, SF-

N5, SF-A5, and SF-P5 scenarios
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Figure A.3.3: Proportion of solar production sold in virtual peer-to-peer neighborhood market for 15 simulated cities. Results above are for the 

month of March. Results are shown for the PF-N5, PF-A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.4: Percent difference in proportion of solar production sold in virtual peer-to-peer market from the scenario with perfect forecasting and 

automatic storage capability for 15 simulated cities. Results above are for the month of March. Results are shown for the PF-N5, PF-A5, PF-P5, SF-

N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.5: Proportion of excess solar production sold in virtual peer-to-peer neighborhood market for 15 simulated cities. Results above are for 

the month of March. Results are shown for the PF-N5, PF-A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.6: Percent difference in proportion of excess solar production sold in virtual peer-to-peer market from the scenario with perfect 

forecasting and automatic storage capability for 15 simulated cities. Results above are for the month of March. Results are shown for the PF-N5, PF-

A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.7: Seller average price of electricity in virtual peer-to-peer neighborhood market for 15 simulated cities. Results above are for the month 

of June. Results are shown for the PF-N5, PF-A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.8: Percent difference in seller average price of electricity in virtual peer-to-peer market from the scenario with perfect forecasting and 

automatic storage capability for 15 simulated cities. Results above are for the month of June. Results are shown for the PF-N5, PF-A5, PF-P5, SF-N5, 

SF-A5, and SF-P5 scenarios. 
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Figure A.3.9: Proportion of solar production sold in virtual peer-to-peer neighborhood market for 15 simulated cities. Results above are for the 

month of June. Results are shown for the PF-N5, PF-A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.10: Percent difference in proportion of solar production sold in virtual peer-to-peer market from the scenario with perfect forecasting 

and automatic storage capability for 15 simulated cities. Results above are for the month of June. Results are shown for the PF-N5, PF-A5, PF-P5, 

SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.11: Proportion of excess solar production sold in virtual peer-to-peer neighborhood market for 15 simulated cities. Results above are for 

the month of June. Results are shown for the PF-N5, PF-A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.12: Percent difference in proportion of excess solar production sold in virtual peer-to-peer market from the scenario with perfect 

forecasting and automatic storage capability for 15 simulated cities. Results above are for the month of June. Results are shown for the PF-N5, PF-

A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.13: Seller average price of electricity in virtual peer-to-peer neighborhood market for 15 simulated cities. Results above are for the 

month of September. Results are shown for the PF-N5, PF-A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios. 

 



191 

 

 

Figure A.3.14: Percent difference in seller average price of electricity in virtual peer-to-peer market from the scenario with perfect forecasting and 

automatic storage capability for 15 simulated cities. Results above are for the month of September. Results are shown for the PF-N5, PF-A5, PF-P5, 

SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.15: Proportion of solar production sold in virtual peer-to-peer neighborhood market for 15 simulated cities. Results above are for the 

month of September. Results are shown for the PF-N5, PF-A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.16: Percent difference in proportion of solar production sold in virtual peer-to-peer market from the scenario with perfect forecasting 

and automatic storage capability for 15 simulated cities. Results above are for the month of September. Results are shown for the PF-N5, PF-A5, PF-

P5, SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.17: Proportion of excess solar production sold in virtual peer-to-peer neighborhood market for 15 simulated cities. Results above are for 

the month of September. Results are shown for the PF-N5, PF-A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.18: Percent difference in proportion of excess solar production sold in virtual peer-to-peer market from the scenario with perfect 

forecasting and automatic storage capability for 15 simulated cities. Results above are for the month of September. Results are shown for the PF-N5, 

PF-A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.19: Seller average price of electricity in virtual peer-to-peer neighborhood market for 15 simulated cities. Results above are for the 

month of December. Results are shown for the PF-N5, PF-A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.20: Percent difference in seller average price of electricity in virtual peer-to-peer market from the scenario with perfect forecasting and 

automatic storage capability for 15 simulated cities. Results above are for the month of December. Results are shown for the PF-N5, PF-A5, PF-P5, 

SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.21: Proportion of solar production sold in virtual peer-to-peer neighborhood market for 15 simulated cities. Results above are for the 

month of December. Results are shown for the PF-N5, PF-A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.22: Percent difference in proportion of solar production sold in virtual peer-to-peer market from the scenario with perfect forecasting 

and automatic storage capability for 15 simulated cities. Results above are for the month of December. Results are shown for the PF-N5, PF-A5, PF-

P5, SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.23: Proportion of excess solar production sold in virtual peer-to-peer neighborhood market for 15 simulated cities. Results above are for 

the month of December. Results are shown for the PF-N5, PF-A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios. 
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Figure A.3.24: Percent difference in proportion of excess solar production sold in virtual peer-to-peer market from the scenario with perfect 

forecasting and automatic storage capability for 15 simulated cities. Results above are for the month of December. Results are shown for the PF-N5, 

PF-A5, PF-P5, SF-N5, SF-A5, and SF-P5 scenarios. 
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4. Seasonal Variation in Seller Average Price of Electricity for Chapter 3 

 

Figure A.4.1: Seller average price of electricity for 15 simulated cities. Values are shown above for the 

months of March, June, September, and December. Results are shown for the PF-N5 scenario. Simulation 

results for cities in the state of Hawaii are displayed with a larger axis range for seller average price because 

values are much higher.
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Figure A.4.2: Seller average price of electricity for 15 simulated cities. Values are shown above for the 

months of March, June, September, and December. Results are shown for the PF-A5 scenario. Simulation 

results for cities in the state of Hawaii are displayed with a larger axis range for seller average price because 

values are much higher.
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5. Prosumer to Consumer Ratio Analysis for Chapter 3 

 

Figure A.5.1: Seller average price of electricity in the peer-to-peer market versus the number of sellers in a 25-household neighborhood for three 

simulated cities. Results are shown for the PF-N scenario for (a) Edinburg, TX, (b) Eugene, OR, and (c) La Ola Lanai, HI. Results are shown for 

the PF-A scenario for (d) Edinburg, TX, (e) Eugene, OR, and (f) La Ola Lanai, HI. Values are shown for the months of March, June, September, 

and December. 
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Figure A.5.2: Proportion of excess solar energy production sold into the peer-to-peer market versus the number of prosumers in a 25-household 

neighborhood for three simulated cities. Results are shown for the PF-N scenario for (a) Edinburg, TX, (b) Eugene, OR, and (c) La Ola Lanai, HI. 

Results are shown for the PF-A scenario for (d) Edinburg, TX, (e) Eugene, OR, and (f) La Ola Lanai, HI. Values are shown for the months of March, 

June, September, and December
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6. Predefined Storage Analysis for Chapter 3 

 

Figure A.6.1: Seller average price of electricity in the peer-to-peer market versus the predefined storage discharge timeline for (a) Edinburg, TX (b) 

Eugene, OR and (c) La Ola Lanai, HI. Proportion of excess solar energy production sold into the peer-to-peer market versus the predefined storage 

discharge timeline for (d) Edinburg, TX (e) Eugene, OR and (f) La Ola Lanai, HI. Results are shown for the PF-P5 and PF-P10 scenarios. Values are 

shown for the months of March, June, September, and December.  
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7. Supplemental Results Section for Chapter 4 

7.1 Predefined Storage Discharge Timeline Analysis 

 

A.7.1: Proportion of excess solar generation sold in the peer-to-peer market versus the predefined storage 

discharge timeline for the (a) RN-P and (b) PF-P scenarios. Values are shown for the months of December, 

January, February, March, April, and May. 

7.2 Buyer Average Price of Electricity 

 

Figure A.7.2: Buyer average price of electricity in the trial market. Results are shown for the RN-N, RN-

A, and RN-P scenarios. Prices shown here do not include monthly generation and network fees. Transaction 

fees are also not included in the prices shown.  
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7.3 Proportion of Total Solar Generation Sold in Market 

 

Figure A.7.3: Proportion of total solar generation sold in peer-to-peer market. Results are shown for the 

RN-N, RN-A, and RN-P scenarios. 

7.4 Proportion of Excess Solar Generation Sold in Market 

 

Figure A.7.4: Percent difference in proportion of excess solar generation sold in peer-to-peer market 

between the SF and RN market structures. Results for the SF-N75, SF-A75, and SF-P75 scenarios are shown. 

The percent difference shown is for the increase in performance of the SF scenarios relative to the RN 

scenarios. 
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Figure A.7.5: Percent difference in proportion of excess solar generation sold in peer-to-peer market 

between the SF and RN market structures. Results for the SF-N100, SF-A100, and SF-P100 scenarios are 

shown. The percent difference shown is for the increase in performance of the SF scenarios relative to the 

RN scenarios. 

 


