
ABSTRACT 

SUN, LISHA. Customer-Oriented Distribution Planning Framework for Analyzing Grid Edge 

Technologies. (Under the direction of Dr. David Lubkeman). 

 

Distribution planning is becoming increasingly more challenging due to the integration of 

grid edge technologies such as photovoltaic generation, energy storage and electric vehicles (EV). 

As the penetration of distributed energy resources (DER) increases, the distribution grid will be 

further stressed with respect to voltage regulation, capacity loading, energy losses and accelerated 

component aging. Moreover, the increased DER penetration level impact is closely related to 

customers’ behavior including decision-making on PV or EV adoption, utilization habits of EV 

and charging, and participation willingness for utility DER programs. Utility planners will need to 

incorporate a customer-oriented distribution planning methodology and further develop skills and 

tools to identify and mitigate the issues associated with DER integration. The skills and tools will 

include methods to forecast the DER diffusion regarding both penetrations and locations, model 

DER loads, evaluate the potential impact via circuit analysis and propose the most cost-effective 

mitigation methods considering both traditional feeder upgrades and new grid edge technologies.   

This dissertation proposes a new customer-oriented distribution planning framework for 

analyzing grid edge technologies. Grid edge technologies and their applications in distribution 

system are analyzed including PV, smart inverter, FREEDM solid-state transformer (SST), DC 

house and EV. An actual utility feeder model has been utilized to evaluate the impact of high 

penetration of PV, and compare mitigation methods including smart inverter, in-line power 

regulator and FREEDM SST. The cost benefit analysis from utilities’ perspective has been 

performed for each mitigation method. The FREEDM solid-state transformer can also support a 

DC house configuration. A DC house configuration is found to more efficient compared to an AC 

house given that DER and many residential household appliances are based on DC technology. A 



FREEDM SST based DC and hybrid house configurations are proposed with a comprehensive cost 

benefit analysis performed from customers’ perspective. The impact of home EV charging is also 

incorporated. 

A new customer-oriented distribution planning framework is developed and demonstrated 

using a comprehensive example of EV diffusion and integration based on a Python-based tool. 

Residential EV adoption is treated as a multi-criteria decision-making problem modeled via 

analytic hierarchy process (AHP). Customer characteristics such as car age, EV attractiveness, 

neighbor influences and customer economics (CANE) are considered. Distribution feeder 

topology is fused with property geographic information system (GIS) parcels and household travel 

survey data to model customer behaviors as well as geographic and electric locations for EV and 

charging stations. The proposed diffusion model is demonstrated using actual distribution feeder 

data. Using the diffusion results, EV impacts on system annual peak, energy, losses, transformer 

aging and feeder upgrades are evaluated using quasi-static time-series power flow analysis.  

A new optimal distribution system horizon planning method is proposed to mitigate the 

EV charging load impact considering customer responsiveness. Optimal customer response rates 

for the planning horizon in future years is solved using dynamic programming to minimize the net 

present value of the total distribution infrastructure cost and EV managed charging program 

expenses. Three charging management strategies including TOU rate, charge by departure time 

and smart charging are selected to represent possible load controls by EV managed charging 

programs. The impact of implementing these managed charging strategies with various customer 

response rates are evaluated. Optimal customer response rates for these three EV managed 

charging programs are solved and found to achieve about 35% cost reduction compared with the 

base scenario without an EV managed charging strategy.    
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 Introduction 

 

1.1 Challenges of Utility Distribution Planning and Dissertation Overview 

Traditional utility distribution planning has been mainly focused on maintaining the safety 

and reliability of the distribution grid at a reasonable cost. The core distribution planning supports 

utilities’ investment decisions [1]. The main tasks include load forecasting; evaluating distribution 

feeders for new loads and load growth; planning for infrastructure upgrades including the 

substation, distribution transformers, and lines; making sure the voltages are within ANSI limits; 

and checking  that reliability and power quality are adequate. All of these tasks help a utility to 

make better investment decisions for now and in the future while providing decent service to 

customers.   

However, all of these tasks are becoming more difficult nowadays due to the integration of 

distributed energy resources (DER) like photovoltaic generation, electric vehicles and energy 

storage. Moreover, the penetrations of the DERs are increasing at a rapid rate. Distributed 

generation such as photovoltaics creates reverse power flow and potential issues like over-voltage 

and increased losses. Electric vehicles are being planned for higher charging power that could 

overload the distribution transformers and significantly increase power demand during system 

peak. The existing distribution system needs to be evaluated carefully to be prepared for these new 

changes on the distribution system. Meanwhile, new technologies and programs are showing up 

like smart inverters, solid-state transformers and demand response. to accommodate DERs. These 

technologies and programs need to be considered and reviewed as well so the investment plan can 

be made wisely.  

The load forecast has also been changed and the traditional load growth has been slowing 

down due to the energy efficiency program and distributed renewable generation. The load forecast 
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is becoming more closely related to the adoption of DERs like photovoltaics and electric vehicles. 

As the distribution system is changing dramatically then so does the distribution planning. The 

electric utility planners need new skills sets and new tools to better handle these tasks.  

There are existing tools that can be utilized and incorporated into the distribution planning 

analysis. In addition, there is also a need for developing new tools to help accommodate DER [2]. 

Software such as OpenDSS [3] that can perform quasi-static time-series power flow analysis can 

provide tremendous help in performing DER interconnection studies, quantifying DER impacts 

and analyzing emerging technologies. Repast Simphony [4] is an agent-based modeling platform 

that can be integrated to provide feeder-level DER diffusion analysis for load forecasting. New 

tools that utilize optimization methods should also be investigated to better assist utility planners 

in making optimal investment decisions towards the system upgrades and new technologies.  

In this dissertation, grid edge technologies including FREEDM solid-state transformer, 

smart inverter, in-line power regulator and DC houses are modeled and evaluated using a real 

distribution feeder [5]–[7]. Cost benefit analysis from utilities’ and customers’ point of view has 

been performed for different technologies. From there, a new customer-oriented distribution-

planning framework is proposed with an example on electric vehicle growth. The proposed 

customer-oriented distribution-planning framework includes four parts: technology diffusion 

model, load modeling with grid edge technologies, distribution feeder impact analysis and 

mitigation strategies. Technology diffusion model uses agent-based modeling technique 

considering the social-economic background and interactions between customers and charging 

stations. Grid edge technologies and associated impact on load profile are modeled in OpenDSS 

and Python. Quasi-static time-series power flow analysis is performed in OpenDSS to accurately 

estimate feeder impacts including annual peak, system loss, transformer loss of life, substation and 
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line capacity and infrastructure upgrade plan. Finally, several EV managed charging strategies are 

evaluated and the optimal customer response rate are solved to minimize the potential cost to the 

utility in accommodating the increasing penetration of EV. A tool based on Python and OpenDSS 

has been created for the EV example with proposed distribution planning analysis as well.  

   

1.2 Grid Edge Technologies  

Grid edge technologies refer to many types of connected technologies at the edge of the 

electricity grid [8]. For example, technologies including distributed generation like rooftop PV, 

distributed energy storage, smart inverters and those at end-use customers like smart metering 

infrastructure, smart appliance, smart thermostat and electric vehicles. [8], [9]. These grid edge 

technologies help build the smart distribution system while also bringing great challenges. 

Meanwhile, some of the grid edge technologies are designed to better support the grid operation 

and mitigate issues associated with the smart inverter and in-line power regulator. As mentioned 

in the previous section, the grid edge technologies need to be carefully reviewed and assessed by 

the utility to make better investment and distribution planning strategies.  In this dissertation 

FREEDM Solid-State Transformer, smart inverter, in-line power regulator, DC house and electric 

vehicle are evaluated and analyzed.  Cost benefits analysis for these technologies from the utilities’ 

and customers’ point of view are been performed as well.  

1.2.1 FREEDM Solid-State Transformer (SST)  

To facilitate seamless integration of distributed energy resources (DER) at high penetration 

levels, the FREEDM system uses power electronics technology to replace the conventional 

distribution transformers with Solid-State Transformers (SSTs) [10]. FREEDM SST connects 

directly to the primary distribution voltage feeder (2kV – 35 kV). FREEDM SST not only increases 
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DER hosting capacity of a distribution system considerably, above 100% penetration, but in it also 

offers other significant benefits including customer side voltage regulation and reactive power 

compensation. There is also a DC port which can be used to connect to a renewable resource like 

PV, electric vehicle, battery as well as serve DC load. Figure 1.1 shows the configuration of SST.  

 

Figure 1.1  Solid-State Transformer Configuration 

 

1.2.2 Smart Inverter and In-line Power Regulator  

Smart inverter is an intelligent device with advanced real and reactive power control for 

both voltage and frequency regulation. Smart inverter can help in integrating more solar and 

mitigate integration issues like over-voltages issue caused by reverse power flow. Smart inverter 

technology has been widely used and mandated under California’s Rule 21 [11].   

In-line power regulator is a low voltage, solid-state device that combines utility-scale 

power electronics, high accuracy sensors and advanced algorithms. It has been developed to 

connect to the secondary side of the distribution transformer to help control customer voltage and 

provide reactive power compensation. In-line power regulators can help customers mitigate the 

voltage issue caused by the DER as well. So, it can also help increase the hosting capacity of 

DERs.   
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1.2.3 DC House 

Currently, many residential household appliances are already based on DC technology like 

phones, computers, TV, gaming consoles and rely on an AC/DC converter to connect to the 

existing AC system. Large loads such as heat pumps and refrigerators may utilize motor drives 

with DC links. It is often the case that DC-based home devices could operate more efficiently if 

directly connected to DC, rather than AC sources. In a recent study, DC technology appliances are 

estimated to provide a weighted average energy saving of 36.5% for cooling loads and 32.8% for 

non-cooling loads [12]. This suggests that a residential DC house is potentially a more economical 

and efficient option in the near future. Moreover, most of the fast-growing distributed energy 

resources including PV, energy storage and electric vehicles are DC technology based as well. 

FREEDM SST can help build the future DC house due to the DC link feature. Figure 1.2 shows 

the proposed hybrid DC house and DC house structures based on the FREEDM SST.   

      

Figure 1.2  Proposed FREEDM hybrid House (left) FREEDM DC House (right) 

 

1.2.4 Electric Vehicles (EV) 

The electric vehicle market is growing quickly due to the advancement in technology 

development and the significant environment benefits. Increasing numbers of customers are 

starting to purchase or lease electric vehicles because EVs are cheaper to run and maintain. The 

price of the electric vehicles has been falling while the mileage range is increasing [13]. Utilities 
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also embrace EV because it provides the opportunity to increase the demand and even reverse the 

trend towards the gradually decrease in electricity sales [14]. As the penetration of electric vehicle 

increases, it will bring challenges to the current electricity grid including stress on peak demand 

supply and accelerating transformer aging. Distribution grid is the first place for these issues to 

show up since most of the charging activities happen at home or work. 

 

1.3 Customer-Oriented Modeling using Agent-Based Simulation Technique 

In order to have an accurate forecast of the electricity load, it is crucial to analyze the 

technology adoption process and make proper estimation of the penetration and even the location 

where these technologies connect in. Technology adoption is usually a long-time process. 

Photovoltaic generation has been adopted very quickly in recent years and the electric vehicle is 

still at the beginning part of its adoption. In addition, technology adoption is usually closely related 

to the social-economic backgrounds and interactions with the environment and between the 

customers. People with higher income, higher education level may be more likely to adopt new 

ideas and technologies compared to those who are not. As far as the author’s knowledge, 

technology adoption, especially the technology adoption considering customers’ demographic, 

social-economic backgrounds and interactions has been very commonly ignored by the existing 

literatures when performing load forecast analysis. 

Agent-based techniques have been commonly used in stock market, supply chains, 

consumer markets and predicting the spread of epidemics [15].  It simulates the actions and 

interactions of autonomous agents. The advantage of the agent-based model lies in using natural 

description and its capability to analyze and test policies in a complex system with large numbers 

of individual agents and interactions between agents [15]. Study in [16] used agent based approach 

to analyze customers’ behavior and the impact on electric vehicle charging loads. However, agent-
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based methods have not been used in forecasting a process like the electric vehicle adoption. The 

electric vehicle diffusion forecast will be a good fit since the adoption process need to consider a 

good number of agents’ characteristics and interactions.  

Fig.1.3 shows the agent-based modeling results for the electric vehicle adoption on a local 

utility feeder at year 1, 5, 10 and 30. Red dots represent the electric vehicle owners and blue dots 

are non-EV customers. From the results, one can observe the most likely locations of electric 

vehicles and charging stations given the customer demographic and social-economic backgrounds 

and feeder and GIS parcel information. One can see the EV owners are showing up in clusters 

because the neighborhood impact is considered as well. All of this information will contribute to 

a more accurate feeder impact analysis, safer and proper distribution planning strategy and wiser 

investment decisions.  
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Figure.1.3  EV Adoption and Charging Station Placement Simulation Results for (a) Year 1, 

(b) Year 5, (c) Year 10 and (d) Year 30 

 

1.4 Utility Feeder Modeling, Mitigation Strategies and Cost Benefit Analysis 

Utility distribution feeder analysis evaluates the current distribution system with regards to 

voltage, peak demand, losses and loading conditions. to help utilities making planning strategies 

and investment decisions. Power flow is commonly used to perform the feeder analysis study. 

Year 1 Year 5 

Year 10 Year 30 

(a) (b) 

(c) (d) 



9 

 

Traditional feeder analysis only looks at certain representative cases like peak and off-peak 

situations. Tools like OpenDSS can perform quasi-static time series power flow, which can 

simulate the feeder operation yearly at minutes or even seconds level. More accurate assessment 

of the peak demand, losses, and transformer loss of life can be obtained with tools like OpenDSS. 

Existing literature that studies the potential impact of grid edge technologies [17]–[19] always 

started with assumed penetrations and seldom considered the adoption process of different 

technologies and forecasting the most likely locations of DERs on distribution feeders. With 

proper forecast of the adoption process and the most likely locations of DER on the distribution 

grid, a utility planner can better assess the impact of the emerging DERs. 

Traditional mitigation methods for distribution planning include substation and component 

upgrading, line reconfiguration and distribution transformer replacement. New mitigation methods 

such as special rates and programs such as time-of-use rate, dynamic rate and demand response 

grogram can be utilized to provide a more efficient grid if properly designed and implemented. 

For example, EV managed charging programs can benefit both customers by reducing energy bills 

and utilities by mitigating the potential EV charging impact and even leading to a more cost 

efficient operation grid [20].  

There are two types of managed charging strategies. One is indirect managing the charging 

by appropriate rate structures such as time of use (TOU) rate, dynamic rate and demand charge 

rate; another one is a more direct charging management like smart charging, which can be in 

various forms including demand response, one-way controlled charging or vehicle-to-grid [21]. 

Existing practices among utilities in US or Europe use direct or indirect managed charging 

strategies which are reviewed and summarized in [21]. A decentralized optimal demand-side 

management of EV charging is proposed to flatten the load cure of every distribution transformer 
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in [22]. A demand response strategy is proposed to minimize the impact of charging EVs on a 

distribution circuit in [23]. A centralized control algorithm is described to mitigate the thermal and 

voltage issued caused by EV in [24].  However, existing literature does not consider the long-term 

comprehensive distribution system planning cost and the optimal amount of customer 

responsiveness needed. The cost for the customer participation is usually missing from the 

objective when solve for the managed charging strategy either. 

Customer responsiveness is the key to the success of most of the EV charging management 

strategies. Utilities offer incentives to drive customers to participate in the program to reduce 

system cost. Meanwhile, higher participation and response rate usually are associated with higher 

compensation payments to customers. An optimal customer response rate that demonstrates this 

trade-off needs to be resolved by utilities. Compensation methodologies for three demand 

responsive programs in US are presented in [25]. An incentive design for a demand response 

program with targeted reduction in a diverse set of buildings is proposed in [26]. Customer 

acceptance and response to time-based rate and price are introduced in [27]. However, there is a 

gap for integrating customer responsiveness and compensation cost integrated with the distribution 

system horizontal planning to create a more efficient grid considering future EV charging load. 

Dynamic programming can be used for problems involving a sequence of interrelated 

decisions. Dynamic programming is a recursive optimization procedure[28]. One of the 

advantages of dynamic programming is that it breaks down a complex problem into a series of 

subproblems and the global optimal is reached while considering the complete planning horizon. 

In addition, dynamic programming is flexible and allows applications to other types of 

mathematical programming problems like integer programming.  Dynamic programming has been 

used to control the EV charging or energy storage to reduce peak demand and energy arbitrary 
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with analyzing the daily load profile [29], [30]. Dynamic programming could also be used in 

distribution planning analysis to figure out the optimal long-term EV managed charging program 

customer response rate for a utility. Using dynamic programming for optimal customer response 

design for EV managed charging programs has not been explored much. 

Cost benefit analysis is commonly used in making investment decisions. With the 

quantified impacts of DERs, cost benefits analysis can be performed. This dissertation adopts the 

cost-benefit assessment approach developed through an EPRI project [31]. The process has the 

following major steps: 

• Identify the functions of the project that will provide new and/or additional benefits 

(that has value to the utility, customer, society). In addition, develop a mapping between the 

functions the project will provide, and the benefits identified. 

• Quantify the benefits and costs. 

• Perform a cost-benefit analysis. 

 

 

1.5 Proposed Customer-Oriented Distribution Planning Framework  

A new customer-oriented distribution-planning framework is proposed in this work, which 

is shown in Fig. 1.4. The first step is the customer adoption model, which will provide the 

penetration and location forecast for the evaluated technology during the planning horizon. The 

adoption model will be implemented in Repast Simphony using agent-based modelling technique. 

Then the load model for the new technology with proper control algorithm will be studied. With 

the adoption results and the load model, feeder impact analysis will be performed, and the potential 

impacts can be identified and evaluated. Mitigation plans including traditional feeder upgrades and 

control strategies such as special rates and demand response programs can be designed to optimize 
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utilities’ cost to accommodate the new technology. Utilities could also implement some programs 

to influence the technology diffusion process such as building charging station infrastructures and 

various rebate programs. All of the above aspects are integrated into the newly developed 

customer-oriented distribution planning framework.  

 

Figure 1.4  Proposed Distribution Panning Framework 

 

 

1.6 Distribution Planning Tool Developed for Electric Vehicle Study 

A tool has been developed using the customer-oriented distribution planning framework 

proposed above with the example of electric vehicle penetration. The tool is developed in Python 

with screen shots associated with the tool part 1, part 2 and part 3 as shown in Fig. 1.5, Fig. 1.6 

and Fig. 1.7 respectively. Part 1 loads the results from the adoption model and performs Monte 

Carlo and various scenarios analysis regarding utility programs such as EV purchase rebates and 

charging station infrastructure development. Part 2 calls OpenDSS to perform feeder impact 

analysis. Impact on annual peak kW, energy MWh, single-phase and three-phase conductor 

loading is clearly shown. Number of distribution transformers that need to be replaced during the 

planning horizon of 30 years are also shown in the example. Part 3 shows the implementation of 

the EV managed charging programs to incentivize customers in moving the charging time. Feeder 
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impacts for different EV management programs at various customer response rates are shown and 

the optimal customer response rate for 30 years is solved using dynamic programming. Sensitivity 

analysis is also provided to analyze the change in key variables including peak demand charge, 

expense to change the program and cost to incentivize customers.  

 

Figure 1.5  Tool (Part 1) EV Diffusion Analysis and Scenario Studies 
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Figure 1.6  Tool (Part 2) Distribution Feeder Impact Analysis  

 

Figure 1.7  Tool (Part 3) Optimal Customer Response Rate  
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1.7 Organization of the Dissertation 

Chapter 2 presents the assessment of FREEDM Solid-State Transformer (SST) and its 

impact to the distribution grid. SST is modeled in OpenDSS and cost benefit analysis from utility’s 

point of view is performed. Chapter 3 evaluates the smart inverter and in-line power regulator and 

compares those two technologies with the FREEDM SST in mitigating the over-voltage issue 

caused by the high penetration of rooftop PV. Utility cost benefit analysis is performed and 

compared between these three technologies. Chapter 4 proposes DC house structures based on 

FREEDM solid-state transformer and analyzes the efficiency of four types of house structures: AC 

house, retrofit DC house, FREEDM hybrid DC house and FREEM house. For this chapter, cost 

benefit analysis is performed from customers’ point of view. Chapter 5 gives an agent-based model 

of electric vehicle penetration for distribution planning analysis. The impact of EV on a local 

distribution feeder is identified and quantified and the required infrastructure upgrade plan is 

analyzed as well. Then the optimal distribution system planning considering customer response 

problem is formulated and solved in Chapter 6. Dynamic programming is used to solve for the 

optimal customer response rate for EV managed charging programs to minimize the utility cost 

for peak demand, energy loss, substation and line upgrades, transformer replacements and EV 

managed charging programs. Chapter 7 summarizes the dissertation and recommendations for 

future work.  
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 FREEDM Systems Solid-State Transformer Assessment for High PV 

Penetration and Cost Benefit Analysis 

 

The FREEDM system is a technology for a smarter and resilient distribution system that 

facilitates a higher level of distributed energy resource (DER) integration by offering effective 

voltage regulation, reactive power compensation and real time monitoring and control. This 

chapter provides a framework for conducting a cost-benefit analysis for such a smart distribution 

system. The method first identifies the benefits, and then quantifies and monetizes them. OpenDSS 

time-series based power flow simulation is used to quantify the benefits accurately. The costs 

associated with the new components of the system are estimated based on prototype units. A cost-

benefit analysis is adopted to identify the scenarios where employing such a system by a utility 

becomes economically attractive. 

2.1 Introduction  

Over the last two decades, technologies have been developed towards increased level of 

automation for the distribution system monitoring and operation/control [32]. One of the 

challenges has been economic assessment of these technologies. With the recent efforts on smart 

distribution systems to accommodate higher level of DERs on the system, the economic 

assessment of the new technologies/systems becomes a critical task [31], [33]–[37]. Although 

there are standard approaches for economic assessment of a given technology, the system-level 

assessment becomes more challenging, as estimating the benefits can be difficult and they cannot 

be easily converted to payments (revenues) [34]. As [38] points out, the usual practice considers 

only the costs and benefits of individual technology investments in smart grids, and only the 

economic values that can be captured by the utility deploying the technology are considered. A 
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recent example which provides a cost-benefit analysis assessment for a smart distribution system 

with capability to perform electric vehicle charging is presented in [39].  

In this chapter, challenges of cost-benefit assessment for a new smart distribution system 

have been demonstrated through a case study - FREEDM system [40]. To facilitate seamless 

integration of distributed energy resources (DER) at high penetration levels, the FREEDM system 

uses power electronics technology to replace the conventional distribution transformers with Solid-

State Transformers (SSTs) [40]–[42]. The system uses a feeder level communication backbone to 

implement an intelligent power and energy management system –DGI. The system also employs 

solid state fault isolation Devices –FIDs [43], [44], to facilitate fast fault interruption. Hence, this 

system not only increases DER hosting capacity of a distribution system considerably, above 100% 

penetration, it also offers other significant benefits.  

Table 2.1 show the main features of the system and the benefits the system offers through 

these features. In a cost-benefit analysis, these benefits need to be identified and quantified. The 

analysis includes identifying and quantifying the benefits on actual circuits with high renewable 

penetration using time-series simulation, monetizing the benefits and estimating the realistic cost. 

Net present value-based approach is used to determine economic feasibility of the smart 

distribution system considered.  

The remainder of the chapter is organized as follows. Section 2.2 introduces the cost-

benefit method. The benefits of the FREEDM system is identified and quantified by conducting a 

time series simulation for a year using OpenDSS. The cost of the FREEDM system cost is 

estimated in Section 2.2 as well. Section 2.3 presents the cost-benefit analysis and the results for 

the three actual feeders. Net present value and discounted payback period are calculated.  Section 

2.4 concludes the chapter. 
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2.2 Cost Benefit Method  

This dissertation adopts the cost-benefit assessment approach developed through an EPRI 

project, which was developed to provide guide for assessment of smart grid projects [31]. The 

process has the following major steps: 

• Identify the functions of the project that will provide new and/or additional benefits 

(that has value to the utility, customer, society). In addition, develop a mapping between 

the functions the project will provide, and the benefits identified. 

• Quantify the benefits and costs. 

• Perform a cost-benefit analysis. 

For the analysis, one first need to identify the “base system” and then identify the additional 

benefits that the base system FREEDM Features-Benefits Matrix does not offer. The cost-benefit 

analysis will then be applied based on the additional cost and benefits the FREEDM system will 

offer with respect to the base case. 

The base system considered is the conventional distribution system with high penetration 

of new DERs.  Note that with such high level of DER penetration, the system usually needs 

upgrades in order to host these DERs. 

2.2.1 FREEDM SST System Features and Benefits 

This step involves identifying the main features and functions, which the new system 

provides and the base system cannot support. Table 2.1 lists the new functions for the FREEDM, 

grouped under the desirable features of a “smart distribution” system. The next step is to identify 

the benefits these functions will provide. Table 2.1 shows these benefits also and the corresponding 

function-benefit mapping. The benefits in the table are adapted from the EPRI report, and they fall 
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under three categories: economic, reliability, societal. The next step in the assessment process 

involves quantifying the benefits associated with each function.  

Table 2.1  FREEDM Features-Benefits Matrix 

FREEDM System Features/Functions Benefits 

Accommodate High DER Penetration 

• Effective Volt/Var Control 

• Plug and Play 

• ES + DGI  

• Reduced peak demand and energy demand 

• Mitigate voltage issues 

• Reduce power loss 

• Simplify DER integration 

• Mitigate variability of power 

High Reliability and PQ  

• Looped Primary 

• Automated Fault Isolation and service 

restoration 

• Fast Protection with FID 

• Regulated Service voltage 

• Very high reliability 

• Minimize fault impact on system 

• Very high PQ 

Real Time Mon and Control 

• Enhanced DEMS 

• CVR 

• Reduced operation and maintenance 

• Optimal capacity use 

• Load management: peak demand and 

energy reduction 

Resiliency 

• Microgrid at Node, Feeder Section, 

Whole Feeder 

• High resiliency 

 

As Table 2.1 shows, the FREEDM system not only offers a comprehensive set of functions 

that facilitates high penetration of DERs, it also offers other sets of smart grid features, such as 

very high reliability, advanced real-time monitoring and control which enables customer 

participation, and others listed in the table. However, it is expected that the early adoption of this 

system will be for the main benefit the system offers – to accommodate high penetration DER on 

a system. I call such a deployment case a partial deployment scenario, as in this case only the 

components needed to mitigate the issues DER introduces will be deployed. In this chapter, such 

a scenario is considered. Hence, I will focus only on the benefits related to this function/feature.  
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Benefits of DERs has been studied and illustrated in many cases [33]. The main benefits 

of DERs will be: (i) Reduced demand and energy from conventional power plants, and (ii) Demand 

reduction during peak load conditions. Energy savings provides savings mainly for the customers, 

and the peak demand reduction allows for deferment of new generation build/purchase.  

2.2.2 Quantifying FREEDM System Benefits 

Benefits of the new FREEDM system is quantified with respect to the base case. The base 

case corresponds to the system before any mitigation measure is implemented.  

To help illustrate the process, three actual residential feeders have been used. These are 12 

KV residential feeders with 270-440 distribution transformers and peak load of 6800 – 7900 KW. 

To quantify the benefits, operation of these feeders has been simulated over a year, for both the 

base system and the new system with FREEDM system components. Actual feeder load and PV 

profiles for a year with a 15 min resolution are used in the study. Time-series based power flow 

simulations have been conducted, for both the base system and the new system. OpenDSS was 

used as the main simulation tool [3]. 

From these simulations, the following benefits have been quantified: high DER hosting 

capacity, demand and energy reduction due to real time load monitoring and management. These 

benefits are discussed in more detail below.   

1) High DER Hosting Capacity 

Conventional distribution systems need upgrades when the DER penetration approaches 

30% or higher [33]–[35]. I envision that in the near future, some new feeders will have penetration 

levels of 70% or higher and such high levels of penetration will need substantial upgrading in order 

to enable the full benefit from DERs.   
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To assess the DER hosting capacity of the sample feeders, a high PV penetration scenario 

is considered where PVs are assumed at all load points. The PV penetration is adjusted to 100% 

(penetration is defined as the total size of PV systems divided by the peak load for a year). Fig. 2.1 

shows the voltage heat map of one of the three feeders under both heavy loading and light loading 

conditions. Fig. 2.1(a) and (c) show the voltage profile when there is no PV; Fig. 2.1(b) and (d) 

show the voltage profile with distributed PV at all residential nodes. Fig. 2.1 shows that the voltage 

levels increase with PV integration. During the heavy loading condition with high penetration of 

PV, the voltage profile is in the green zone (around 124V) as shown in Fig. 2.1(b) and the voltages 

are within the 0.95 to 1.05 per unit ANSI limits. However, during the light loading condition, since 

the voltage is already high when there is no PV as shown in Fig. 2.1(c), power injection from PVs 

pushes the voltage even higher into the red zone (around 126V) which is above 1.05 per unit. 

Overvoltages occur towards the end of the feeder. Through these simulations, hosting capacity of 

the feeder A, B and C was determined to be 70%, 70% and 45% respectively. 
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Figure 2.1  Voltage heat map (a) Heavy loading with no PV (b) Heavy loading with high PV 

penetration (c) Light loading with no PV (d) Light loading with high PV penetration 

 

2) Partial FREEDM Deployment 

To assess the conditions for a more likely scenario of PV penetration, a moderate level of 

PV penetration in the form of clusters located towards the ends of the feeders was simulated. The 

hosting capacities of the three feeders for this scenario are estimated to be 32%, 46% and 33%. 

Note: this is lower than the hosting capacity determined above in subsection B. 1) because each 

node in the cluster has a higher PV penetration. This scenario forms the base case for the following 

FREEDM deployment case studies where the PV penetration is increased to 43%, 54% and 43% 

for the 3 feeders. A partial FREEDM deployment scenario was constructed by adding SSTs to fix 
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the overvoltage issues caused by PV. SSTs are also added at low voltage nodes to allow for 

effective conservation voltage reduction (CVR). This resulted in deploying 36, 16 and 58 SSTs on 

feeders A, B and C respectively. These partial FREEDM system deployments helped to mitigate 

the overvoltage violations on the feeder and allow a 4V conservation voltage reduction. 

Fig. 2.2 shows the load and voltage profiles at the secondary of a distribution transformer 

during light loading conditions. As the figure shows, the voltage goes above 1.05 per unit due to 

the relatively large power backfeeding. With the FREEDM system, these voltage violations are 

eliminated. This illustrates that indeed FREEDM system can accommodate high levels of PV 

systems on a distribution system. 

 

Figure 2.2  (a) Light-loading Day Load and PV Curves (b) Voltage Profiles 

 

3) Demand and Energy Reduction 

From these simulations the benefits in terms of energy saving, peak demand reduction and 

loss reduction was also determined. To get a detailed power loss estimation, the distribution 

transformers in the base case and the SSTs in the FREEDM case have been represented. A model 
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for the SST has been developed to incorporate the load dependent power loss characteristics of the 

SST. The SST loss model is based on the lab experimental data which fits a quadratic function of 

𝑦 = 𝑎𝑥2 + 𝑏, with a = 0.0141, b = 0.0052. In OpenDSS, it is modeled as a transformer with no 

load loss corresponding to coefficient b and the series resistance using coefficient a.  

The simulation results are shown in Table 2.2.  As expected, PV penetration in the circuit 

reduces the energy consumption. However, PVs do not help in reducing peak demand too much 

because the peak usually happens in the early morning or late afternoon when there is not too much 

PV output. In addition, there is a small increase in transformer losses due to the relatively larger 

SST losses compared to the traditional transformer and the large PV backfeeding.  

Table 2.2  Partial FREEDM Deployment Results 

# Diff Δ 
Energy 

MWh-yr. 

 Peak 

kW 

Losses MWh-yr. 

Circuit XFMR  Total  

Feeder A 

PV -1,227 4 -1 18 16 

CVR -540 -169 1 -31 -31 

Total% -2.3% -2.4% -0.002% -0.06% -0.1% 

Feeder B 

PV -969 0 -4 0 -5 

CVR -483 -92 0 -21 -20 

Total % -1.4% -1.2% -0.01% -0.06% -0.1% 

Feeder C 

PV -1,344 -16 -18 16 -2 

CVR -559 -149 3 -36 -33 

Total % -1.7% -2.0% -0.05% -0.06% -0.1% 

 

Note that these energy benefits are accrued mainly to the customer, and thus they will not 

be included in the cost-benefit analysis here as the analysis is from the utility perspective. Reduced 

energy and peak demand however help the utility at the generation and transmission level. I refer 

to these benefits as the system benefits and the approach used to estimate them is given later in the 

cost-benefit analysis step. 
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4) Real Time Load Monitoring and Management 

SSTs also offers tight voltage regulation at every customer load point [40]. This capability 

can be used to achieve effective Conservation Voltage Reduction (CVR), which has recently been 

adopted by many utilities as part of their energy efficiency efforts. The effectiveness of the CVR 

scheme is measured by the CVR factor, which indicates percentage reduction in demand ∆Pd for 

a given percentage reduction in voltage ∆V. In a conventional system the secondary voltage can 

normally only be reduced by a maximum of 3V in order to avoid the low voltages at the end of 

feeder segments. However, in a FREEDM system, since the voltage is controlled at each SST, the 

voltage can normally be lowered by up to 6V to get the maximum benefits of CVR. 

For the sample feeders simulated in OpenDSS, an exponential load model is used with a 

CVR factor of 0.7, as this load model is typically used for conservation voltage reduction studies 

[45]. Low voltage nodes are examined to determine how much the voltage can be lowered before 

load voltage drops below the lowest limit. The limit is set to be 117 V to leave enough margin for 

other additional secondary voltage drop on service lines up to the meter. CVR is simulated in the 

test feeders for both the base case and the FREEDM case, with the results given in Table 2.2. It 

can be seen from Table 2.2 that CVR provides energy conservation and reduction on peak demand 

and transformer losses. 

2.2.3 FREEDM System – Cost Estimation 

The main component in partial FREEDM deployment is the SST which is the new power 

electronics based device that is under development [40] for smart distribution applications. Hence, 

the starting point for a cost analysis is the actual production cost of the prototype SST [46]. 

For a single SST with an ‘Optimized Design’ the prototype cost is estimated to be around 

$455/kVA, and this is based on 7.2 kV, 25 KVA design. When extended to larger production 
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quantities, the cost falls to $300/kVA for single-phase units up to 75 kVA; the price for larger 

three-phase units is in the $200/kVA range. The amount of the reduction is approximated by 

reviewing several other product development cycles.  The price further decreases as the product 

matures. One example of such maturation can be seen in the projected cost of automotive Lithium-

ion battery packs [47].  The conclusion to be drawn from these projected data is that the overall 

price decrease ratio is around 3.5:1 from introduction to full maturation.  Hence, it is assumed that 

the manufactured price, after the technology matures, will be in the ratio of 3:1 as based on the 

present large-scale production cost.  When applied to SST, the final production cost is estimated 

to be the following: 

Single-phase units up to 75 kVA: $90/kVA; Three phase units: $70/kVA 

In partial deployment scenario, it is assumed that the utility will replace the existing 

transformers with SSTs at selected locations. The replaced transformers will be considered 100% 

depreciated and have no book value, which will make the cost benefit analysis more conservative. 

Hence, the cost differential between the SST and the distribution transformer to be replaced is 

defined as the cost of the SST. 

 

2.3 FREEDM SST Cost Benefit Analysis Results 

A cost-benefit analysis (CBA) was performed to estimate the benefits and costs accrued to 

the utility. The analysis estimates the net present value (NPV) and the discounted payback period 

(DPBP) associated with upgrading a conventional feeder to the partial FREEDM deployments 

considered. Each benefit category is monetized by utilizing a variety of methods, including 

literature review, industry surveys, and by using the benefits quantified through system simulations 

presented above. 
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A. High DER Hosting Capacity 

This is the main benefit FREEDM system offers. As noted in section 2.2.B.1), PV 

penetration above 30% may require grid upgrades before additional capacity can be added, due to 

voltage violations. Hence, the economic benefits of increasing PV above the hosting capacity of 

the original feeder can be attributed to an investment in FREEDM system.  

Existing literature has attempted to quantify the marginal economic value of PV as a 

function of increasing penetration. Net benefits to utilities include avoided energy costs, deferred 

investment in capacity expansion, and forecast errors associated with PV uncertainty (+ or -) [48], 

[49]. Fig. 2.3 presents a summary of these findings from Arizona, California, and Hawaii. Note 

that the PV penetration definition is the percentage of PV energy generated divided by the total 

load energy consumption of the feeder [48], [50], [51].  This curve was used to estimate the 

associated system benefits: the area under the curve between the two penetration levels – the level 

corresponding to the hosting capacity and the new level achieved by the FREEDM deployment – 

represents the additional economic benefit that can be attributed to FREEDM. The increase in PV 

penetration level the FREEDM system enables is determined from system simulations as indicated 

in previous section. 

 

Figure 2.3  Marginal Benefit of PV 
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B. Real Time Monitoring and Control 

SSTs have embedded real-time monitoring and control capability, which can be used to 

improve system operation and efficiency. The main benefit that is quantified and monetized is the 

Conservation Voltage Reduction (CVR). CVR helps reducing the energy consumption and peak 

demand, which incurs avoided electric energy and capacity costs to electric utility. The avoided 

cost of energy includes both fixed and variable cost that can be avoided as electricity usage 

decreases; the avoided capacity cost consists mainly of the costs associated with 

purchasing/building peak generation facilities [52].  

C. CBA Results 

A spreadsheet tool was developed to evaluate the annualized benefits and costs in order to 

calculate the NPV and discounted payback period (DPBP) for different FREEDM deployment 

scenarios. Table 2.3 presents the results for the three feeders considered. The benefits shown in 

the table are calculated as follows: the system benefits of DER is calculated by using the marginal 

benefit of PV curve. The DER avoided capital cost is due to the peak reduction caused by PV. The 

reduction in energy and peak caused by CVR is considered as feeder benefits. A 10% discount rate 

was used, which represents the weighted average cost of capital (WACC) used by utilities [53]. 

Annual cash flows were assumed constant over the lifetime of the SSTs, currently estimated at 25 

years. The avoided energy cost used in the calculation is 0.051$/kWh and the avoided capital cost 

is 55$/kW. These costs are obtained from [52] for seven electric distribution companies. 
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Table 2.3  NPV and Discounted Payback Period Results 

# 

Cost DER Benefits (yr.) Feeder Benefits (yr.) 

NPV 
DPBP 

(yrs.) SST System 
Avoided 

Capital 

Avoided 

Energy 

Avoided 

Capital 

A $145k $53k $0 $27k $9k $669k 2.9 

B $41k $42k $0 $25k $5k $606k 1.6 

C $244k $62k $872 $29k $8k $657k 4 

 

Sensitivity analysis has also been conducted. In Fig. 2.4, eight parameters are varied, first 

by +25%, then by -25%. The impact on NPV is recorded and the corresponding importance of 

each parameter is ranked. This confirms that the price of the SST and the discount rate are the most 

influential factors on the NPV. 

These results indicate the following: 

• The FREEDM system is likely to be deployed first in niche markets where a 

combination of economics and policy require it.  

• The economic feasibility of the partial deployment scenarios considered indicates 

that early adoption of FREEDM systems is likely in near feature. 

 

Figure 2.4  Sensitivity Analysis for FREEM SST 
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2.4 Conclusion 

In this chapter, a cost-benefit analysis case study for the FREEDM system deployment has 

been presented using three sample feeders from a utility. The simulations on these feeders also 

clearly demonstrate that FREEDM system increases DER hosting capacity considerably. These 

benefits are quantified and monetized from the utility perspective that includes avoided energy 

costs and deferred investment in capacity expansion. Other benefits are due to more effective real 

time monitoring and control which is monetized as CVR benefits.  

The cost-benefit analysis results presented a positive net present value for a partial 

deployment case with less than 5-year payback period for the sample feeders. The above results 

indicate that the partial FREEDM deployment is likely to be utilized on feeders with moderate 

DER penetration in near future. 
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 Smart Inverter, In-Line Power Regulator Assessment and Cost Benefit 

Analysis with Comparison to FREEDM SST 

 

This chapter provides an economic comparison of three technologies that enable high PV 

penetration on the distribution system: Medium voltage solid-state transformer (SST), grid edge 

regulator and smart inverter. In order to compare these three technologies, simulations are 

performed on a representative utility feeder using OpenDSS. Quasi-static time series analysis over 

a year is used to predict the effectiveness of high PV penetration and more aggressive conservation 

voltage reduction enabled by each technology. Comprehensive cost benefit analyses are conducted 

based on these simulation results. The cost benefit analysis results indicate that the medium voltage 

solid-state transformer (MV SST) is the most cost-effective option with a 3-year payback period 

for utilities that are trying to accommodate high PV penetration in the distribution grid. 

 

3.1 Introduction 

Recently, residential distributed PV capacity has increased significantly due to the 

economic viability, incentives and public commission requirements. [54]. As distributed PV 

penetration increases, the resulting power backfeed can disrupt the operation of a conventional 

radial distribution grid. The potential impacts of high PV penetration have been studied by many 

researchers, with overvoltage being one of the most critical issues that need to be addressed [34]. 

Possible mitigation methods include feeder upgrades and reconfiguration, PV power factor 

regulation and integrated Volt/VAR control [55].  Currently there are many new technologies that 

have already been adopted in constructing PV systems or will be used in the future to mitigate high 

PV integration issues. While many of these new technologies provide a technical solution, a 

detailed comparison and comprehensive cost benefit analysis is needed to obtain a better 

understanding of the relative economic value of these technologies. 



32 

 

After a review of the current technologies, three distribution component-based solutions 

have been selected for further comparison in this chapter. These are the medium voltage solid state 

transformer [10], grid edge voltage regulation device and the smart inverter. The smart inverter 

has already been commercialized and manufactured by multiple vendors. At this time, there are 

several companies producing and selling grid edge regulators.  The MV SST is currently under 

development in NSF FREEDM systems center at North Carolina State University.  The 

characteristics of each device considered in this chapter are as follows: 

• Medium voltage SST (MV SST) is a solid-state based power electronics device that 

connects directly to the primary distribution voltage feeder (2kV – 35 kV). There is also a DC port, 

which can be used to connect to a renewable resource like PV, battery as well as serve DC load.  

• Grid edge regulator is a low voltage, solid-state device that combines utility-scale 

power electronics, high accuracy sensors and advanced algorithms to control customer secondary 

voltage.  

• Smart inverter is an intelligent device with advanced real and reactive power 

control for both voltage and frequency regulation.  

The purpose of this chapter is to provide an economic comparison of the MV SST, grid 

edge regulator and smart inverter for enabling high levels of PV penetration. Section 3.2 discusses 

the three technologies further and their capabilities in addressing the high PV integration 

overvoltage issue. Section 3.3 describes the case study setup and shows the simulation results of 

the quasi-static time series analysis. Section 3.4 discusses the economic results of the cost benefit 

analysis. Conclusions are provided in Section 3.5. 
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3.2 High PV Penetration Overvoltage Mitigation Technologies 

Overvoltage issues that limit the PV penetration level on the distribution feeder have been 

discussed in previous research papers [5], [34].  Fig. 2.1 shows the voltage map of an actual utility 

feeder with and without 100% distributed PV during the light loading conditions. It can be seen 

from Fig. 2.1(c) and (d) that during the light loading condition, the high penetration of PV pushes 

the voltage into the overvoltage (red) zone, which is above 1.05 per unit. 

Many technologies have been developed to address overvoltage issues in order to enable 

higher PV penetration. The MV SST addresses the overvoltage issue by regulating the voltage on 

the customer side and isolating the customer from seeing overvoltage on the distribution primary 

[5]. The MV SST can also provide reactive power compensation directly to the primary feeder to 

help regulate primary voltage and reduce system losses. Fig. 3.2 shows the power and voltage 

profile of one load with PV system during the light loading day with and without the MV SST. It 

can be seen from Fig. 3.2 that the customer overvoltage issue has been addressed by the MV SST.  

 The grid edge regulator is another technology that can be used as a mitigation method by 

regulating the voltage on the customer side of the distribution transformer. It is similar to the MV 

SST, except that the grid edge regulator is connected to the low-voltage secondary of the customer 

distribution transformer. This means the grid edge regulator still needs the traditional AC voltage 

step-down transformer when used in the distribution system. It is an “add-on” retrofit device 

between the traditional AC transformer and load. One benefit of the grid edge regulator is that it 

has a relatively higher efficiency compared to the MV SST.  From the currently available 

specifications, the efficiency can be over 99%. 

The smart inverter is a new technology that is being promoted for use in new PV 

interconnections. The smart inverter does not regulate voltage directly. Instead, it controls the 
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reactive power injection to impact the local customer voltage. For a PV system, the power factor 

at the point of interconnection is usually unity, which means there is no reactive power injection. 

With a smart inverter, the power factor can be controlled to be either leading or lagging to impact 

the voltage at the point of interconnection. Fig. 3.1 shows an example of the Volt/VAR behavior 

of the smart inverter [56].  The goal is to keep the voltage between 0.95-1.05 per unit. When the 

voltage is relatively low, the inverter is working in capacitive mode and injecting reactive power 

to the grid to boost the voltage; when the voltage is high, the inverter is running in inductive mode 

and absorbing reactive power from the grid to help lower or “buck” the voltage. 

 

Figure 3.1  Smart Inverter Volt/VAR behavior [6] 

 

The daily power and voltage profiles of one PV inverter with and without the smart inverter 

control are shown in Fig. 3.2 These curves are obtained from the utility circuit simulation run in 

OpenDSS. It can be seen from Fig. 3.2(a) that during the peak loading condition, there is no 

overvoltage issue, regardless of the smart inverter control. However, an overvoltage issue occurs 

in the light loading condition in Fig. 3.2(b) when there is no smart inverter control. With smart 

inverter control, shown as the grey line in Fig. 3.2(b), the overvoltage issue has been mitigated. 

Fig. 3.2(c) and (d) shows the real power and reactive power drawn by the inverter. When there is 

no inverter control, the power factor is unity, so the reactive power is zero. The reactive power is 

positive for the smart inverter control cases, which means the inverter is drawing reactive power 
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from the grid to help lower the voltage. The small dip in the middle of the reactive power curve in 

the Fig. 3.2(d) smart inverter control case is due to the inverter size limitation. The dip will go 

away if the inverter is oversized by a small margin. Since the overvoltage issue has been mitigated, 

there is no need to oversize the inverter. In cases where the overvoltage is not corrected, the 

inverter can be oversized to achieve a better control of the voltage. 

 
(a)                                                  (b) 

 
                            (c)                                                   (d) 

 

Figure 3.2  Daily Voltage and Power Plot of the Inverter (a) Peak Loading Day Voltage 

Profile (b) Light Loading Day Voltage Profile (c) Peak Loading Day Power Profile (d) Light 

Loading Day Power Profile 

 

A utility could also benefit from using these same technologies to achieve a more 

aggressive conservation voltage reduction (CVR) effect, since the MV SST, grid edge regulator 

and the smart inverter all have the capability of controlling the voltage. CVR is an approach used 

by many utilities to reduce peak demand and energy consumption by compressing and lowering 
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the voltage profile to the lower part (114-120V) of the ANSI standard voltage band (114-126V). 

These three technologies can control the voltage on the lower voltage nodes, which removes the 

limits often encountered when trying to adjust CVR control for further voltage drop and energy 

reduction. The CVR factor used later in this chapter is 0.7, which is defined as the percent decrease 

of active power (watts) per 1% reduction in voltage.  

Table 3.1 summarizes the specifications of the MV SST, grid edge regulator and the smart 

inverter considered in this chapter. MV SST specifications are based on a prototype model 

developed in the FREEDM laboratory. The specifications for the grid edge regulator and smart 

inverter are based on the published product datasheets that are available online. In order to perform 

the comparisons, the grid edge regulator is assumed to have the same power rating ranges as the 

SST. 

Table 3.1  Technical Comparison of MV SST, Grid Edge Regulator and Smart Inverter 

Product MV SST Grid Edge Smart Inverter 

Power Rating 0-100 kVA 50 kVA 12 kW - 30 kW 

Input Voltage 3.6 kV Vac 240 Vac 1000 Vdc  

Output Voltage 120Vac/200Vdc 240 Vac 480/277 Vac 

Volt. Regulation Any ± 10% - 

VAR Compensation Any 
10% of rating (lead. 

Or lag.) 

0-1power factor (lead. 

Or lag.) 

Efficiency         97% ≥ 99%         98.30% 

DC Port Yes No No 

 

3.3 OpenDSS Simulation and Results 

In order to quantify the benefits of the MV SST, grid edge regulator and smart inverter, 

OpenDSS quasi-static time series simulation are performed based on a representative utility feeder. 

This section introduces the case study scenarios and presents the simulation results. 
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3.3.1 Case Studies and OpenDSS Modeling for Smart Inverter and In-line Power 

Regulator 

Three cases are studied for each technology scenario in order to test the effectiveness in 

facilitating a higher PV penetration and quantify all of the benefits. Table 3.2 shows the case study 

category setup. In (a) Base Case, the distributed PV penetration is set to be the hosting capacity of 

the feeder. In addition, the hosting capacity is defined as the amount of PV a feeder can 

accommodate without having overvoltage issues. No extra devices are needed. For (b) Higher PV 

case, devices are added to mitigate the overvoltage issue caused by the increased PV penetration. 

In (c) Higher PV plus CVR case, additional devices are applied to enable a tighter voltage range 

required for CVR. For the SST scenario, 32 SSTs are needed to accommodate both the high PV 

penetration and 4-volt CVR. Additional details for this scenario are given in [5]. By selecting the 

same PV cluster as the SST scenario, 32 grid edge regulators are needed to achieve the same PV 

penetration and the 4-volt CVR. For the smart inverter scenario, it is assumed all the PV systems 

in this PV cluster are using a smart inverter when connecting to the grid. So, 133 smart inverters 

are used to integrate the same PV penetration. Due to the limited capability of voltage control, the 

smart inverters allow 1-volt CVR as determined by the simulation. 

Table 3.2  Case Set Up for SST, Grid Edge and Smart Inverter 

Cases Devices (SST/Grid edge/Smart Inverter) 

(a) Base Case Feeder + 32% PV 

(b) Higher PV  Feeder + 43% PV + Devices 

(c) Higher PV plus CVR Feeder + 43% PV + Devices +CVR 
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Figure 3.3  (a) FREEDM SST (b) Grid Edge Regulator (c) Smart Inverter 

 

MV SSTs, grid edge regulators and smart inverters are modeled in OpenDSS using the 

structures shown in Fig. 3.5 Models are setup based on available datasheets published online by 

vendors.  Grid edge regulators are modeled using the voltage regulator block in OpenDSS, with 

losses set according to the datasheets. Smart inverters are simulated using the Volt/VAR mode for 

PV inverters in OpenDSS [56] with the setting shown in Fig. 3.3 The smart inverter loss curves 

are set based on information from the CEC inverter test database [57]. As for the interconnection, 

the grid edge regulator and smart inverter need the traditional OpenDSS transformer (XFMR) 

model to connect to the distribution medium voltage side of the circuit.  

3.3.2 Feeder Simulation Results 

The summary of the simulation results for the MV SST, grid edge regulator and smart 

inverter compared to the Base Case (Feeder with 32% PV) are shown in Table 3.3. The DER 

savings is the difference between (b) higher PV case and (a) base case. The CVR savings are the 

difference between (c) higher PV plus CVR case and (b) higher PV case. It can be seen from the 

table that the MV SST has the most benefits with respect to energy and peak reductions. The 

resulting improvements shown for the grid edge regulator and the MV SST are close. The smart 
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inverter has the least reductions in energy and peak demand kW. This is mainly because the smart 

inverter is not effective at the precise voltage control needed for optimizing CVR benefits. The 

smart inverter only allows for 1V conservation voltage reduction. Both the MV SST and grid edge 

regulator can achieve about 4V conservation voltage reduction. 

Table 3.3  SST, Grid Edge and Smart Inverter Simulation Results 

Diff Δ to 

Base 

MV SST (32 used) Grid Edge (32 Used) Smart Inverter (133 used) 

Energy 

MWh-yr. 
Peak kW 

Energy MWh-

yr. 

Peak 

kW 
Energy MWh-yr. 

Peak 

kW 

DER -1,187 -2 -1,110 -3 -1,082 -11 

CVR -534 -146 -534 -146 -153 -36 

Total -1,721 -147 -1,644 -149 -1,236 -46 

 

3.4 Cost Benefit Analysis for Smart Inverter and In-line Power Regulator with Comparison 

to FREEM SST 

This session describes the cost and benefits estimation and discusses the cost benefit 

analysis results. A comprehensive cost estimation is performed, and the benefits quantified by the 

quasi-static circuit simulation discussed in the previous section are monetized.  

3.4.1 Cost Estimation 

A full cost estimation of the MV SST, grid edge regulator and smart inverter placement 

must consider not only the device cost itself but also the additional system costs from the 

perspective of the utility. For this analysis, cost estimates from industry experts were used to 

calculate costs of stranded assets, scheduled transformer replacements, installation and 

maintenance costs.  

MV SST cost is estimated based on the prototype cost in the lab and the details are 

discussed in [5]. The price varies from $90/kVA to $125/kVA based on sizes. The size of the 32 
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SSTs used in the feeder varies from 10 kVA to 100 kVA. The average cost for these 32 SSTs is 

$4,305 per piece. The exact price for the grid edge regulator could not be obtained since it is a 

relatively new product offering. An estimated price of $4,450 was derived based upon similar 

commercially available devices. Pricing for the smart inverter was obtained through authorized 

distributors and the price is $4,051 per piece (15kW). In addition to being installed alongside 

traditional distribution transformers as “grid edge add-on devices”, each of these product types 

may require an auxiliary component. The grid edge regulator requires a small inverter ($150), and 

the smart inverter requires a DC disconnect ($408). The cost of these components is included in 

the analysis. In addition, the smart inverter is a device that would be installed by customers with 

solar DER. Due to the benefits gained by utilities when customers install these devices, a utility 

subsidy is assumed. Based on a review of utility subsidies for energy efficient appliances [58], this 

analysis assumes the utility covers 25% of the cost of smart inverters. 

The stranded asset value represents the value utilities must write off when distribution 

transformers are removed from service and replaced with SSTs. Discussions with industry experts 

indicated that distribution transformers are depreciated on a 30-year schedule. However, they are 

routinely refurbished and reused in other feeders if they meet certain criteria. Transformers can be 

refurbished for approximately 30-40% of the price of a new unit. Thus, installation of the MV SST 

or grid edge or smart inverter will not incur stranded asset costs to utilities, as in most cases these 

transformers can be reused in other feeders, reducing the need for new transformers. Industry 

experts also indicate that when a transformer is beyond repair, no salvage value is captured. Any 

transformers removed during the installation of MV SST that cannot be repaired have a salvage 

value of zero, and any that can be used elsewhere must simply be refurbished. Because it is not 
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possible to guarantee that the utility will choose to refurbish all transformers replaced with SSTs, 

the refurbishing cost is excluded from the analysis. 

The MV SST and the grid edge regulator have similar installation costs since they have 

similar size. Replacement costs for a standard transformer are approximately $1,150, which 

includes labor, bucket truck usage, and replacement parts. This replacement cost is used as an 

estimate for the installation cost of a MV SST and grid edge regulator. The installation cost of the 

smart inverter is paid by the consumer and is not included in the analysis. 

Finally, consider the fact that standard distribution transformers have a 40-year life, and in 

a feeder with 300-450 transformers, it will be necessary to make some replacements over the 25-

year life of the SST. In the grid edge regulator and smart inverter case, because they do not replace 

transformers, there are 31 additional transformers in the feeder than in the MV SST case. Each 

year, it is estimated that 1/40=2.5% of these transformers will be replaced with a new transformer. 

For grid edge regulator and smart inverter devices, a $5,000 annual cost is added to account for 

the replacement of 2.5% of the distribution transformers that were not supplanted by an SST, as 

described above. Accurate estimates of annual maintenance costs of the MV SST and grid edge 

regulator are not yet available. The maintenance cost is estimated based on the service labor and 

parts cost of a regular transformer and assumed that each device would have approximately equal 

annual maintenance costs. The smart inverter’s maintenance cost is not considered since it is a 

device that would be maintained by customers. Table 3.4 summaries all the costs considered for 

the MV SST, grid edge regulator and smart inverter. 

3.4.2 Benefit Monetization 

Based on the simulation results from the quasi-static circuit analysis described above, the 

benefits of deploying MV SSTs, grid edge regulators and smart inverters are summarized in Table 
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3.5. The avoided demand cost, avoided energy cost and value of solar used for monetization are 

derived from utility averages in the northeastern U.S. [52] and a review of value of solar studies 

[48], [50], [51].  System Benefits PV is the net benefits of the incremental addition of DER beyond 

the circuit’s base hosting capacity enabled by the technology to utilities, include avoided energy 

costs and deferred investment in capacity expansion. [5]. Here the System benefits PV is 

monetized at $43/MWh. Peak reduction PV is the reduction in peak demand from the incremental 

DER and is negligible. The avoided demand cost is assumed to be $53/kW. Energy savings CVR 

is the reduction in peak energy consumption due to the increased CVR effect allowed by each 

technology. Peak reduction CVR is the resultant drop in peak demand due to the more aggressive 

CVR allowed by each device and is monetized using the avoided demand cost. 

Table 3.4  Annual Benefits of MV SST, Grid Edge Regulator and Smart Inverter 

Devices 
System 

Benefits PV 

Peak Reduction 

PV 

Energy 

Savings 

CVR 

Peak Reduction 

CVR 

Total Annual 

Benefits 

MV SST $51k $0k $32k $8k $91k 

Grid Edge $48k $0k $32k $8k $88k 

Smart Inverter $47k $1k $9k $2k $58k 

 

3.4.3 Comparison Cost Benefit Results and Discussion for Three Technologies 

The final results of the cost benefit analysis for each technology, based on the stated 

assumptions concerning costs and benefits, are shown in Table 3.4. The net present value is 

calculated assuming a 25-year life span for each of the three technologies using a discount rate of 

10%. For the representative feeder analyzed, the MV SST emerges as the most financially 

attractive option for first adopters. Under these assumptions, utilities looking to accommodate high 

levels of DER penetration would find the largest net benefit in choosing the MV SST, followed 

closely by the grid edge regulator. The smart inverter does not provide enough benefits to justify 
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the cost, and it should be noted that in practice, the deployment of the smart inverter is dependent 

upon the DER prosumer’s willingness to purchase with the given utility subsidy. The MV SST 

and grid edge regulators are the devices fully within the utility’s control to install. Were the utility 

to cover 100% of the smart inverter cost to ensure full deployment, the net present value of the 

smart inverter becomes negative over the 25-year time horizon.  

Table 3.5  Comparison of Financial Metris for SST, Grid Edge and Smart Inverter 

Technology 
Estimated Utility 

Investment Cost 

Estimated 

Annual Benefits 

Estimated Net 

Present Value 

Discounted 

Payback Period 

MV SST $160k $91k $665k 3.0 years 

Grid Edge $163k $82k $590k 3.5 years 

Smart Inverter $148k $53k $330k 4.8 years 

 

However, it is useful to test the cost estimates to find the breakeven price. The breakeven 

price of the grid edge regulator and smart inverter is the per unit device cost that provides an NPV 

equal to the MV SST. The breakeven price of the grid edge regulator is $1,500, which is a 65% 

reduction in the cost estimate used. There is no breakeven price for the smart inverter, indicating 

that even with full deployment and 0% utility subsidy, this device does not provide equal net 

benefits as the MV SST. Alternatively, the breakeven price of the MV SST which would provide 

the same benefits as the grid edge regulator option is $6,600, a 50% increase in estimated cost. 

These breakeven prices indicate that the relative results are robust to large variations in device 

cost. Under the described assumptions, partial deployment of the MV SST is the most attractive 

option for utilities. 
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3.5 Conclusion 

In this chapter, three technologies including the MV SST, grid edge regulator and the smart 

inverter are identified as feasible solutions to mitigate the overvoltage issues caused by high PV 

penetration on the distribution grid. By using these technologies, utilities could accommodate a 

higher penetration level of PV on the distribution grid and also achieve a more aggressive 

conservation voltage reduction with respect to avoided demand and energy cost. In order to form 

the basis for an economic comparison, these three technologies are applied on a sample utility 

feeder circuit and the benefits analyzed and quantified via a quasi-static time series simulation. 

Then, a comprehensive cost benefit analysis has been performed to form a relative economic 

comparison of these three technologies. It can be seen from the results that the MV SST shows the 

greatest net present value with 3-year payback period for a utility trying to integrate more PV. 

Other features of the MV SST, such as providing DC service, have not been considered in this 

study. The grid edge regulator has a 3.5-year payback period which is very close to the SST. The 

drawback of the grid edge device is that it has to be used together with the traditional AC 

transformer. The smart inverter deployment can have a feasible business case; however, the utility 

may not have full control of the inverters’ operation since it is normally installed and maintained 

by the customers. 
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 DC House and Cost Benefit Analysis 

 

DC houses have a number of advantages over conventional AC houses in scenarios where 

DC distributed resources are integrated and much of the load is also DC. This chapter proposes 

two types of DC house configurations based on FREEDM system solid-state transformer (SST) 

technology. In order to make a financial case for the DC house, a simulation test bed has been 

developed. Four types of houses with rooftop PV are modeled: AC house, retrofit DC house, 

FREEDM hybrid and FREEDM DC house. Annual simulation has been performed for five 

different locations and the hourly energy usage is estimated. From this, a comprehensive cost 

benefit analysis has been performed. Net present value and internal rate of return are used as the 

basis of comparison. The results show that FREEDM DC house is the most cost-effective 

configuration among these four types of houses in the future where rooftop PV and EV are more 

commonly adopted. 

 

4.1 Introduction 

Currently, many residential household appliances are already based on DC technology like 

phones, computers, TV, gaming consoles and rely on an AC/DC converter to connect to the 

existing AC system. Large loads such as heat pumps and refrigerators may utilize motor drives 

with DC links. It is often the case that DC-based home devices could operate more efficiently if 

directly connected to DC, rather than AC sources.  In a recent study, DC technology appliances 

are estimated to provide a weighted average energy saving of 36.5% for cooling loads and 32.8% 

for non-cooling loads [12]. This suggests that a residential DC house is potentially a more 

economical and efficient option in the near future. Moreover, most of the fast-growing distributed 

energy resources including PV, energy storage and electric vehicles are DC technology-based as 
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well. These future DC houses use many power electronic converters which add to the cost and 

have losses as well. Hence, new “residential circuit” concepts for DC houses with associated cost 

benefit analysis are needed in order to develop a cost-effective DC configuration. This chapter 

investigates such new designs and performs cost benefit analysis. 

An investigation in [12] estimates that a residential house with net-metered PV could save 

5% of energy if the house is using a DC configuration. There are other studies that propose a DC 

house as an alternative solution for rural electrification [59], [60]. The loss and cost are analyzed, 

and the results show that solar powered DC rural electrification is economically feasible compared 

to solar powered AC houses. The Emerge Alliance has DC standards available for commercial 

building and data centers and supported a number of pilot projects [61]. Adoption of the new 

circuits in DC houses will depend on its cost effectiveness. This chapter presents a cost-benefit 

study performed to assess the economic feasibility of new residential circuits considered for DC 

houses.  

One of the new options considered in this chapter is to use a utility DC service to the house 

rather than conventional AC service, as there are new technologies available that could be applied. 

One promising device considered in this study is the FREEDM Systems Center solid-state 

transformer (SST) which is a power electronics device that provides not only the voltage step down 

function of a conventional transformer, but also reactive power compensation, voltage regulation 

and a DC link [10] [62].  SST can also be used to build DC fast chargers [63]. Therefore, an SST 

can be used to provide DC service to houses. As shown in Fig. 4.1, a three-stage SST can provide 

both AC and DC services while a two-stage SST is totally DC. Note that the two-stage SST has a 

higher efficiency and lower cost due to the simpler configuration.  



47 

 

 

Figure 4.1  Solid-State Transformer Configuration 

 

This chapter proposes two types of DC house configurations: (1) FREEDM hybrid house 

using a three-stage SST and (2) FREEDM DC house using a two-stage SST. These two proposed 

FREEDM-based houses are compared to both an AC house and a retrofit DC house which is a 

house retrofitted with a bi-directional converter and DC circuits on customer side. The comparison 

is made using an estimate of annual power and energy usage based on a test bed developed in 

MATLAB and Simulink. A comprehensive cost benefit analysis is performed and the impact of 

an electric vehicle (EV) has been incorporated. A sensitivity analysis has been provided as well. 

The reminder of the chapter is organized as follows: Section 4.2 introduces the DC house 

configurations considered. Section 4.3 introduces the simulation test bed that has been developed. 

Section 4.4 presents the case studies, simulation and cost benefits analysis results as well as the 

sensitivity analysis. Section 4.5 provides the conclusions. 

 

4.2 House Configurations  

This section reviews different DC house configurations and proposes two new 

configurations based on FREEDM concepts: FREEDM hybrid and FREEDM DC house. It is 

assumed that since many of the home appliances are already using DC technologies and DC 
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technology appliances are proved to be more efficient [12], that same DC load is used for all four 

types of houses.  

4.2.1 AC House 

This represents the power distribution configuration utilized today. Fig. 4.2a shows the 

circuit for this case. Note that the house is serviced through the conventional distribution 

transformer and all the loads are considered DC, and thus connected through an AC/DC converter. 

In addition, as the figure shows, in this system the rooftop PV system requires an inverter and an 

AC/DC car charger is needed for an electric vehicle. 

4.2.2 Retrofit DC House 

Fig. 4.2b shows this circuit where the house is retrofitted with a bi-directional converter 

[12] on the customer side that is connected to the distribution transformer on the low-voltage side 

to convert AC to DC in the house. Rooftop PV connects through a maximum power point tracking 

(MPPT) DC/DC device and a DC/DC car charger can be used to charge the electric vehicle. Note 

that there are two DC voltage levels used in the house: high-voltage DC 380V and low-voltage 

DC (48V/24V). According to the Emerge Alliance, 380V DC is a standard voltage used for data 

centers and 24V is being used for commercial buildings [61]. There is no standard available for 

residential systems yet. However, India has a pilot residential demonstration project using 48V as 

the DC voltage level [59]. In this study, 380V is used for PV, EV and high-power appliances like 

HVAC and water heater. Low voltage DC (48V/24V) is used for low-power appliances including 

lights and small electronics devices. A DC/DC converter is used to transform 380V DC to low-

voltage DC. 
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4.2.3 FREEDM Hybrid House 

A FREEDM hybrid house uses a three-stage SST and provides both 380V DC and 

120/240V AC to the house. Fig. 4.3a shows the proposed house configuration. The PV system and 

EV are connected to the high voltage DC and all other appliances stay AC connected. For an 

existing house, this configuration can be easily adopted and will improve the efficiency of both 

the rooftop PV and EV charging. Note that I am using DC load plus an AC/DC converter which is 

same as the AC house.  

4.2.4 FREEDM DC House 

This is a pure DC house configuration as shown in Fig. 4.3b. The FREEDM DC house uses 

a two-stage SST that has a relatively higher efficiency and a lower cost. The two-stage SST 

provides only 380V DC to the house. There are two DC voltage levels as well. A DC/DC converter 

is needed to convert the high-voltage DC (380V) to low-voltage DC (48V/24V) for low-power 

appliances. The PV system and electric vehicles are connected to the high voltage as are the high-

power appliances. This configuration would be most easily realized for new construction houses. 

 
                                                        (a)                                                       (b) 

 
                                                        (c)                                                      (d) 

Figure 4.2  (a) AC House (b) Retrofit DC House (c)FREEDM Hybrid (d)FREEDM DC 
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4.3 Simulation Test Bed for Different House Configuration Analysis 

In order to estimate the power and energy usage for each type of houses and perform the 

cost benefits analysis, a simulation test bed is developed using MATLAB and Simulink. There are 

three parts: (1) a load profile generator (2) a house energy loss model and (3) a cost benefit analysis 

tool. Fig. 4.4 shows the simulation test bed structure.  

 

Figure 4.3  House Simulation Test Bed Structure 

 

4.3.1 Load Profile Generator 

The load profile generator provides inputs to the house loss models. There are three load 

profiles: base DC load, PV generation and the electric vehicle load profile.  

1) Base DC Load 

Simulated residential hourly load profiles for all typical meteorological year 3 (TMY3) 

locations in the United States are published by the US Department of Energy on OpenEI and are 

used to calculate the base DC load [64]. One advantage of this dataset is that it provides detailed 

data for different load type categories in a residential house like HVAC, water heater, interior 

equipment, interior and exterior lights. This makes it possible to group the load into high-power 

loads and low-power loads that will be served through the DC/DC converters in the retrofit DC 
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house and FREEDM DC house. Since the load profiles from the dataset is for AC loads, the cooling 

loads and non-cooling loads are reduced 36.5% and 32.8% respectively to represent the base DC 

load [12]. This DC load profile is used in all four house configurations.  

2) PV Generation. 

PV generation is estimated based on PV system size and the irradiance data available in 

the national solar radiation data base published by NREL [65]. The database includes the hourly 

solar irradiance data for all TMY3 locations. If the PV system is connected to an AC system, the 

inverter losses will be subtracted. If the PV system is connected directly to a DC system, MPPT 

DC/DC converter loss will be considered. Inverter efficiency is estimated based on Sandia 

National Lab’s inverter testing results [57]. The efficiency for a grid-connected inverter exceeds 

95% under most of the operating conditions. The efficiency is fitted into a third-order polynomial 

curve with a 95% efficiency for the light loading condition and 97% for heavy loading. MPPT is 

also modeled as a third-order polynomial curve, but it has a higher efficiency of 98% [66].  

3) EV Load Profile. 

Electric vehicle load is simulated hourly based on the EV charger charge rate and different 

charging strategies. According to Tesla charging guidelines, a 75 kWh configured vehicles has a 

maximum charge rate of 11.5 kW [67]. In the case study in Section 4.4, two charging strategies 

have been evaluated. The AC charger AC/DC converter efficiency is modeled to be 85% to 90% 

[68] and the DC/DC charger has a higher efficiency which is in the range of 90% to 96% [69]. The 

loading-efficiency curve is fitted into a third-order polynomial model.   

4.3.2 House Energy Loss Estimation 

House energy losses for all the cases are estimated by using converter loss models. Power 

conversion devices used in different house types are simulated to capture the losses during the 
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year. According to [12], the weighted average AC/DC appliance converter efficiency is 90% for 

cooling load and 87% for non-cooling load. The efficiencies used for all other devices are listed in 

Table 4.1. A fitted third-order polynomial loading-efficiency curve is defined for these devices. 

Note that SST and traditional transformer losses are not considered in the analysis because these 

are not behind-the-meter devices. It is assumed that the electric utility charges customers a fixed 

cost for using the SST to provide DC services. Also, previous work has shown that even if SST 

has a higher loss compared to a traditional AC transformer, this part of the losses can be canceled 

by the feeder benefits that SSTs can provide to the utility through reactive compensation and 

conservation voltage reduction [5]. 

Table 4.1  House Device Efficiency Curve Parameters 

Device Efficiency Cost Life Ref. 

Inverter 95%-97% $3025 for 8 kVA 12 yrs. [57] 

MPPT 98% $605 for 4 kVA 12 yrs. [66] 

DC-DC 95%-98% $214 for 1.5 kVA 5 yrs. [70]–[72] 

Bi-directional (DC to AC) 95%-97% Same as SST 

$124/kVA 
25 yrs. 

[73] 

Bi-directional (AC to DC) 84%-93% [74] 

 

4.3.3 Cost Benefit Analysis Model 

The benefit is calculated by determining the reduction in the annual electricity bill between 

houses with rooftop PV case and AC house with no PV case. So, both net-metered PV benefits 

and energy efficiency benefits are included. The electricity rate used is $0.1/kWh. The cost is 

estimated for each type of house which includes all of the converter components within the house 

and the PV cost. The cost of the conductors and the line losses of DC house and AC house are 

assumed to be the same according to [60]. The cost for those converter devices is estimated based 

on the available market products. The price and lifetime for DC-DC converter, PV inverter and 

MPPT are listed in Table 4.1. The cost scales with the size of the devices.  
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The SST is estimated to have a lifetime of 25 years at a cost of $124/kVA SST [5]. Since 

it is hard to obtain the price for the bi-directional converter, it is assumed to have the same cost 

and lifetime as the SST. Electric utility charges customers a monthly fee to recover the SST cost 

at a MARR (minimum acceptable rate of return) of 10% and the customer MARR is assumed to 

be 6%. The PV cost is based on NREL’s report which is estimated as $2.93 per watt for a 5.6 kW 

residential rooftop PV [75]. A 30% Tax credit is included for the PV installation. Since the solar 

cost is a quite large investment which is in the level of $10,000, a 15-yr solar loan with a fixed 4% 

interest is considered with $0 down payment. Net metering is assumed for solar energy sold back 

to the grid. 

 

4.4 Case Studies and Results for Four House Configuration 

This section presents the simulation and cost benefit analysis results for five locations in 

the southern part of the United States. The reason to choose these locations is because the 

residential load profiles [64] in these areas use a mix of electricity for air-conditioning, water 

heating and space heating. Electric vehicle’s impact is analyzed using the Wilmington, NC location 

with an associated sensitivity analysis. 

4.4.1 Simulation and Cost Benefit Analysis Results 

The simulation is performed for five cases for each location. The energy usage for each 

case is simulated and the electricity bill is calculated. The benefits in energy bill savings is obtained 

as the difference between the corresponding case and Case 1.  

• Case 1: AC house with no PV 

• Case 2: AC house with PV 

• Case 3: Retrofit DC house with PV 

• Case 4: FREEDM hybrid house with PV 
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• Case 5: FREEDM DC house with PV 

In the simulation, a 5 kW PV system is used for Cases 2-5. The size of the inverter, MPPT, 

DC-DC converter, bi-directional converter and SST is shown in Table 4.2. The load characteristics 

of the five locations are listed in Table 4.3. Fig. 4.4 shows the daily load curve for Wilmington, 

NC. Note that the load obtained from [64] is AC load, so the DC load needs to be calculated to 

serve as the base load for all four types of houses. 

 

Figure 4.4  Daily Load Curve 

 

Table 4.2  House Model Component Sizes 

 Inverter MPPT DC-DC 
Bi-directional 

Converter 
SST 

Size 5 kVA 5 kVA 1.5 kVA 6 kVA 6 kVA 

House AC All DC 
Retrofit DC 

FRD hybrid. 
Retrofit DC 

FRD hybrid. 

FRD DC 

 

Table 4.3  Residential House Load Characteristics 

Location Peak kW 
Load 

MWh-yr. 

Load 

Factor 

NC-Wilmington 7.6 15.2 0.23 

FL-Orlando 4.8 13.8 0.32 

GA-Columbus 4.7 13.6 0.32 

LA-New Orleans 6.9 14.8 0.24 

TX-Austin 6.4 14.8 0.26 
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 The individual end user load has been grouped into HVAC load, high-power load and low-

power load to form the inputs to the house models. According to 2016 EIA residential energy 

consumption survey by end user [76], 27% of the load is for HVAC, 41% for high-power load and 

32% for low-power load. Using the load data from [64] for these five locations and grouping them 

into these three categories, the percentage division is very similar to EIA’s results. Table 4.4 shows 

the net energy usage for four house types at five locations over a year. Green coloring is used to 

highlight a smaller number.  

It can be seen from the results that the FREEDM DC house uses the least cost benefit 

results are shown in Tables 4.5 and 4.6. Table 4.5 shows the results for a net present value (NPV) 

calculation and Table 4.6 includes the internal rate of return (IRR) results. The MARR used in the 

NPV calculation is 6%. The three-stage SST cost is $6 per month ($70 per year) and the two-stage 

SST cost is $4 per month ($46 per year). The SST cost is charged by the electric utility to provide 

the DC service to the customer. Note the two-stage SST is assumed to be 2/3 of the cost of a three-

stage SST. The SST cost is estimated at a 10% MARR for 25 years.  

The FREEDM DC house has the highest NPV for all five locations and also an 11.5% IRR. 

The FREEDM hybrid case results are similar but slightly better than the retrofit DC house case. 

The AC house has the lowest NPV value and also the worst IRR. So, for an existing house, it 

would be better to upgrade to the FREEDM hybrid house; have the PV connected directly to the 

DC system and all other appliances can stay on the AC system. For a new construction house, one 

will get the most benefits in using the FREEDM DC house configuration. 
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Table 4.4  Yearly Net Energy for Four Types of House Configurations 

Net Energy (MWh) AC Retrofit DC FREEDM hybrid FREEDM DC 

NC-Wilmington 3.30 3.09 3.19 2.07 

FL-Orlando 2.13 2.00 2.02 1.03 

GA-Columbus 1.87 1.77 1.76 0.81 

LA-New Orleans 2.96 2.77 2.85 1.77 

TX-Austin 2.79 2.60 2.68 1.59 

 

Table 4.5  Net Present Value (NPV) Results for Four Types of House Configurations 

NPV ($) AC Retrofit DC FREEDM hybrid FREEDM DC 

NC-Wilmington -$254  -$90  -$50   $1,258  

FL-Orlando -$103  -$43   $99   $1,232  

GA-Columbus  $87   $122   $292   $1,377  

LA-New Orleans -$206  -$63  -$3   $1,255  

TX-Austin  $16   $150   $220   $1,478  

 

Table 4.6  Internal Rate of Return (IRR) Results for Four Types of House Configurations 

IRR AC Retrofit DC FREEDM hybrid FREEDM DC 

NC-Wilmington 5.3% 5.8% 5.8% 10.6% 

FL-Orlando 5.7% 5.9% 6.3% 10.5% 

GA-Columbus 6.2% 6.3% 7.0% 11.1% 

LA-New Orleans 5.4% 5.8% 6.0% 10.6% 

TX-Austin 6.0% 6.4% 6.7% 11.5% 

 

4.4.2 House Configurations with Electric Vehicles 

A 75-kWh electric vehicle is added to the house at Wilmington, NC. The maximum charge 

rate is assumed at 11.5 kW. A fully charged vehicle has a 300 mile driving range [68]. It is assumed 

that the house owner drives 300 miles per week. Two charging strategies are considered: 1) Weekly 

high-power charging to the full range 2) Daily low power charging for three hours. Charging 

strategy one is more similar to a current consumer’s habit of filling up the gas tank when near 

empty. Charging strategy two makes more sense for EV users that want to start with a fully charged 
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battery each day. These two charging strategies represent boundary cases and likely consumer 

charging habits will combine these two strategies.   

1) Charging Strategy One 

This involves charging the EV 9 hours on Sunday night from 00:00 to 9:00am to the full 

range. Then there is no need to charge the EV for the rest of the week. The charging power rating 

used is 9 kW. A 13 kVA SST is needed for FREEDM houses and the same size bi-directional 

converter is used for the retrofit DC house. The monthly charge for three-stage SST is $15 and $10 

for two-stage SST. Table 4.7 shows the results for NPV and IRR.  

Table 4.7  Charging Strategy One – 9 kW Charging Power Rate 

 House Types Net Energy (MWh) EV (MWh) NPV IRR 

AC house 7.5 4.2 -$254  5.3% 

Retrofit DC 7.8 4.1 -$1,731  2.4% 

FREEDM hybrid 7.3 4.1 -$1,296  2.2% 

FREEDM DC 6.2 4.1  $478  7.6% 

 

2) Charging Strategy Two 

This involves charging the EV 1/7 of the full capacity 75 kWh every day for 3 hours from 

23:00 to 2:00 am at 4 kW power rating. Smaller size (7 kVA) SSTs and bi-directional converter is 

required for FREEDM houses and retrofit DC house respectively. The monthly charge for three-

stage SST is $8 and $6 for two-stage SST. Table 4.7 shows the results. 

Table 4.8  Charging Strategy Two – 4 kW Charging Power Rate 

 House Types Net Energy (MWh) EV (MWh) NPV  IRR 

AC house 7.8 4.5 -$254    5.3% 

Retrofit DC 7.6 4.1 -$346    5.1% 

FREEDM hybrid 7.3 4.1  $77    6.2% 

FREEDM DC 6.2 4.1  $1,502    11.6% 

 

It can be seen from the results that for both charging strategies, the FREEDM DC house 

has a positive NPV and highest IRR. The FREEDM hybrid house is better than retrofit DC for 
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both charging strategies and has a positive NPV case in low power charging strategy two. 

However, both FREEDM hybrid and retrofit DC houses are not economically feasible for the high-

power charging case in strategy one due to the high cost of a larger size SST and bi-directional 

converter. 

4.4.3 Sensitivity Analysis 

Two sensitivity analysis are discussed in this section. The first is for the best case FREEDM 

DC house with rooftop PV and no EV at Wilmington, NC. The electricity rate, PV size, SST cost 

and interest rate have been varied from -50% to 50% to check the impact on NPV and determine 

the most influencing factors. It can be seen from the results in Fig. 4.6 that the NPV stays above 

$0 for most of the situations except when the electricity price is -10% of the original assumption, 

or less than $0.09/kWh. According to EIA’s electricity rate census, it is very rare for the price to 

go under $0.09/kWh. The slope of the curve represents the impact of the parameter on NPV. The 

higher the slope, the greater the impact. One can see that electricity price has the greatest impact 

on the NPV while the PV size and SST cost has relatively lower impact.  

 

Figure 4.5  Sensitivity Analysis for FREEDM DC House 

 

A second sensitivity analysis is performed for EV charging strategy one. The SST and bi-

directional converter cost have been varied from -100% to 50%. The resulting NPVs for the four 
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types of houses are shown in Fig. 4.7. Note that the AC house case won’t be affected since only 

SST and bi-directional converter cost are changed. It can be seen from Fig. 4.7 that FREEDM DC 

house is still the best case with a positive NPV. The FREEDM hybrid house will be more 

economical than the AC case when the SST price drops around 50%. 

 

Figure 4.6  Sensitivity analysis for EV charging strategy one 

 

4.5 Conclusion 

In this chapter, two residential DC house configurations using the FREEDM Solid-State 

Transformer are proposed: FREEDM hybrid house and FREEDM DC house. The financial 

benefits of the two FREEDM configurations were compared to both the present-day AC and 

retrofit DC house. This comparison was based on a simulation test bed that modeled house 

consumption under a variety of loading conditions with an associated cost benefit analysis. 

The results show that indeed the new FREEDM-based configurations considered are 

economically feasible. The FREEDM DC house is estimated to be the most energy efficient 

configuration with the highest NPV among the four types of houses with an IRR higher than 10%. 

The FREEDM DC house shows a positive NPV in both of the sensitivity analyses for most of the 

situations. The results indicate that the FREEDM DC house is an economical house configuration 
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that can be utilized in the future to better integrate rooftop PV and electric vehicles, especially for 

new house construction. 

A FREEDM hybrid house is more economical than a retrofit DC house in both the PV and 

the EV charging cases, especially the low power EV charging case. For the high power EV 

charging case, the FREEDM hybrid case will be economically feasible if the SST price drops 50%. 

The results show that the FREEDM hybrid concept is good for existing house upgrades since all 

legacy load devices can maintain the AC connection while PV and EV can be connected to DC. 
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  Agent-Based Modeling of Feeder-Level Electric Vehicle Diffusion for 

Distribution Planning Analysis 

 

5.1 Introduction 

 Transportation electrification provides electric utilities opportunities to increase electricity 

sales and offer new services [77]. However, as EV penetration increases, utilities will face a variety 

of challenges to accommodate added EV load. The impact will be especially significant on 

distribution circuits where EVs and charging stations will be interconnected to the grid. Issues 

arising from EV diffusion include increases in system demand, circuit losses, and element 

overloading [17]–[19]. Utility planners need to forecast and evaluate potential EV load in order to 

better plan for future generation, capacity expansion, component upgrades, and other mitigation 

strategies. However, specifically when and where the additional EV-related load will appear on 

distribution circuits cannot be easily forecasted by utilities. The rate and locations of EV diffusion 

will rather be a complex function of customer characteristics, economics and external influences. 

External influences include neighbor EV adoption, EV market offerings, charging infrastructure 

availability and government/utility incentives. 

Distribution planners require a customer-oriented and location-specific modeling strategy 

to account for EV diffusion. The challenge will be to forecast the number and locations of potential 

EV customers and charging stations per feeder by year. Based on this forecast, feeder power flow 

analysis can be used to examine the impacts related to peak loading, losses and component 

overloading. After the impact is quantified, mitigation methods like circuit upgrades and utility 

strategies such as building charging stations can be evaluated as means for accommodating the 

additional EV charging load. 
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5.1.1 Literature Review 

Various papers have been published on the impact of residential EV load on distribution 

systems. EV impact on system peak load demand and voltages on an actual feeder is studied with 

several mitigation schemes evaluated in [17]. Accelerated loss-of-life of distribution transformers 

due to EV is analyzed in [18]. The impact of EV load on power losses and voltage is analyzed with 

a coordinated charging scheme proposed to minimize the power losses and maximize the grid load 

factor  [19]. A spatial-temporal model was developed to evaluate the impact of assumed 

penetrations of EV in a distribution network based on integration of power system and 

transportation analyses [78]. However, the limitation of these previous studies is that they are 

based on assumed penetrations of EV on the feeder without considering time and location-specific 

EV load growth caused by EV diffusion. 

Methodologies proposed for EV diffusion analysis include data analytics using regression, 

spatial forecasting and agent-based modeling. Data analytics studies have used regression analysis 

to provide a good understanding of potential EV adopter characteristics and drivers [79]–[81]. 

Spatial regression and load forecasting with GIS described in [82], [83] shows the EV adoption 

rate per subareas and the clustering patterns. However, in existing literature, data analytics is 

commonly applied to geographic regions such as states or counties, while spatial regression is 

more suited for subareas, like squares on a map. It is difficult to use these previous methods to 

predict specific EV diffusion locations such as feeder-level adoption, which is required for 

distribution planning. In addition, influence between neighbors as well as availability of charging 

station networks are seldom considered.  

Agent-based techniques simulate actions and interactions of autonomous agents [84]. An 

agent-based model for buying, charging and driving EV is proposed to assist stakeholders in 
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defining public policy and business strategies in [85]. Reference [86] presents an integrated 

dynamic method based agent-based model to detect possible EV scale evolution patterns and 

charging demand characteristics. An EV diffusion agent-based model that integrates complex 

behavioral rules is developed in [87] and uses survey data to parameterize the agent architecture. 

EV adoption with an agent-based model that simulates a detailed car market is presented in [88]. 

A zip-code level EV diffusion analysis is described in [89] where an agent-based model is utilized 

to capture neighbor impact between zip-code agents with regression analysis of customer 

characteristics. The combined regression and agent-based modeling enables analysis of both 

customers’ characteristics and interactions. However, distribution feeder topology is not 

considered in the above agent-based model references. Accurate feeder modeling plays an 

important role in estimating EV impact and charging station locations for distribution planners. 

The interaction between EV adoption and charging infrastructure development on a feeder model 

basis has not been considered either. 

5.1.2 Contribution 

This chapter proposes a new customer-oriented distribution planning framework based on 

a feeder-specific agent-based model to forecast EV and charging station diffusion, as shown in 

Fig. 5.1. An AHP-based customer adoption model CANE (accounts for car age, EV attractiveness, 

neighbor influence and customer economics) is developed to calculate the probability of vehicle 

purchase decisions. EV attractiveness is determined using logistic regression on customer 

characteristics such as education, age, income, resident state and status that whether the customer 

live in an urban area or not. Influence between EVs and charging stations siting are considered. 

Due to the stochastic adoption process, Monte Carlo analysis is performed, and the model is then 

calibrated with forecast based on vehicle registration data. The distribution feeder topology, 
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property GIS parcel and survey data are combined to parametrize agents. Using the diffusion 

results and the modeled charging load, EV impact on the distribution system is then analyzed 

through time-series quasi-static power flow analysis. Feeder upgrades are recommended annually 

based on the EV adoption level. Utility strategies such as EV rebates and charging facility 

investment are also factored into the framework.  

  

Figure.5.1  Customer-Oriented Distribution Planning Framework for EV  

 

The rest of the chapter is organized as follows. Section II introduces the agent-based EV 

diffusion model. Section III presents the agent-based simulation algorithms, Monte Carlo analysis 

and model calibration. Section IV describes the EV charging load model and distribution feeder 

analysis. Section V provides a case study on a sample feeder that illustrates the application of the 

agent-based model. Distribution feeder analysis, upgrade recommendations and two scenarios that 

examine the effect of EV price and charging station placement are provided and discussed. Section 

VI summarizes the chapter. 
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5.2 Agent-Based EV Diffusion Model 

A temporal-spatial diffusion forecast technique for EVs and charging stations is developed 

using agent-based modeling as described below. Three types of agents are included in the proposed 

model: EV customers, internal combustion engine (ICE) customers and charging stations. The 

agent environment is modeled and updated annually which include the EV market, charging station 

network, and utility EV strategies. The EV market considers EV price at various ranges/sizes, fuel 

price and charger costs. Customers are assumed to be influenced by their neighbors, the EV market, 

utility EV strategies and charging station network availability.  

5.2.1 AHP-Based Customer EV Adoption Model 

Customer EV adoption is modeled as a multi-criteria decision-making problem using AHP. 

The AHP is an effective tool for representing complex decision-making behavior with the 

advantage of decomposing the decision problem into a hierarchy of more easily solved sub-

problems [90], [91]. The AHP-based customer EV adoption model CANE is organized as shown 

in Fig. 5.2. The AHP generates weights for each criterion and assigns a score to each alternative-

criterion pair. Then the probabilities for alternatives are calculated based on the weighted sum of 

the scores. The four criteria (𝑐1 𝑡𝑜 𝑐4) car age, attractive, neighbor and economics are discussed 

below along with the scoring calculation for alternative-criterion pairs. 
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Figure.5.2  AHP-based CANE Model 

 

1) Car Age  

Car age is an important factor when considering either purchasing a vehicle or deferring 

the purchase. Scores for a purchase (𝑆𝑏𝑢𝑦,   𝑐1) or deferring a purchase (𝑆𝑑𝑒𝑓𝑒𝑟,   𝑐1) based on car age 

(𝑐1) are calculated using Table 5.1. Customers are assumed to sell their existing car before 

expensive maintenance is required or wait until they have to replace it. Car age decides the 

probability of customer liking to purchase or a need to replace a car [92]. Let 𝐼𝑑𝑥𝐿𝑇𝑃 and 𝐼𝑑𝑥𝑁𝑇𝑅 

denote Boolean variables for customer who likes to purchase or needs to replace their vehicle. 

Different combinations of the two Boolean variables describe different customer situations. 

Variable  represents the total score for these criteria. Factors 𝛼1 and 𝛼2 are within range of [0-

1]. Note that car age only affects the decision on purchase or deferring the purchase, and does not 

influence purchasing EV or ICE. 

Table 5.1  Score Calculation for Car Age Criterion 

 [𝐼𝑑𝑥𝐿𝑇𝑃 , 𝐼𝑑𝑥𝑁𝑇𝑅] 𝑆𝑏𝑢𝑦,   𝑐1  𝑆𝑛𝑜,   𝑐1 

[0, 0] -   

[1, 0] 𝛼1 ×  0 

[0, 1] 𝛼2 ×  - 𝛼2 ×  

[1, 1]  -  
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2) Attractiveness  

Attractiveness represents customers’ possible attitudes towards adopting EV based on 

customers’ characteristics and backgrounds. Logistic regression is used to quantify this value. 

Household income, age, education, family size, living in an urban area or not and resident state are 

selected since these factors are predictors of early EV adopters [79], [80]. The logistic regression 

model is as follows: 

y = 𝛽0 + 𝛽1𝐴𝑔𝑒 + 𝛽2𝐹𝑎𝑚𝑖𝑙𝑦𝑆𝑖𝑧𝑒 + 𝛽3𝐼𝑛𝑐𝑜𝑚𝑒𝐷𝑢𝑚𝑚𝑦  

+ 𝛽4𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛𝐷𝑢𝑚𝑚𝑦 + 𝛽5𝑈𝑟𝑏𝑎𝑛𝐷𝑢𝑚𝑚𝑦

+ 𝛽6𝑆𝑡𝑎𝑡𝑒𝐷𝑢𝑚𝑚𝑦 

(1) 

where Boolean variable y represents the status of an EV adoption while 𝛽 represents the 

regression model coefficients. Dummy variables are created for education, income, urban area 

classification and resident state because each of these attributes has several categories, and the 

numerical values do not have intrinsic meaning. In this chapter’s case study, household income 

and family size are estimated based on house values and heated area square footage from GIS 

parcel data. Education and age are estimated based on household travel survey data [93]. 

Given that the current state of EV adoption is currently at a relatively low level, the existing 

dataset is usually extremely imbalanced regarding the number of EV verses ICE vehicles. For 

example, a recent national household travel survey (NHTS) [93] has  about 240,000 data entries 

for vehicles and only about 1,000 of them are EVs. Since the data set is highly imbalanced with 

very low number of EV adopters, direct applications of classification models tend to predict all 

“0”s, which means no EV adopters and still yields a high accuracy prediction model. However, 

this model has no value for classifying EVs. Therefore, an oversampling technique is needed to 

adjust the class distribution of the data set. For the case study presented in this chapter, the adaptive 



68 

 

synthetic sampling approach (ADASYN) [94] is used. With the logistic regression model, the 

attractiveness score for purchasing EV (𝑆𝐸𝑉,   𝑐2) and ICE (𝑆𝐼𝐶𝐸,   𝑐2) for attractiveness (𝑐2) can be 

calculated by: 

 𝑆𝐸𝑉,   𝑐2 =
exp (𝛽0 + ∑ 𝛽𝑖𝑥𝑖

6
𝑖=1 )

1 + exp (𝛽0 + ∑ 𝛽𝑖𝑥𝑖
6
𝑖=1 )

×  (2) 

 𝑆𝐼𝐶𝐸,   𝑐2 =  − 
exp (𝛽0 + ∑ 𝛽𝑖𝑥𝑖

6
𝑖=1 )

1 + exp (𝛽0 + ∑ 𝛽𝑖𝑥𝑖
6
𝑖=1 )

×  (3) 

where  is the total score for the criterion attractiveness. Scores for car purchase (𝑆𝑏𝑢𝑦,   𝑐2 ) 

and deferring purchase (𝑆𝑑𝑒𝑓𝑒𝑟,   𝑐2) are assumed to be equal to 𝑆𝐸𝑉,   𝑐2  and 𝑆𝐼𝐶𝐸,   𝑐2 respectively. 

3) Neighbor Influence  

Neighbor influence considers the impact from both the neighbors owning EV and local 

availability of charging stations. Both of these can improve EV visibility to a future EV adopter. 

Having a charging station nearby may also avoid the cost of a Level 2 home charger installation. 

The scores for neighbor influence (𝑐3) of purchasing EV (𝑆𝐸𝑉,   𝑐3) versus ICE (𝑆𝐼𝐶𝐸,   𝑐3) are 

calculated by:  

 𝑆𝐸𝑉,   𝑐3 =  (𝛾1 × 𝑁𝑠𝑡𝑎𝑡𝑖𝑜𝑛 + 𝛾2 ×  𝑃𝐸𝑉) ∗   (4) 

 𝑆𝐼𝐶𝐸,   𝑐3 =  − (𝛾1 × 𝑁𝑠𝑡𝑎𝑡𝑖𝑜𝑛 + 𝛾2 × 𝑃𝐸𝑉) ∗   (5) 

where  represent the total score. Factors 𝛾1 and 𝛾2 are within the range of [0-1]. 𝑁𝑠𝑡𝑎𝑡𝑖𝑜𝑛  

is the number of stations nearby and 𝑃𝐸𝑉is the penetration of EV in the neighborhood. The score 

for purchasing a vehicle, maybe thinking of changing to EV (𝑆𝑏𝑢𝑦,   𝑐3 ) and for staying with ICE 

(𝑆𝑑𝑒𝑓𝑒𝑟,   𝑐3) are assumed to be equal to 𝑆𝐸𝑉,   𝑐3 and 𝑆𝐼𝐶𝐸,   𝑐3 respectively. 
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4) Customer Economics 

Vehicle price and cost of ownership are other important factors for potential EV adopters. 

Given that EV price is still high compared to ICE, economic affordability is examined before 

making a purchase decision.  The cost for owning EV versus ICE includes vehicle price, annual 

fuel, maintenance and cost of a home Level 2 charger if needed. The price of EV is foreseen to 

decrease as the technology gets more mature, battery pack prices drops and EV sales increase [95]. 

The ICE vehicle price may increase slightly considering the increased fuel economy improvements 

required for conventional gasoline vehicles [95]. The forecast of vehicle price for different sizes 

at various ranges for a 30-year study based on [95] is shown in Fig. 5.3. Customers’ preferences 

for vehicle range and size are estimated based on trip miles and family sizes from [93].   

 

Figure 5.3  Vehicle Price Forecast 

 

Assuming that customers are willing to spend 𝑝% of their annual income on a vehicle. 

Then the annualized amount that the customer is willing to spend on vehicle  can be calculated 

considering an 𝑛-year auto loan with interest rate 𝑖 using (6). Scores for customer economics (𝑐3) 

with each alternative are calculated using (7) – (10): 
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  = 𝑝% × 𝐼𝑛𝑐𝑜𝑚𝑒 ×
𝑖 × (1 + 𝑖)𝑛

(1 + 𝑖)𝑛−1
 (6) 

 𝑆𝑏𝑢𝑦,   𝑐4 = {
−

min (𝐶𝐸𝑉, 𝐶𝐼𝐶𝐸) 


× , 𝑖𝑓   < 𝐶𝑚𝑖𝑛  

(1 −
min (𝐶𝐸𝑉, 𝐶𝐼𝐶𝐸) 


) × , 𝑖𝑓   ≥ 𝐶𝑚𝑖𝑛

 (7) 

 𝑆𝑑𝑒𝑓𝑒𝑟,   𝑐4 =   (8) 

 𝑆𝐸𝑉,   𝑐4 = {
−

𝐶𝐸𝑉 


× , 𝑖𝑓   < 𝐶𝐸𝑉   

(1 −
𝐶𝐸𝑉 


) × , 𝑖𝑓   ≥ 𝐶𝐸𝑉  

 (9) 

 𝑆𝐼𝐶𝐸,   𝑐4 = {
−

𝐶𝐼𝐶𝐸 


× , 𝑖𝑓   < 𝐶𝐼𝐶𝐸   

(1 −
𝐶𝐼𝐶𝐸 


) × , 𝑖𝑓   ≥ 𝐶𝐼𝐶𝐸  

 (10) 

where  represents the total score for the customer economics criterion. 𝐶𝑚𝑖𝑛 is the minimum of 

𝐶𝐸𝑉  and 𝐶𝐼𝐶𝐸 . From customer economic perspective, the score for deferring the purchasing 

(𝑆𝑑𝑒𝑓𝑒𝑟,   𝑐4) is the highest. If  is smaller than 𝐶𝑚𝑖𝑛, it means the customer is unlikely to afford any 

kind of the vehicle. Therefore, the score for purchase will be negative. The higher the minimum 

cost for vehicles, the more negative the score. If the customer can afford the purchase, the amount 

of money left after buying the vehicle is used to calculate the score. A similar concept is used in 

the score calculation for purchasing EV versus ICE shown in (9)-(10).  

5) Weight and Decision-Making Probability Calculation  

After the score for each alternative and criterion is calculated, weights for the AHP Level 

3 and Level 4 can be calculated using pairwise matrixes. The probabilities for purchasing or 

deferring the purchase are calculated based on a weighted score using (11)-(12). According to 

Bayes’ theorem, the probability of purchasing EV or ICE can be calculated using (13)-(14):  
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  𝑃𝑏𝑢𝑦 = ∑ 𝑤𝑙𝑒𝑣𝑒𝑙3𝑖 ∗ 𝑠𝑏𝑢𝑦,   𝑐𝑖

4

𝑖=1
 (11) 

  𝑃𝑑𝑒𝑓𝑒𝑟 = ∑ 𝑤𝑙𝑒𝑣𝑒𝑙3𝑖 ∗ 𝑠𝑑𝑒𝑓𝑒𝑟,   𝑐𝑖

4

𝑖=1
 (12) 

 𝑃𝐸𝑉 = 𝑃𝑏𝑢𝑦 ∗ 𝑘 ∗ ∑ 𝑤𝑙𝑒𝑣𝑒𝑙4𝑖 ∗ 𝑠𝐸𝑉,   𝑐𝑖

4

𝑖=2
 (13) 

 𝑃𝐼𝐶𝐸 = 𝑃𝑏𝑢𝑦 ∗ 𝑘 ∗ ∑ 𝑤𝑙𝑒𝑣𝑒𝑙4𝑖 ∗ 𝑠𝐼𝐶𝐸,   𝑐𝑖

4

𝑖=2
 (14) 

where 𝑃𝑏𝑢𝑦 and 𝑃𝑑𝑒𝑓𝑒𝑟 are the probabilities for buying a vehicle or deferring the purchase. The 

weight for Level 3 and Level 4 for criterion 𝑖  are denoted by 𝑤𝑙𝑒𝑣𝑒𝑙3𝑖  and 𝑤𝑙𝑒𝑣𝑒𝑙4𝑖 . Scores 

calculated in (2)-(5) and (7)-(10) are used in (11)-(14). The factor for tuning the agent-based model 

is denoted as 𝑘.   

5.2.2 Charging Station Development Model 

Charging stations provide the potential for EV owners to charge vehicles at high speeds 

but can contribute added stress to the distribution grid. The rating of charging stations could range 

from 20 kW to the megawatt level. The development of charging stations and EV adoption also 

influence each other.  

Three factors are considered to decide when and where the charging stations will be 

located. The first factor is the type of land use. Shopping malls, hotels and office buildings are 

usually preferred sites for charging stations. The second factor is the number of EVs in the nearby 

area. Charging stations located in an area that has a relatively high density of EV may be utilized 

more and can further accelerate the EV adoption. The third factor is the distance to three-phase 

utility service. Charging stations can draw considerable amounts of power from the grid and 

therefore are usually connected to three-phase feeders. Shorter distances to three-phase poles 

reduces the extra cost for feeder connection and avoids excessive costs to upgrade single or two-
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phase laterals. Moreover, three-phase poles are usually along main roads, which is desired for cars 

passing by and charging. The algorithm for the charging station location forecast is discussed in 

the next section.  

 

5.3 EV Diffusion Algorithms and Model Calibration 

This section introduces the algorithms developed for the agent-based EV diffusion and 

model calibration with forecast based on EV registration data using Monte Carlo analysis. The 

overall structure of the agent-based EV diffusion modeling is shown in Fig. 5.4. For an N-year 

simulation, the market is updated every year followed by two algorithms: one for the charging 

station development and one for the customer EV adoption. The N-year simulation is then run 

repeatedly with random seeds in Monte Carlo analysis to obtain the most likely results for model 

calibration. 

 
 

Figure.5.4  The Overall Structure of the Agent-Based EV Diffusion Model 
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An example scenario that better illustrates the EV diffusion agent-based simulation 

approach is shown in Fig. 5.5. The GIS property parcels overlay with the feeder topology to 

provide the basis for a feeder specific EV diffusion forecast for distribution planning. Triangles 

represent distribution transformers: blue for three-phase and black for single or two-phase 

transformers. Therefore, when and which transformer the new EV load will be added to the feeder 

can be linked. Parcel information such as types of land uses, house values and heated area values 

are utilized to parameterize agents. Cyan polygons represent residential houses, yellow areas are 

apartment complex and pink ones are hotels-shopping malls. Small blue dots represent ICE agents 

while red dots are EV agents. Red dots will gradually replace blue dots as EV volume increases 

according to the customer EV adoption algorithm, while the green charging stations will appear 

on parcels based on the charging station development algorithm.  

 

Figure.5.5  Feeder-Level EV Diffusion Algorithm  

 

5.3.1 Customer EV Adoption Algorithm 

The customer EV adoption algorithm is based on the CANE model, as shown in Fig. 5.6. 

First, the information for the EV market, utility strategy and customer neighborhood are gathered 

for the CANE model calculation. Then the probability to purchase EV, ICE or stay with the current 

vehicle are calculated using CANE. The algorithm loops though all the customers annually.   
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Figure.5.6  Customer EV Adoption Algorithm 
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5.3.2 Charging Station Development Algorithm 

Charging stations are developed as the customer adoption evolves and all the potential 

parcels for charging station sites are examined every year, as shown in Fig. 5.7. A score system is 

utilized for the charging station development. The score is calculated based on local EV 

penetrations, types of land use and distance to three-phase poles.  Shopping malls, schools, office 

buildings and medical areas have the highest score; church, clubs, parks, nursing homes are the 

next highest while vacant parcels have the least score. Higher scored parcels that exceed the 

threshold will be converted into charging station locations. 

 

Figure.5.7  Charging Station Development Algorithm 
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5.3.3 Model Calibration using Monte Carlo Analysis  

Monte Carlo analysis is deployed to obtain the most likely results from the stochastic agent-

based simulation as well as calibrate the agent-based model. The agent-based EV diffusion model 

has many random and stochastic parameters. For example, the customer EV adoption is based on 

probabilities calculated for actions using the CANE model. In order to obtain the most likely results 

from the stochastic adoption process, Monte Carlo method is introduced to repeat the agent-based 

simulation with random seeds. In addition, the Monte Carlo analysis is applied to calibrate the 

agent-based model to a guideline: such as a regional forecast curve for EV registration. The median 

of the Monte Carlo simulation results can be then compared to the guideline for model calibration. 

In the example study below, the EV diffusion for an actual feeder over a 30-year planning 

timeframe is run 500 times. Then the model is calibrated with the area forecast based on cumulative 

EV registration data [96] that has been scaled down to number of customers on one feeder. Ideally, 

the proposed agent-based EV diffusion method can be applied on feeders in one area and calibrated 

towards the area forecast directly without any scales. 

 

5.4 Distribution Feeder EV Impact Analysis 

The agent-based EV diffusion model provides a forecast of when and where EV home 

chargers and charging stations could connect to a specific distribution circuit. In order to convert 

this forecast into a circuit loading impact, the load profiles for both home and station charging 

need to be incorporated. This can then be followed by an analysis of the distribution circuit impact 

and subsequent mitigation recommendations.  
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5.4.1 EV Home Charging and Station Charging Load Profiles  

Home charging is convenient but limited to 20 kW for Level 2 chargers. Daily profiles of 

EV home charging obtained from [97] are analyzed and used in the example study shown in Fig. 

5.8. Residential customers often charge their cars when they arrive home after work or extended 

trips. Common hours for weekday home charging occur around 19:00, which gets pushed back to 

later times for weekends, as illustrated in Fig. 5.8.   

 

Figure.5.8  Home EV Charging Hour Histogram  

 

EV charging station profiles are required for the impact analysis as well. Actual charging 

event measurements, which can be obtained from public resources like [98], are used for the 

following example analysis. A histogram for the charging event start hour is shown in Fig. 5.9. It 

can be seen that most EV charging station activities occur during the noon period and charging 

continues into the late evening hours.  

 

Figure.5.9  Station Charging Events Start Hour Histogram 
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5.4.2 Distribution Impact Analysis and Plan for Improvements 

With the feeder-specific EV diffusion forecast, more targeted upgrades and mitigation 

strategies can be planned to accommodate the increasing EV load. Quasi-static time-series power 

flow analysis can be utilized to quantify the EV load impact.  Specific impacts analysed are as 

follows: 

1) Annual Energy, Losses and System Peak Impact 

Distribution system losses can be estimated more accurately with the locations and growth 

rate of EV loads forecasted from the agent-based model. Increased energy sales and added peak 

demand can also be quantified.  

2) Annual Load Factor Impact 

The annual load factor measures the utilization efficiency of the distribution system and 

can be calculated as the average load divided by the peak load during a year. A higher load factor 

is more desirable since it reduces the cost to serve electricity in terms of both capital and 

operational expenditures. How the increase of EV penetration will affect the annual load factor as 

time goes can be evaluated with the agent-based model results. 

3) Substation Capacity Impact 

Substation upgrades are expensive investments which a utility would like to defer if 

possible. With the proposed EV diffusion analysis, it is possible to estimate when the substation 

will need upgrades and then come up with mitigation methods enabled by better location 

information to defer the upgrade.   

4) Customer Distribution Transformer Impact 

Distribution transformers, which were initially installed decades ago, will experience 

overloading and accelerated aging due to the increased EV charging load. In order to estimate the 
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life of customer distribution transformers, one needs to know the locations of EV charging loads 

by connected transformers and the rate of load growth. The loss-of-life of transformers is an 

accumulative process related to temperature and overloading percentage. The analytic model for 

calculating transformer loss-of-life can be developed based on the IEEE standard C57.91 [99][28].  

5) Distribution Line Loading Impact 

Location specific EV diffusion forecast also enables the impact analysis on single and two-

phase lateral loading. Utilities typically have additional criteria for single and two-phase lateral 

loading in addition to the conductor’s thermal limit. This can be for protective device sizing and 

coordination, better reliability, loss reduction and load balancing [100]. For primary distribution 

lines, conductor loading should be limited to 80% of the capacity. In the example study, single and 

two-phase conductor loading is limited to 80 amps and the three-phase loading limit is set to 80% 

of the thermal rating. 

6) Voltage Regulation Impact 

Excessive EV charging load may also cause low-voltage issues for the distribution system. 

According to the ANSI standard limit, the voltage should be maintained within ± 5% of the 

nominal value for residential customers. In addition, large charging station loads may adversely 

affect voltage regulation controls. 

 

5.5 EV Distribution Planning Case Study 

Case studies based on an actual distribution feeder are used to illustrate the application of 

the proposed agent-based EV diffusion forecasting methodology. The agent-based model is 

programmed using Java in Repast Simphony [4] and the distribution impact analysis is performed 

using quasi-static power flow in OpenDSS [101]  for 30-years with 15-minute intervals. The feeder 
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topology (triangle dots) overlaps on the associated GIS parcels (polygons) map is shown in Fig. 

5.10. Blue triangles are three-phase backbone transformers and black triangles are single or two-

phase transformers. Cyan parcels are residential homes and yellow ones are apartment complexes. 

Pink parcels are the most likely areas for EV charging stations including shopping centers, hotels, 

schools, office buildings and medical areas. White parcels are secondary options including 

churches, clubs, parks and nursing homes. The study feeder is a 12.47 kV circuit with a 3-mile 

primary backbone, 300 customer distribution transformers and 1240 customers. It is assumed that 

every residential customer has two vehicles.  

 

Figure.5.10 GIS Property Parcel Overlay with Feeder Topology 

 

5.5.1 Agent-Based EV Diffusion Model Results and Validation  

The agent-based EV diffusion model is configured for a 30-year analysis with CANE 

model parameters shown in Table 5.2 and logistic regression model parameters shown in Table 
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5.3. Monte Carlo simulation involves 500 runs and the agent-based EV diffusion model is 

calibrated with a scaled-down forecast based on EV registration data [96].  

Table 5.2  CANE Model Parameters 

𝛼1 ∶ 0.4 𝛾1 : 0.1  ∶ 100 𝑖 ∶ 5% 𝑚1 : 1 mile 

𝛼2 ∶ 0.8 𝛾2 : 0.9 𝑘 : 0.4 𝑛 ∶ 5 year 𝑚2 : 1 mile 

Home Charger Cost: $1000 Fuel Price Trend: [102] 

Maintenance ($/mile): 0.061(ICE) 0.026(EV, 3miles/kWh) 15,000 mile/yr. 

 

Table 5.3  Attractiveness Logistic Regression Coefficients 

Age (𝛽1) 0.010374     

Family Size (𝛽2) 0.001897     

Income Dummy 

(𝛽3) 
-1.27002 -0.68168 -0.38681 0.170506 0.59211 

Education Dummy 

(𝛽4) 
-0.88103 -1.10332 -0.46057 0.261457 0.607559 

Urban 

Dummy(𝛽5) 
-0.56766 -1.00823    

State Dummy (𝛽6) 0.075482 (for NC)    

Intercept (𝛽0) -1.57589     

 

Results of the EV diffusion forecast for this circuit model are shown in Fig. 1.3 for Years 

1, 5, 10 and 30. It can be seen that EV adopters are showing up in clusters in Year 5 and Year 10 

due to the neighbor influence. The forecast shows a charging station is built within 5 years and 

located on the parcel of a medical office building with apartments nearby. The second and third 

charging stations are placed at a hotel-shopping center and a school respectively within 10 years.  

The results of the Monte Carlo analysis is compared to the scaled-down existing forecast 

[96] in Fig. 5.12. The forecast is scaled down for the population size of this feeder shown as the 

red line. Green boxes represent the total number of EV adopters and red boxes show the number 
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of EVs with Level 2 home chargers. It can be seen that the results of the agent-based simulation 

match very well with the existing data forecast. 

 

Figure.5.11 EV Adoption Monte Carlo Analysis Results 

 

5.5.2 Distribution Feeder Impact Analysis Results 

Case 1 evaluates the impact of the EV charging load on the grid with respect to a no-EV 

Base Case. The feeder simulation results are shown in Table 5.4. The EV load contributes to 34% 

increase in peak, 33% increase in energy and 49% increase in losses in 30 years. The peak demand 

increase may overload the substation depending on the adjacent feeders, which will require an 

expensive upgrade. No primary circuit over or under-voltage violations occur for this system.  

Table 5.4  Feeder Impact Analysis Results 

Case Base Case 1 
Final 

Change Case description 
No EV 

(Yr. 30) 
Yr. 5 Yr. 10 Yr.20 Yr. 30 

Peak (kW) 6,936 6,993 7,065 8,348 9,297 2,361 

Energy (MWh) 23,371 23,756 24,638 28,639 30,977 7,606 

Losses (MWh) 669 707 755 875 998 329 

XFMR Replacement 9 8 16 49 97 88 

# of 1Ø or 2Ø > 80A 0 0 4 26 35 35 

Feeder Load Factor 0.385 0.388 0.398 0.392 0.380 -0.005 

Note: No load growth apart from EV is considered given the energy efficiency improvement 

programs. It also makes it a clearer case for EV analysis 
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The annual load factor increases slightly for Years 5 and 10, but starts to drop at Year 20, 

and eventually drops below the no-EV Base Case at Year 30. The charging load fills in the non-

system peak without adding too much to the peak and improves the load factor at a lower EV 

penetration level. As the penetration gets higher, the aggregate EV load contributes more to the 

annual system peak, which makes the load factor worse.     

EV penetration will also accelerate transformer aging, leading to the need for additional 

transformer replacements. Without the EV load, the original circuit load over 30 years only results 

in 9 replacements. With the EV load, the number of transformers replacements in this circuit 

increases to 97. This equates to about one third of the distribution transformers needing to be 

replaced in the circuit.  

The analysis also shows that a number of single and two-phase laterals need to be upgraded. 

The number of single-phase and two-phase lines that have loadings over 80A increased from 0 to 

35 for a total upgrade of 12, 272 ft. Line upgrade projects can be expensive ranging from $600k 

to $1, 000k per mile [103].  

5.5.3 EV Price and Charging Station Sensitivity Scenarios 

Case 2 considers the sensitivity of the forecast to the EV price factor and results are in 

TABLE 5.5. The EV price is estimated to decrease about 40% by the end of the 30-year analysis 

in Case 1. Case 2 considers a more conservative scenario of a 20% decrease in EV price. One can 

see from Fig. 5.13 (a) that the total EV adoption and home charger count is reduced by about 30% 

for Case 2. There are slight decreases for system peak (-11%) and energy (-7%) as well. The count 

of transformers that need to be replaced decreases from 97 to 61 (-37%). However, the stress from 

EV is still significant compared to the Base Case.  
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Table 5.5  Feeder Impact Results Comparison 

Case  Base Case 1 Case 2 Case 3 

Case Description No EV With EV 20% Down No Station 

Peak (kW) 6,936 9,297 8,288 9,283 

Energy (MWh) 23,371 30,977 28,793 30,631 

Losses (MWh) 669 998 899 1,070  

Xfmr Replaced 9 97 61 165 

# of 1Ø or 2Ø > 50A 0 35 27 39 

Load Factor 0.385 0.380 0.397 0.377 

 

  

Figure.5.12  Scenario Analysis Diffusion Results (a) Case 2 (b) Case 3 

 

Case 3 evaluates the impact of not having any charging stations installed and results are in 

Table 5.5. Without having any charging station installed, Case 3 forecasts only slightly less (about 

4%) EV adopters compared to Case 1, as illustrated in Fig. 5.14 (b). However, EV adopters now 

have Level 2 home chargers installed instead of having the option to charge at local charging 

stations. With all EVs charging from home through distribution transformers, the transformer 

replacement count increased 70% (from 97 to 165). In addition, there is also about 7% more losses 

and 11% more overloaded branches compared to Case 1. The peak and energy are slightly 

increased as well. One can see that the utility is better off having a few optimally located charging 

stations in place as opposed to customers installing their own chargers. By installing charging 

(a) (b) 
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stations, the system losses, overloading on distribution transformer and branch conductors can be 

reduced and alleviated.  

 

5.6 Conclusion 

This chapter proposes an agent-based diffusion model to analyze when and where EV and 

charging stations will appear on an electric power distribution feeder. A new customer-oriented 

distribution-planning framework is also introduced to help distribution planners forecast EV 

diffusion, estimate the feeder impact and make decisions on mitigation methods. A customer 

adoption model CANE is developed with logistic regression embedded considering car age, EV 

attractiveness, neighbor influence and customer economics. Feeder modeling is combined with 

GIS parcel data to enable a feeder-specific locational forecast for distribution planners. Monte 

Carlo analysis is performed to calibrate the stochastic model.   

The developed diffusion methodology and framework are demonstrated via a case study 

on an actual distribution feeder. With the diffusion results, the EV impact for a 30-year horizon is 

analyzed through time-series power flow analysis. There is about a 34% increase in the peak and 

energy and a 49% increase in losses for the feeder studied. One third of transformers on the feeder 

need to be replaced which is about 10 times greater than the no-EV Base Case. Two additional 

scenario studies are presented which consider impacts of a slower EV price drop and a no-charging 

stations situation. The results show that the stress to the feeder decreases with a slower EV price 

drop but is still significant. In addition, a utility can alleviate EVs’ adverse impact on distribution 

transformers, branch conductors and system losses by installing charging stations at an early stage 

as opposed to letting EV owners install their own chargers at home. The use of this framework for 

evaluating a wider range of mitigation strategies will be the focus of future work.   
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 Optimal Distribution System Horizon Planning for Residential EV 

Considering Customer Responsiveness Using Dynamic Programming 

 

6.1 Introduction 

ransportation electrification generates significant loads as well as challenges to the 

electricity grid. The distribution system will be the first to experience the challenges since most 

electric vehicle drivers do more than 80% of charging at home due to the convenience and 

inexpensiveness [104]. The impact of residential EV charging on the distribution grid include 

potential substations overload, increase in system peak and losses, and accelerating distribution 

transformers aging [17]–[19]. Many EV managed charging programs such as special EV rate and 

demand response have been proposed, studied and implemented in pilot projects trying to alleviate 

issues of residential charging [21]–[24], [105], [106]. All of these EV managed charging programs 

require customers’ involvement and customers’ responsiveness as the keys to success. However, 

higher customer response usually requires higher incentives, which means a higher cost to the 

utility. Distribution planners face the problem of how to utilize the managed charging programs to 

minimize the cost, including not only distribution system cost but also customers compensation 

while maximize the mitigation performance. Therefore, a customer-oriented distribution planning 

method is needed to evaluate various EV managed charging programs and optimize the distribution 

system planning cost to better accommodate future EV loads. 

6.1.1 Literature Review 

EV managed charging programs can benefit customers by reducing energy bills and 

utilities by mitigating the potential EV charging impact, even leading to more cost efficient grid 

operation [20]. There are two types of managed charging strategies. One is indirectly managing 

the charging by appropriate rate structures such as time of use (TOU) rate, dynamic rate and 

demand charge rate.  Another strategy is a more direct charging management like smart charging, 

T 
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which can be in various forms including demand response, one-way controlled charging or 

vehicle-to-grid [21]. Existing practices among utilities in US or Europe using direct or indirect 

managed charging strategies are reviewed and summarized in [21]. A decentralized optimal 

demand-side management of EV charging is proposed to flatten the load cure of every distribution 

transformer in [22]. A demand response strategy is proposed to minimize the impact of charging 

EVs on a distribution circuit in [23]. A centralized control algorithm is described to mitigate the 

thermal and voltage issued caused by EV in [24].  However, existing literature does not consider 

the long-term comprehensive distribution system planning cost and the optimal amount of 

customer responsiveness needed. Neither is the cost for the customer participation integrated into 

the objective when solve for the managed charging strategy.   

Optimal distribution system horizon planning oversees a horizon for 20+ year period to 

minimize the net present cost of total investment and operation [107], [108]. A comprehensive 

distribution system planning considers substation and distribution transformer capacities, 

distribution feeders and voltage.  The review study in [107] pointed out that although much 

research has been done in the area of distribution planning, these studies fail to approach planning 

in a way that takes advantage of distributed energy resources (DERs), new loads including EV, 

and intelligent distribution management system. A feeder investment model for distribution system 

planning including energy storage is presented in [109]. This chapter fills in the gap by proposing 

a method to provide the optimal distribution system horizon planning considering the growing EV 

load, EV customers’ responsiveness and the associated cost.  

Customer responsiveness is the key to the success of most of the EV charging management 

strategies. Utilities offer incentives to drive customers to participate in the program to reduce 

system cost. Meanwhile, higher participation and response rates are usually associated with higher 
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compensation payments to customers. An optimal customer responsive rate that demonstrates this 

trade-off needs to be resolved by utilities. Compensation methodologies for three demand 

responsive programs in US are presented in [25]. An incentive design for a demand response with 

targeted reduction in a diverse set of buildings is proposed in [26]. Customer acceptance and 

response to time-based rate and price are introduced in [27]. However, there is a gap for integrating 

customer responsiveness and compensation cost integrated with the distribution system horizontal 

planning to create a more efficient grid considering future EV charging load.  

6.1.2 New Strategy for EV Planning 

This chapter proposes an optimal distribution system horizon planning method to 

accommodate the future residential EV charging load considering customer responsiveness. 

Optimal customer response rates for the planning horizon is solved using dynamic programming 

to minimize the net present value of the total traditional distribution cost and EV managed charging 

program expenses. The distribution system impact of three charging management strategies – TOU 

rate, charge by departure time and smart charging, are investigated with a real distribution feeder.  

Previous work on EV diffusion analysis using agent-based simulation has been adopted to provide 

EV load growth forecast for the case study presented in this chapter. Comprehensive traditional 

distribution costs have been considered including high voltage substation and low voltage 

distribution transformer upgrades, feeder upgrades and reconfiguration and annual system peak 

and losses.   

The rest of the chapter is organized as follows. Section II introduces the optimization 

problem formulation. Section III presents the solution methodology of dynamic programming. 

Section IV provides a case study on a sample feeder that illustrates the application of the proposed 

optimization method. Section VI summarizes the chapter as well as future work.  
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6.1.3 Nomenclature 

 

𝐶𝑝𝑒𝑎𝑘𝑖
 Cost of the increased annual peak kW by EV load at year 𝑖.  

 

𝐶𝑙𝑜𝑠𝑠𝑖
 Cost of the increased annual loss MWh by EV load at year 𝑖.  

 

𝐶𝑠𝑢𝑏𝑖
 Annualized cost of substation upgrade at year 𝑖. 

 

𝐶𝑥𝑓𝑚𝑟𝑖
 Cost of transformer replacement at year 𝑖.  

 

𝐶1Ø𝑙𝑖𝑛𝑒𝑖
 Cost of single or two-phase line upgrade at year 𝑖. 

 

𝐶3Ø𝑙𝑖𝑛𝑒𝑖
 Cost of three-phase line upgrade at year 𝑖. 

 

𝐶𝐼𝑛𝑐𝑒𝑛𝑡𝑖
 Cost of incentivizing customers to response in the EV managed charging 

program at year 𝑖. 
 

𝐶𝑝𝑐𝑖
 Cost of changing the program that happens on year 𝑖, applied on year 𝑖 + 1. 

  

𝑅𝐸𝑉, 𝑖 Customer response rate for the EV managed charging program at year 
𝑖, %. 
 

𝑃𝑒𝑎𝑘𝑖 Increased annual peak kW by EV load at year 𝑖. It is a function of 𝑅𝐸𝑉, 𝑖.  
 

𝐿𝑜𝑠𝑠𝑖 Increased annual loss MWh by EV load at year 𝑖. It is a function of 𝑅𝐸𝑉, 𝑖. 
  

𝑁𝑥𝑓𝑚𝑟𝑖 Number of distribution transformer need to be replaced due to the EV 
load at year 𝑖. It is an integer and a function of 𝑅𝐸𝑉, 𝑖.  
 

𝐿𝐿𝑒𝑛1Ø𝑖 Length of the single or two-phase line upgrade at year 𝑖. 
 

𝐿𝐿𝑒𝑛3Ø𝑖 Length of the three-phase line upgrade at year 𝑖. 
 

𝑈𝑝𝑔𝑖𝑑𝑥𝑖
 Binary index factor indicates whether an upgrade is needed for year 𝑖. 

 
𝐶𝑎𝑝𝑢𝑝𝑔 Substation capacity expansion kVA rating 

 
𝐶𝑎𝑝𝑙𝑖𝑚𝑖𝑡 Substation capacity limit in kVA. 

 
𝐵𝑎𝑠𝑒𝑘𝑊 Annual peak kW when there is no EV. 

 
𝐿𝑜𝑠𝑠𝐵𝑎𝑠𝑒𝑘𝑊 Annual loss MWh when there is no EV. 

 

FCR Fixed capacity recovery factor. 
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𝑝𝑝𝑒𝑎𝑘 Price for annual peak $/kW. 
 

𝑝𝑒𝑛𝑒𝑟𝑔𝑦 Price for losses $/MWh. 
 

𝑝𝑠𝑢𝑏 Price for substation upgrade $/kVA. 
 

𝑝𝑝𝑐 Price for changing EV managed charging program $. 
 

𝛼 Discount factor. 

 

∆𝑖 Customer response rate change from year i − 1 to year 𝑖. 
 

N Planning Study Horizon in Years. 
 

𝑇𝐻𝑆 Winding hottest-spot temperature, °C. 

 

𝑇𝐴 Average ambient temperature, °C. 

 

∆𝑇𝑇𝑂 Top-oil rise over ambient temperature, °C. 

 

∆𝑇𝑤 Winding hottest-spot rise over top-oil temperature, °C. 

 

K Ratio of load to rated load, per unit. 

 

R Ratio of load loss at rated load to no-load loss. 

 

∆𝑇𝑇𝑂,𝑈 Ultimate top-oil rise, °C. 

 

∆𝑇𝑤,   𝑈 Ultimate winding hottest-spot rise, °C. 

 

∆𝑇𝑇𝑂,𝑖 Initial top-oil rise, °C. 

 

∆𝑇𝑤,𝑖 Initial winding hottest-spot rise, °C. 

 

𝜏𝑇𝑂 Oil time constant of transformer for any load. 

  

𝜏𝑤 Winding time constant at hot spot location. 

 

FAA Aging acceleration factor. 

 

LoL Transformer loss of life. 

 

∆𝑡 Time interval, h. 
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6.2 Problem Formulation 

The objective of the problem is to minimize the cost to serve the increasing EV load from 

utility’s standpoint by proposing the optimal customer responsiveness requirement for a planning 

horizon of 20+ years. This section first introduces the cost considered in the distribution system 

horizon planning for EV and then presents the problem formulation. 

6.2.1 Distribution System Horizon Planning Considering EV Load and Customer 

Responsiveness 

1) Substation Transformer Capacity Upgrade 

A substation may need upgrade if the increased EV loads lead to capacity overloading. In 

order to account for future growth, the upgrade project usually involve upgrading the circuit to 

1.25 to two times of its original capacity. This could be an expensive investment a utility would 

like to defer if possible. The average marginal cost for transformers and substations is $140/kW 

[16]. The annual charging to own the substation upgrade or deferral benefit per kW can be 

calculated as the marginal cost times the fixed capital recovery factor (FCR). FCR be calculated 

based on interest 𝑖 and number of years 𝑛. Note that if a upgrade project is deferred, then the 

avoided payment is treated as if it is avoided forever[110].  

2) Distribution Transformer Upgrade 

Residential EV charging connects to the grid through distribution transformers located in 

neighborhoods. A distribution feeder can include hundreds of these transformers. A utility needs 

to replace these distribution transformers when they reach the end of life and may upgrade it to a 

larger size to account for future load growth if needed. The increased EV charging load may also 

accelerate transformer aging especially with high power charging. The life of the transformer 

relates closely to temperature, transformer overloading percentage and duration. The analytic 
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model for transformer loss of life is built according to the IEEE standard C57.91 [99] and report 

[111]. The normal insulation life is 180,000 hours. Equations (15)-(21) are used to model the 

transformer loss-of-life (LoL): 

 

 𝑇𝐻𝑆 = 𝑇𝐴 + ∆𝑇𝑇𝑂 + ∆𝑇𝑤 (15) 

 ∆𝑇𝑇𝑂,𝑈 =  ∆𝑇𝑇𝑂𝑅 ∗ (
𝐾2𝑅 + 1

𝑅 + 1
)𝑛 (16) 

 ∆𝑇𝑤,𝑈 = (∆𝑇𝑤𝑅 − ∆𝑇𝑇𝑂𝑅 + 15) ∗ (𝐾2)𝑚 (17) 

 ∆𝑇𝑇𝑂 = (∆𝑇𝑇𝑂,𝑈 − ∆𝑇𝑇𝑂,𝑖) (1 − 𝑒
∆𝑡

𝜏𝑇𝑂) + ∆𝑇𝑇𝑂,𝑖 (18) 

 ∆𝑇𝑤 = (∆𝑇𝑤,𝑈 − ∆𝑇𝑤,𝑖) (1 − 𝑒
∆𝑡
𝜏𝑤) + ∆𝑇𝑤,𝑖 (19) 

 

 
𝐹𝐴𝐴 = exp (

15000

383
−

15000

𝑇𝐻𝑆 + 273
) (20) 

 𝐿𝑜𝐿 =
𝐹𝐴𝐴 ∗  ∆𝑡 

𝑁𝑜𝑟𝑚𝑎𝑙 𝐼𝑛𝑠𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝐿𝑖𝑓𝑒
 (21) 

 

3) Feeder Upgrade 

Feeder upgrades based on  accepted utility practices are utilized in this chapter’s analysis  

[100].  Single and two-phase loading is subject to a lower ampere limit, such as 50 A, in addition 

to the thermal constraint in order to provide greater reliability and improving load balance.  This 

lower ampere limit also improves protective device sizing, protection coordination, and loss 

reduction. Upgrades to three-phase will be recommended for violated single or two-phase lines. 

For planning purposes, primary distribution line conductor loading should be limited to 80% of 

the capacity. For distribution circuits supporting open tie switches for load transfer capacity, the 

loading should not be over 50% of the capacity. According to [112], the cost of a distribution three 

phase feeder can range from $55,000 to $500,000 per mile with an average cost of $150,000 per 

mile. Lateral lines cost between $5 to $15 per kW-mile overhead and direct buried underground is 

priced between $30 to $100 per kW-mile ducted. 
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4) System Peak and Losses 

The increased EV charging load may contribute to annual system peak and losses as well. 

When EV loads are coincident with the system yearly peak, utility may need to turn on or purchase 

power from very expensive peak power plants only to serve this extra load. The additional system 

losses should also be part of the cost for the utility to serve the added EV loads. The concept of 

avoided cost for system demand and energy are utilized to monetize this part of the cost. According 

to an energy efficiency study for multiple electric distribution companies [113], the avoided peak 

capacity cost is around $55/kW and the avoided energy cost is $51/MWh.   

5) Customer Responsiveness Cost Model 

In addition to the traditional distribution planning cost, cost associated with customer 

response in EV managed charging programs should also be considered.  EV charging management 

strategies can be utilized to deliver a potentially more efficient grid and mitigate adverse impacts 

caused by the EV charging loads. However, higher customer participation usually means more 

cost as well. The relationship between customer acceptance and incentive cost can be obtained by 

a customer behavior study like [27]. An exponential relationship is used in the example presented 

in this chapter as shown in (22): 

 

 𝑝𝐼𝑛𝑐𝑒𝑛𝑡 =  𝑏 + 𝑘 ×  𝑅𝐸𝑉
ℎ (22) 

 

where 𝑝𝐼𝑛𝑐𝑒𝑛𝑡 denotes the annual incentive payment to customers by the utility to drive 𝑅𝐸𝑉% EV 

customers to participate and response in the EV charging management program. Apart from the 

customer compensation cost, there will also be expenses related to the study, design, getting the 

new rate or program permitted.     
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6.2.2 Optimal Distribution System Horizon Planning Problem Considering EV 

Customer Responsiveness Formulation Model 

Based on the discussion of the previous section, the optimal distribution system horizon 

planning model can be formulated considering EV customer responsiveness. The objective is to 

minimize the net present value of both the traditional distribution planning and EV program 

implementation cost over a long-term of N years.   

 

 
Min 

 
∑ 𝜃𝑖(𝐶𝑝𝑒𝑎𝑘𝑖

+ 𝐶𝑙𝑜𝑠𝑠𝑖
+ 𝐶𝑠𝑢𝑏𝑖

+ 𝐶𝑥𝑓𝑚𝑟𝑖
+ 𝐶1Ø𝑙𝑖𝑛𝑒𝑖

+ 𝐶3Ø𝑙𝑖𝑛𝑒𝑖

𝑁

𝑖=1

+ 𝐶𝐼𝑛𝑐𝑒𝑛𝑡𝑖
+ 𝐶𝑝𝑐𝑖

) 

(23) 

 subject to   

 𝐶𝑝𝑒𝑎𝑘𝑖
= (𝑃𝑒𝑎𝑘𝑖(𝑅𝐸𝑉,   𝑖) − 𝐵𝑎𝑠𝑒𝑘𝑊) × 𝑝𝑝𝑒𝑎𝑘 (24) 

 𝐶𝑙𝑜𝑠𝑠𝑖
= (𝐿𝑜𝑠𝑠𝑖(𝑅𝐸𝑉,   𝑖) − 𝐿𝑜𝑠𝑠𝐵𝑎𝑠𝑒𝑀𝑊ℎ) × 𝑝𝑒𝑛𝑒𝑟𝑔𝑦 (25) 

 𝐶𝑠𝑢𝑏𝑖
= 𝑈𝑝𝑔𝑖𝑑𝑥𝑖

× 𝑝𝑠𝑢𝑏 × 𝐶𝑎𝑝𝑢𝑝𝑔 × 𝐹𝐶𝑅 (26) 

 𝑈𝑝𝑔𝑖𝑑𝑥= 1 if 𝑃𝑒𝑎𝑘𝑖(𝑅𝐸𝑉,   𝑖) >  𝐶𝑎𝑝𝑙𝑖𝑚𝑖𝑡 (27) 

 𝑈𝑝𝑔𝑖𝑑𝑥= 0 if 𝐶𝑎𝑝𝑙𝑖𝑚𝑖𝑡 ≤  𝑃𝑒𝑎𝑘𝑖(𝑅𝐸𝑉,   𝑖)  (28) 

 𝐹𝐶𝑅 =  
𝑖 × (1 + 𝑖)𝑛

(1 + 𝑖)𝑛−1
 (29) 

 𝐶𝑥𝑓𝑚𝑟𝑖
= 𝑁𝑥𝑓𝑚𝑟𝑖(𝑅𝐸𝑉,   𝑖) × 𝑝𝑥𝑓𝑚𝑟 (30) 

 𝐶1Ø𝑙𝑖𝑛𝑒𝑖
= 𝐿𝐿𝑒𝑛1Ø𝑖(𝑅𝐸𝑉,   𝑖) × 𝑝1Ø𝑙𝑖𝑛𝑒 (31) 

 𝐶3Ø𝑙𝑖𝑛𝑒𝑖
= 𝐿𝐿𝑒𝑛3Ø𝑖(𝑅𝐸𝑉,   𝑖) × 𝑝3Ø𝑙𝑖𝑛𝑒 (32) 

 𝐶𝐼𝑛𝑐𝑒𝑛𝑡𝑖
=  𝑝𝐼𝑛𝑐𝑒𝑛𝑡(𝑅𝐸𝑉,   𝑖) × 𝑁𝐶𝑢𝑠𝑡 × 𝑅𝐸𝑉,   𝑖 (33) 

 ∆𝑖= |𝑅𝐸𝑉,   𝑖 − 𝑅𝐸𝑉,   𝑖−1|, (34) 

 𝐶𝑝𝑐𝑖
=

∆𝑖

∆𝑖
× 𝑝𝑝𝑐 (35) 

 𝜃 = 1 ÷ (1 + 𝛼) (36) 

 0 ≤ 𝑅𝐸𝑉,   𝑖 ≤ 100% (37) 

 𝑁𝑥𝑓𝑚𝑟𝑖 ∈ ℤ (38) 

 

where 𝑅𝐸𝑉,   𝑖  is the EV customer responsive rate for year  𝑖 . 𝐶𝐼𝑛𝑐𝑒𝑛𝑡𝑖
 represents the cost for 

incentive payments to customers and  𝐶𝑝𝑐𝑖
 denotes the cost for changing the program to achieve a 
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different customer responsive rate. Equation (24)-(32) captures the traditional distribution system 

planning cost at a customer response rate 𝑅𝐸𝑉,   𝑖 for year 𝑖. Equations (33)-(35) account for the EV 

managed charging strategy cost.  

 

6.3 Solution Methodology Using Dynamic Programming 

In order to solve for the optimization problem formulated in the previous section, first the 

distribution system impact of residential EV charging at different customer responsive levels needs 

to be studied. Then the optimal customer responsiveness required to achieve the minimum total 

utility cost to serve the additional EV load can be solved using dynamic programming.  

6.3.1 Residential EV Charging Distribution System Impact with Different Customer 

Responsiveness Levels 

Utility residential EV charging management strategies can be categorized into two: indirect 

such as special EV rate and direct like demand response and smart charging [21]. Three types of 

EV managed charging strategies are selected and studied given the popularity and implementation 

potential. In addition, the selected strategies are trying to cover the possible residential load control 

at different degrees.  

1) TOU Rate Program 

Strategy 1 is the TOU rate, which is the simplest way for utilities to encourage customers 

to shift their loads. Typically, there is a peak demand time, which has a higher price, and an off-

peak time when price is lower. The TOU rate is usually designed to be revenue neutral. Customers 

may delay the load until the start of the off-peak times. According to the customer behavior 

analysis in [27], the customer responsiveness is also closely related to the  TOU rate design of the 

peak to valley price ratio. For example, the 4:1 ratio TOU generally has a better effect in demand 
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reduction than 2:1. This strategy works well with a low penetration of EV. However, as the EV 

volume increases, then a secondary peak may occur since customers are trying to start all together 

at the off-peak time. 

2) Charge by Departure Program 

Strategy 2 can help ease the second peak problem caused by the TOU rate when the EV 

penetration is high. The goal is to schedule the end of charging by departure time so the start time 

can be staggered [21]. This is a relatively simple control method. No communication is needed. A 

program can be designed, and customers are incentivized to opt in or out.  A time controller is 

needed which can schedule the charging by getting the customer departure time.   

3) A Smart Charging Control Program 

Strategy 3 represents a more complex control for residential charging. Residential charging 

will be planned to fill the valley of a given load profile so the charging can be finished before the 

departure time the customer indicated. Two-way communications will be needed since the 

customer side needs the load profile or valley time to plan for the charging.  Also, the aggregator 

or the upper level controller needs to gather the scheduled charging in order to get the load profile 

updated. A well-designed real time pricing strategy can also achieve this.  

6.3.2 Dynamic Programming Problem Formulation 

Dynamic programming has the advantage of solving complicated problems that can be 

broken down into stages in a recursive manner [114]. For the problem formulated in the previous 

section, dynamic programming can be applied to solve for the optimal customer responsive rate of 

each year for the planning horizon. The formulation of the dynamic programming regarding stage, 

state and action definitions as well as the recursive equation (39) and others is as follows: 
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• Stage: Year 𝑖, 𝑖 = 1 … 𝑁 

• State:  𝑅𝐸𝑉,   𝑖, EV electricity price at year 𝑖 

• Action: ∆𝑖, EV electricity price change at year 𝑖 that will be applied on year 𝑖 + 1 

• 𝑓𝑖(𝑅𝐸𝑉,   𝑖):The minimum cost from year 𝑖 to year N with customer response rate 𝑅𝐸𝑉, 𝑖 at year 

𝑖 

• Recursive equation: 

 

𝑓𝑖(𝑅𝐸𝑉,   𝑖): =  min
∆𝑖

 { 𝐶𝑝𝑒𝑎𝑘𝑖
+ 𝐶𝑙𝑜𝑠𝑠𝑖

+ 𝐶𝑠𝑢𝑏𝑖
+ 𝐶𝑥𝑓𝑚𝑟𝑖

+ 𝐶1Ø𝑙𝑖𝑛𝑒𝑖

+ 𝐶3Ø𝑙𝑖𝑛𝑒𝑖
+ 𝐶𝐼𝑛𝑐𝑒𝑛𝑡𝑖

+ 𝐶𝑝𝑐𝑖
+ 𝜃 × 𝑓𝑖+1(𝑅𝐸𝑉,   𝑖 + ∆𝑖 )} 

(39) 

 𝜃 =  
1

1 + 𝛼
 (40) 

• Boundary: 

 

 𝑓𝑁(𝑅𝐸𝑉, 𝑁) = 𝐶𝑝𝑒𝑎𝑘𝑁
+ 𝐶𝑙𝑜𝑠𝑠𝑁

+ 𝐶𝑠𝑢𝑏𝑁
+ 𝐶𝑥𝑓𝑚𝑟𝑁

+ 𝐶1Ø𝑙𝑖𝑛𝑒𝑁
+

𝐶3Ø𝑙𝑖𝑛𝑒𝑁
+ 𝐶𝐼𝑛𝑐𝑒𝑛𝑡𝑁

   

(41) 

• Solve for: 𝑓1(0)   

 

The goal is to solve for 𝑓1(0) which represents the minimum cost from Year 1 to Year N 

starting with customer response rate as zero. The decision variable is the customer responsive rate 

at each year. The zero customer response rate means no EV managed charging program is applied 

and the optimal solution will indicate whether and how much customer response rate are required 

to minimize the utility distribution planning cost over the planning horizon. Note that the cost of 

changing the program for a different responsive rate happens incurs on year 𝑖 will lead to a changed 

response rate implemented on year 𝑖 +1. For example, for the last year N, if the response rate is 
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different from year N-1, the cost of change the program happens in year N-1. This is more realistic 

since it usually takes time to change the program design.  

 

6.4 Optimal EV Managed Charging Program Customer Response Case Study 

The proposed optimal distribution system horizon planning method for residential EV 

charging is illustrated using an actual distribution feeder. Case studies are designed for the three 

EV managed charging strategies described in the previous section. Actual residential charging 

profiles are obtained from [97] as the baseline for managed charging controls. The study feeder is 

a 12.47 kV circuit with a 7 MVA annual peak load, 3-mile primary backbone and 300 customer 

distribution transformers shown in Fig. 6.1 (a). The distribution impact analysis is performed using 

quasi-static power flow in OpenDSS [101] for 30-year at 15-minute interval. The dynamic 

programming is scripted and solved in Python. 

The EV diffusion forecast from the study feeder in the previous chapter is adopted for this 

analysis, as shown in Fig. 6.1(b). It is assumed that three equal size feeders are connected to a 25 

MVA substation. If any substation expansion upgrade is required, the plan is to double the 

substation size by adding another 25 MVA transformer to account for the future load growth. 

Customer distribution transformers will be replaced with new ones that have double the original 

kVA rating if the loss-of-life reaches 100%. Single- and two-phase feeders that have over 80A of 

their thermal loading will be recommended for upgrading to three-phase feeders. The three feeders 

have a limit of 80% of their thermal loadings for planning purposes. 
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(a) 

 

(b) 

Figure.6.1  Feeder Model (a) and EV Customers Forecast for 30 Years (b) 

 

6.4.1 Distribution System Impact Results 

Distribution system impact of the three EV managed charging strategies with various levels 

of customer response rates are obtained from quasi-static time-series power flow analysis using 

OpenDSS. The annual system peak, energy, losses and transformer replacement count are shown 

in Fig. 6.2. Substation upgrade will be required at year 21 if no EV management strategy is applied. 

One can see from Fig. 6.2(a) about how the annual peak changes as the EV penetration increases. 

For Strategy 1 with the TOU rate, higher customers’ response rates can effectively cap the system 

peak until the penetration of EV approaches year 15.  Strategy 2 can keep the peak demand lower 

longer than Strategy 1 until the peak starts to pick up around year 20 for the high customer 

responsiveness case. Strategy 3 achieves the best performance in peak reduction. The higher the 

customer response rate, the more the peak reduction and there is no secondary peak as the 

penetration increases.  

Fig. 6.2(b) shows the energy MWh consumed annually. The electricity sales are increasing, 

and the increase is the same at different customer response rates, which proves that charging 

activities are just being managed and not reduced. Fig. 6.2(c) (d) and (e) presents the annual losses, 

transformer replacement count and single-phase feeder length that need to be upgraded at different 

customer response rates. Strategy 1 and 2 have very similar results for different customer 
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responsiveness levels. Strategy 3 shows decreases and deferral in system losses, transformer 

replacement counts and single-phase line upgrades length as customer response rate increases. 

Based on the distribution impact analysis, there is no three-phase feeder loading and voltage 

violations for the studied feeder.  
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(a-1) 

 
(a-2) 

 
(a-3) 

 
(b-1) 

 
(b-2) 

 
(b-3) 

 
(c-1) 

 
(c-2) 

 
(c-3) 

 
(d-1) 

 
(d-2) 

 
(d-3) 

 
(e-1) 

 
(e-2) 

 
(e-3) 

Figure.6.2  Distribution Feeder Impact Analysis Results for 30 Years (a) System Peak kW (b) 

Energy MWh (c) Losses MWh (d) Transformer Replacement Count(e) Single Phase Upgrade 

Length ft. (1) Strategy 1 TOU rate (2) Strategy 2 Charge by Departure (3) Strategy 3 Smart 

Charging 
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6.4.2 Dynamic Programming Results  

With the distribution system impact analysis results, the formulated dynamic programming 

is solved. Parameters including the cost for peak demand, substation upgrade, energy, transformer, 

line upgrade and EV programs are shown in Table 6.1. The 𝐵𝑎𝑠𝑒𝑘𝑊 and the 𝐿𝑜𝑠𝑠𝐵𝑎𝑠𝑒𝑘𝑊ℎ used 

in (24) and (25) are obtained from the Base Case that has no EV. The discount rate used in the 

study is 10%. The solved optimized customer response rate for 30 years is shown in Fig. 6.3.  The 

minimum cost for the three strategies is $333.1k, $322.3.5k and $315.1k respectively. If there is 

not any EV managed strategy applied, the total distribution cost will be $519.5k.  

Table 6.1  Dynamic Programming Parameters 

N 30 years 

TOU Peak Hour Window 18:00 – 22:00 

𝑝𝑝𝑒𝑎𝑘 $100/kW 

𝑝𝑒𝑛𝑒𝑟𝑔𝑦 $51/MWh 

𝑝𝑥𝑓𝑚𝑟 $500/piece 

𝑝𝑠𝑢𝑏 $150/kVA 

𝑝1Ø𝑙𝑖𝑛𝑒 $30k/mile 

𝑝3Ø𝑙𝑖𝑛𝑒 $150k/mile 

𝑝𝑝𝑟𝑖𝑐𝑒_𝑐ℎ𝑎𝑛𝑔𝑒 $10,000 

𝐵𝑎𝑠𝑒𝑘𝑊 6,933 kW 

𝐿𝑜𝑠𝑠𝐵𝑎𝑠𝑒𝑘𝑊ℎ 682 kWh 

𝛼 10% 

𝑏 10 

ℎ 2 

𝑘 0.01 
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Figure.6.3  Optimal Customer Response Rate 

 

Strategy 3 has the minimum cost and is associated with a 40% customer response rate. 

Although the simulation results show that higher peak demand reduction and more benefits can be 

obtained by a higher customer responsiveness, 40% customer responsive rate at year 30 leads to 

minimum cost over the study period considering overall economic cost aspects. This is due to the 

cost of the incentives needed to drive customers to response. Note that since the Strategy 1 TOU 

rate is usually designed to be revenue neutral, no incentive cost is considered for Strategy 1. 

However, according to [27], the TOU program can achieve about 15% average demand reduction 

at a design of peak to off-peak ratio of 4:1. So, an extra constraint is added for Strategy 1 TOU 

rate which capping the maximum customer response rate at 30%.  

6.4.3 Sensitivity Analysis and Discussion 

Given that there are many assumptions of the cost parameters for the optimization problem, 

sensitivity analyses are conducted to evaluate the impact of changing the key parameters on the 

resulting optimal solutions. The most cost effective managed EV charging Strategy 3 is utilized as 

the example study here. The parameters studied are cost of annual peak kW (𝑝𝑝𝑒𝑎𝑘), customer 

incentive payment (𝐶𝐼𝑛𝑐𝑒𝑛𝑡𝑖
) and cost to change the program (𝑝𝑝𝑐). 
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1) Cost of Annual Peak kW  

The cost of the annual peak kW is varied to examine the impact on the optimal customer 

response rate results as shown in Fig. 6.4. In the previous example,  𝑝𝑝𝑒𝑎𝑘 is equal to $100/kW. 

One can see that the solution is no longer optimal if the peak price is reduced to $85/kW (-15%) 

or increased to $120/kW (20%). As the cost of the peak demand decreases, it becomes less 

expensive to have a higher annual kW than spend money to incentivize customers to reduce the 

annual kW. Therefore, the increase to a higher response rate is delayed. As the cost for peak 

increases, utilities can save the total cost by implementing a higher customer response rate earlier. 

A 20% increase in the peak demand cost will result in a 50% customer response rate at the end of 

the 30-year study compared to the 40% customer response rate.  Even if the cost of peak is doubled, 

the maximum optimal customer response rate is still 50%, which means that it is too expensive to 

drive a higher customer responsiveness compared to the cost of the peak.  

 

Figure.6.4  Cost of Peak Sensitivity Analysis Results 
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2) Incentive Payment to Customers Cost 

The second sensitivity analysis is on the customer incentive payment cost. Fig. 6.5 shows 

the results for varying the cost from -100% to 100%. One can see that the previous solution will 

still be optimal if the change is within ± 15%. As the price to incentivize customers gets higher, it 

would be better to delay the jump to a higher customer response rate level. If the cost decreases 

75%, the final optimal customer responsive rate would be 80% compared to the 40% achieved in 

the original case. This demonstrates that the cost to drive customer response is a very important 

factor in order to get the optimal solution in the proposed model.      

 

Figure.6.5  Customer Incentive Payments Sensitivity Analysis Results 

 

3) Cost to Change the Program  

The cost to change the program has been varied from -100% to 100% ($0 to $20,000) and 

the optimal customer response rate results are plotted in Fig. 6.6. It can be seen from the results 

that the previous policy stays optimal until the cost of program change decreased to $9000 (-10%). 

For the  extreme case when the cost to change the program is $0, there will be more program 

changes happening, but one still ends up with 40% customer response rate at the end of the 30-
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year study. If the cost of the price change is $20,000 (doubled), the previous policy is no longer 

optimal. The increases to a higher customer response rate have been delayed. This is because the 

cost of program changes is so high that it would be cheaper to have a higher cost of distribution 

system and upgrade cost (because of the lower customer response rate) compared to having 

additional program change costs. 

 

Figure.6.6  Cost to Change Program Sensitivity Analysis Results 

 

6.5 Conclusion 

This chapter proposes an optimal distribution system horizon planning methodology to 

accommodate the future residential EV charging load considering customer responsiveness. In 

order to determine the optimal customer response rates that a utility can target to minimize the cost 

to serve the future EV load, an optimization problem is formulated and solved using dynamic 

programming. The optimization objective is to minimize the net present value of utility expenses 

in N years including the cost for additional peak, energy loss, transformer replacement, single-

phase and three-phase line upgrade, substation capacity expansion and EV management charging 

strategy cost such as incentive payments to customers and program design expense.  
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The developed optimal distribution horizon planning model is then demonstrated via a case 

study on an actual distribution feeder. Time-series power flow analysis for a horizon of 30 years 

is performed with three different EV managed charging programs include the TOU rate, charge by 

departure and smart charging in place. The optimal customer response rate is solved in dynamic 

programming for these three EV managed charging programs with a final customer response rate 

required at 30%, 40% and 40%. The minimized cost is $333.1k, $322.3.5k and $315.1k 

respectively, which is a 35% decrease comparing to the total cost of $519.5k if there is no EV 

managed charging strategy applied. A sensitivity analysis is conducted to evaluate the impact of 

cost of annual peak kW, cost to incentivize customers to response and cost to change program. 

The results show that the optimal solution will hold if the change is within in -15% to 20% for the 

cost of peak, -15% to 15% for the cost to incentivize customers to response and -10% to 100% for 

the cost to change the program.  
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 Summary and Future Work 

 

7.1 Summary 

This section summarizes the previous work in assessing grid edge technologies and the 

new distribution planning method proposed for analyzing electric vehicle penetration.  

7.1.1 FREEDM SST Assessment and Cost Benefit Analysis 

A cost-benefit analysis case study for the FREEDM system deployment has been presented 

using three sample utility feeders. The simulations on these feeders also clearly demonstrate that 

the FREEDM system increases DER hosting capacity considerably. These benefits are quantified 

and monetized from the utility perspective that includes avoided energy costs and deferred 

investment in capacity expansion. Other benefits are due to more effective real time monitoring 

and control which is monetized as CVR benefits. The cost-benefit analysis results presented a 

positive net present value for a partial deployment case with less than 5 years’ payback period for 

the sample feeders. The above results indicate that the partial FREEDM deployment is likely to be 

utilized on feeders with moderate DER penetration in the near future. 

7.1.2 Smart Inverter and In-line Power Regulator Assessment and Cost Benefit Analysis 

with comparison to SST 

Three technologies including the MV SST, grid edge regulator and the smart inverter are 

identified as feasible solutions to mitigate the overvoltage issues caused by high PV penetration 

on the distribution grid. By using these technologies, utilities could accommodate a higher 

penetration level of PV on the distribution grid and also achieve a more aggressive conservation 

voltage reduction with respect to avoided demand and energy cost. In order to form the basis for 

an economic comparison, these three technologies are applied on a sample utility feeder circuit 

and the benefits analyzed and quantified via a quasi-static time series simulation. Then, a 
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comprehensive cost benefit analysis has been performed to form a relative economic comparison 

of these three technologies.    

It can be seen from the results that the MV SST shows the greatest net present value with 

3-year payback period for a utility trying to integrate more PV. Other features of the MV SST, 

such as providing DC service, have not been considered in this study. The grid edge regulator has 

a 3.5-year payback period which is very close to the SST. The drawback of the grid edge device 

is that it has to be used together with the traditional AC transformer. The smart inverter deployment 

can have a feasible business case; however, the utility may not have full control of the inverters’ 

operation since it is normally installed and maintained by the customers. 

7.1.3 FREEDM DC House and Cost Benefit Analysis  

Two residential DC house configurations using the FREEDM Solid-State Transformer are 

proposed: FREEDM hybrid house and FREEDM DC house. The financial benefits of the two 

FREEDM configurations were compared to both the present-day AC and retrofit DC house. This 

comparison was based on a simulation test bed that modeled household consumption under a 

variety of loading conditions with an associated cost benefit analysis. 

The results show that indeed the new FREEDM-based configurations considered are 

economically feasible. The FREEDM DC house is estimated to be the most energy efficient 

configuration with the highest NPV among the four types of houses with an IRR higher than 10%. 

The FREEDM DC house shows a positive NPV in both sensitivity analyses for most of the 

situations. The results indicate that the FREEDM DC house is an economical house configuration 

that can be utilized in the future to better integrate rooftop PV and electric vehicles, especially for 

new house construction. 
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A FREEDM hybrid house is more economical than a retrofit DC house in both the PV and 

the EV charging cases, especially the low power EV charging case. For the high power EV 

charging case, the FREEDM hybrid case will be economically feasible if the SST price drops 50%. 

The results show that the FREEDM hybrid concept is good for existing house upgrades since all 

legacy load devices can maintain the AC connection while PV and EV can be connected to DC. 

7.1.4 Customer-Oriented Distribution Planning Method: Example of Electric Vehicle 

 A new customer-oriented distribution planning method is proposed to help distribution 

planners forecast EV diffusion, estimate the feeder impact and make decisions regarding 

mitigation methods. An agent-based diffusion model is developed to predict when and where EV 

and charging stations will appear on an electric power distribution feeder. A customer adoption 

model CANE is developed with logistic regression embedded considering car age, EV 

attractiveness, neighbor influence and customer economics. Feeder modeling is combined with 

GIS parcel data to enable a feeder-specific locational forecast for distribution planners. Monte 

Carlo analysis is performed to calibrate the stochastic model.   

The developed diffusion methodology and framework are demonstrated via a case study 

on an actual distribution feeder. With the diffusion results, the EV impact for a 30-year horizon is 

analyzed through time-series power flow analysis. The results show a 34% increase in the peak 

and energy and a 49% increase in losses for the feeder studied. One third of transformers on the 

feeder need to be replaced which is about 10 times greater than the no-EV Base Case. Two 

additional scenario studies are presented which consider impacts of a slower EV price drop and a 

no-charging stations scenario. The results show that the stress to the feeder decreases with a slower 

EV price drop but is still significant. In addition, a utility can alleviate EVs’ adverse impact on 
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distribution transformers, branch conductors and system losses by installing charging stations at 

an early stage as opposed to having all EV owners install their own Level 2 chargers at home.  

In addition, an optimal distribution system horizon planning method is proposed to 

accommodate the future residential EV charging load considering customer responsiveness. In 

order to figure out the optimal customer response rates that a utility can target to minimize the cost 

to serve the future EV load, an optimization problem is formulated and solved using dynamic 

programming. The objective is to minimize the net present value of utility expenses in N years 

including cost for additional peak, energy loss, transformer replacement, single-phase and three-

phase line upgrade and substation capacity expansion.  Additional cost items also included EV 

management charging strategy cost such as incentive payments to customers and program design 

expense. Sensitivity analysis is also performed to study the influence of changing key variables in 

the optimal results 

The developed optimal distribution horizon planning model is demonstrated via a case 

study on the same distribution test feeder. Time-series power flow analysis for a horizon of 30 

years is performed with three different EV managed charging programs including the TOU rate, 

charge by departure and smart charging in place. The optimal customer response rate is solved in 

dynamic programming for these three EV managed charging programs with a final customer 

response rate required at 30%, 40% and 40%.  The minimized cost is $333.1k, $322.3.5k and 

$315.1k respectively, which is a 35% decrease comparing to the total cost of $519.5k if there is no 

EV managed charging strategy applied. A sensitivity analysis is conducted to evaluate the impact 

of the cost of annual peak kW, cost to incentivize customers to respond and cost to change 

program. The results show that the optimal solution will hold if the change is within in -15% to 
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20% for the cost of peak, -15% to 15% for the cost to incentivize customers to respond and -10% 

to 100% for the cost to change the program.  

 

7.2 Recommendations for Future Work 

The proposed distribution planning method has been applied to electric vehicle analysis 

including the diffusion model, load control, feeder impact analysis, distribution system upgrades 

analysis and mitigation strategies. More applications can be analyzed, such as PV system or energy 

storage penetration. Also, the tool developed could be improved to incorporate other technologies 

to make it more powerful.   

To apply the proposed distribution planning framework to PV, the adoption of residential 

PV, load modeling of PV, system impact and potential mitigation strategies for PV systems need 

to be analyzed. For PV adoption model, one needs to consider similar customer characteristics and 

interactions. Besides, the rooftop area, surrounding situation and the cost benefit assessment for 

PV system needs to be considered. For example, a house in a heavily wooded area will be harder 

to have PV installed due to the shade. If the PV system is costing too much and the business case 

will not work from the customer’s point of view, the adoption will be slowed down as well. The 

benefits form the PV system is highly related to the electric price, rebate programs from the utility, 

tax credit and incentive programs. For PV system modeling, the output is heavily related to the 

solar radiation. The distribution feeder impact needs to be analyzed as well. PV could help the 

distribution system during the heavy loading days as well as creating problems during light loading 

days. The most common issue is the over-voltage during the light loading days. Then proper price 

scheme or other programs could be provided to better utilize the PV generation like using PV to 

charge EV.  
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