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ABSTRACT 

The growing concern for environmental and pollution-related problems has led to increase the 

penetration of sustainable resources in both power and transportation systems. Although 

transitioning from fossil fuel-based vehicles to electric vehicles (EVs) in transportation systems 

helps in alleviating many environmental and pollution-related concerns associated with 

conventional cars, the inclusion of EVs represents a new type of electric load that requires 

allocating appropriate resources to maintain/improve power system reliability. Therefore, it is 

important to analyze the reliability of power systems with EVs for operation and planning 

perspectives.       

In order to maintain the reliability of a power system, load demand should be satisfied. If all or 

part of the load cannot be satisfied, load curtailments are needed to maintain system stability. The 

number of EVs is expected to exponentially increase in the coming years. This high-expected 

growth in the number of EVs will increase the probability of load curtailments of power systems. 

However, load curtailments can be avoided by incorporating demand response (DR) programs and 

optimum energy management systems. Existing methods to investigate the effect of DR programs 

on power system reliability do not include penalty terms, which is an important factor for effective 

participation of customers in DR programs. Thus, in addition to the existing economic models, a 

load curtailment model to emulate customers’ active participation in DR programs needs to be 

developed to improve the reliability of power systems. In addition, it is obvious that the continuous 

increase of EVs produce several challenges related to the variability of charging time, duration, and 

location for planning of future power system. Determining the amount of controlled charging of 

EV loads that can be incorporated in existing power systems is a promising factor in addressing 

these challenges.  
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One of the promising solutions to deal with the challenges of accommodating EVs in power 

systems is that, with knowledge of load profiles of EVs, or behavior and preferences of EV drivers 

to charge their vehicles, and load profiles of conventional electric loads, the DR programs can 

reduce or even avoid the negative impacts of EVs on power system reliability.  

The work presented in this dissertation tabulates load profile of EVs in forms of hourly, daily, 

and weekly loads in percent of their maximum load. This load model considers drivers’ behavior 

and preferences, which include weekdays/weekends and seasonal charging patterns. Also, this 

work introduces two new metrics to measure the capability of a power system to accommodate EV 

loads without deteriorating its reliability. Moreover, this work proposes methods to increase or 

maximize the number of EVs that can be incorporated in power systems. The conducted work of 

this dissertation can be divided into three parts. Part I presents the concept of developing load 

profiles for the EVs. This part also describes the proposed methods to quantify EV loads in existing 

power systems under both controlled and uncontrolled charging. Moreover, this part provides 

algorithms to determine permissible penetration level of EVs at different regions (buses) of power 

systems. Part II of this dissertation describes several proposed smart charging/discharging 

strategies for EVs to increase their penetration level in power systems with existing resources. Part 

III presents a DR-based method to maximize the penetration level of EVs in power systems under 

uncontrolled charging scenario.  

In summary, the thesis presented here is that, with accurate modeling of EV load profiles based 

on drivers’ behavior and preferences, demand response (DR) programs and smart 

charging/discharging strategy will reduce negative impacts of EVs on power systems and defer 

expansion plans. 
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Chapter 1. Introduction 

The penetration level of EVs in power systems is anticipated to rise sharply in the upcoming 

years. For example, in the United States, the expected annual increase in the number of EVs is 

about 400% between the years of 2013 and 2022 [1]–[3]. Also,  it has been forecasted that over 240 

million light-duty electric cars and trucks, 7 million medium- and heavy-duty electric trucks, and 

80,000 electric transit buses will be on the U.S. roads by 2050 [112]. This will cause an increase in 

the load demand of power systems. Consequently, challenges to maintain system reliability using 

existing system resources will increase. Also, changes in charging profiles of EVs in terms of 

charging times, duration, and locations that are governed by the behavior and preferences of drivers 

will cause uneven changes in the values of demand and reliability indices at system buses. 

Therefore, it is critical to build comprehensive load profiles for EVs that capture drivers’ behavior 

and preferences to accurately model their impacts on power system reliability. 

The need to equip power system operators and planners with the required resources to 

accommodate the huge increase in EVs has become evident and has triggered several ongoing 

efforts to construct energy consumption profiles for EVs to facilitate power system expansion 

projects. At present, there is no effective tool to assist power system operators and planners in 

making a well-informed choice from amongst a profusion of resource allocation alternatives that 

can potentially maintain/enhance the reliability of power grids against the sharp increase in EVs. 

Determining the maximum permissible amount of EV loads that a power system can accommodate 

while maintaining its reliability is an important factor for power system planning and operation. 

Also, determining the required extra generation to maintain power system reliability, if EV loads 

exceed systems’ maximum permissible load, has become indispensable. Moreover, developing 

controlled charging strategies is important to ensure the efficient utilization of existing power 

system resources.  
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DR programs, which are defined as interdependency between electricity demand of customers 

and change of price over time, have the potential to decrease the negative impacts of EVs on the 

reliability of power systems. However, the effectiveness of DR programs on improving power 

system reliability strongly relies on the degree of customer participation. Therefore, it is important 

to create an economic model that considers both incentives and penalties and emulates customers’ 

active participation in the DR programs. 

1.1 Background 

Analyses of load profiles of EVs have been reported in several technical reports and research 

papers [3]–[10]. Summary of in-home and public charging patterns at six electric utilities in the 

United States is presented in [3]. Similar analysis is given in [4] for several European countries. 

Charging patterns in the Ohio state are given in [7], in Xcel Energy-Colorado are given in [8], and 

in California and Portland are given in [10]. However, most power system reliability studies 

considering EVs either divide the charging profile of one year into winter and summer seasons or 

generalize charging data of one day to the entire year. Therefore, an hourly load profile for EVs 

that captures variations in the charging demand on different charging periods and locations based 

on drivers’ behavior needs to be developed to analyze their impacts on power system reliability. 

Several methods have been proposed in the literature to determine the effects of controlled 

charging of EVs on power system reliability [11]–[19]. The available power capacity of EVs that 

can be supplied to the reserve market and its effect on power system reliability have been analyzed 

in [11]. Vehicle to grid integration (V2G) techniques have been introduced in [12] and [13] to 

improve power system reliability. It has been found that V2G techniques can defer reliability-based 

generation expansions. Plug-in hybrid EVs (PHEVs) have been considered as dispatchable loads 

to demonstrate their effects on Portuguese electric power consumption profile in [14]. The work 

presented in [14] shows that the consideration of PHEVs as dispatchable loads can increase 



3 
 

systems’ minimum load, increase base load utilization, reduce plant cycling, and defer investing in 

new generation. The impact of EVs on power system load profile and efficient solutions for peak 

load reduction to improve power system reliability have been discussed in [15]–[17]. Power system 

reliability evaluation for different charging strategies of PHEVs has been presented in [18] and 

[19]. The above-mentioned studies deal with increasing the amount of energy exchange between 

grid and EVs through controlled charging to improve system reliability. However, determining the 

maximum amount of EV loads that a power system can accommodate with its existing resources 

(i.e., maintain its reliability level through controlled charging) has not been addressed. Also, the 

maximum accessible energy to accommodate load demand of EVs needs to be determined for 

developing a charging scheduled for EVs. 

The influence of charging/discharging of EVs on power system reliability has been extensively 

analyzed in the literature [20]–[23]. The impacts of EVs on power system reliability considering 

battery exchange strategies and energy storage systems have been studied in [20]. The work 

reported in [20] concluded that the reliability of a given power system can be improved using the 

battery exchange mode. An optimization model for charging/discharging of EVs to meet a 

reliability criterion (e.g., a reliability index) has been proposed in [21]. Composite system reliability 

evaluation in the presence of PHEVs has been presented in [22]. In [23], the EVs have been 

modeled as moveable loads based on the drivers’ behavior to investigate their effects on composite 

system reliability indices. However, determining the required extra generation to maintain the 

reliability of power systems prior to integrating EVs has not been given attention. 

The impacts of EV charging loads on power systems have been analyzed from different 

standpoints in [23]–[29]. In [24], the authors have investigated the impacts of EVs on power system 

infrastructure. In [25], the authors have analyzed the impacts of EVs on power system constraints 

during different periods of a day. The impacts of EVs on the lifetime of residential transformers 
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have been studied in [26]. In [27], the authors have investigated the impacts of EV penetration on 

the operation and development of the Italian power system for a specific time period. The impacts 

of EVs on distribution networks have been analyzed in [28] with different charging levels (slow 

and fast). Also, the authors of [28] have introduced a smart charging technique to avoid aging of 

distribution system transformers. In [23], the effects of EVs are investigated on composite system 

reliability based on the behavior of drivers. In [23]–[28], the proposed methods have been 

developed to analyze the impacts of EVs on power system, which are essential for power system 

planning to handle EV loads. However, a method to quantify the maximum number of EVs at each 

bus needs to be developed to determine the maximum penetration level of EVs at power system 

buses with existing resources. 

The impacts of EVs on DSs have been investigated in several papers [30]–[34]. An analytical 

framework considering diversity in both penetration and charging patterns of EVs has been 

developed to evaluate their impacts on DSs in [30]. The impacts of EVS on power losses and 

voltage limit violations have been analyzed in [31]. Also, a coordinated charging strategy has been 

proposed in [31] to both maximize the load factor and minimize power losses. An approach to 

evaluate the impacts of EVs on energy losses and investment costs has been developed in [32]. In 

[33], the authors have analyzed the impacts of electricity demand to charge EVs on the lifetime of 

distribution transformers. Battery capacities, state of charge, and daily energy consumption of EVs 

have been modeled based on the behavior of EV owners to analyze the impacts of EVs on DSs 

[34]. The impacts of EVs on distribution system constraints (i.e., current capacity, voltage limits, 

power losses, investment costs, and transformers lifetime) have been analyzed in [30]–[34]. 

However, determining the maximum hosting capacity of DSs to EVs while maintaining system 

constraints needs to be addressed. 
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Smart charging/discharging strategies have been proposed in [35]–41] to increase financial 

benefits of EV charging/discharging process. In [35], a smart charging/discharging strategy has 

been proposed to maximize the number of EVs that are charged up to desired levels as well as 

financial benefits of both commercial stations and EV owners. An intelligent charging/discharging 

strategy has been proposed in [36] to determine optimal charging/discharging times and rates over 

24 hours to maximize the overall profits of an EV parking deck. A game-theory-based smart 

charging/discharging strategy has been proposed in [37] to maximize the financial benefits of 

commercial buildings through optimizing energy consumption profiles. In [38], an hourly 

electricity price-based optimal charging/discharging scheme has been proposed to maximize the 

profits of parking lots. An optimal charging/discharging strategy has been developed in [39] to 

charge specific number of EVs at charging stations based on economic benefits. The strategies 

proposed in [35]–[39] have been developed mainly to increase financial benefits of EV owners and 

charging stations without providing much attention on quantifying the HC of power grids. A 

voltage constrained-based method to calculate the maximum HC of distribution systems to EVs for 

both fully controlled and uncontrolled charging has been developed in [40].  In [41], the maximum 

permissible number of EVs that can be penetrated at transmission system buses have been 

quantified using the extra hourly loading capacities. The developed methods in [40], [41] are aimed 

to determine the maximum HC considering only charging capability of EVs. However, a method 

to maximize the HC for both charging and discharging is required to ensure maximum utilization 

of existing resources as well as to determine appropriate times for the allocation of new resources. 

In order to reduce the negative effects of EVs on power systems, controlled charging/ 

discharging strategies for EVs based on electricity prices have been introduced in [42]–[57]. In [42] 

and [43], the charging/discharging of EVs has been modeled based on a nonlinear pricing method. 

An EV-Wind coordinated framework based on variable charging/discharging rates has been 

developed in [44] to minimize the unit emission-cost considering transmission network constraints. 
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The requirements of power quality for electric vehicle chargers to maintain stability of bulk power 

grids have been highlighted in [45]. In [46] and [47], a large amount of electricity consumption by 

EVs has been anticipated in the year of 2030 and provided recommendations to analyze the impacts 

of EVs on transmission systems for future system planning.  

In [48], the authors have developed a model to determine optimum charging/discharging 

strategies at parking lots considering EVs as responsive demand in both incentive- and price-based 

DR programs. In [49], a DR program has been proposed based on optimal charging schedule for 

EVs that increases the allowable number of charging vehicles and reduces the electricity bill of 

charging stations. In [50], DR programs have been considered in developing a charging schedule 

for large scale EVs at public charging stations to maximize the benefits of both utilities and 

customers. In [51], the authors have developed a dynamic DR program that considers real-time 

price of charging plug-in hybrid EVs and interactions between utilities and customers. In [52], a 

DR-based vehicle to grid integration model has been developed to balance power demand of 

distribution networks. In [53], a DR-based charging and discharging strategy for EVs has been 

proposed to improve the stability and robustness of distribution networks. Also, a DR-based 

charging and discharging strategy for EVs has been developed in [54] to increase the EV 

penetration level at residential stations. In [55], an optimal planning-based method has been 

presented for siting and sizing of charging stations considering DR-based charging of EVs. In [56], 

power system reliability has been improved through controlling the charging of EVs based on a 

time of use price-based DR program. Also, a DR-based controlled charging strategy has been 

developed in [57] to improve the reliability of microgrids. In [43]–[57], DR programs have been 

applied on EV charging periods to both reduce the negative impacts of EVs on power systems and 

optimize the charging cost of EVs. 
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1.2 Contribution 

In this dissertation, a load profile that depicts the charging time, duration, and location of EVs 

has been developed. The load profile is represented in terms of weekly, daily, and hourly charging 

load data over one year. Also, two adequacy metrics are proposed to quantify the maximum 

permissible EV loads for a power system without deteriorating its reliability and the required 

improvements to power systems to accommodate high penetrations of EVs. These metrics are 

defined as follows: 1) extra effective available energy for EVs’ charging (EEAE-EVs) and 2) extra 

effective required generation to accommodate EVs (EERG-EVs). The EEAE-EVs provides a 

measure for the maximum amount of EV loads that a power system can accommodate without 

adding new generation while maintaining its reliability. The EERG-EVs provides a measure to the 

minimum amount of new generation that is needed to restore the reliability level of a power system 

if the load of EVs exceeds the maximum permissible load of the system. These metrics provide a 

decision aid to power system planners and operators on when and how to perform generation 

expansion. Moreover, an iterative approach is proposed to quantify the maximum permissible 

number of EVs at different power system buses based on extra accessible loading capacity at each 

bus. The maximum permissible number of EVs at each bus is calculated through maximizing their 

load demand. 

The maximum hosting capacity of DSs to EVs is determined under both uncontrolled (actual) 

and controlled charging scenarios ensuring that voltage requirements are not violated. The 

maximum hosting capacity of EVs under the uncontrolled charging scenario is estimated based on 

load profile of EVs and hourly extra available power (HEAP). Also, a smart charging/discharging-

based method is proposed to evaluate the expected maximum hosting capacity (EMHC) of power 

systems to EVs. The EMHC is calculated for charging stations at both homes and workplaces. 

Moreover, a reliability-constrained demand response-based method to maximize the permissible 
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penetration level of EVs at electric power system buses, which is developed based on a DR program 

and load profiles of EVs. 

1.3 Dissertation Organization 

This is a paper-based dissertation. Due to this format, each chapter contains the information for 

the given papers including their references for ease of reading. This dissertation includes eight 

chapters. Chapter 1 provides a comprehensive literature review regarding the proposed approaches 

to analyze impacts of EVs on power systems. Chapter 2 is based on [29], [61], and [108] where 

two new metrics are introduced to quantify the number of EVs in power systems under both 

controlled and uncontrolled charging scenarios. Also, this chapter presents the proposed approach 

to develop a load profile for EVs. Moreover, this chapter describes the most well-known reliability 

indices of power systems. Further, numerical simulations are presented to demonstrate the proposed 

metrics on IEEE reliability test system (IEEE-RTS). Chapter 3 is based on [41] where we develop 

a mathematical model to both develop load profile for EVs and analyze their impacts on power 

system buses. Also, the proposed approach is demonstrated on the IEEE-RTS through numerical 

simulations. Chapter 4 is constructed based on [40] in which a smart charging strategy for EVs is 

proposed based on their arrival and departure times at homes to increase the hosting capacity to 

EVs. The effectiveness of the proposed strategy is demonstrated on the IEEE 33-bus distribution 

system. Chapter 5 is based on [109] where a smart charging/discharging strategy for EVs 

considering their arrival and departure times at both home and workplaces is proposed to maximize 

the hosting capacity of power systems to EVs. This proposed strategy is also demonstrated on the 

IEEE 33-bus distribution system. Chapter 6 is developed based on [110] where a DR-based method 

is presented to increase the reliability of power systems. The proposed method is demonstrated on 

the IEEE-RTS. Chapter 7 is based on [111] where we propose a DR-based approach to maximize 

the penetration level of EVs at different buses of power systems under uncontrolled charging 
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scenarios using existing resources. A comprehensive numerical example is provided to demonstrate 

the proposed method on the Roy Billinton Test System (RBTS), IEEE-RTS, and IEEE 33-bus 

distribution system. Finally, several concluding remarks are provided in Chapter 8. 
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Chapter 2. Reliability-based Metrics to Quantify the Maximum Permissible Load 

Demand of EVs 

In this chapter, two new metrics are introduced to measure the capability of a power system to 

accommodate EV loads without deteriorating its reliability. These metrics are: 1) extra effective 

available energy for EVs’ charging (EEAE-EVs) and 2) extra effective required generation to 

accommodate EVs (EERG-EVs). The EEAE-EVs measures the capability of a power system to 

accommodate EV loads through controlled charging while maintaining its reliability. The EERG-

EVs determines the required generation expansion to maintain the reliability of a power systems if 

EV loads exceed the systems’ maximum permissible load. These metrics help power system 

operators and planners to determine: 1) the capability of a power system in accommodating EV 

loads with existing resources and 2) the required generation expansion if the maximum system 

capability is reached. The EEAE-EVs is estimated by gradually increasing the number of EVs until 

the minimum daily extra available generation of a year is equivalent to the daily EV loads in that 

year. The minimum daily extra available generation of a year is estimated by taking the differences 

between the daily total generation capacity and total daily loads without EVs for a year considering 

forced outage rates (FORs) and outages due to scheduled maintenance of generating units. The 

EERG-EVs is iteratively determined by increasing EV loads and adding new generation while 

keeping the reliability level of the system unchanged. Also, a load profile for EVs is tabulated in 

forms of hourly, daily, and weekly load in percent of their maximum load. This load model 

considers drivers’ behavior and preferences, which include weekdays/weekends and seasonal 

charging patterns. The load profile is built based on a comprehensive review of existing load 

profiles.  The sequential Monte Carlo (MC) simulation method is used to: 1) calculate the daily 

available generation considering system load and FORs of the generating units; 2) determine the 

EEAE-EVs by gradually increasing the number of EVs until the daily available generation is met; 
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3) determine the EERG-EVs by gradually incrementing the generation level for a given EV 

penetration considering the initial reliability level as a stopping criterion; and 4) calculate power 

system reliability indices for each loading scenario. The importance and effectiveness of the 

proposed metrics are demonstrated on the IEEE-RTS. 

2.1 Extra Effective Available Energy to Accommodate EVs 

Determination of EEAE-EVs requires: 1) calculation of the HEAG; 2) calculation of the daily 

required energy to charge EVs; and 3) construction of a load profile for EVs. The proposed method 

to determine the EEAE-EVs is described as follows.  

2.1.1 Hourly Generation Capacity 

The hourly available generation capacity from generating units of a power system is not constant 

for a given period of time due to several factors including forced outages, scheduled maintenance, 

and network constraints. In this dissertation, we consider the forced outages and scheduled 

maintenance to determine the hourly available capacity from the generating units. Estimation of 

the hourly available generation of a power system depends on the rated capacity of the units and 

on their outage profiles. Outage profiles of generating units are generated using sequential MC 

simulation method. Mean time to failures (MTTFs), mean time to repairs (MTTRs), and outages 

due to scheduled maintenance of generating units are used to simulate the up and down periods. 

The calculation processes begin with calculating the hourly available power from existing 

generating units using the sequential MC simulation method for the given number of years. Then, 

the total hourly available generation capacity of the system at each hour is calculated based on the 

availability of each generating unit at the corresponding hour for the simulated years. Finally, the 

average hourly available generation capacity of the system for each hour for one year is calculated 

by taking the average of the available capacity at the corresponding hours for the period of study. 
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In this study, the average hourly available capacity is calculated as follows, 

 

𝑃ℎ =
1

𝑁𝑦
∑ 𝐺ℎ𝑖,   ℎ = 1,2, … ,8760,

𝑁𝑦

𝑖=1

 (2.1) 

where 𝑁𝑦 is the total number of simulated years, 𝐺ℎ𝑖 is the total amount of generation at the ℎ𝑡ℎ 

hour of the 𝑖𝑡ℎ year, and 𝑃ℎ is the average hourly available generation. The total amount of 

generation, 𝐺ℎ𝑖, at the ℎ𝑡ℎ hour of the 𝑖𝑡ℎ year can be calculated as follows, 

 

𝐺ℎ𝑖 = ∑ 𝑔ℎ𝑗𝑖,   𝑗 = 1,2, … , 𝑁𝑔

𝑁𝑔

𝑗=1

, (2.2) 

where 𝑁𝑔 is the total number of generating units and 𝑔ℎ𝑗𝑖 is the available capacity of unit 𝑗 at hour 

ℎ of year 𝑖. 

2.1.1.1 Hourly Load Profile for Existing Load (Without EVs) 

The amount of hourly load of a power system is another important factor to determine the HEAG 

and the EEAE-EVs. The hourly load demand of a day varies based on the energy consumption 

profile of that day. The peak load of each day in a year varies depending on the season as well as 

whether it is a weekday or weekend. The load profile is developed based on the load profile of the 

IEEE-RTS [59]. In [59], hourly, daily, and weekly load data are presented in percentages of the 

annual peak load which can be utilized to construct a load profile for a year. 

2.1.1.2 Calculation of the HEAG 

The HEAG of a power system is estimated by subtracting the electricity demand of each hour from 

the average available generation (given in Section 2.1.1) of the corresponding hour. Therefore, the 

resulting HEAG captures load variations as well as the unavailability of the generating units due to 

their forced outages. The hourly extra (average) available generation can be calculated as follows, 
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 𝜁ℎ = 𝑃ℎ − 𝐿ℎ − 𝑅ℎ, (2.3) 

where 𝑃ℎ is calculated using (2.1), 𝐿ℎ is the amount of electricity demand at hour ℎ, 𝑅ℎ is the 

amount of the required system reserve at hour ℎ, and 𝜁ℎ is the hourly extra (average) available 

generation of the system. We introduce 𝑅ℎ if a specific reserve is required beyond forced outages. 

2.1.2 Calculation of the Daily Required Energy to Charge EVs 

The daily required energy to charge EVs is another important factor to calculate the EEAE-EVs. 

In contrast to traditional loads, challenges induced by EV loads are mostly related to the variability 

of the charging time, amount, duration, and location (commercial and residential). Modeling load 

profiles for EVs and determining the required resources to maintain the reliability of power systems 

are key factors in addressing these challenges.  

Most power system reliability studies considering EVs either divide the charging profile of one 

year into winter and summer seasons or generalize charging data of one day to the entire year. 

These assumptions ignore seasonal as well as weekday and weekend differences. The daily required 

energy to charge EVs is estimated by calculating their daily cumulative charging energy. Daily 

travel distances and energy required to travel every mile are the main two factors to calculate the 

daily required energy. Different types of EVs (e.g., compact sedan, mid-size sedan, mid-size SUV, 

and full-size SUV) have different energy consumption per mile [61]. Considering these two factors, 

the daily required energy to charge EVs can be calculated as follows, 

 

Daily Required Energy =  ∑ 𝑑𝑛 × 𝐸𝑃𝑀𝑛

𝑁

𝑛=1

, (2.4) 

where 𝑁 is the total number of EVs, 𝑑𝑛 is the average daily distance traveled in miles by the 𝑛𝑡ℎ 

EV, and 𝐸𝑃𝑀𝑛 is the average energy required to travel each mile by the 𝑛𝑡ℎ EV. The daily required 

energy to charge EVs is used to determine the initial number of EVs in calculating the EEAE-EVs. 
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2.1.3 Load Profiles of EVs 

From the perspective of energy consumption, charging patterns of EVs dynamically change in 

terms of time, amount, and duration (weekdays or weekends) and location (commercial and/or 

residential) that are governed by drivers’ behavior and preferences. This continuous growth with a 

highly variable load profile will dramatically reshape conventional load profiles of power systems. 

As a result, peak hours will not happen at the same time for different system buses. In other words, 

not only the time of traditional system peak load will be shifted but also the correlation between 

peak load locations will be significantly altered. In view of these reasons, building a load profile 

for EVs and determining the required resources to maintain the reliability of power systems has 

become indispensable. Hourly, daily, and weekly data of electricity demand for charging EVs are 

presented in percentages of the annual peak load. These data are collected from different sources 

including technical reports and research papers and are arranged based on the steps provided in 

Sections 2.1.3.1, 2.1.3.2, and 2.1.3.3. The procedure of creating load profile for EVs through 

establishing hourly, daily, and weekly loads is described as follows. 

2.1.3.1 Hourly Charging Load of EVs 

EVs can be charged at residential locations or public charging stations or both. However, 

charging patterns in terms of charging time and duration depend on the location of charging 

(residential or commercial). Therefore, it is important to distinguish the load profiles at residential 

charging stations from those of public charging stations. Load profiles for both residential and 

public charging stations have been provided in [3] and [5]–[7]. In [5] and [6], daily charging 

patterns for both residential and public charging stations have been considered to be identical and 

fixed for the entire year. However, due to the variability of driving patterns in weekdays and 

weekends, the data given in [5] and [6] will not capture this behavior. The charging patterns of EVs 

in weekdays are considered different from weekends in [3] and [7] for the residential charging 
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scenario. We used the data given in [3] rather than that given in [7] because the number of surveyed 

cars in [7] is much smaller than that of [3] (the data given in [7] resulted in a large standard deviation 

in comparison to [3]). In the survey reports of [3] and [7] for public charging, the differences 

between charging patterns in weekdays and weekends are negligible. Therefore, charging patterns 

in weekdays and weekends for the public charging scenario are considered identical. Table 1 shows 

the hourly load profiles for weekdays and weekends as percentages of daily peak load of residential 

and public charging stations, respectively. 

Table 1. Hourly Peak Loads in Percent of Daily Peak Loads 

Hour Residential Charging Public Charging 

Weekdays Weekends Weekdays Weekends 

12 –1 am 54.41 100 33 33 

1 – 2 39.71 78.95 28.5 28.5 

2 – 3 35.29 63.16 26 26 

3 – 4 32.35 52.63 27.5 27.5 

4 – 5 26.47 39.47 35 35 

5 – 6 17.65 26.32 54 54 

6 – 7 10.29 15.79 71.5 71.5 

7 – 8 11.03 15.79 79 79 

8 – 9 11.76 15.79 91.5 91.5 

9 – 10 11.62 20.79 100 100 

10 – 11 11.76 27.63 95 95 

11– Noon 13.97 39.47 91 91 

Noon –1 pm 16.18 57.89 80 80 

1 – 2 22.06 65.79 71 71 

2 – 3 26.47 78.95 58 58 

3 – 4 28.68 84.21 66 66 

4 – 5 36.76 86.84 69 69 

5 – 6 51.47 86.84 78 78 

6 – 7 73.53 89.47 82 82 

7 – 8 85.29 89.47 80 80 

8 – 9 88.24 92.11 72 72 

9 – 10 100 97.37 63 63 

10 – 11 95.59 97.37 51.5 51.5 

11 – 12 75 78.95 44 44 

 

2.1.3.2 Daily Peak Load of Charging EVs 

Daily peak loads are important for determining the hourly peak loads because hourly peak loads 
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are commonly given in percentages of daily peak loads. Two different peak loads for EVs have 

been provided in [3], [10], [58], and [5]–[7], which are a constant peak load for weekdays and a 

constant peak load for weekends. However, charging patterns will not be the same for all weekdays 

as well as for weekends due to drivers’ preferences. A survey that provides different daily peak 

loads for a week has been reported in [4]. In this dissertation, we have adopted the load profiles 

given in [4] to develop the peak loads of each day in a week. Table 2 shows the peak loads in each 

day of a week in percentages of weekly peak loads. 

Table 2. Daily Peak Loads in Percent of Weekly Peak Loads 

Day Peak Load 

Monday 100 

Tuesday 66 

Wednesday 89 

Thursday 71 

Friday 95 

Saturday 59 

Sunday 50 

 

2.1.3.3 Weekly Peak Load of Charging EVs 

Similarly, weekly peak loads are important to create a load profile for EVs for one year because 

weekly peak loads are commonly given in percentages of the annual peak load. In [4] and [58], two 

load profiles of EVs have been constructed for two different seasons (e.g., summer and winter) 

which are represented in only two peak loads for the entire year. This assumption may introduce 

inaccuracy in developing a load profile for EVs. Monthly peak loads for a year have been provided 

in [58]. In this dissertation, we have used the monthly load profile given in [58] to develop the 

weekly peak loads. Since the monthly peak loads are the best available temporal resolution for a 

year as of now, we considered the same peak load for each consecutive four weeks (i.e., peak of 

the corresponding month) as given in [58]. In each three months, the peak of the third month is 

used to calculate the peak of five weeks instead of four to account for the differences between the 

number of days in a month and the number of days in four weeks. Table 3 shows the weekly peak 
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loads of charging EVs as percentages of the annual peak load of charging EVs. 

Table 3. Weekly Peak Loads in Percent of Annual Peak Loads 

Week Peak Loads Week Peak Loads 

1 100 27 74.8 

2 100 28 74.8 

3 100 29 74.8 

4 100 30 74.8 

5 94.49 31 73.6 

6 94.49 32 73.6 

7 94.49 33 73.6 

8 94.49 34 73.6 

9 98.03 35 81.1 

10 98.03 36 81.1 

11 98.03 37 81.1 

12 98.03 38 81.1 

13 98.03 39 81.1 

14 86.61 40 96.06 

15 86.61 41 96.06 

16 86.61 42 96.06 

17 86.61 43 96.06 

18 84.25 44 94.49 

19 84.25 45 94.49 

20 84.25 46 94.49 

21 84.25 47 94.49 

22 69.29 48 96.06 

23 69.29 49 96.06 

24 69.29 50 96.06 

25 69.29 51 96.06 

26 69.29 52 96.06 

 

The given data in Table 1, Table 2, and Table 3 are composed with the annual peak load to 

create the daily peak load for 364 (52×7) days, assuming Monday is the first day of the year. 

2.1.4 Calculation of the EEAE-EVs 

An iterative method is proposed to calculate the EEAE-EVs. The solution process begins by 

estimating the HEAG. The HEAG is calculated based on two scenarios: 1) modeling the FORs and 

outages due to scheduled maintenance of the generating units while ignoring system reserve margin 

and 2) modeling the FORs and outages due to scheduled maintenance of the generating units while 
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considering a constant system reserve margin. These two scenarios are explained as follows. 

2.1.4.1 Scenario I: 

In this scenario, the hourly generation capacity of a power system is estimated using the process 

described in Section 2.1.1. This scenario considers the MTTF, MTTR, and outages due to scheduled 

maintenance for all generating units in the system. Thus, the estimated hourly generation capacity 

in this scenario provides the average available power at each hour without accounting for the 

reserve margin. Therefore, in this scenario, to calculate the HEAG using (2.3), the value of 𝑅ℎ 

(hourly reserve) in the right-hand side of (2.3) is always zero. Capturing forced outages and outages 

due to scheduled maintenance of the generating units in the available generation profile may 

substitute for making a reserve margin zero against potential generation outages. However, 

considering zero reserve margin will introduce the risk of encountering loss of load events. 

2.1.4.2 Scenario II: 

In this scenario, a constant reserve margin is maintained to meet the demand during failure 

events of the system. Although there is no commonly agreed upon reserve margin for power 

systems, the East Central Area Reliability Council maintains the reserve at least 3% of daily peak 

load for both spinning and non-spinning reserves [62]. The required reserve in the Western Systems 

Coordinating Council, the sum of 7% of the demand is satisfied by thermal generating units and 

5% of the demand is satisfied by hydroelectric generating units [62]. In the mid-Atlantic region, 

the amount of spinning reserve is maintained as the capacity of the largest operating unit. However, 

if the capacity of the largest operating unit is less than 700 MW, then, the amount of spinning 

reserve is considered as 700 MW [62]. In Florida, the amount of spinning reserve is maintained as 

25% of the largest operating unit and the supplemental reserve is maintained as 75% of the largest 

operating unit [63]. Following the same procedure to maintain the total reserve margin in Florida, 

we assume that the total reserve margin is equivalent to the size of the largest operating unit. 
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In the next step, the HEAG is used to calculate the EEAE-EVs under fully controlled charging. 

In order to calculate the EEAE-EVs under fully controlled charging, the EEAE for each day of a 

year is estimated as follows, 

 

𝜉𝑑 =  ∑ 𝜉ℎ̂
𝑑 ,    ℎ̂ = 1,2, … ,24;  𝑑 =

24

ℎ̂=1

1,2, … ,365, (2.5) 

where 𝜉ℎ̂
𝑑 is the extra available generation at hour ℎ̂ and 𝜉𝑑 is the EEAE on 𝑑 day of the year. 

 

Figure 1. Relationship between generation capacity, system reserve, load profile, HEAG, and 

EEAE of a power system. 

Figure 1 provides a typical relationship between hourly available generation capacity, load 

profile, HEAG, and EEAE of a power system. In general, the calculated 𝜉𝑑 using Scenario I is 

expected to be higher than that of Scenario II. 

After calculating the 𝜉𝑑 for a year, the relationship given in (2.6) is developed using (2.4) and 

(2.5) to calculate the minimum number of EVs that can be incorporated into a power system 

without generation expansion for fully controlled charging. 
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min(𝜉𝑑) = ∑ 𝑑𝑛 × 𝐸𝑃𝑀𝑛

𝑁𝑒𝑣
𝑚𝑖𝑛

𝑛=1

, (2.6) 

where min(𝜉𝑑) represents the minimum daily available energy of a year. 

 

Figure 2. Flowchart to calculate the EEAE-EVs under fully controlled charging. 

Then, a load profile is constructed for the estimated minimum number of EVs using the data 

Tables provided in Section 2.1.3. Finally, the number of EVs is updated until the following 

relationship is satisfied. 

 

min{∑(𝜉ℎ̂
𝑑 − 𝐿ℎ̂

𝑒𝑣𝑑)

24

ℎ̂=1

} = ϵ,  (2.7) 

where 𝑑 represents days of a year, ℎ̂ represents hours of the 𝑑𝑡ℎ day, 𝜉ℎ̂
𝑑 is the extra available 
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generation at ℎ̂𝑡ℎ hour of the 𝑑𝑡ℎ day, 𝐿ℎ̂
𝑒𝑣𝑑 is the amount of EV load at ℎ̂𝑡ℎ hour of the 𝑑𝑡ℎ day, 

and ϵ is the tolerance level. 

If the value of ϵ for the initial number of EVs is positive or negative, then, the process is repeated 

by increasing or decreasing the number of EVs, respectively, until the stopping criterion described 

in (2.7) is satisfied. Finally, the EEAE-EVs under fully controlled charging is estimated by 

determining the equivalent charging load for the final number of EVs. The flowchart of the 

proposed method to calculate the EEAE-EVs is given in Figure 2. 

2.2 Extra Effective Required Generation to Accommodate EVs 

The EERG-EVs is used to estimate the required new generation to maintain the level of 

reliability of power systems. An approach similar to determining the capacity value of wind power 

[64]–[66] is developed to measure the new generation amount using the EERG-EVs metric.  

 

Figure 3. Flowchart to calculate the EERG-EVs. 

The reliability of power systems will be deteriorated after adding EV loads. Therefore, extra 



22 
 

generation will be required to restore the initial reliability level (i.e., the reliability level prior to 

adding the load of EVs). The calculation of the new generation amount to achieve the initial 

reliability level using the EERG-EVs metric begins by estimating the reliability indices of the 

system prior to adding EVs, which are used as references. In the next step, reliability indices are 

calculated in the presence of EVs, which are expected to increase compared to the references. Then, 

the generation in the system is gradually increased until the system reliability level reaches the 

reference point. The flowchart to calculate the EERG-EVs is given in Figure 3. 

 

Figure 4. Calculation of the required generation based on the EERG-EVs concept. 

A typical relationship between the increased generation and a reliability index is depicted in 

Figure 4. The loss of load probability (LOLP) and expected demand not supplied (EDNS) indices 

are used to estimate the required new generation amount using the EERG-EVs metric. These two 

indices may yield different values for the required generation and the planner or operator has the 

option to consider any of them. For instance, if the concern is about the probability that the customer 

experiences one or more loss of load events, the LOLP index decides the required new generation. 

On the other hand, if the concern is how much power interruption the customer may experience for 

each loss of load events, EDNS is used to calculate the required new generation. 
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2.3 Calculation of the Reliability Indices 

In this dissertation, we have evaluated the most well-known reliability indices, Loss of Load 

Probability (LOLP), Loss of Load Frequency (LOLF), and Expected Demand Not Supplied 

(EDNS), of power systems. Simulation methods have been commonly implemented in sampling 

system states and evaluating the reliability indices of power systems. In evaluating the reliability 

indices, the expected values are used to evaluate the indices. If an index is denoted by η, the 

expected value of the index is calculated as follows, 

 𝜂̂ = 𝐸[𝜂], (2.8) 

where 𝐸[⦁]  is the expectation operator. 

2.3.1 Calculation of the LOLP Index 

The probability of failure of the system to meet the demand is expressed by the LOLP index 

and is calculated as follows,  

 
𝑞 = ∑ 𝑃{𝑥𝑚: 𝑥𝑚 ∈ 𝑋𝑓}

𝑛𝑓

𝑚=1

, (2.9) 

where 𝑞 denotes the LOLP index, 𝑋𝑓 is the set of failure states (𝑋𝑓 ⊂ 𝑋), 𝑋 is the set of all states, 

𝑥𝑚 is the system state 𝑚, 𝑃{𝑥𝑚: 𝑥𝑚 ∈ 𝑋𝑓} is the probability of the system being in state 𝑥𝑚, and 

𝑛𝑓 is the number of failure states.  

Using sequential MC simulations, sampled states are evaluated and the failure probability index 

𝑞 is updated. In this regard, the estimated value of the LOLP index 𝑞̂ is calculated using sequential 

MC simulation as follows,  

 
𝑞̂ =

1

𝑇
∑ 𝑣𝑚

𝑁

𝑚=1

, (2.10) 
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where 𝑇 is the total duration of all sampled system states, 𝑁 is the number of samples, and 𝑣𝑚 can 

be expressed as follows, 

 𝑣𝑚 = {
𝜏𝑚,           𝑖𝑓 𝑥𝑚 ∈ 𝑋𝑓

0,             𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
, 

(2.11) 

where 𝜏𝑚 is the time duration of state 𝑥𝑚.  

2.3.2 Calculation of the EDNS Index 

The EDNS index measures the expected load that will be curtailed in cases of failure states. The 

EDNS index is calculated using the following where 𝜌 denotes the EDNS index.  

 
𝜌 = ∑ 𝑃{𝑥𝑚: 𝑥𝑚 ∈ 𝑋𝑓}

𝑛𝑓

𝑚=1

. 𝐿𝑐{𝑥𝑚: 𝑥𝑚 ∈ 𝑋𝑓}, (2.12) 

where 𝐿𝑐{𝑥𝑚: 𝑥𝑚 ∈ 𝑋𝑓} is the amount of load curtailment of state 𝑥𝑚.  

Using sequential MC simulations, sampled states are evaluated and the EDNS index 𝜌 is updated 

based on the amount of load curtailment. The estimated EDNS index 𝜌̂ is calculated using 

sequential MC simulation as follows, 

 
𝜌̂ =

1

𝑇
∑ 𝜓𝑚

𝑁

𝑚=1

, (2.13) 

where 𝜓𝑚 represents the amount of curtailment and is expressed as follows:  

 
𝜓𝑚 = {

𝜏𝑚. 𝐿𝑐𝑚
,           𝑖𝑓 𝑥𝑚 ∈ 𝑋𝑓

0,             𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
, 

(2.14) 

2.3.3 Calculation of Frequency of Failure Index:  

Frequency and duration indices provide measures for how often and how long a load is curtailed. 

It is worth mentioning here that calculation of frequency and duration indices using MC state 

sampling method is not a straightforward process as is for probability and energy indices [90]. 

Some manipulations to the MC state sampling method have been introduced in [91]–[93] to 
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calculate the frequency and duration index. For this reason, the MC next event method is used in 

this dissertation. The estimated LOLF index (𝜙̂) is calculated as follows, 

 

𝜙̂ =
1

𝑇
∑ 𝜙𝑚 × 8760

𝑁

𝑚=1

, (2.15) 

where 𝜙𝑚 is a binary indicator for the transitions between success and failure states, which is 

expressed as follows, 

 
𝜙𝑚 = {

1,           𝑖𝑓 𝑥𝑚−1 ∈ 𝑋𝑠 𝑎𝑛𝑑 𝑥𝑚 ∈ 𝑋𝑓

0,                                        𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
, 

(2.16) 

where 𝑋𝑠 is the set of success states (𝑋𝑠 ⊂ 𝑋). 

2.4 Simulation Results 

The proposed approaches in this chapter is demonstrated on the IEEE-RTS, which has been 

extensively tested for power system reliability analysis. The detailed data of the IEEE-RTS (e.g., 

the capacities of generating units, failure and repair rates of the system components, and the load 

profile) are given in [59].  

In [5], the peak demand of 100 EVs is considered as 79.05 kW for home charging scenario and 

74.18 kW for public/home charging scenario. In [60], the peak demand for 100 EVs ranges from 

62.5 to 80 kW based on a utility factor (the percentage of total miles driven by vehicles with electric 

energy) of the EVs. Therefore, following the same range of peak loads, we considered 75 kW as 

the annual peak demand for 100 EVs. This peak load is scaled for the number of EVs used in this 

study. The percentages of charging EVs in public and residential stations are considered 40% and 

60%, respectively, as provided in [5]. The percentages of different types of vehicles are considered 

as follows: 60.85% sedan, 11.94% mid-sedan, 13.1% mid-SUV, and 14.11% full-SUV [67]. The 

most common daily travel distance in the United States is about 25–30 miles [60]. Therefore, we 

considered 30 miles as the daily driving distance to estimate the total daily electricity demand for 
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charging EVs. The required energy to travel each mile for different types of vehicles are considered 

as follows: sedan 0.3225 kWh/mile, mid-sedan 0.3605 kWh/mile, mid-SUV 0.4375 kWh/mile, and 

full-SUV 0.5075 kWh/mile [60]. The daily required energy to charge EVs is calculated based on 

daily travel distance using (2.4).  

Four different case studies are carried out to demonstrate the effectiveness of the proposed 

metrics on the IEEE-RTS, which are as follows: 

• Case I: IEEE-RTS Base Case, 

• Case II: Analyzing the Effects of EVs on System Reliability, 

• Case III: Calculation of EEAE-EVs, and 

• Case IV: Calculation of EERG-EVs. 

2.4.1 Case I: IEEE-RTS Base Case 

In this case, the original load profile of the IEEE-RTS and existing generating units are used 

without adding EVs. System states are sampled using the sequential MC simulation method. The 

second row of Table 4 shows the estimated LOLP and EDNS for this case. 

2.4.2 Case II: Analyzing the Effects of EVs 

In this case, the impacts of EVs on the IEEE-RTS is illustrated with real EV charging data. 

Therefore, the constructed load profiles for residential and public charging stations of EVs are 

combined with the system load profile. In [5] and [6], the penetration level of EVs have been 

considered as 12–24% of the peak system load. Therefore, following the same range of 

assumptions, we have considered 330–660 MW EV loads (11.58–23.16% EV penetrations of the 

total load of IEEE-RTS) to illustrate the effects of EVs on system reliability. The estimated 

reliability indices for different amounts of EV loads are shown in Table 4 
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2.4.3 Case III. Calculation of EEAE-EVs: 

In this case, the time and duration for scheduled maintenance of generating units of the IEEE-

RTS provided in [59] and [68] are adopted to calculate the EEAE-EVs. The EEAE-EVs of the 

IEEE-RTS is calculated for both Scenario I and Scenario II described in Section 2.1.4.  

Table 4. Calculated Reliability Indices for the IEEE-RTS 

Cases Added EV load (MW) LOLP EDNS (MW/Yr) 

Case I - 0.00107 0.1393 

 

 

Case II 

330 (11.58%) 0.0028 0.3936 

386 (13.54%) 0.0032 0.4352 

441 (15.47%) 0.0036 0.5078 

496 (17.40%) 0.0041 0.5890 

552 (19.36%) 0.0047 0.6798 

607 (21.29%) 0.0054 0.7806 

660 (23.16%) 0.0061 0.8909 

 

 

Figure 5. EV loads based on the EEAE-EVs concept for IEEE-RTS. 

2.4.3.1 EEAE-EVs of IEEE-RTS under Scenario I:  

To calculate the EEAE-EVs of the IEEE-RTS under this scenario, first, we have calculated the 
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HEAG of the IEEE-RTS using the algorithm described in Section 2.1.4.1 under Scenario I. Then, 

the HEAG is used to calculate the 𝜉𝑑 for the IEEE-RTS using (2.5). In the next step, the initial 

number of EVs is estimated using (2.6) which is found to be 971,200 cars or 10,716.77 MWh daily 

EV loads. Then, a load profile for this initial number of EVs is developed using the algorithm 

described in Section 2.2. The condition of determining the EEAE-EVs is checked using (2.7) and 

the number of EVs is updated in each iteration until this condition is satisfied. The step size is 

considered as 100 EVs. Finally, the EEAE-EVs is estimated for the final number of EVs. 

The estimated number of EVs that the IEEE-RTS can accommodate daily with fully controlled 

charging is 1,462,667 cars without adding any new generating unit. Therefore, the EEAE-EVs of 

the IEEE-RTS is the daily equivalent charging load of 1,462,667 cars for fully controlled charging, 

which is approximately 16,139.89 MWh. Figure 5 shows the HEAG and the EEAE-EVs of the 

IEEERTS for a typical day of a year. 

2.4.3.2 EEAE-EVs of IEEE-RTS under Scenario II:  

In this scenario, the HEAG of the IEEE-RTS is estimated using the algorithm described in 

2.1.4.2 under Scenario II. In this scenario, the assumed reserve capacity for the IEEE-RTS is 400 

MW (the maximum generation capacity of the largest unit of the IEEE-RTS). The EEAE-EVs of 

the IEEE-RTS for this scenario is estimated using the procedure described in Section 2.1.4. The 

estimated minimum number of EVs for this scenario is 559,250 cars or 6,171.08 MWh daily EV 

loads. The final number of EVs that can be added to the IEEE-RTS for Scenario II without adding 

generation is also calculated using the relationship (2.7), which is found to be 9,32,000 cars or 

10,284.22 MWh daily EV loads. Therefore, the estimated EEAE-EVs for the IEEE-RTS under this 

scenario is 10,284.22 MWh daily EV loads for a fully controlled charging strategy. 
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Figure 6. Required generation to avoid effects of EVs on LOLP. 

 
Figure 7. Required generation to avoid effects of EVs on EDNS. 

2.4.1 Case IV. Calculation of EERG-EVs:  

In this case, the EERG-EVs using the algorithm described in Section 2.2. The amount of extra 

generation is estimated for generators with two different reliability parameters (e.g., perfectly 

reliable and with 95% availability).  The estimated required extra generation amount to restore the 
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initial system reliability for different penetration levels of EVs is shown in Table 5. Figure 7 and 

Figure 8 are the graphical representations of EV penetrations versus new generating units. 

Table 5. Required Generation to Maintain LOLP and EDNS with EVs 

Penetration Added Generation (MW) to Restore 

Charging 

Load of 

EVs (MW) 

Base Case LOLP Base Case EDNS (MW/Yr) 

Perfectly 

Reliable 

Availability 

(95%) 

Perfectly 

Reliable 

Availability 

(95%) 

331 

386 

441 

496 

552 

607 

660 

137 

159 

188 

214 

240 

268 

295 

150 

180 

210 

241 

274 

309 

346 

130 

155 

181 

208 

235 

263 

291 

147 

178 

207 

240 

275 

313 

354 

 

2.5 Discussion 

The reliability indices for Case I and Case II are evaluated using the sequential MC simulation 

method. The reliability indices are given in Table 4. Table 4 also shows the effect of increasing the 

amount of EV loads on the LOLP and EDNS indices. Further, Table 4 shows that the increase of 

EV loads increases the LOLP and EDNS indices. Although, the increase in the LOLP and EDNS 

indices is low for a small number of EVs, as the amount of EV loads increases, the increase in the 

LOLP and EDNS indices becomes large. From Table 4, it can be seen that the increase in the LOLP 

and EDNS indices is 0.0004 and 0.0416, respectively, for increasing the amount of EV loads from 

330 to 386 MW. On the other hand, the increase in the LOLP and EDNS indices becomes 0.0007 

and 0.1103 for increasing the amount of EV loads from 607 to 660 MW, respectively. Therefore, 

it can be concluded that the developed load profiles can be used effectively to analyze their impacts 

on power system reliability. 

In Case III, the EEAE-EVs for the IEEE-RTS is estimated with the calculated HEAGs under 

Scenarios I and II as described in Section 2.1.4. From the results of Case III, it can be seen that the 
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EEAE-EVs for the IEEE-RTS is higher for Scenario I than Scenario II (Scenario I considers MTTR, 

MTTF, and outages due to scheduled maintenance of the generating units and ignores the reserve 

margin whereas Scenario II considers both). The results of Case III also show that the IEEE-RTS 

is capable of maintaining its reliability level for a maximum of 16,139.89 MWh of daily EV loads 

without adding new generating units for Scenario I. Moreover, the results of Case III show that the 

IEEE-RTS is capable of maintaining its reliability level for a maximum of 10,284.22 MWh of daily 

EV loads without adding new generating units for a constant system reserve of 400 MW (Scenario 

II). However, in order to include this amount of EV loads, the charging of EVs needs to be 

controlled fully based on the HEAG to maintain the reliability level. Although the number of EVs 

for Scenario I is different from Scenario II, the reliability indices for both scenarios are the same. 

This happens because the EEAE-EVs is developed based on maintaining power system reliability. 

In Case IV, only the second metric (EERG-EVs) is demonstrated on the IEEE-RTS under 

uncontrolled charging of EVs. Table 5 shows the estimated required amount of extra generation to 

restore the initial reliability for different number of EVs with two different reliability levels for the 

generators (i.e., perfectly reliable and 95% availability). From Table 5, it can be seen that the 

amount of the new generation needed to restore the EDNS index is lower than that required to 

restore the LOLP index. Also, Figure 6 and Figure 7 show that the amount of the new generation 

needed to restore the initial reliability indices is low for perfectly reliable generators compared to 

the generators with 95% availability, which is not a surprise. 

From the above-discussed case studies, it can be concluded that the proposed EEAE-EVs 

metric is effective in calculating the amount of EV loads that can be incorporated in a power system 

without adding any resources under fully controlled charging. Also, the proposed EERG-EVs 

metric has significant potential benefits to both analyze the effects of EVs on power systems and 

to estimate the required amount of generation to maintain/enhance system reliability. 
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Chapter 3. Maximum Permissible Load Demand for EVs at Power System Buses 

In this chapter, an index to determine the “extra accessible loading capacity of a bus” for EVs 

(EALCB-EVs) to allocate EVs at system buses is proposed. The EALCB-EVs can be used to 

determine the maximum permissible number of EVs at system buses with existing resources under 

both controlled and uncontrolled (actual) charging scenarios. The EALCB-EVs of a bus is 

estimated through updating the number of EVs iteratively until the cumulative charging load of 

EVs is satisfied with extra accessible loading capacity of the respective bus. The hourly extra 

accessible loading capacities of power system buses are estimated by taking the difference between 

hourly maximum loading capacities and existing hourly loads of the buses respectively. The 

maximum penetration level of EV loads in a bus is evaluated through calculating the equivalent 

charging load for maximum permissible number of EVs of the respective bus. The proposed method 

is demonstrated on the IEEE-RTS. The linear programming is used to calculate extra accessible 

loading capacities at power system buses. 

3.1 Extra Accessible Loading Capacity 

The EALCB-EVs concept to determine the maximum permissible number of EVs at power 

system buses has three main steps, which are described in the following sections. 

3.1.1 Maximum Permissible Number of EVs at System Buses 

The procedure to calculate the maximum permissible number of EVs at power system buses 

using the EALCB-EVs concept follows an iterative process. The process begins by estimating the 

extra accessible loading capacities of system buses (EALCB). Then, the load profile for an initial 

number of EVs is constructed. The detail of the procedures to calculate the EALCB and to construct 

the load profile for EVs are described in Sections 3.1.2 and 3.1.3. In the next step, the maximum 
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permissible number of EVs for power system buses are calculated under fully controlled and 

uncontrolled charging scenarios based on the following procedures. 

3.1.1.1 EALCB-EVs under Fully Controlled Charging Scenario: 

In this scenario, after calculating the EALCB, daily extra accessible energy at power system 

buses is calculated as follows,  

 
𝜉𝑒

𝑖𝑑 = ∑ ξe
iℏd

24

ℏ=1

,                    {
𝑖 = 1,2, … , 𝑁𝑏

ℏ = 1,2, … ,24
𝑑 = 1,2, … ,365

, (3.1) 

where 𝑁𝑏 is the total number of buses, ξe
iℏd is the extra accessible loading capacity of bus i at hour 

ℏ of day 𝑑, and 𝜉𝑒
𝑖𝑑 is the extra accessible energy of bus 𝑖 on day 𝑑 of the year.  

The daily required energy to charge an initial number of EVs can be estimated as follows, 

 
𝐿𝑒𝑣

𝑖𝑑 = ∑ 𝐿𝑒𝑣𝑑
𝑖ℏ

24

ℏ=1

,   (3.2) 

where 𝐿𝑒𝑣𝑑
𝑖ℏ  is the load demand of the anticipated number of EVs for bus 𝑖 at hour ℏ of day 𝑑 and 

𝐿𝑒𝑣
𝑖𝑑  is the total required energy to charge the anticipated number of EVs at bus 𝑖 on day 𝑑. 

Then, a stopping criterion for controlled charging scenario with the tolerance level, 𝜖, is 

expressed as follows, 

 min(𝜉𝑒
𝑖𝑑 − 𝐿𝑒𝑣

𝑖𝑑 ) ≈ 𝜖  (3.3) 

The results of  (3.3) are used to determine the maximum number of EVs that can be charged 

at the respective bus under fully controlled charging. A typical relationship between the EALCB 

and load profile of EVs is shown in Figure 8.  

Under fully controlled charging, the area under the EALCB curve has to be equal to the area 

under the EV load profile curve to accommodate the EVs with existing resources. Also, the amount 
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of EV load that is represented by the area B in Figure 9 should be shifted to areas A and C under 

fully controlled charging. 

 

Figure 8. Relation between EALCB and load profile of EVs. 

3.1.1.2 EALCB-EVs under Uncontrolled Charging Scenario: 

Also, in this scenario, after calculating the EALCB, the load profile for initial number of EVs 

is constructed. A stopping criterion for uncontrolled charging scenario is as follows, 

 min(𝜉𝑒
𝑖ℎ − 𝐿𝑒𝑣

𝑖ℎ ) ≈ 𝜖,                  ℎ = 1,2, … ,8760,  (3.4) 

where 𝜉𝑒
𝑖ℎ is the extra accessible loading capacity of bus 𝑖 at hour ℎ and 𝐿𝑒𝑣

𝑖ℎ  is the load of EVs of 

bus 𝑖 at hour ℎ.  

Also, in this scenario, the estimated final number of EVs using (3.4) for a bus is the maximum 

number of EVs that can be charged at the respective bus with existing resources under uncontrolled 

charging scenario. 

3.1.2 Calculation of EALCB 

The EALCB at the buses is calculated using the maximum hourly loading capacities and 

existing hourly loads. 
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3.1.2.1 Evaluation of Maximum Hourly Loading Capacities of Buses 

The calculation of the maximum hourly loading capacities at system buses is important to 

calculate the EALCB. The maximum hourly loading capacity of buses is not constant for a given 

period of time due to the network topology (i.e., rated capacity and outage profiles of generating 

units and transmission lines etc.). Therefore, we calculate the hourly maximum loading capacity of 

buses based on the capacity and outage profiles of the generating units and transmission lines for 

several years using the MC simulation. Then, we calculate the average of maximum loading 

capacity at each hour for all the simulated years. Also, the linear programming with an objective 

function of maximizing bus loading capacities is used to calculate the maximum loading capacities 

at buses. However, in the calculation of maximum hourly loading capacity of buses, there can be 

multi optimum situations. Depending on the manner in which the program scans the vertices of the 

feasible polytope, it can favor maximizing loading capacities at certain buses depending on how 

the buses are numbered. This bias can be removed by dynamic numbering of the buses, i.e., altering 

the bus numbers after the occurrence of each event in the simulation. The average of the hourly 

maximum loading capacities of buses is calculated as follows, 

 

𝜉𝑚𝑎𝑥
𝑖ℎ =

1

𝑁𝑦

∑ 𝜉𝑚𝑎𝑥
𝑖𝑗ℎ

𝑁𝑦

𝑗=1

,  (3.5) 

where 𝑁𝑦 is the total number of simulated years, 𝜉𝑚𝑎𝑥
𝑖𝑗ℎ

 is the maximum loading capacity at hour ℎ 

of 𝑗𝑡ℎ year for bus number 𝑖, and 𝜉𝑚𝑎𝑥
𝑖ℎ  is the average of the maximum loading capacity at hour ℎ 

of the 𝑖𝑡ℎ bus. 

3.1.2.2 Construction of Hourly Load Profile:  

Existing load profiles at power system buses are also important factors to determine the 

EALCB. The existing load profiles at system buses are constructed based on the hourly, daily, and 

weekly data of load demand of the IEEE-RTS load profile [59]. The peak load of a bus is composed 
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with the hourly, daily, and weekly data of load demand to construct the load profile for a year of 

the respective bus. 

3.1.2.3 Calculation of EALCB: 

Finally, the EALCB is calculated by subtracting actual hourly loads from average maximum 

hourly loading capacities of buses. The EALCB of a power system can be calculated as follows, 

 𝜉𝑒
𝑖ℎ = 𝜉𝑚𝑎𝑥

𝑖ℎ − 𝐿ℎ𝑖
𝑎 ,  (3.6) 

where 𝐿ℎ𝑖
𝑎  is the actual load demand at hour ℎ of bus 𝑖. 

3.1.3 Load Profiles of EVs 

In order to calculate the EALCB-EVs, it is also important to construct load profiles for EVs. 

The EVs may charge either at public charging stations or at residential charging stations where 

charging patterns of EVs depend on the type of the charging station. For example, at public charging 

station, peak amount of the charging happens at around midday. On the other hand, at residential 

stations, the maximum amount of charging happens at midnight. Therefore, it is important to 

construct load profiles for EVs for both public and residential charging stations. The load profiles 

of EVs for both residential and public charging stations at system buses are constructed using the 

annual peak demands of EVs of corresponding buses and the given hourly, daily, and weekly data 

in Chapter 2 Section 2.1.4. 

3.2 Network Modeling 

Typically, voltage limits are taken into account in loadability calculation of power systems. On 

the other hand, in composite system reliability evaluation where repetitive simulations are needed, 

the DC power flow model is commonly performed due to the high computation demand for the 

case of the AC power flow model. Following the same convention, we have calculated the 
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maximum EV loadability limit using the DC power flow with the power balance equation, 

generation capacity limits, and transmission line carry capability limits. The power balance 

equation represents an equality constraint and the generation and transmission limits represent 

inequality constraints [69]. In this dissertation, we do not consider the impacts of voltage limits on 

the number of EVs. However, the voltage limits will have an impact on the number of EVs that can 

be accommodated. The linear programming is used to calculate the maximum hourly loading 

capacity. The linear programming model of the network with DC load flow is as follows, 

 
𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝐿𝑜𝑎𝑑𝑖𝑛𝑔 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 = max ∑ 𝐿𝑖

𝑁𝑏

𝑖=1

,  (3.7) 

Subject to, 

 𝐵̂𝛿 + 𝐺 − 𝐿 = 0 

𝐺 ≤ 𝐺𝑚𝑎𝑥 

−𝐹𝑚𝑎𝑥 ≤ 𝑏𝐴̂𝛿 ≤ 𝐹𝑚𝑎𝑥 

𝐺, 𝐿 ≥ 0 

−𝜋 ≤ 𝜃 ≤ 𝜋 

 

(3.8) 

In (3.7) and (3.8), 𝑁𝑏 is number of buses, 𝑁𝑡 is number of transmission lines, 𝐵̂ is the 

augmented node susceptance matrix (𝑁𝑏 × 𝑁𝑡), 𝑏 is the transmission line susceptance matrix 

𝑁𝑡 × 𝑁𝑡, 𝐴̂ is the element-node incidence matrix (𝑁𝑏 × 𝑁𝑏), 𝛿 is the vector of node voltage angles 

(𝑁𝑏 × 1), 𝐿 is the vector of bus loading capacity (𝑁𝑏 × 1), 𝐺𝑚𝑎𝑥 is the vector of maximum 

accessible generation (𝑁𝑏 × 1), 𝐹𝑚𝑎𝑥 is the vector flow capacities of lines (𝑁𝑡 × 1), respectively, 

and 𝐺  is the solution vector of the generation at buses (𝑁𝑏 × 1). To get a feasible solution for the 

standard problem, we assume that one of the bus angles is zero of the constraints given in (3.8). 

In the optimization problem, charging demand for EVs is considered as nonbasic variables, 

while the other variables (e.g., real power generation) of DC power flow are considered as basic 

variables. In the simplex method of LP, if none of the constraints is violated, the optimization 
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algorithm follows an iterative process to adjust values of the variables within their limits to find an 

optimal solution. In this case, the generators are set at their maximum values. However, if one or 

more constraints are violated, the LP provides ordered weights to dispatch power from available 

generators based on their locations in the coefficient matrix to maximize the objective function. 

The description for LP solution algorithms and limitations can be found in [112]–[113]. 

3.3 Case Studies 

The proposed EALCB-EVs method is applied on the IEEE-RTS. The IEEE-RTS consists of 

32 generating units, 38 transmission lines, and 24 buses. The total generation capacity of the IEEE-

RTS is 3405 MW and the total peak load is 2850 MW. The detailed data of the IEEE-RTS are given 

in [59]. In [5], the peak demand for 100 EVs has been given as 79.05 kW and 74.18 kW for home 

and public charging scenario respectively. In [60], the peak demand for 100 EVs ranges from 62.5 

kW to 80 kW based on the utility factor of the EVs. Therefore, following the same range of peak 

loads, 75 kW is assumed as the annual peak demand for 100 EVs, which is scaled for the number 

of EVs in this study. The assumed percentage of charging EVs at public and residential stations are 

40% and 60%, respectively [5]. Four different case studies are carried out to demonstrate the 

proposed method. 

3.3.1 Case I: 

In this case, the EALCB-EVs is calculated for all load buses of the IEEE-RTS under fully 

controlled charging scenario. The EALCB is calculated using the procedure described in Section 

3.1.2, and the daily EALCB for the load buses are calculated using (3.1). The load profile for an 

initial number of EVs is constructed using the procedure described in Section 3.1.3. The daily 

required energy to charge this initial number of EVs is calculated using (3.2). Finally, the 

maximum number of EVs that can be allocated at each load bus of the IEEE-RTS under fully 



39 
 

controlled charging are calculated using (3.3). Also, the annual peak demand for the maximum 

number of EVs at each load bus is calculated by scaling the assumed peak demand for EVs. The 

results of this case study are given in the second, third, and fifth column of Table 6. 

3.3.2 Case II: 

In this case, the EALCB-EVs for the IEEE-RTS load buses are calculated under uncontrolled 

(actual) charging scenario. The calculated EALCB and the constructed load profile for an initial 

number of EVs in case I are also used in this case. The maximum permissible number of EVs for 

load buses of the IEEE-RTS under uncontrolled charging scenario is estimated using (3.4). The 

results of this case are shown in the fourth and sixth column of Table 6. 

Table 6. Maximum EVs Load Allocation at Load Buses of the IEEE-RTS 

Bus No. Maximum 𝜉𝑖𝑑 EALCB-EVs (MW) EALCB-EVs (No.) 

For EVs (MWh) Case I Case II Case I Case II 

1 551.7 49.0 26.5 65,333 35,333 
2 396.0 50.00 26.65 66,667 35,533 
3 803.6 82.00 34.25 109,333 45,667 
4 516.3 55.00 16.00 73,333 21,333 
5 546.7 59.00 15.00 78,667 20,000 
6 469.2 48.00 21.00 64,000 28,000 
7 2268 198.00 91.00 264,000 121,333 
8 666.5 70.00 26.00 93,333 34,667 
9 989.3 103.00 35.00 137,333 46,667 
10 917.0 95.00 34.00 126,667 45,333 
13 1693 179.00 35.00 238,667 46,667 
14 1469 150.00 55.00 200,000 73,333 
15 1855 194.00 46.00 258,667 63,448 
16 1910 197.00 68.00 262,666 90,667 
18 5122 530.00 156.00 706,667 208,000 
19 2163 219.00 83.00 292,000 110,667 
20 2215 230.00 70.00 306,667 93,333 

 

3.3.3 Case III: 

In this case, the EALCB-EVs for selected load buses of the IEEE-RTS is calculated under fully 

controlled charging. The EALCB for the selected load buses is calculated through maintaining the 

constant loading capacities of the other buses. Then, the daily EALCB for the selected load buses 
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is calculated using (3.1). The constructed load profile for an initial number of EVs and the 

calculated daily required energy to charge this initial number of EVs in case I are again used in this 

case. Finally, the maximum number of EVs that can be allocated at the selected load buses of the 

IEEE-RTS under fully controlled charging are calculated using (3.3). Also, the peak demand for 

the calculated maximum number of EVs are determined. The results of this case are given in the 

second, third, and fifth column of Table 7. 

Table 7. Maximum EVs Load Allocation at Selected Load Buses of the IEEE-RTS 

Bus No. Maximum 𝜉𝑖𝑑 EALCB-EVs (MW) EALCB-EVs (No.) 

For EVs (MWh) Case III Case IV Case III Case IV 

1 803.5 72 38.00 96,000 50,667 
5 1218.4 128 36.00 170,667 48,000 
7 2571.5 226 121.00 301,333 161,333 
8 1070.7 112 37.00 149,333 49,333 

10 1642.1 170 55.00 226,667 73,333 
13 4390.2 462 100.00 616,000 133,333 
14 2390.6 244 85.00 325,333 113,333 
15 3970.9 411 129.00 548,000 172,000 
18 6768.0 680 249.00 906,667 332,000 

 

3.3.4 Case IV: 

In this case, the EALCB-EVs is calculated for selected load buses of the IEEE-RTS under 

uncontrolled charging scenario. Again, the calculated EALCB for the selected load buses in case 

III and the constructed load profile for an initial number of EVs in case I are used in this case. The 

final number of EVs for the selected buses is calculated using (3.4). The results of this case are 

given in the fourth and sixth column of Table 7. 

3.4 Results and Discussion 

From Table 6, it can be seen that among all load buses of the IEEE-RTS, the maximum number 

of EVs can be allocated at bus 18 followed by bus 7 for both the fully controlled and uncontrolled 

charging scenario. This is not a surprise because both buses of the IEEE-RTS have high generation 
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capacity. Therefore, the maximum loading capacities of bus number 18 and 7 are higher than that 

of the other load buses. Table 6 also shows that, the maximum number of EVs for all buses under 

fully controlled charging are much higher than uncontrolled charging. This happens because in the 

proposed fully controlled charging, most of the charging occurs during maximum extra accessible 

loading capacity periods which is not possible for uncontrolled charging. Moreover, Table 6 shows 

that bus 1 has low daily maximum EALCB for EVs but high EV allocation capability compared to 

bus number 6. This happens because the maximum number of EVs at a system bus under fully 

controlled charging not only depends on the daily maximum EALCB-EVs but also depends on the 

difference between daily EALCB and daily demand for EVs of the corresponding bus. On the other 

hand, the maximum number of EVs at a bus under uncontrolled charging scenario depends only on 

the difference between hourly EALCB and hourly demand for EVs of the respective bus.  

From Table 6 and Table 7, it can be seen that the calculated EV allocation capacity of a specific 

bus is higher for the cases of selected buses than for the cases of all load buses. For example, in 

case III, the maximum number of EVs that can be allocated at bus 18 is 28.3% higher compared to 

case I. In same way, in case IV, the calculated maximum number of EVs for bus 18 is 59.61% 

higher compared to case II. This happens due to the fact that in case III and case IV, the linear 

programming distributes the extra accessible generation amount among the selected buses based 

on their line capacity. On the other hand, in case I and case II, the extra accessible generation 

amount is distributed among all the load buses. Therefore, the loading capacity of a bus is higher 

for case III and case IV compared to case I and case II respectively.  

From the above case studies, it can be concluded that the proposed EALCB-EVs concept is 

effective in calculating the number of EVs that can be incorporated—under both the fully controlled 

and uncontrolled charging scenarios—at power system buses without adding any resources. This 

will be beneficial for the system operators and planners to plan for the deployment of charging 
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stations at system buses. Also, the EALCB-EVs concept is effective to calculate the maximum 

number of EVs that can be accommodated at a transmission level bus, which provides the total 

number of EVs that can be charged at the aggregated distribution system at that bus. Furthermore, 

the proposed concept has significant potential to estimate the required amount of resources to 

handle the demand increase due to penetration of EVs. 
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Chapter 4. Determining Maximum Hosting Capacity of Electric Distribution 

Systems to EVs 

A voltage constrained-based approach to determine the maximum hosting capacity of (DSs) to 

EVs is proposed in this chapter. The maximum hosting capacity under uncontrolled (actual) 

charging scenario is estimated through gradually increasing the penetration of EVs until the 

minimum difference between load profile of EVs and hourly extra available power (HEAP) of the 

DS becomes zero. The final number represents the maximum hosting capacity of the DS to EVs 

under the uncontrolled charging scenario. Load profile for EVs is constructed using probability 

distribution functions of daily travel distance, departure time, and arrival time. These distribution 

functions are constructed using survey data collected from several technical reports. The HEAP is 

calculated by taking the differences between maximum hourly loading capacities and hourly loads 

at each node. The maximum loading capacities are calculated through gradually increasing the spot 

loads until the voltage constraints are violated. For fully controlled charging scenario, daily extra 

available energy (DEAE) and daily required energy to charge EVs are used to estimate the 

maximum hosting capacity of EVs. The DEAE of a DS is estimated using the HEAP. Daily required 

energy to charge EVs is calculated based on daily travel distance and energy required to travel each 

mile. OpenDSS is used to check the voltage constraints and to estimate the HEAP. The proposed 

approach is demonstrated on the IEEE 123-node test feeder through several case studies. 

4.1 Maximum Hosting Capacity of DSs to EVs 

The proposed voltage constrained-based approach to calculate the maximum hosting capacity 

of DSs to EVs follows an iterative method. The process begins by selecting nodes (e.g., all the 

nodes or some selected nodes) of the DS to host EVs. Then, the HEAP at each of the selected nodes 

is estimated. After calculating the HEAP, initial number of EVs that can be accommodated at the 
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selected nodes is estimated using the constructed load profile of EVs and the minimum HEAP of 

the respective nodes. The procedures to construct the load profile for EVs and calculate the HEAP 

are described in Sections 4.2.1 and 4.2.2 respectively. Finally, the maximum hosting capacity of 

EVs in the DS is calculated under uncontrolled and fully controlled charging scenarios based on 

the following procedure. 

4.1.1 Maximum Hosting Capacity of DSs under Uncontrolled Charging Scenario 

In this scenario, after calculating the HEAP at the selected nodes, the initial number of EVs for 

each of the selected nodes is calculated as follows,  

 

min 𝑃𝑖,𝑗,𝑘 = max ∑ 𝑃𝑖,𝑗,𝑘,𝑛
𝑒𝑣

𝑁𝑘
𝑢,𝑚𝑖𝑛

𝑛=1

,  (4.1) 

where 𝑖 is the index for hours of a day, 𝑗 is the index for days of a year, 𝑘 is the index for number 

of buses of a DS, 𝑛 is the index for number of EVs, 𝑁𝑘
𝑢,𝑚𝑖𝑛

 is the minimum number of EVs under 

uncontrolled charging scenario for node 𝑘, 𝑃𝑖,𝑗,𝑘 is the extra available power at the 𝑖𝑡ℎ hour of 𝑗𝑡ℎ 

day for node 𝑘, and 𝑃𝑖,𝑗,𝑘,𝑛
𝑒𝑣  is the demand to charge the 𝑛𝑡ℎ EV at 𝑖𝑡ℎ hour of 𝑗𝑡ℎ day for node 𝑘.  

After calculating the initial number of EVs, the expression provided in (4.2) is developed to 

update the number of EVs at each node.  

 

min(𝑃𝑖,𝑗,𝑘 − ∑ 𝑃𝑖,𝑗,𝑘,𝑛
𝑒𝑣

𝑁𝑘
𝑢

𝑛=1

) ≈ ϵ, (4.2) 

where Nk
u  is the number of EVs under uncontrolled charging scenario for node k and ϵ is the 

tolerance level.  

The final number of EVs calculated for each node using (4.2) represents the maximum hosting 

capacity of DSs at the respective node under uncontrolled charging scenario. The summation of the 
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maximum hosting capacities at each of the selected nodes is the maximum HC of DSs to EVs under 

this scenario. 

4.1.2 Maximum Hosting Capacity of DSs under Fully Controlled Charging Scenario 

In this scenario, after calculating the HEAP, the DEAE of the DS is calculated as follows, 

 
𝑊𝑗 = ∑ (∑ 𝑃𝑖,𝑗,𝑘

24

𝑛=1

) ,

𝑁𝑏

𝑘=1

 (4.3) 

where 𝑊𝑗 is the extra available energy on the 𝑗𝑡ℎ day of the year. 

 

Figure 9. Probability distribution function of daily travel distance of EVs. 

The initial number of EVs that can be accommodated in the DS under fully controlled charging 

scenario is calculated as follows, 

 

min 𝑊𝑗 = max ( ∑ 𝑊𝑗,𝑚
𝑒𝑣

Nc,min

𝑚=1

) ,       𝑚 = 1,2, … , 𝑁𝑐,𝑚𝑖𝑛 , (4.4) 

where 𝑁𝑐,𝑚𝑖𝑛 is the minimum number of EVs under fully controlled charging scenario and 𝑊𝑗,𝑚
𝑒𝑣  is 

the required energy to charge 𝑚𝑡ℎ EV on 𝑗𝑡ℎ day. The 𝑊𝑗,𝑚
𝑒𝑣  is calculated as follows, 
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 𝑊𝑗,𝑚
𝑒𝑣 = Dj,m × Wm

ev, (4.5) 

where Dj,m is the travel distance by the 𝑚𝑡ℎ EV on 𝑗𝑡ℎ day and Wm
ev m is the required energy to 

travel each mile by the mth EV.  

The PDF of daily travel distance by conventional cars is used to sample the daily travel 

distance. The PDF for daily travel distance is shown in Figure 9, which is developed using the 

survey data provided in [70]. 

In the next step, number of EVs is updated using the following stopping criterion. 

 
min(𝑊𝑗 − ∑ 𝑊𝑗,𝑚

𝑒𝑣 )

Nc

𝑚=1

 ≈ 𝜖,     𝑚 = 1,2, … , 𝑁𝑐 , (4.6) 

where 𝑁𝑐 is the number of EVs under the fully controlled charging scenario.  

 

Figure 10. Relation between HEAP and load profile of EVs. 

The final number of EVs calculated using (4.6) is used to determine the maximum hosting 

capacity of EVs in the DS under the fully controlled charging scenario. A typical relationship 

between the DEAE and demand profile of EVs is shown in Figure 10.  
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Under fully controlled charging, the area under the DEAE curve has to be equal to the area 

under the curve of load profile for EVs to accommodate the EVs with existing resources. Also, the 

amount of EV load that is represented by the area B in Figure 10 should be shifted to areas A and 

C under fully controlled charging. 

4.2 Construction of Load Profiles for EVs and Calculation of HEAP 

In the proposed approach, calculate hourly load demand to charge EVs and calculation of the 

HEAP are two important factors to calculate the maximum hosting capacity of a DS to EVs. The 

procedure to construct load profiles for EVs and calculate the HEAP is as follows. 

4.2.1 Hourly Load Demand to Charge EVs 

The procedure to calculate hourly load demand to charge EVs based on daily required energy, 

parking duration, and charging duration is described as follows. 

4.2.1.1 Calculation of Parking Duration of EVs 

Parking duration of each EV is an important factor to calculate hourly load demand to charge 

EVs. The parking duration at home and public charging stations are calculated as follows, 

 𝐻𝑗 = 𝐻𝐴𝑗 − 𝐻𝐷𝑗 , (4.7) 

where 𝐻𝐴𝑗 is the arrival time at a home charging station on the 𝑗𝑡ℎ day, 𝐻𝐷𝑗 is the departure time 

from a home charging station on the 𝑗𝑡ℎ day, and 𝐻𝑗 is the parking duration at a home charging 

station on the 𝑗𝑡ℎ day of an EV, respectively.  

 𝑃𝑗 = 𝑃𝐴𝑗 − 𝑃𝐷𝑗 ,  (4.8) 
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where 𝑃𝐴𝑗 is the arrival time at a home charging station on the 𝑗𝑡ℎ day, 𝑃𝐷𝑗 is the departure time 

from a home charging station on the 𝑗𝑡ℎ day, and 𝑃𝑗 is the parking duration at a home charging 

station on the 𝑗𝑡ℎ day of an EV, respectively.  

 

Figure 11. Probability distribution function of arrival time of EVs. 

 

Figure 12. Probability distribution function of departure time of EVs. 

The daily arrival and departure times of EVs change dynamically due to the behavior and 

preference of drivers. This dynamic change is captured by sampling the arrival and departure times 
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of EVs using the PDFs of departure and arrival times of conventional cars. The PDFs for arrival 

and departure times of EVs at home are developed using the survey data provided in [70], [71]. 

The PDFs for arrival and departure times of EVs at public charging stations are developed based 

on the data collected from [72]. The PDFs are shown in Figure 11 and Figure 12, respectively. 

4.2.1.2 Calculation of Charging Duration of EVs 

The calculation of required charging duration at each day is another important factor to construct 

load profiles for EVs. The charging duration at home and public stations are calculated using (4.9) 

and (4.10), which are derived using (4.5).  

 
𝐻𝑗,𝑚 =

𝑓𝑚
𝐻 × 𝑊𝑗,𝑚

𝑒𝑣

𝑅ℎ
, (4.9) 

where 𝑓𝑚
𝐻 is the fraction of required energy to charge the 𝑚𝑡ℎ EV at a home charging station on the 

𝑗𝑡ℎ day, 𝐶𝐻𝑗,𝑚 is the charging duration at a home charging station of the 𝑚𝑡ℎ  EV on the 𝑗𝑡ℎ day, 

and 𝑅ℎ is the charging rate at home charging stations.  

 
𝐶𝑃𝑗,𝑚 =

𝑓𝑚
𝑃 × 𝑊𝑗,𝑚

𝑒𝑣

𝑅𝑝
, (4.10) 

where 𝑓𝑚
𝑃 is the fraction of required energy to charge the 𝑚𝑡ℎ EV at a public charging station on 

the 𝑗𝑡ℎ day, 𝐶𝑃𝑗,𝑚 is the charging duration at a public charging station of the 𝑚𝑡ℎ  EV on the 𝑗𝑡ℎ 

day, and 𝑅𝑝 is the charging rate at public charging stations.  

4.2.1.3 Construction of Load Profiles for EVs 

It is assumed that EV owners immediately plug in their vehicles after arrival and provide inputs 

about their departure time and required energy. After calculating the parking and charging duration, 

if the required charging time is larger than or equal to the parking duration, then the charging 

happens during the entire parking duration, which is expressed as follows, 
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 𝐶𝐻𝑗,𝑚 ≥ 𝐻𝑗,𝑚,  

𝐶𝑃𝑗,𝑚 ≥ 𝑃𝑗,𝑚, 
(4.11) 

where 𝐻𝑗,𝑚 is the parking duration at home charging stations of the 𝑚𝑡ℎ  EV on the 𝑗𝑡ℎ day and 

𝑃𝑗,𝑚 is the parking duration at public charging stations of the 𝑚𝑡ℎ  EV on the 𝑗𝑡ℎ day.  

On the other hand, if the required charging time is less than the parking duration, then the 

charging happens during the entire charging duration, which is expressed as follows,  

 𝐶𝐻𝑗,𝑚 < 𝐻𝑗,𝑚,  

𝐶𝑃𝑗,𝑚 < 𝑃𝑗,𝑚, 
(4.12) 

For the conditions described in (4.11), hourly demand at home and public charging stations are 

calculated as follows,  

 
𝑃𝑖,𝑗,𝑚

𝐻 = {
𝑅ℎ,     𝑖 = 𝐻𝐴𝑗,𝑚, 𝐻𝐴𝑗,𝑚 + 1, … , 𝐻𝐴𝑗,𝑚 + 𝐻𝑗,𝑚

𝑜,                                                            𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
, 

(4.13) 

where 𝑃𝑖,𝑗,𝑚
𝐻  is the hourly demand at a home charging station for 𝑚𝑡ℎ  EV on the 𝑗𝑡ℎ day.  

 
𝑃𝑖,𝑗,𝑚

𝑝
= {

𝑅𝑝,     𝑖 = 𝑃𝐴𝑗,𝑚, 𝑃𝐴𝑗,𝑚 + 1, … , 𝑃𝐴𝑗,𝑚 + 𝑃𝑗,𝑚

𝑜,                                                            𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
, 

(4.14) 

where 𝑃𝑖,𝑗,𝑚
𝑃  is the hourly demand at a home charging station for 𝑚𝑡ℎ  EV on the 𝑗𝑡ℎ day.  

The hourly demand at home and public charging stations for the conditions described in (4.12) 

are calculated as follows,  

 
𝑃𝑖,𝑗,𝑚

𝐻 = {
𝑅ℎ ,     𝑖 = 𝐻𝐴𝑗,𝑚, 𝐻𝐴𝑗,𝑚 + 1, … , 𝐻𝐴𝑗,𝑚 + 𝐶𝐻𝑗,𝑚

𝑜,                                                            𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
, 

𝑃𝑖,𝑗,𝑚
𝑝

= {
𝑅𝑝 ,     𝑖 = 𝑃𝐴𝑗,𝑚, 𝑃𝐴𝑗,𝑚 + 1, … , 𝑃𝐴𝑗,𝑚 + 𝐶𝑃𝑗,𝑚

𝑜,                                                            𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
, 

(4.15) 

(4.16) 

After calculating hourly demand for all home and public charging stations, the load profile for 

EVs at a given node is constructed using the expression provided in (4.17), which is derived using 

(4.13), (4.14), (4.15), and (4.16).  
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𝑃𝑖,𝑗,𝑘
𝑒𝑣 = ∑ 𝑃𝑖,𝑗,𝑚

𝐻 + 𝑃𝑖,𝑗,𝑚
𝑃

𝑁𝑘
𝑢

𝑚=1

, (4.17) 

where 𝑃𝑖,𝑗,𝑚
𝐻  and 𝑃𝑖,𝑗,𝑚

𝑃  are the calculated hourly demand to charge EVs at home and public stations 

at bus 𝑘, respectively. 

4.2.2 Calculation of HEAP 

The procedure to calculate the HEAP of a DS using the maximum hourly loading capacities 

and hourly loads is described as follows. 

4.2.2.1 Evaluation of the maximum loading capacity 

The maximum loading capacities at the selected nodes for EV charging are calculated by 

gradually increasing the spot loads until voltage limits are violated. We consider the voltage limits 

for DSs based on the recommendation provided by American National Standards Institute (DS 

voltage have to be maintained within 5% of base voltage) [73]. The OpenDSS and MATLAB are 

used to perform power flow to check voltage limits. The maximum amount of spot loads that can 

be incorporated at each of the selected nodes is considered as the maximum loading capacities. 

4.2.2.2 Construction of hourly load profile 

Existing load profiles at each of the selected nodes are also important factors to determine the 

HEAP. The existing load profiles at the selected nodes are constructed based on the developed load 

profile for DSs by the Electric Power Research Institute (EPRI) [74]. In [74], hourly data of load 

demand are presented in percentages of the annual peak (spot) load which are combined to construct 

the load profile for a year. The peak load of a node is combined with the hourly data of load demand 

to construct the load profile for a year of the respective node. 
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4.2.2.3 Calculation of HEAP 

Finally, the HEAP is calculated by subtracting actual hourly loads from the maximum loading 

capacity at each node. The HEAP of a node is calculated as follows, 

 𝑃𝑖,𝑗,𝑘 = 𝑃𝑖,𝑗,𝑘
max − 𝐿𝑖,𝑗,𝑘 , (4.18) 

where 𝑃𝑖,𝑗,𝑘
max and𝐿𝑖,𝑗,𝑘 are the maximum loading capacity and actual load demand of node 𝑘 at the 

𝑖𝑡ℎhour on the 𝑗𝑡ℎ day, respectively, and 𝑃𝑖,𝑗,𝑘 is the HEAP of the 𝑘𝑡ℎ node at the 𝑖𝑡ℎhour on the 

𝑗𝑡ℎ day. 

4.3 Case Studies 

The proposed method to calculate the maximum hosting capacity of DSs to EVs is applied on 

the IEEE 123-node test feeder. The total amount of spot load of the IEEE 123-node test feeder is 

3490 kW. The detailed data are given in [75]. Typically, three types of chargers are available [76]: 

Level 1: charging rate of 1 kW/h, Level 2: charging rate of 6 kW/h, and Level 3: charging rate of 

50 kW/h. However, Level 3 is very expensive and frequent uses of fast chargers reduces the lifetime 

of batteries. Therefore, Level 1 is used at most of home charging stations and Level 2 is used at 

most of public charging stations. It is assumed that average charging rates at home and public 

charging stations are 3 kW/h and 5 kW/h respectively. We calculate the maximum hosting capacity 

of the IEEE 123-node test feeder under both the uncontrolled and controlled charging scenarios for 

two types of node selection as follows,  

• EV loads are distributed at all load nodes with the same percentage of their existing 

spot loads. 

• EV loads are distributed in two different regions (i.e., region1: residential and urban 

area and region2: residential and industrial area). 
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 EVs are distributed in region1 and region2 based on the given ratio (the ratio of vehicles per 

home in region1 is 0.6 and the ratio of vehicles per home in region2 is 0.45) in [32]. The required 

energy to travel each mile by different types of vehicles is as follow: sedan 0.3225 kWh/mile, mid-

sedan 0.3605 kWh/mile, mid-SUV 0.4375 kWh/mile, and full-SUV 0.5075 kWh/mile [60]. We 

have assumed that the required energy—average of the above-mentioned energy consumption per 

mile—to travel each mile by an EV is 0.407 kWh/mile. The percentages of EVs at residential and 

public stations are assumed 40% and 60%, respectively as provided in [5].  

The HEAP of the IEEE 123-node test feeder is calculated using the procedure described in 

Section 4.2. The daily travel distance, arrival time, and departure time of the EVs are sampled using 

the PDFs described in Figure 10, Figure 11, and Figure 12 respectively. The daily electricity 

demand, parking duration, and minimum charging duration of the EVs are calculated using (4.5), 

(4.7), (4.8), (4.9), and (4.10) respectively. Four different case studies are carried out to 

demonstrate the proposed method, which are explained as follows. 

4.3.1 Case I: Maximum Hosting Capacity for All Nodes under Uncontrolled Charging 

In this case, the maximum hosting capacity of the IEEE 123-node test feeder to EVs is 

calculated under uncontrolled charging scenario for all load nodes. The EV loads are distributed 

with the same percentage of spot loads at each node. The HEAP is calculated for each load node. 

The initial number of EVs that can be incorporated at each node with existing resources under this 

scenario is calculated using (4.1). The hourly load demand to charge EVs is calculated using the 

procedure described in Section 4.2. The maximum hosting capacities for all the nodes under the 

uncontrolled charging scenario are calculated using (4.2). Finally, the maximum hosting capacity 

of the IEEE-123 test feeder under this scenario is calculated by taking the summation of the 

maximum hosting capacities of EVs of all nodes. The results of this case are given in the second 

row of Table 8. 
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Table 8. Maximum Hosting Capacity for All the Nodes 

Case I Number of Cars Peak Load (kW) 

438 595 

Case II Number of Cars Peak Daily Energy (kWh) 
1510 13015 

 

4.3.2 Case II: Maximum Hosting Capacity for All Nodes under Fully Controlled 

Charging Scenario 

 In this case, the maximum hosting capacity of the IEEE 123-node test feeder to EVs is 

calculated for all load nodes under fully controlled charging scenario. Same as Case I, EVs are 

distributed with the same percentage of spot loads at each node in this case. The calculated HEAP 

for each load node of the IEEE 123-node test feeder in Case I is used for this case. The DEAE of 

the IEEE 123-node test feeder is calculated using (4.3). The initial number of EVs for this scenario 

is calculated using (4.4). The maximum hosting capacity of the IEEE 123-node test feeder to EVs 

under this scenario is calculated using (4.6). The results of this case study are given in the fourth 

row of Table 8.  

 

Figure 13. Relation between HEAP of the IEEE 123-node test feeder and load demand of EVs. 

Figure 13 shows the relationship between the HEAP of the IEEE 123-node test feeder and load 

demand of EVs in a typical day under this scenario. 
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4.3.3 Case III: Maximum Hosting Capacity for Selected Nodes under Uncontrolled 

Charging 

In this case, the maximum hosting capacity in two different regions of the IEEE 123-node test 

feeder to EVs is calculated under uncontrolled charging scenario. The selected regions of the IEEE 

123-node test feeder for this case is shown in Figure 14.  

 

Figure 14. Selected regions of the IEEE 123-node test feeder for Case III and Case IV. 

The penetration level of EV loads in region1 is considered as 1.3 times of the penetration level 

in region2 based on the given ratio in [31]. The EV loads at different nodes in both region1 and 

region2 are distributed with the same percentage of their existing spot loads. The HEAP of the 

IEEE 123-node test feeder is calculated for the selected nodes in region1 and region2. Same as 

Case I, (4.1) is used to calculate the initial number of EVs and the procedure described in Section 

4.2.1 is used to hourly load demand to charge EVs at the selected nodes. The maximum hosting 

capacities for the selected nodes under this scenario are calculated using (4.2). The summation of 

the maximum hosting capacities of the selected nodes represents the maximum hosting capacity of 
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the IEEE 123-node test feeder under this scenario. The results of this case are given in the second 

row of Table 9. 

Table 9. Maximum Hosting Capacity for the Selected Nodes 

 Region Number of Cars Peak Load (kW) 

 
Case I 

region1 
region2 
Total 

106 
124 
230 

188 
205 
393 

 
Case II 

 
region1 
region2 
Total 

Number of Cars Peak Daily Energy (kWh) 
423 
489 
912 

3811 
4455 
8266 

 

4.3.4 Case IV: Maximum Hosting Capacity for Selected Nodes under Fully Controlled 

Charging 

In this case, the maximum hosting capacity in two different regions of the IEEE 123-node test 

feeder is calculated under fully controlled charging. The calculated HEAP in Case III is used to 

calculate the hosting capacity. Same as Case II (4.3), (4.4), and (4.6) are used to calculate the 

DEAE, initial number, and the maximum hosting capacity of EVs in the IEEE 123-node test feeder 

respectively under this scenario. The results of this case are given in the fourth row of Table 9. 

4.4 Results and Discussion 

From Table 8, it can be seen that the maximum hosting capacity of the IEEE 123-node test 

feeder to EVs under Case I (uncontrolled charging for all buses) and Case II (controlled charging 

for all buses) are 438 cars (595 kW) and 1510 cars (13015 kWh) respectively. Table 8 also shows 

that the hosting capacity in terms of number of EVs under Case II is 244.75% larger than Case I.  

From Table 9, we can see that the hosting capacity in terms of the number of EVs in region1 

under Case IV (controlled charging scenario) is 299% larger than Case III (uncontrolled charging 

scenario). Also, from Table 9, it can be seen that the hosting capacity in terms of number of EVs 

in region2 under Case IV is 294.35% larger than Case III. Moreover, Table 9 shows that the total 
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maximum hosting capacity in terms of the number of EVs under Case IV is 296.52% larger than 

Case III. From Table 9, we can also see that the hosting capacity in region2 under both the Case III 

and Case IV is larger than region1. This happens because the penetration level of EVs as well as 

the number of nodes in region2 is high compared to region1.  

From Table 8 and Table 9, it can be seen that the maximum hosting capacity of EVs under fully 

controlled charging scenario (case II and case IV) is high compared to uncontrolled charging 

scenario (case I and case III). This is not a surprise because under fully controlled charging scenario, 

the maximum DEAE is used to charge the EVs which is not possible under uncontrolled charging 

scenario due to the charging preferences of the EVs’ owners. From Table 8 and Table 9, we can 

also see that the maximum hosting capacity for selection of all nodes is high compared to the 

selection for some specific nodes. The maximum hosting capacity of EVs in case I and case II are 

90.43% and 65.57% high compared to case III and case IV respectively. This happens because the 

calculated HEAE while maintaining the network constraints in case I is high compared to case III.  

From the above case studies, it can be concluded that the proposed approach is effective in 

calculating the maximum hosting capacity of DSs to EVs under both the fully controlled and 

uncontrolled charging scenarios. This will be beneficial for the system operators and planners to 

plan for the deployment of charging stations at different locations of DSs. Also, the proposed 

approach has potential to estimate the required amount of resources to handle the demand increase 

due to penetration of EVs. 
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Chapter 5. A Method to Evaluate the Maximum Hosting Capacity of Power Systems 

to EVs 

The proposed smart charging/discharging to calculate the expected maximum hosting capacity 

(EMHC) of power systems to EVs is described in this chapter. The proposed smart 

charging/discharging strategy is developed based on the daily energy demand and parking duration 

of EVs. Probability distribution functions (PDFs) of arrival and departure times are used to 

calculate the parking duration. The daily energy demand is calculated based on the energy required 

to travel each mile and PDF of daily travel distances. An optimization problem to maximize the 

HC is formulated based on network constraints (e.g., voltage limits, generation and line capacities, 

and loads), charging/discharging limits of smart chargers, and daily energy demand and parking 

durations of EVs. To relieve the computational burden, a linearized AC power flow model is 

leveraged to capture the nonlinear characteristics of network constraints. The EMHC is calculated 

for charging stations at both homes and workplaces using MC simulation. The proposed method is 

demonstrated on the modified IEEE 33-bus system.  

5.1 Smart Charging/Discharging Strategy to Maximize the Hosting Capacity 

In the proposed smart charging/discharging strategy, the rates are controlled by a central 

controller based on network constraints and provided inputs (e.g., departure time, next travel 

distance, and type of vehicle) to smart chargers. This section illustrates the overall system 

architecture for the proposed framework and describes the formulation of the optimization problem 

to maximize the HC of power systems to EVs.  

5.1.1 System Architecture 

 We introduce a smart charging/discharging architecture which is composed of smart chargers, 

a communication layer, and a central controller. The smart chargers have input panels in which EV 
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owners provide their departure time, next travel distance, and type of vehicle. Also, it is assumed 

that the EV owners plug in their vehicles immediately after arrival. The smart chargers can read 

arrival times and initial SOCs of EVs and calculate parking duration by taking the difference 

between arrival and departure times. Different types of EVs (e.g., sedan, mid-sedan, SUV, and mid-

SUV) have different energy consumption per mile. The smart chargers are also capable of 

determining the energy required to travel each mile based on vehicle type. Moreover, the smart 

chargers calculate the required charging energy as follows, 

 𝐸 = 𝐷 × 𝜂𝐸 , (5.1) 

where 𝐷 is the expected travel distance by an EV, 𝜂𝐸 is the required energy for the EV to travel 

each mile, and 𝐸 is the total energy demand of the EV. 

The departure time, calculated parking duration, and energy demand are fed as inputs to the 

central controller by smart chargers using a communication channel. Also, the central controller 

gathers network information such as voltage levels, hourly generation capacities, line capacities, 

and loads. This information is used to control charging/discharging rates without violating network 

constraints. Each day of a year is divided into 24 time-intervals to control charging/discharging 

rates. However, the time-intervals can be adjusted based on the requirements. The total number of 

intervals that are suitable for charging and discharging depends on the arrival and departure times. 

The charging and discharging of an EV cannot occur simultaneously within a time interval and 

charging/discharging power during a time interval remain unchanged. Figure 15 shows an example 

for the timeline of charging and discharging periods. 

Figure 15 shows that the arrival time, ta
n, departure time, tf

n, and parking duration of the 𝑛𝑡ℎ EV 

are 8, 19, and 11 respectively. Thus, the total number of time intervals for charging/discharging is 
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11. The initial and desired final energy levels are Eini
n  and Efinal

n , respectively. The value of Efinal
n  

must be less than or equal to the maximum energy limit of the EV battery.  

 

Figure 15. Charging/discharging period. 

 

Figure 16. Smart charging/discharging architecture for a microgrid. 

If the network has additional capacity after satisfying its existing demand (without EV), then the 

EV is charged. On the other hand, if the network fails to satisfy its existing demand (without EV), 

then the EV is discharged. The charging/discharging rate during an entire interval remains constant 

which is determined by the optimization model described in Section 5.1.2 and Section 5.1.3, 

respectively. This procedure is repeated for all possible time intervals. Also, in the proposed smart 
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charging/discharging strategy, it is ensured that the EV battery will achieve the desired final energy 

level at the time of departure. A schematic diagram of the proposed smart charging/discharging 

strategy for a microgrid is shown in Figure 16. 

5.1.2 Objective Function 

In the proposed smart charging/discharging strategy, the objective is to maximize the number 

of EVs. The objective function to maximize the HC of power systems to EVs, is expressed as 

follows, 

 Hev,max = max(∑ 𝐸𝑛,𝑑),           ∀𝑑

𝑛∈𝑁

 (5.2) 

where 𝑑 is the index for days of a year, running from 1 to 365, 𝑁 is the set for all candidate EVs 

to be charged/discharged. 𝐸𝑛,𝑑 is the required energy of the 𝑛𝑡ℎ EV on the 𝑑𝑡ℎ day, and Hev,max 

is the maximum HC of a power system to EVs.  

The LP follows same procedure described in Chapter 3 section 3.2 to dispatch power from 

generators to maximize the HC.  

5.1.3 Network Constraints  

 We leverage the linearized AC power flow model proposed in [77] to describe the network 

constraints. 

Power balance equations, 

 B′𝑡,𝑑θt,d − Gt,dVt,d + Pg
t,d + Pdis

t,d = Pch
t,d + Pl

t,d        ∀t, ∀d 

G′𝑡,𝑑θt,d + Bt,dVt,d  + Qg
t,d = Ql

t,d                                ∀t, ∀d 

(5.3) 

where 𝑡 is the index for hours of a day, running from 1 to 24; B′𝑡,𝑑 and Gt,d are the modified 

susceptance and conductance matrices at time 𝑡 on day 𝑑, respectively; Bt,d and Gt,d are the 
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conventional susceptance and conductance matrices at time 𝑡 on day 𝑑, respectively; θt,d and Vt,d 

are the vectors of nodal voltage angles and magnitudes at time 𝑡 on day 𝑑, respectively; Pg
t,d

 and 

Qg
t,d

 are the vectors of real and reactive power generations at time 𝑡 on day 𝑑, respectively; Pdis
t,d

 and 

Pch
t,d

 are the vectors for discharging and charging power of EVs at time 𝑡 on day 𝑑, respectively; 

and Pl
t,d

 and Ql
t,d

 are the vectors of real and reactive power demand (without EVs) at time 𝑡 on day 

𝑑, respectively. 

EV energy level at each hour for charging/discharging, 

 
En,t,d  +

1

𝜂dis

Pdis
n,t,dΔt − ηch Pch

n,t,dΔt = En,t−1,         ∀t, ∀d (5.4) 

where Δt is the duration of each time interval; ηch and 𝜂dis are the efficiency coefficients of 

charging and discharging, respectively; Pdis
n,t,d

 and Pch
n,t,d

 are the discharging and charging power of 

nth EV at time interval t on day d, respectively; and En,t,d and En,t−1 are the energy level of nth 

EV at time 𝑡 − 1 and 𝑡 on day 𝑑, respectively. 

Daily EV energy demand constraints,  

 

∑ (
1

𝜂𝑑𝑖𝑠

Pdis
n,t,dΔt − ηch Pch

n,t,dΔt) ≥ 𝐸𝑛,𝑑

tf
n,d

t=ta
n,d

      ∀d 

𝐸𝑛,𝑚𝑖𝑛 ≤ 𝐸𝑛,𝑑 ≤ 𝐸𝑛,𝑚𝑎𝑥                                         ∀d 

 

(5.5) 

where ta
n,d

 and tf
n,d

 are the arrival and departure times of the nth EV on the dth day, respectively; 

𝐸𝑛,𝑚𝑖𝑛 and 𝐸𝑛,𝑚𝑎𝑥 are the minimum and maximum battery capacity of the nth EV, respectively. 

Charging/discharging constraints,  

 0 ≤ Pch
n,t,d ≤ 𝑃𝑐ℎ

𝑚𝑎𝑥                              ∀d, ∀t 

0 ≤ Pdis
n,t,d ≤ 𝑃𝑑𝑖𝑠

𝑚𝑎𝑥                              ∀d, ∀t 

(5.6) 
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where 𝑃𝑐ℎ
𝑚𝑎𝑥 and 𝑃𝑑𝑖𝑠

𝑚𝑎𝑥 are the maximum charging and discharging rates of smart chargers, 

respectively. 

Real and reactive power generation constraints, 

 𝑃𝑔
𝑚𝑖𝑛 ≤ Pg

t,d ≤ 𝑃𝑔
𝑚𝑎𝑥                              ∀d, ∀t  

𝑄𝑔
𝑚𝑖𝑛 ≤ Qg

t,d ≤ 𝑄𝑔
𝑚𝑎𝑥                              ∀d, ∀t 

(5.7) 

where 𝑃𝑔
𝑚𝑖𝑛 and 𝑃𝑔

𝑚𝑎𝑥 are the vectors of minimum and maximum real power generation, 

respectively; and 𝑄𝑔
𝑚𝑖𝑛 and 𝑄𝑔

𝑚𝑎𝑥 are the vectors of minimum and maximum reactive power 

generation, respectively. 

Feeder capacity constraints, 

 𝑆𝐹
𝑡,𝑑 ≤ 𝑆𝐹

𝑚𝑎𝑥                              ∀d, ∀t   

𝑆𝑅
𝑡,𝑑 ≤ 𝑆𝑅

𝑚𝑎𝑥                              ∀d, ∀t 

(5.8) 

where 𝑆𝐹
𝑚𝑎𝑥 and 𝑆𝑅

𝑚𝑎𝑥 are the vectors of maximum forward and reverse feeder flow capacities, 

respectively; and 𝑆𝐹
𝑡,𝑑

 and 𝑆𝑅
𝑡,𝑑

 are the vectors of forward and reverse feeder flows at time 𝑡 on day 

𝑑, respectively. 

Voltage constraints, 

 𝑉𝑚𝑖𝑛 ≤ 𝑉𝑡,𝑑 ≤ 𝑉𝑚𝑎𝑥                              ∀d, ∀t (5.9) 

where 𝑉𝑚𝑖𝑛 and 𝑉𝑚𝑎𝑥 are the vectors of minimum and maximum bus voltage magnitudes, 

respectively. 

Angle constraints, 

 𝜋 ≤ 𝜃𝑡,𝑑 ≤ 𝜋                             ∀d, ∀t (5.10) 
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5.2 Calculation of the EMHC 

The proposed algorithm to calculate the EMHC of power systems to EVs follows an iterative 

process, which starts with computing the maximum HC at each day of a year. To determine the HC 

at each day, we assume that there are enough number of smart chargers deployed at both homes 

and workplaces to plug in EVs immediately after arrival.  

 

Figure 17. PDFs of (a) arrival times at homes and (b) departure times from homes. 

 

Figure 18. PDFs of (a) arrival times at workplaces and (b) departure times from workplaces. 

Then, the arrival times, departure times, and next travel distances on the first day of a year for 

an initial number of EVs for both homes and workplaces are determined. The arrival and departure 
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times are determined based on the PDFs provided in Figure 17 and Figure 18.  The PDFs for arrival 

and departure times at homes are developed using the survey data for conventional cars provided 

in [70], [71]. The PDFs for arrival and departure times at workplaces are developed using the survey 

data [78]. The next travel distances are calculated based on the PDF of daily travel distances for 

conventional cars shown in Figure 19, which is developed using the survey data provided in [70]. 

 

Figure 19. PDF of daily travel distances of EVs. 

In the next step, parking duration, required charging energy, and initial SOC level for each EV 

are determined. The parking duration is calculated by taking the difference between arrival and 

departure times. The required charging energy is calculated using (5.1).The initial SOC level is 

determined randomly between 10% to 30% of the maximum battery capacity. The hourly demand 

for existing loads (without EVs) is calculated using data tables provided in [59].  

Then, the optimization problem described in Section 5.1 is solved by using linear programming 

solver. The number of EVs is updated until the obtained solution for the optimization problem is 

infeasible. The final number of EVs is the maximum HC on first day of the year. The above 

procedure is repeated 365 times to calculate the maximum HC for each day of a year. A flowchart 

to calculate the maximum HC at each day is provided in Figure 20. 
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Figure 20. Algorithm to calculate the daily maximum HC. 

To calculate the EMHC capacity, the above procedure is repeated for 𝑁𝑦 years. Then, the 

expected maximum hosting capacity at each day of a year is calculated as follows, 

 

ξm
d =

1

𝑁𝑦

∑ 𝜉𝑦
𝑑

𝑁𝑦

𝑦=1

 (5.11) 

where 𝑁𝑦 is the number of simulated years; 𝜉𝑦
𝑑 is the maximum HC of power systems to EVs on 

the 𝑑𝑡ℎ day of 𝑦𝑡ℎ year; and ξm
d  is the EMHC on the 𝑑𝑡ℎ day of a year. 
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Finally, the EMHC of the power system to EVs is calculated by taking the minimum value of 

daily EMHC. Following the stopping criterion provided in [79] to evaluate power system reliability 

using the MC simulation, we introduce a stopping criterion based on the coefficient of variance of 

EMHC as follows,  

 
𝜎 =

√|𝑉(𝜉𝑚)|

𝜉𝑚

 (5.12) 

where 𝜉𝑚 is the EMHC of power systems to EVs; 𝑉(𝜉𝑚) is the variance of the EMHC of power 

systems to EVs; and 𝜎 is the coefficient of variance. Typically, the value for 𝜎 to calculate the 

reliability indices is ≤ 0.025, which is adopted for the proposed algorithm. 

The variance of EMHC, 𝑉(𝜉𝑚), is calculated as follows, 

 𝑉(𝜉𝑚) =
1

𝑁𝑦
(𝜉𝑚 − 𝜉𝑚

2 )  (5.13) 

5.3 Numerical Examples  

To validate the proposed method, simulations are carried out on the modified IEEE 33-bus 

distribution system. The IEEE 33- bus test system is characterized by 33 nodes, 32 branches, 5 tie-

lines, 3 laterals, and operating voltage of 12.66 kV [80]. In the modified IEEE 33-bus system, 

locations of the generating units and ratings of the photovoltaic (PV) units are selected based on 

the provided modification in [81]. The total peak demand of the modified IEEE 33-bus test system 

is 2972 kW [81]. The limits of hourly generation amount of the PV units are calculated using 

PVWatts calculator developed by the National Renewable Energy Laboratory [82].  

A specific node of a distribution system may have only home charging stations or only 

workplace charging stations or both types of charging stations. In this dissertation, we consider that 

a node contains either only home charging stations or only workplace charging stations. Also, the 

charging stations can be installed in all or several selected nodes of distribution systems. We 

randomly select 10 nodes to install charging stations. The locations of the generators and charging 
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stations in the modified IEEE 33-bus distribution system are shown in Figure 21. The ratings of all 

the generating units are given in Table 10. 

 

Figure 21. Modified IEEE 33-bus. 

Table 10. Ratings of Generators of the Modified IEEE 33-Bus 

Types of 
Generators 

Locations 
(Node No.) 

Rating 
(kW) 

Types of 
Generators 

Locations 
(Node No.) 

Rating 
(kW) 

DG 
DG 
DG 
DG 
DG 
DG 
DG 
PV 
PV 

6 
8 

14 
24 
25 
30 
32 
7 

10 

1200 
400 
400 
800 
800 
400 
400 
100 
100 

PV 
PV 
PV 
PV 
PV 
PV 
PV 
PV 
PV 

12 
16 
18 
24 
25 
29 
30 
31 
32 

50 
50 

100 
300 
250 
100 
200 
150 
50 

 

Typically, two types of chargers: Level 1: charging rate of 1 kW/h and Level 2: charging rate 

of 6 kW/h are used at home and workplaces [76]. Therefore, we assume that charging/discharging 

rates of smart chargers vary from 0–6 kW/h.  

The U.S. Department of Energy is welcoming employers to sign the pledge for workplace 

charging challenges to increase the percentage of charging at workplaces [83]. Also, the employers 

usually provide free charging to their employees to increase employee satisfaction. Therefore, we 
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consider that the employees fulfill their entire charging demand at workplaces. The employment 

rates in the United States at each month of 2019 varied between 60–61% [84]. Thus, the distribution 

of EVs between homes and workplaces are considered as 40% and 60%, respectively. The 

distribution ratios of EVs between nodes are same as the distribution ratios of existing loads. The 

EMHC at each day of a year is calculated using the algorithm described in Section 5.2. The voltage 

limits to calculate the EMHS are maintained within 5% of base voltage [73]. The value for σ is 

considered as 0.2. The energy consumption to travel each mile by various types of EVs are provided 

in [60], which are as follow: full-SUV 0.5075 kWh/mile, mid-SUV 0.4375 kWh/mile, mid-sedan 

0.3605 kWh/mile and sedan 0.3225 kWh/mile. We assume an average (0.407 kWh/mile) of these 

energy consumptions per mile as the energy required to travel each mile by an EV. The required 

number of simulation years to achieve the convergence is 27 years. The calculated daily EMHC is 

shown in Figure 22. 

 

Figure 22. EMHC of the modified IEEE 33-bus for selected nodes. 

From Figure 22, we can see that the calculated daily EMHC varies between 20–41 cars. Thus, 

the EMHC of the modified IEEE 33-Bus system is 20 cars. Therefore, it can be deduced that the 

power system planners can use the proposed method to calculate the EMHC of power systems to 

EVs for the allocation of resources. 
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Chapter 6. Demand Response-based Power System Reliability Enhancement 

In this chapter, a novel demand response (DR) method based on interruptible/curtailable (I/C) 

loads has been developed and incorporated in the power system reliability evaluation. In deriving 

this model, economic incentives and penalties are both considered. Also, the mathematical model 

of I/C loads is developed based on demand-price elasticity and customer benefit. In this method, 

customers are categorized based on the amount of consumption in order to apply the I/C load 

programs. The proposed technique is demonstrated on the IEEE-RTS and reliability indices are 

calculated using MC simulation.  

6.1 Modeling of Demand Response Considering Interruptible/Curtailable Loads 

Shifting load demand from one hour to another is known as DR which can be represented as 

I/C loads. DR programs based on I/C loads have potential significant contributions to reduce the 

peak demand of power systems. The following sections presents the modeling of I/C load programs 

and describe the strategy of selecting participating consumers. 

6.1.1 Interruptible/Curtailable Load Modeling Approach 

Modeling of I/C loads starts with selecting the customers who can participate in I/C loads 

program. In general, the amount of I/C loads are much smaller than the total load. Therefore, small-

scale consumers of electric power are usually not considered in I/C loads program. The typical 

minimum size of the customer eligible for I/C loads ranges from 200 kW to 3 MW depending on 

the size and circumstances of electricity markets [85]. Customers who are involved in I/C load 

programs must agree to curtail either a predetermined amount or a specified block of load [86]. 

Customers usually have to curtail the loads within 30–60 minutes after being acknowledged by the 

utility through advanced metering infrastructure (AMI) [85]. The degree of DR implementation 

depends on the acuity of the AMI in the power system [87]. The total number of interruption hours 



71 
 

is predetermined and all types of loads that are suitable for I/C programs are identified based on 

the procedure given in [85].  

 

Figure 23. The Flowchart of the Interruptible/Curtailable Load Modeling. 

In the next step, total potential amount of I/C loads are calculated as a percentage of peak load. 

After this point, loads are curtailed from peak load based on optimum amount of incentive and 

penalty. Incentive and penalty tariffs may vary for different electricity markets (e.g., in 2001, total 

incentive for I/C load programs was 7000 $/MW month against the electricity price of 65 $/MWh 

in California power market) [88]. If the curtailed load is close to the potential amount of I/C loads, 

the load profile is restructured by shifting the curtailed load to the off-peak hours. Finally, the 

algorithm ends after determining the reliability indices for the modified load profile. The modeling 

approach for I/C load is described in a flowchart as shown in Figure 23. 
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6.1.2 Interruptible/Curtailable Load Modeling Approach 

In order to ensure the effective participation of the customers in the DR program, a suitable 

economic load model needs to be developed based on the change of customers’ power consumption 

with the change of electricity prices, benefits, and penalties applied to the customers [85]. In 

general, the load demand of customers who participate in the DR programs is inversely proportional 

with the electricity price as shown in Figure 24 [89]. 

 

Figure 24. Typical Demand Price Elasticity. 

Demand-price elasticity is defined as the ratio of rate of change of demand to the rate of change 

of price as follows [89]. 

 
𝜖 =

𝛿𝑑 𝑑0⁄

𝛿𝜌 𝜌0⁄
 (6.1) 

where 𝜖 is the elasticity, 𝑑0 is the demand at price 𝜌0 for a given equilibrium point, and 𝛿𝑑 is the 

change of demand due to the change of price of 𝛿𝜌. 

Based on the allocation of loads at different time slots, electrical loads can be divided into two 

categories: single-and multi-period loads. Single period loads cannot be moved from one time slot 

to another (e.g., illuminating loads) and elasticity related to these loads are known as “self-
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elasticity” [85]. On the other-hand, multi-period loads are movable from peak hours to off-peak or 

low hours and elasticity related to these loads are known as “cross-elasticity” [11]. The self-

elasticity and cross-elasticity can be represented as follows [89]: 

 
𝜖(𝑖, 𝑖) =

𝛿𝑑(𝑖) 𝑑0⁄

𝛿𝜌(𝑖) 𝜌0⁄
 

𝜖(𝑖, 𝑗) =
𝛿𝑑(𝑖) 𝑑0⁄

𝛿𝜌(𝑗) 𝜌0⁄
 

(6.2) 

(6.3) 

where 𝛿𝑑(𝑖) and 𝛿𝜌(𝑖) are the change of load and price at the 𝑖𝑡ℎ period respectively, 𝛿𝜌(𝑗)  is the 

price change at the 𝑗𝑡ℎ period, 𝜖(𝑖, 𝑖) is the self-elasticity, and 𝜖(𝑖, 𝑗) is the crosselasticity; the value 

of self-elasticity is always negative and the value of cross-elasticity is always positive [85], [89]. 

Based on self-elasticity and cross-elasticity, the single- and multi-period loads are modeled as 

follows.  

In order to calculate the potential amount of I/C load of the system, the following equation is 

introduced. 

 
𝐿𝐼𝐶 =  ∑ 𝐿𝐼𝐶(𝑘)

𝑁

𝑘=1

 (6.4) 

where 𝑁 denotes the total number of I/C loads, 𝐿𝐼𝐶(𝑘) is the vector of power consumption of the 

I/C loads, and 𝐿𝐼𝐶 represents the total amount of I/C power. 

Assume that the customers load demand at the 𝑖𝑡ℎ period changes from its initial value of 𝑑𝑜(𝑖) 

to 𝑑(𝑖) due to the incentive and penalty imposed on the customer. Hence, the total change of load, 

𝛿𝑑(𝑖), can be represent as follows. 

 𝛿𝑑(𝑖) =  𝑑(𝑖) − 𝑑0(𝑖) (6.5) 

If the economic incentive for each kWh load curtailment at 𝑖𝑡ℎ hour is defined as 𝐼𝑛𝑐𝑒𝑛(𝑖) 

($/kWh), then the total incentive, 𝐼(𝑖), of the customer for participating in I/C load program can be 

expressed as follows. 
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 𝐼(𝑖) =  𝐼𝑛𝑐𝑒𝑛(𝑖). [𝑑(𝑖) − 𝑑0(𝑖)] (6.6) 

If the agreed amount of load curtailment at the 𝑖𝑡ℎ hour is 𝐶(𝑖) and the imposed penalty on the 

customer is 𝑝𝑒𝑛(𝑖) ($/kWh) for not responding to the committed load curtailment, then the total 

amount of penalty, 𝑃(𝑖), will be as follows. 

 𝑃(𝑖) =  𝑝𝑒𝑛(𝑖). [𝐶(𝑖) − (𝑑(𝑖) − 𝑑0(𝑖))] (6.7) 

The demand response model considering I/C load program is given in (6.8). 

 
𝑑(𝑖) = 𝑑0(𝑖){1 + 𝜖(𝑖, 𝑖).

[𝜌(𝑖) − 𝜌0(𝑖) + 𝐼(𝑖) + 𝑃(𝑖)]

𝜌0(𝑖)

− ∑ 𝜖(𝑖, 𝑗).
[𝜌(𝑖) − 𝜌0(𝑗) + 𝐼(𝑖) + 𝑃(𝑖)]

𝜌0(𝑗)

24

𝑖=1
𝑗≠𝑖

} 

 

(6.8) 

 

The I/C load at the 𝑖𝑡ℎ  hour can be calculated using (6.9) which is derived from (6.4), (6.5), 

and (6.8). 

 
𝛿𝑑(𝑖) = 𝑑0(𝑖){𝜖(𝑖, 𝑖).

[𝜌(𝑖) − 𝜌0(𝑖) + 𝐼(𝑖) + 𝑃(𝑖)]

𝜌0(𝑖)

− ∑ 𝜖(𝑖, 𝑗).
[𝜌(𝑖) − 𝜌0(𝑗) + 𝐼(𝑖) + 𝑃(𝑖)]

𝜌0(𝑗)
} ≤ 𝐿𝐼𝐶

24

𝑖=1
𝑗≠𝑖

 

 

(6.9) 

6.2 Simulation Results 

The proposed method is demonstrated on the IEEE-RTS. The detailed data of the IEEE-RTS 

(e.g., the capacities of generating units, the line carrying capabilities of the transmission lines, the 

failure rate of the system components, the repair rates of system components, and the load profile) 
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are given in [59]. The total generation capacity of the system is 3405 MW and the total peak load 

is 2850 MW. Table 11 shows the self- and cross-elasticities for peak and off-peak hours [95]. 

Table 11. Self-Cross Elasticities 

 Peak Off Peak 

Peak −0.200 0.032 

Off Peak 0.032 −0.200 

 

In order to evaluate the impact of the I/C loads on the reliability of the IEEE-RTS, the reliability 

indices are calculated with and without considering (I/C) loads. The load profile is divided into 

three categories: low load period (≤ 50% of annual peak load), off-peak load (> 50% of annual peak 

load to ≤ 85% of annual peak load), and peak load (> 85% of annual peak load). Two case studies 

are performed. In these case studies, the considered initial and final peak hour electricity prices are 

36.543 ¢/kWh and 37 ¢/kWh respectively, and off-peak price (flat rate) is 6.148 ¢/kWh [96]. In 

both case studies, the reliability indices for the base case (without (I/C) loads program) are 

calculated. The case studies are presented in the following sections. 

6.2.1 Case Study I 

In this case study, the total potential I/C loads are considered as 10% of annual peak load. The 

incentive and penalty are adjusted gradually to achieve the assumed potential load curtailment 

based on the method presented in Section 6.1.2. The load curtailment with different penalties and 

incentives are shown in Table 12. The optimum penalty and incentive are determined by solving 

(6.9). The summation of optimum penalty and incentive for this case study is 20 ¢/kWh (assumed 

penalty is 7.5 ¢/kWh and incentive 12.5 ¢/kWh).  

In the next step, the curtailed load based on the I/C loads program is shifted to the low load 

hours and the load profile is updated. Figure 25 represents the daily load profile with and without 

I/C loads program. Finally, the reliability indices are calculated for base case and after applying I/C 
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loads program which are given in Table 13.  

 

Figure 25. Load Profile of the IEEE-RTS with and without I/C Loads Program for a Typical Day. 

From Table 13, it can be seen that for I/C load program considering potential I/C load to be 10% 

of annual peak load, the LOLP is reduced approximately by 59%, the EDNS is reduced by 63.4%, 

and the LOLF is reduced by 48% of the base case. 

6.2.2 Case Study II 

This case study is similar to case study I, except that the potential load curtailment is assumed 

20% of annual peak demand. The load curtailment with different penalties and incentives for this 

case study are given in Table 14. The summation of optimum penalty and incentive by solving (6.9) 

is determined as 40.7 ¢/kWh (assumed penalty is 15.0 ¢/kWh and incentive 25.7 ¢/kWh).  

Table 12. Load Curtailment with Different Penalties and Incentives for Case Study I 

Incentive Penalty Load Curtailment Percentage 

(¢/kWh) (¢/kWh) (MW) Annual Peak 

7.5 2.5 144.610 5.074% 

10.0 5.0 213.755 7.50% 

12.5 7.5 282.900 9.93% 

 



77 
 

Table 13. Annual Reliability Indices of the IEEE-RTS with and without I/C Loads Program for 

Case Study I 

 LOLP LOLE LOLF EDNS LOEE 

  (hr/yr) (occ./yr) (MW/yr) (MWh/yr) 

Without I/C 0.00110 9.5850 1.9280 0.1380 1209.2 

With I/C 0.00045 3.9390 1.0025 0.0505 442.7 

 

Table 14. Load Curtailment with Different Penalties and Incentives for Case Study II 

Incentive Penalty Load Curtailment Percentage 

(¢/kWh) (¢/kWh)  (MW) Annual Peak 

20.4 10.0 426.72 14.97% 

23.1 12.5 498.63 17.50% 

25.7 15.0 569.16 19.97% 

 

Table 15. Annual Reliability Indices of the IEEE-RTS with and without I/C Loads Program for 

Case Study II 

 LOLP LOLE LOLF EDNS  LOEE 

  (hr/yr) (occ./yr)  (MW/yr) (MWh/yr) 

Without I/C 0.00110 9.5850 1.9280 0.1380 1209.2 

With I/C 0.00037 3.2615 0.9300 0.0424 371.6 

 

The calculated reliability indices for this case study are presented in Table 15. For this case 

study, the LOLP is reduced by 66%, the EDNS is reduced by 69.3%, and the LOLF is reduced by 

51.7% for I/C load program compared to the base case.  

From the above case studies, it can be concluded that the reliability of a power system is 

improving with the increasing of potential I/C loads. 
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Chapter 7. A Reliability-constrained Demand Response-based Method to Increase 

the Hosting Capacity of Power Systems to EVs 

The focus of this chapter is to develop a method to calculate the maximum permissible 

penetration level of EVs at power system buses while maintaining the system reliability level. The 

major contributions of this chapter can be summarized as follows. 

• A reliability-constrained DR program-based iterative method is proposed to maximize 

the permissible penetration level of EVs in power systems. 

• A method to calculate the initial number of EVs for the proposed iterative method is 

developed based on total demand for all the I/C loads and peak load of EVs. 

• A mathematical model to construct load profiles for EVs considering drivers’ behavior 

and preferences in terms of charging times, periods, and locations is presented; this 

model also considers drivers’ uncertain movements between charging stations. 

• A mathematical model to restructure load profiles at power system buses using load 

profiles of EVs and I/C loads-based DR program is developed. 

The proposed method starts with developing a mathematical model to construct load profiles for 

EVs considering dynamic movements of EV loads between buses due to drivers’ behavior and 

preferences. Then, I/C loads-based DR program is implemented to restructure load profiles at 

power system buses with EVs. Finally, the maximum permissible penetration level of EVs in a 

power system is calculated through updating the numbers of EVs until systems’ prior reliability 

level is achieved. The proposed method is demonstrated on the Roy Billinton Test System (RBTS), 

IEEE-RTS, and IEEE 33-Bus Distribution System through several case studies. MC simulation is 

performed to calculate the well-known reliability indices of power systems. 
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7.1 Maximizing Permissible Penetration Level of EVs in Power Systems 

The proposed method to construct the load profiles for EVs at power system buses considers 

travel patterns of EVs, locations of charging stations, and charging behavior of drivers. The detailed 

model based on these factors is described in this section. 

7.1.1 Restructuring Bus Load Profiles  

All or selected power system buses may contain EV loads. The mathematical expression to 

modify load profiles of power system buses that contain EV loads is expressed as follows.  

 
𝑃𝑖,𝑗,𝑘 = 𝑃𝑖,𝑗,𝑘

0 + 𝑃𝑖,𝑗,𝑘
𝑒𝑣 ± 𝛿𝑃𝑖,𝑗,𝑘

𝑖𝑐 ,                    {
∀ 𝑖 ∈ 𝑁

𝑗 = 1,2, … , 24
𝑘 = 1, 2, … ,365

 (7.1) 

In (7.1) 𝑃𝑖,𝑗,𝑘
𝑒𝑣 , and 𝛿𝑃𝑖,𝑗,𝑘

𝑖𝑐 , , are calculated based on the load profiles of EVs and DR program, 

respectively. Mathematical models to construct load profiles for EVs and to calculate demand for 

I/C loads-based DR program are as follows. 

7.1.1 Constructing Load Profiles for EVs 

The mathematical expression to construct load profiles for EVs is modeled based on locations 

of charging stations and mobility of EVs, which is explained as follows. 

7.1.1.1 Load Profiles of EVs Considering Charging Locations 

The demand of EVs at power system buses changes due to preferences of drivers and location 

of charging stations (e.g., residential and public). For instance, the peak amount of charging at 

residential stations happen at around midnight. On the other hand, the maximum amount of 

charging at public stations happen at midday [3]. Therefore, determining charging patterns of public 

and residential stations is indispensable to build load profiles for EVs at each bus. The hourly load 

profiles of EVs at each bus for a year considering charging patterns of public and residential stations 
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can be constructed as follows. 

 𝑃𝑖,𝑗,𝑘
𝑒𝑣 = 𝑃𝑖,𝑗,𝑘

𝑒𝑣,𝑐 +  𝑃𝑖,𝑗,𝑘
𝑒𝑣,𝑟

 (7.2) 

where 𝑃𝑖,𝑗,𝑘
𝑒𝑣  is the amount of EV loads at the 𝑖𝑡ℎ bus on 𝑗𝑡ℎ hour of 𝑘𝑡ℎ day; 𝑃𝑖,𝑗,𝑘

𝑒𝑣,𝑐
 is the amount of 

charging load of EVs at public charging stations of 𝑖𝑡ℎ bus at 𝑗𝑡ℎ hour of 𝑘𝑡ℎ day; and  𝑃𝑖,𝑗,𝑘
𝑒𝑣,𝑟

 is the 

amount of charging load of EVs at residential charging stations of 𝑖𝑡ℎ bus at 𝑗𝑡ℎ hour of 𝑘𝑡ℎ day. 

In a given power system, a bus may contain only residential or public charging stations or both. 

Therefore, load profiles of EVs at a bus depend on the type of installed charging stations. In Chapter 

2, Section 2.1.3, data tables are provided to represent hourly, daily, and weekly EV loads of both 

residential and public stations in terms of percentages of annual peak load. These data tables can 

be used to calculate the hourly charging loads at residential and public stations. However, it is worth 

mentioning here that considering fixed hourly charging patterns at public and residential stations is 

not practical due to the behavior and preferences of drivers. In [97], it has been reported that the 

peak hours on weekdays and weekends of both public and residential stations vary randomly 

depending on parking hours at offices, schools, malls, and houses. Therefore, uncertain amount of 

load may shift from residential charging stations to public charging stations or vice versa. 

Consequently, the hourly charging loads at a bus for public and residential stations considering all 

these factors can be modeled as follows. 

 
𝑃𝑖,𝑗,𝑘

𝑒𝑣,𝑐 = {
(𝑓𝑖,𝑗,𝑘

𝑒𝑣,𝑐 + 𝛾𝑖,𝑗,𝑘) × 𝑃𝑖
𝑒𝑣,𝑚,   𝑖𝑓 𝑖 ∈ 𝑁𝑝

0,                                        𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

𝑃𝑖,𝑗,𝑘
𝑒𝑣,𝑟 = {

(𝑓𝑖,𝑗,𝑘
𝑒𝑣,𝑟 + 𝜒𝑖,𝑗,𝑘) × 𝑃𝑖

𝑒𝑣,𝑚,   𝑖𝑓 𝑖 ∈ 𝑁𝑟

0,                                        𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

(7.3) 

(7.4) 

where 𝑁𝑝 is the number of buses that contain public charging stations (𝑁𝑝 ⊂ 𝑁𝑒𝑣); 𝑁𝑟 is the 

number of buses that contain residential charging stations (𝑁𝑟 ⊂ 𝑁𝑒𝑣); 𝑃𝑖
𝑒𝑣,𝑚

 is the peak demand 

for the initial number of EVs; 𝑓𝑖,𝑗,𝑘
𝑒𝑣,𝑐

 is the fraction of annual peak load of EVs at the 𝑖𝑡ℎ bus that 

contains public stations at 𝑗𝑡ℎ hour of 𝑘𝑡ℎ day; and 𝑓𝑖,𝑗,𝑘
𝑒𝑣,𝑟

 is the fraction of annual peak load of EVs 
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at the 𝑖𝑡ℎ bus that contains residential stations at 𝑗𝑡ℎ hour of 𝑘𝑡ℎ day. The value of 𝑓𝑖,𝑗,𝑘
𝑒𝑣,𝑐

 and 𝑓𝑖,𝑗,𝑘
𝑒𝑣,𝑟

 

are calculated using the data tables provided in Chapter 2, Section 2.1.3. 

7.1.1.2 Load Profiles of EVs Considering Drivers’ Movement between Buses 

Charging profiles of EVs at public and residential charging stations also depend on the 

preferences of EV owners. In [3], it has been reported that about 76%, 20%, and 4% of EVs were 

charged during off-peak, peak, and mid-peak periods, respectively in 2014. Also, in [3], it has been 

reported that the major percentages of EVs charging happen at residential charging stations from 

7:00 pm–3:00 am. On the other hand, the major percentages of EVs were charged at public charging 

stations from 9:00 am to 7:00 pm [3]. However, daily travel patterns, driving distances, and arrival 

times of the commuters vary dynamically due to change in their working hours and travel needs on 

weekdays and weekends. Therefore, uncertain movement of EVs between power system buses may 

happen. Consequently, the dynamic movement of EV loads may happen from peak hours to off-

peak hours or vice versa due to uncertainty in behavior and preferences of drivers. This uncertainty 

can be captured considering load variations due to uncertain future connections [98] and plug-in 

and plug-off times [99] of EVs. The expression to capture all these factors is as follows. 

 

𝑃𝑖,𝑗,𝑘
𝑒𝑣,𝑓

= (1 + ∑(𝛼𝑖,𝑛,𝑘 − 𝛽𝑖,𝑛,𝑘)

24

𝑛=1
𝑛≠𝑗

) × 𝑃𝑖,𝑗,𝑘
𝑒𝑣  

(7.5) 

where 𝑃𝑖,𝑗,𝑘
𝑒𝑣,𝑓

is the amount of charging load of EVs of 𝑖𝑡ℎ bus at 𝑗𝑡ℎ hour of 𝑘𝑡ℎ day considering all 

the uncertain movements. 

Finally, load profiles of EVs considering both charging locations and drivers’ movement 

between buses are constructed using (7.2) – (7.5). 
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7.1.2 Calculation of I/C Loads based on DR Program  

Load profiles of power systems can be restructured using DR programs to improve system 

reliability. An I/C loads-based DR program is used to modify bus load profiles to increase the 

penetration level of EV loads at system buses while maintaining system reliability. Modeling of 

I/C loads-based DR programs has three main elements which are as follows: (i) calculating the total 

amount of suitable I/C loads, (ii) selecting eligible customers, and (iii) notifying customers in 

advance before curtailing I/C loads. A mathematical model for the I/C loads-based DR program 

was developed in Chapter 6. In this chapter, we will not reproduce the detailed derivation for DR 

program; rather, we will present the expressions that are necessary to derive mathematical formula 

to restructure load profiles with EVs. 

The expression to restructure load profiles at power system buses for the I/C loads-based DR 

program is as follows.  

 

𝑃𝑖,𝑗,𝑘
𝑖𝑐 = 𝑃𝑖,𝑗,𝑘

0 (1 +
𝜖𝑗,𝑗(𝛿𝑃𝑗 + 𝐼𝑗 + 𝜌𝑗)

𝑃𝑗
0 − ∑

𝜖𝑗,𝑛(𝛿𝑃𝑛 + 𝐼𝑛 + 𝜌𝑛)

𝑃𝑛
0

24

𝑛=1
𝑛≠𝑗

) 
(7.6) 

where 𝑃𝑖,𝑗,𝑘
0  is the amount of existing load (without EV) at the 𝑖𝑡ℎ bus on 𝑗𝑡ℎ hour of 𝑘𝑡ℎ day; 𝑃𝑖,𝑗,𝑘

𝑖𝑐  

is the load demand (without EV) at the 𝑗𝑡ℎ hour of the 𝑘𝑡ℎ of 𝑖𝑡ℎ bus after implementing demand 

response program; 𝑃𝑗
0 and 𝑃𝑛

0 are the initial electricity prices at 𝑗𝑡ℎ and 𝑛𝑡ℎ hours, respectively; 𝜌𝑗 

and 𝜌𝑛 are the total amount of penalties at 𝑗𝑡ℎ and 𝑛𝑡ℎ hours, respectively; 𝛿𝑃𝑗 and  𝛿𝑃𝑛 are the 

change of prices at 𝑗𝑡ℎ and 𝑛𝑡ℎ hours, respectively; and 𝜖𝑗,𝑗 and 𝜖𝑗,𝑛 are the self and cross 

elasticities, respectively. 

The total amount of I/C loads that can be curtailed or interrupted based on the DR program is 

calculated using (7.7). 
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𝑃𝑖
𝑖𝑐 = ∑ 𝑃𝑖,𝑜

𝑖𝑐

𝑀𝑖𝑐

0=1

   (7.7) 

where 𝑀𝑖𝑐 is the total number of suitable I/C loads for DR program at 𝑖𝑡ℎ bus; 𝑃𝑖,𝑜
𝑖𝑐  is the amount 

of load demand for the 𝑜𝑡ℎ I/C load of 𝑖𝑡ℎ bus; and  𝑃𝑖
𝑖𝑐 is the total demand for the existing I/C 

loads in the 𝑖𝑡ℎ bus. 

The expression provided in (7.8) is derived using (7.6) and (7.7) to calculate the amount of 

I/C loads at the 𝑗𝑡ℎ hour based on incentives and penalties imposed by utilities and demand-price 

elasticity. 

 

∆𝑃𝑖,𝑗,𝑘
𝑖𝑐 = 𝑃𝑖,𝑗,𝑘

0 (
𝜖𝑗,𝑗(𝛿𝑃𝑗 + 𝐼𝑗 + 𝜌𝑗)

𝑃𝑗
0 − ∑

𝜖𝑗,𝑛(𝛿𝑃𝑛 + 𝐼𝑛 + 𝜌𝑛)

𝑃𝑛
0

24

𝑛=1
𝑛≠𝑗

) ≤ 𝑃𝑖
𝑖𝑐    

(7.8) 

where ∆𝑃𝑖,𝑗,𝑘
𝑖𝑐  is the amount of added or curtailed I/C loads at the 𝑖𝑡ℎ bus on the 𝑗𝑡ℎ hour of the 𝑘𝑡ℎ 

day based on DR program. 

The summation of optimum incentives and penalties for a specific amount of I/C loads can be 

calculated using (7.8).  

In the proposed method, load profile at each bus is modified using load profiles of EVs and 

added/curtailed I/C loads at the selected hours based on the DR program. The mathematical 

expression to restructure load profile at each bus using load profiles of EVs and added/curtailed I/C 

loads is provided in (7.9), which is derived using (7.1), (7.5), and (7.8). 

 

𝑃𝑖,𝑗,𝑘 = 𝑃𝑖,𝑗,𝑘
0 + ∆𝑃𝑖,𝑗,𝑘

𝑖𝑐  (1 + ∑(𝛼𝑖,𝑛,𝑘 − 𝛽𝑖,𝑛,𝑘)

24

𝑛=1
𝑛≠𝑗

) × 𝑃𝑖,𝑗,𝑘
𝑒𝑣  

(7.9) 

7.2 Calculation of Maximum Permissible Penetration 

The proposed method to maximize the permissible penetration level of EVs starts with 
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calculating the power system reliability indices for existing loads (without EVs) at system buses, 

which are considered as reference values. Then, the load profiles at power system buses are 

restructured for an initial number of EVs using (7.9).  

 

Figure 26. The flowchart to calculate maximum penetration level of EVs at power system buses. 

The initial number of EVs for a bus is calculated based on the total demand of existing I/C loads 

in the bus and peak load of EVs. In other words, if the total demand for all the I/C loads at a bus is 

𝑃𝑖
𝑖𝑐 kW and the peak demand for a specific number of EVs is 𝑃𝑖

𝑒𝑣 kW, then the initial number of 
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EVs is calculated as follows,  

 |𝑃𝑖
𝑒𝑣,𝑚 − 𝑃𝑖

𝑖𝑐| ≤ 𝜉 (7.10) 

where 𝑃𝑖
𝑖𝑐 is the demand for all the I/C loads at the 𝑖𝑡ℎ bus; and 𝜉 is the tolerance level. 

After restructuring the load profiles for the initial number of EVs using (7.9), the reliability 

indices are calculated for the restructured load profiles. Then, the calculated reliability indices are 

compared to the reference values and the number of EVs is updated until the following criterion is 

satisfied. 

 |𝑅𝐼𝑟𝑠 − 𝑅𝐼𝑟𝑒𝑓| ≤ 𝜖  (7.11) 

where 𝑅𝐼𝑟𝑠 is the calculated reliability index using the restructured load profiles; 𝑅𝐼𝑟𝑒𝑓 is the 

reference reliability index; and is the tolerance level. 

The final number of EVs at each bus represents the maximum permissible penetration level of 

EVs at corresponding buses. The proposed method to maximize the penetration level at power 

system buses with existing resources is shown in Figure 26. 

7.3 Reliability Evaluation Using the MC 

The MC simulation has been used extensively to evaluate the reliability of power systems. Three 

main steps (sampling system states, classifying sampled system states, and check convergence) 

need to be followed to evaluate composite power system reliability using MC simulation, which 

are explained as follows. 

7.3.1 Sampling System States 

In composite system reliability evaluation, power system states are sampled using the operating 

states of system components (e.g., generators and transmission lines). The operating state of a 



86 
 

component is represented using a binary string (i.e., “1” represents functioning or up state and “0” 

represents malfunctioning or down state). In order to sample states of a given power system using 

MC simulation, random numbers are generated and compared to for FORs of system components. 

A power system state can be sampled using the MC simulation as follows. 

 
𝑆 = {

0,   𝑖𝑓 𝑟𝑞 ≤ 𝐹𝑂𝑅𝑞 ,           𝑞 = 1,2, … , 𝑁𝑞

1,                                                𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (7.12) 

where 𝑁𝑞 is the total number of system components; 𝑟𝑞 is the generated random number for 𝑞𝑡ℎ 

component; 𝐹𝑂𝑅𝑞 is the forced outage rate of the component; and 𝑆 is a 𝑁𝑞 × 1 vector which 

represents the system state. 

As each component can be in either “up” or “down” state, the maximum space size of the system 

states is 2Nq. The FOR of a component can be calculated as follows. 

 
𝐹𝑂𝑅𝑞 =

𝜇𝑞

𝜆𝑞 + 𝜇𝑞
 (7.13) 

where 𝜆𝑞 and 𝜇𝑞 are the failure and repair rates of the 𝑞𝑡ℎ component, respectively. 

7.3.2 Classifying System States 

 In power system reliability evaluation, power flow is usually performed to classify sampled 

system states into failure (loss of load) and success (no loss of load) states. Typically, three types 

of power flow models are used in composite system reliability evaluation (Transportation/capacity 

flow, DC power flow, and AC power flow) [100]. The transportation/capacity flow model utilizes 

only the transmission line capacity constraints, which is not appropriate for composite but excellent 

for multi-area reliability evaluation. On the other hand, the DC power flow model has been widely 

used in transmission system reliability studies due to its easiness in terms of formulation and 

implementation [92], [101]–[105]. However, the DC power flow model is not suitable for the 

distribution systems as it ignores voltage and reactive power constraints. Evaluation of power 

system reliability using the AC power flow is not only extremely demanding in terms of 
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computation but also takes a long time to converge, which makes the AC power flow as an 

inappropriate choice to evaluate composite power system reliability [92], [101]–[105]. Therefore, 

we have leveraged a linearized AC power flow model that has been developed in [77] to capture 

the system constraints as well as to reduce the computation burden and simulation time. The 

linearized AC power flow is used to classify sampled system states. The constraints related to the 

linearized AC power flow model is described in (7.15). After classifying the sampled states, an 

optimization problem is usually used to minimize load curtailments in case of failure states. The 

optimization problem described in (7.14) is used to minimize the load curtailment [69]. The linear 

programming is used to solve this optimization problem. If any type of contingencies (e.g., outage 

of transmission lines or failure of generators) happens in a power system and the available power 

from the system fails to satisfy its demand, the linear programming minimizes the quantity of load 

to be curtailed. 

 Minimize (𝐿𝑜𝑎𝑑 𝐶𝑢𝑟𝑡𝑎𝑖𝑙𝑚𝑒𝑛𝑡) = min ∑ 𝑃𝑐𝑖
𝑁
𝑖=1  (7.14) 

Subject to,  

 𝐵′𝜃 − 𝐺𝑉 + 𝑃𝑔 + 𝑃𝑐 = 𝑃𝑑  

𝐺′𝜃 + 𝐵𝑉 + 𝑄𝑔 + 𝑄𝑐 = 𝑄𝑑 

𝑃𝑔𝑖
𝑚𝑖𝑛 ≤ 𝑃𝑔𝑖 ≤ 𝑃𝑔𝑖

𝑚𝑎𝑥 

𝑄𝑔𝑖
𝑚𝑖𝑛 ≤ 𝑄𝑔𝑖 ≤ 𝑄𝑔𝑖

𝑚𝑎𝑥  

0 ≤ 𝑃𝑐 ≤ 𝑃𝑑  

0 ≤ 𝑄𝑐 ≤ 𝑄𝑑 

|𝑉𝑚𝑖𝑛 ≤ 𝑉 ≤ 𝑉𝑚𝑎𝑥| 

−𝐹𝑚𝑎𝑥 ≤ 𝐵𝑙𝐴𝜃 ≤ 𝐹𝑚𝑎𝑥 

−𝜋 ≤ 𝜃 ≤ 𝜋      

 

 

 

 

(7.15) 

where 𝑃𝑐𝑖 is the load curtailment at 𝑖𝑡ℎ bus; 𝐵′ and 𝐺′ are the modified susceptance and conductance 

matrices [77], respectively of buses with dimension of (𝑁 × 𝑁); 𝐵 and 𝐺 are the susceptance and 
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conductance matrices, respectively of buses with dimension of (𝑁 × 𝑁); 𝜃 is the vector of nodal 

voltage angles (𝑁 × 1); 𝑃𝑔 and 𝑄𝑔 are the vectors of real and reactive power generations, 

respectively at buses with dimension of (𝑁 × 1); 𝑃𝑔𝑖
𝑚𝑖𝑛  and 𝑄𝑔𝑖

𝑚𝑖𝑛 are the minimum real and 

reactive power generation limits, respectively at bus 𝑖; 𝑃𝑔𝑖
𝑚𝑎𝑥  and 𝑄𝑔𝑖

𝑚𝑎𝑥 are the maximum real and 

reactive power generation limits, respectively at bus 𝑖; 𝑃𝐶  and 𝑄𝐶are the vectors of real and reactive 

load curtailments at buses with dimension of (𝑁 × 1); 𝑃𝑑  and 𝑄𝑑 are the vectors of real and reactive 

power demand, respectively at buses with dimension of (𝑁 × 1); 𝑁𝑡 is the total number of 

transmission lines; 𝐹𝑚𝑎𝑥 is the vector of maximum power flow capacities of lines (𝑁𝑡 × 1) ; 𝐵𝑙 is 

the susceptance matrix of transmission lines (𝑁𝑡 × 𝑁𝑡); and 𝐴 is the matrix of element-bus 

incidence (𝑁 × 𝑁). In order to achieve a feasible solution, one of the bus angles has been assumed 

as zero for the given constraints in (7.15). 

The LP follows same procedure described in Chapter 3 section 3.2 to dispatch power from 

generators to minimize load curtailments.  

7.3.3 Convergence Criterion 

Typically, in composite system reliability evaluation using the MC simulation, energy indices 

require the largest number of samples to converge [104]. Therefore, a convergence criterion 

considering the EDNS index is used to terminate the MC simulation. The convergence criterion 

can be expressed as follows. 

 √𝑉(𝐸𝐷𝑁𝑆)

𝐸𝐷𝑁𝑆
≤ 𝜎    (7.16) 

where 𝑉(𝐸𝐷𝑁𝑆) is the variance of the EDNS and 𝜎 is the tolerance level. The value of 𝜎 is very 

small (typically ≤ 0.025) [103]. 
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7.4 Numerical Examples 

Simulations are carried out on three different systems, which are RBTS (sub transmission 

system), IEEE-RTS (transmission system), and IEEE 33-bus distribution systems to analyze the 

effectiveness of the proposed method on sub-transmission, transmission, and distribution systems. 

The total number of EVs is distributed among load buses based on the distribution ratio of their 

existing loads for all the systems. In [5], it has been reported that 40% of total charging happens in 

public stations, and the remaining 60% charging happens in public stations. Thus, we consider the 

distribution of total EV loads between residential and public stations as 40% and 60%, respectively. 

The hourly loads of a day are classified into three different categories: low load hours, off-peak 

hours, and peak hours. The I/C loads are curtailed from peak hours of a day and added to low load 

hours of the respective day. To emulate customers’ active participation in the DR program, the 

amount of incentive is selected as double of the penalty. The electricity prices at different hours are 

selected based on the electricity prices of Nevada Power Company-NV Energy. The low load hour 

electricity price (flat rate) is 6.1 ¢/kWh and initial and final electricity prices during peak hours are 

36.6 ¢/kWh and 37.2 ¢/kWh, respectively [9]. Also, it is important to find eligible hours for the 

implementation of DR programs. Implementation of DR programs in inappropriate hours may 

increase the peak loads, which will have negative impacts on system reliability. The considered 

low, off-peak, and peak hours are as follows: low load hours (hours where the loads are 70% of 

annual peak load), off-peak hours (hours where the loads are in between 71% and 85% of annual 

peak load), and peak hours (hours where the loads are >85% of annual peak load). These 

percentages are selected in such a way that peak load of the restructured load profile using DR 

program is less than the peak load of actual load profile. The amount of added/curtailed loads at 

the low/peak load hours are calculated using (7.8). The cross- and self-elasticities for peak and low 

load hours are provided in Table 11 [95]. 
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7.4.1 Case Studies for the RBTS 

The total number of generators, transmission lines, and buses of the RBTS are 11, 9, and 6, 

respectively. The detailed data of the RBTS (e.g., annual peak load, load profile, total generation 

capacity, transmission lines carrying capabilities limits, generation capacities of the generating 

units, and failure and repair rate of the system components) are provided in [106]. The effectiveness 

of the proposed method to maximize the permissible penetration level of EVs at the RBTS buses 

is demonstrated through four different case studies: 

• Case I: Base case 

Case II: Calculation of maximum permissible penetration level of EVs based on the 

proposed method (considering both DR program and uncertainty in movements of EVs). 

• Case III: Analyzing the impacts of uncertainty in movements of EVs on reliability indices. 

• Case IV: Analyzing the effectiveness of the proposed method to improve reliability of the 

RBTS. 

The above-mentioned cases are explained in detail as follows. 

Case I: The load profile (without adding EVs) of the RBTS is assumed in this case. The MC 

simulation is performed to sample system states. The generating units are represented by up state 

and down state. The load levels are modeled using the clustering method [92]. To model the loads 

at system buses, the annual peak load (185 MW) of the RBTS is considered as 1.0 p.u., and the 

loads at system buses are divided into several clusters. It is found that 20 clusters are enough to 

capture the variability in hourly loads of the RBTS. Each cluster associated with a probability, 

which is used to sample system loads. The results of this case study are shown in the second row 

of Table 16 and second column of Table 17. 
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Case II: In this case, the maximum number of EVs that can be penetrated at load buses of the 

RBTS is calculated based on the procedure described in Section 7.1. In [85], it has been mentioned 

that the total demand for all the existing I/C loads of a power system ranges from 10−20% of its 

peak load. Therefore, we consider the total demand of eligible I/C loads for the DR program as 

15% of annual peak load of the RBTS. The calculated amount of incentives and penalties for the 

demand of eligible I/C loads using (7.8) are 18.244 ¢/kWh and 9.0317 ¢/kWh, respectively. The 

calculated initial number of EVs using (7.11) is 37, 000 cars or 27.75 MW EV loads. 

Table 16. Reliability Indices of Cases for the RBTS 

Case No. No. of EVs LOLP LOLE 
(hr/yr) 

EDNS 
(MW/yr) 

LOEE 
(MWH/yr) 

Case I - 0.01242  108.50 0.0381 333.02 
Case II 15,333 0.00549 47.96 0.0365 319.08 
Case III 15,333 0.00552 48.22 0.356 311.39 
Case IV 15,333 0.02215 193.5 0.0574 501.02 

 

Table 17. Bus EDNS of Cases for the RBTS. 

Bus No. Case I Case II Case III Case IV 
EDNS 

× 10−4
 

No. of 

EVs 

EDNS 

× 10−4 

No. of 

EVs 

EDNS 

(MW/yr) 

No. of 

EVs 

EDNS 

× 10−4 

2 70.12 1658 76.18 1658 66.12 1658 117.89 

3 65.27 7044 58.13 7044 72.13 7044 118.09 

4 85.34 3315 80.05 3315 70.84 3315 117.89 

5 81.68 1658 76.40 1658 87.07 1658 109.73 

6 78.77 1658 74.03 1658 60.03 1658 109.92 

 

The load profiles given in Figure 27 are constructed for the initial number of EVs based on the 

actual (expected) EVs movements between public and residential charging stations. However, these 

load profiles are constructed based on the average of hourly loads where standard deviations are 

high. Also, changes in the amount of hourly loads due to drivers’ behavior and preferences are not 

reflected in these profiles. Therefore, these load profiles are restructured using (7.2)– (7.5) to 

capture changes in charging times and mobility of EVs between charging stations due to drivers’ 

behavior and preferences. 
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Figure 27. Load profiles for initial number of EVs for the RBTS. 

In order to capture the mobility of EVs between charging stations due to drivers’ behavior and 

preferences using (7.3) and (7.4), the selected values of random variables 𝛾𝑖,𝑗,𝑘 and 𝜒𝑖,𝑗,𝑘 for 

weekdays and weekends are as follows: On weekdays, from 7:00 am to 1:00 pm, 𝛾𝑖,𝑗,𝑘 are randomly 

selected in between 0 and 15% of the hourly charging loads of residential stations to capture 

mobility of EVs from residential to public stations. Also, from 6:00 pm to 12:00 am, the values of 

𝜒𝑖,𝑗,𝑘 are randomly selected in between 0 and 10% of the hourly loads of public stations to capture 

mobility of EVs from public to residential stations. On weekends, from 6:00 pm to 12:00 am, the 

values of 𝛾𝑖,𝑗,𝑘 are randomly selected in between 0 and 15% of the hourly charging loads of 

residential stations. On the other hand, from 7:00 am to 11:00 am, 𝜒𝑖,𝑗,𝑘 are randomly selected in 

between 0 and 10% of charging loads at public stations. To capture changes in charging times due 

to drivers’ behavior using (7.5), the values of random variables 𝛼𝑖,𝑛,𝑘 and 𝛽𝑖,𝑛,𝑘 are selected as 

follows: On weekdays, some commuters may go for work in the early morning and arrive home in 

the early evening. Therefore, on weekdays, from 4:00 am to 9:00 am, the values for 𝛼𝑖,𝑛,𝑘 are 

selected as negligible while the values for 𝛽𝑖,𝑛,𝑘 are selected randomly in between 0−10% of 
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hourly charging loads of a given bus. On the other hand, from 1:00 pm to 6:00 pm, the values for 

𝛼𝑖,𝑛,𝑘 are selected randomly in between 0−10% of hourly charging loads while values for 𝛽𝑖,𝑛,𝑘 are 

selected as negligible. On weekends, some commuters may stay at home in the morning and go for 

shopping in the late afternoon. Therefore, on weekends, from 10:00 am–4:00 pm, the values for 

𝛼𝑖,𝑛,𝑘 and 𝛽𝑖,𝑛,𝑘 are 0−10% of hourly EV loads and negligible, respectively. On the other hand, 

from 10:00 pm to 6:00 am, the values for 𝛼𝑖,𝑛,𝑘 and 𝛽𝑖,𝑛,𝑘 are selected as negligible and (0−10)% 

of hourly EV loads, respectively.  

After constructing load profiles for the initial number of EVs and calculating the 

added/curtailed loads, load profiles of the RBTS are restructured using (7.9). The reliability indices 

of the RBTS for the restructured bus load profiles are calculated. Then, the procedure described in 

Section 7.1 is used to update the number of EVs. The tolerance level to update the number of EVs 

is assumed as 0.0002 MW/yr. The results of this case study are shown in the third row Table 16 

and third and fourth columns of Table 17. 

Case III: In this case, the impacts of uncertain movements of EV loads between buses due to 

drivers’ behavior and presences are analyzed. Therefore, the maximum number of EVs that can be 

penetrated at load buses of the RBTS is calculated based on the proposed method. However, 

mobility of EV loads due to drivers’ behavior and preferences of charging is ignored for this case. 

Same as Case II, the total demand of eligible I/C loads for the DR program and initial number of 

EVs are 27.75 MW and 37,000 cars, respectively. Also, the calculated amount of incentives and 

penalties for the demand of eligible I/C loads using (7.8) are 18.244 ¢/kWh and 9.0317 ¢/kWh, 

respectively. Moreover, the low, off-peak, and peak hours for the RBTS are same as case II. The 

amount of added/curtailed loads at the low/peak load hours are calculated using (7.8). Load profiles 

of the RBTS are restructured using (7.9) for the constructed load profiles of the initial number of 

EVs and calculated added/curtailed loads. The reliability indices of the RBTS using the restructured 
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bus load profiles are calculated. Then, the procedure described in Section 7.1 is used to update the 

number of EVs. Same as Case I, the tolerance level to update the number of EVs is assumed as 

0.0002 MW/yr. The results of this case study are shown in the fourth row of Table 16 and fifth and 

sixth columns of Table 17.  

Case IV: In this case, the effectiveness of the proposed method to improve power system 

reliability with EVs is analyzed. Therefore, the reliability indices with the calculated number of 

EVs in Case II are calculated without applying the DR program. The load profiles for the EVs are 

constructed using (7.5). Then, load profiles at each bus of the base case (Case I) are updated 

through combining the load profiles for final number of EVs in Case II. Finally, the reliability 

indices are calculated using the updated load profiles of the RBTS for this case. The results of this 

case study are shown in the fifth row of Table 16 and seventh and eighth columns of Table 17. 

7.4.2 Case Studies for the IEEE-RTS 

The IEEE-RTS has 32 generators, 38 transmission lines, and 24 buses. The detailed data of the 

IEEE-RTS are provided in [59]. Three different case studies are carried out to demonstrate the 

effectiveness of the proposed method to determine the maximum permissible penetration level of 

EVs at the IEEE-RTS buses. 

• Case V: Base case 

• Case VI: Calculation of penetration level of EVs based on the proposed method. 

• Case VII: Analyzing the effectiveness of the proposed method to improve reliability of the 

IEEE-RTS. 

The above-mentioned cases are explained in detail as follows.  
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Case V: The load profile of the IEEE-RTS is assumed in this case. The MC simulation is 

performed to sample system states. The generating units are represented by up state and down state. 

The load levels are modeled using the clustering method. To model the loads at system buses, the 

annual peak load (2850 MW) of the IEEE-RTS is considered as 1.0 p.u., and the loads at system 

buses are divided into 50 clusters. These clusters and associated probabilities are used to sample 

the system loads. The results of this case study are shown in the second row of Table 18 and second 

column of Table 19.  

Case VI: In this case, the maximum number of EVs that can be penetrated at load buses of the 

IEEE-RTS is calculated based on the proposed method. The total demand of eligible I/C loads for 

the DR program is considered as 10% of annual peak load of the power systems [85]. The initial 

number of EVs are calculated using (7.11). Load profiles for the initial number of EVs are 

constructed based on the actual (expected) EVs movements between public and residential charging 

stations. After constructing load profiles for EVs and calculating the amount of added/curtailed 

loads, load profiles of the IEEE-RTS are restructured using (7.5). The reliability indices of the 

IEEE-RTS using the restructured bus load profiles are calculated and compared to the reference 

values. Then, the procedure described in Section 7.1 is used to determine the maximum number of 

EVs that can be penetrated at system buses. The results of this case study are shown in the third 

row of Table 18 and third and fourth columns of Table 19. 

Table 18. Reliability Indices of Cases for the IEEE-RTS 

Case No. No. of EVs LOLP LOLE (hr/yr) EDNS (MW/yr) LOEE (MWh/yr) 

Case V  0.00132 11.50 0.1395 1218.35 

Case VI 10,667 0.00140 12.30 0.1293 1129.46 
Case VII 10,667 0.00169 14.78 0.1906 1664.83 

 

Case VII: In this case, the load profiles at each bus of the base case (Case IV) are updated 

through combining (without DR program) the load profiles for final number of EVs in Case V. 
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Then, the reliability indices are calculated using the updated load profiles of the IEEE-RTS. The 

results of this case are shown in the fourth row Table 18 and fifth and sixth columns of Table 19. 

Table 19. Bus EDNS of Cases for the IEEE-RTS. 

Bus No. Case I Case II Case IV 
EDNS No. of EVs EDNS No. of EVs EDNS 

1 0.0085 4042 0.0055 4042 0.0105 
2 0.009 3630 0.011 3630 0.0143 
3 0.0089 6737 0.0048 6737 0.0117 
4 0.0037 2770 0.0061 2770 0.0049 
5 0.0053 2657 0.0055 2657 0.0077 
6 0.0076 5090 0.0038 5090 0.0081 
7 0.007 4678 0.0045 4678 0.0076 
8 0.0076 6400 0.0038 6400 0.0061 
9 0.004 6550 0.0086 6550 0.0084 
10 0.0108 7299 0.0143 7299 0.0169 
13 0.0119 9918 0.0102 9918 0.0122 
14 0.0061 7261 0.0096 7261 0.0145 
15 0.0083 11864 0.0104 11864 0.0132 
16 0.0081 3743 0.0063 3743 0.0145 
18 0.0094 12463 0.0081 12463 0.0202 
19 0.012 6775 0.0119 6775 0.0129 
20 0.011 4791 0.0048 4791 0.0067 

 

7.4.3 Case Studies for the IEEE 33-bus Distribution System 

The IEEE 33-Bus Distribution System is characterized by 33 buss, 32 branches, 5 tie-lines, 3 

laterals, and operating voltage of 12.66 kV [80]. The total peak demand of the system is 3715 kW. 

The detailed data of the IEEE 33-Bus Distribution System can be found in [80]. The effectiveness 

of the proposed method to maximize the permissible penetration level of EVs at the IEEE 33-Bus 

Distribution System is demonstrated through four different case studies: 

• Case VIII: Base case 

• Case IX: Calculation of maximum permissible penetration level of EVs based on the 

proposed method (considering both DR program and uncertainty in movements of EVs). 

• Case X: Analyzing the impacts of uncertainty in movements of EVs on reliability indices. 
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• Case XI: Analyzing the effectiveness of the proposed method to improve reliability of the 

IEEE 33-Bus Distribution System. 

The above-mentioned cases are explained in detail as follows. 

Case VIII: The load profile (without adding EVs) of the IEEE 33-Bus Distribution System is 

assumed in this case. Bus 1 is considered as slack bus. To model the loads at system buses, the 

annual peak load (3715 kW) of the IEEE 33-Bus Distribution System is considered as 1.0 p.u., and 

the loads at system buses are divided into 50 clusters. These clusters and associated probabilities 

are used to sample the system loads. The results of this case study are shown in the second row of 

Table 20 and second column of Table 21. 

Table 20. Reliability Indices of Cases for the IEEE 33-Bus 

Case No. No. of EVs LOLP LOLE 

(hr/yr) 
EDNS 

(kW/yr) 
LOEE 

(kWh/yr) 
Case VIII - 0.01508 131.77 11.918 104118.7 
Case IX 268 0.01508 131.77 12.434 108626.1 
Case X 268 0.01508 131.77 12.433 108620.9 
Case XI 268 0.01508 131.77 12.438 108658.1 

 

Case IX:  In this case, the maximum number of EVs that can be penetrated at each bus of the 

IEEE 33-Bus Distribution System is calculated based on the proposed method as described in 

Section 7.1. The total demand of eligible I/C loads for the DR program are considered as 15% of 

annual peak load of the IEEE 33-Bus Distribution System. The calculated initial number of EVs 

using (7.11) is 743 cars or 557.25 kW EV loads. To capture changes in the amount of hourly loads 

due to drivers’ behavior and preferences, the values of random 𝛾𝑖,𝑗,𝑘, 𝜒𝑖,𝑗,𝑘, 𝛼𝑖,𝑛,𝑘, and 𝛽𝑖,𝑛,𝑘 for 

weekdays and weekends are selected as same as Case II. After constructing load profiles for the 

initial number of EVs and calculating the added/curtailed loads, load profiles of the IEEE 33-Bus 

Distribution System are restructured using (7.9). Then, the reliability indices of the IEEE 33-Bus 

Distribution System for the restructured bus load profiles are calculated. Finally, the procedure 
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described in Section 7.1 is used to update the number of EVs. The results of this case study are 

shown in the third row of Table 20 and third and fourth columns of Table 21. 

Table 21. Bus EDNS of Cases for the IEEE 33-Bus 

Bus 

No. 

Case VIII Case IX Case X Case XI 
EDNS No. of EVs EDNS No. of EVs EDNS No. of EVs EDNS 

2 15.94 7 16.61 7 16.62 7 16.63 
3 17.15 6 17.88 6 17.89 6 17.89 
4 25.55 9 26.63 9 26.64 9 26.66 
5 14.09 4 14.69 4 14.69 4 14.71 
6 15.85 4 16.53 4 16.53 4 16.54 
7 58.26 15 60.75 15 60.76 15 21.03 
8 62.82 15 65.53 15 65.55 15 65.56 
9 20.15 4 21.02 4 21.02 4 21.03 

10 22.1 4 23.05 4 23.05 4 23.06 
11 17.84 3 18.61 3 18.61 3 18.62 
12 25.27 4 26.35 4 26.36 4 26.36 
13 26.62 4 27.77 4 27.77 4 27.78 
14 57.37 9 59.88 9 59.88 9 59.87 
15 29.86 4 31.17 4 31.17 4 31.17 
16 31.49 4 32.86 4 32.86 4 32.86 
17 32.83 4 34.26 4 34.26 4 34.26 
18 51.55 7 53.8 7 13.79 7 53.79 
19 16.52 7 17.23 7 17.23 7 17.25 
20 18.75 7 19.54 7 19.55 7 19.57 
21 21.03 7 21.9 7 21.9 7 21.94 
22 23.17 7 24.14 7 24.15 7 24.18 
23 19.31 7 20.16 7 20.16 7 20.16 
24 101.6 30 106.11 30 106.11 30 106.12 
25 113.3 30 118.23 30 118.22 30 118.2 
26 17.21 4 17.95 4 17.96 4 17.95 
27 18.68 4 19.48 4 19.49 4 19.5 
28 20.37 4 21.25 4 21.25 4 21.26 
29 43.27 9 45.15 9 45.15 9 45.16 
30 76.33 15 79.6 15 79.62 15 79.65 
31 60.57 11 63.15 11 63.16 11 63.2 
32 90.06 15 93.92 15 95.94 15 93.97 
33 26.92 4 28.07 4 28.08 4 28.09 

 

Case X: In this case, the maximum number of EVs that can be penetrated at each bus of the 

IEEE 33-Bus Distribution System is calculated using the proposed method to analyze the impacts 

of uncertain movements of EV loads between buses due to drivers’ behavior and preferences. 

However, mobility of EV loads due to drivers’ behavior and preferences of charging is ignored for 

this case. Same as Case IX, the total demand of eligible I/C loads for the DR program and initial 



99 
 

number of EVs are 557.25 kW and 743 cars, respectively. Also, the low, off-peak, and peak hours 

for the IEEE 33-Bus Distribution System are same as case IX. The amount of added/curtailed loads 

at the low/peak load hours are calculated using (7.8). Load profiles of the IEEE 33-Bus DS are 

restructured using (7.9) for the constructed load profiles of the initial number of EVs and 

added/curtailed loads. The reliability indices are calculated using the restructured load profiles for 

each bus. The number of EVs is updated using the procedure described in Section 7.1. The results 

of this case are shown in the fourth row of Table 20 and fifth and sixth columns of Table 21. 

Case XI: In this case, the effectiveness of the proposed method to improve reliability of 

distribution systems with EVs is analyzed. Therefore, the reliability indices with the calculated 

number of EVs in Case IX are calculated without applying the DR program. The load profiles for 

the EVs are constructed using (9.5). Then, load profiles at each bus of the base case (Case VIII) 

are updated through combining the load profiles for final number of EVs in Case IX. Finally, the 

reliability indices are calculated using the updated load profiles for this case. The results of this 

case study are shown in the fifth row of Table 20 and seventh and eighth columns of Table 21. 

7.5 Results and Discussion 

The reliability indices for the previously mentioned case studies are given in Table 16–21. 

From these tables, it can be observed that the maximum penetration level of EVs in a power system 

with existing resources while maintaining the system reliability can be calculated using the 

proposed method.  

Table 16 and Table 17 show the results for the cases of the RBTS. From Table 16, we can see 

that the number of EVs that can be penetrated at the RBTS with existing resources based on 

proposed method is 15,333 cars. The equivalent load for this number of cars is 11.5 MW. Table 16 

also shows that for Case IV (effects of EVs), the increase in the LOLP and EDNS compared to 
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Case I (base case) are about 78.34% and 50.66%, respectively for the calculated penetration level 

in Case II. This indicates that the calculated penetration level of EVs in the RBTS based on the 

proposed method is 11.5 MW with existing resources while the reduction in the LOLP and EDNS 

for this penetration level is 78.34% and 50.66%, respectively. 

Table 17 shows the penetration level of EVs at the RBTS buses based on the proposed method. 

From Table 17, it can be seen that the maximum number of EVs can be penetrated at bus 3 followed 

by bus 4 of the RBTS with existing resources. This happens because the maximum penetration 

levels at different buses are calculated based on the ratio of their existing loads. Table 17 also shows 

that the calculated bus reliability indices for Case II (with EVs and DR based on proposed method) 

are approximately same as the base case (Case I). Thus, we can say that the proposed method is 

capable to maintain the reliability level of the system with EVs. Moreover, Table 17 shows that the 

calculated bus reliability indices for Case II (considering mobility of EV loads due to drivers’ 

behavior and preferences) are different from Case III (ignoring mobility of EV loads due to drivers’ 

behavior and preferences). The difference between the calculated reliability indices for Case II and 

Case III ranges from 11.50% to 24.09%. Therefore, it can be concluded that the uncertain mobility 

of EV loads between buses due to drivers’ behavior and preferences has significant impacts on 

reliability indices of system buses. Further, Table 17 shows the bus reliability indices for Case IV 

(with EVs only). The increment in reliability indices of Case IV compared to the base case (Case 

I) ranges from 34.34% to 80.93%. The highest increment in EDNS happens at bus 2 of the RBTS 

because the penetration level at bus 2 of the RBTS is high compared to the other buses. This 

indicates that the penetration of EVs decreases the reliability level of power system buses unevenly. 

The results for the cases of the IEEE-RTS are given in Table 18 and Table 19. From Table 18, 

we can see that the maximum permissible penetration of EVs in the IEEE-RTS based on the 

proposed method is 106,667 cars or 80 MW EV loads. Table 18 also shows that the increase in the 
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LOLP and EDNS for Case VII compared to Case V are about 28.03% and 36.63%, respectively for 

the calculated penetration level in Case VI. Thus, the maximum penetration level of EVs in the 

IEEE-RTS based on the proposed method is 106,667 cars with existing resources while the 

reduction in the LOLP and EDNS for this penetration level is 28.03% and 36.63%, respectively.  

Table 19 shows the penetration level of EVs at the IEEE-RTS buses based on the proposed 

method. From Table 19, we can see that the maximum number of EVs that can be penetrated at bus 

18 followed by bus 15 and bus 13 of the IEEE-RTS with existing resources. Table 19 also shows 

that the calculated bus reliability indices for Case VI (with EVs and DR based on proposed method) 

are approximately same as the base case indices. This proves the effectiveness of the proposed 

method to conserve the reliability level of the IEEE-RTS with EVs. Moreover, Table 19 shows that 

bus reliability indices for Case VII (with EVs only). The increment in reliability indices of Case 

VII compared to the base case (Case V) ranges from 2.95% to 138.21%, which indicates uneven 

impacts of EVs on reliability of system buses. 

The results for the cases of the IEEE 33-Bus Distribution System are shown in Table 20 and 

Table 21. From Table 20, we can see that the number of EVs that can be penetrated at the IEEE 33-

Bus Distribution System based on the proposed method is 268 cars. The equivalent load for this 

number of cars is 201 kW. Table 20 also shows that for Case XI (effects of EVs), the increase in 

EDNS compared to Case VIII (base case) is about 0.52 kW/yr for the calculated penetration level 

in Case II. From Table 20 we can also see that the LOLP for all the cases of the IEEE 33-Bus. 

Distribution System are same. This happens due to the fact that the available generation at the slack 

bus and line capacities of the IEEE 33-Bus Distribution System are very large compared to the 

demand of all cases. Also, the IEEE 33-Bus Distribution System is a balance radial distribution 

system. Thus, failure probabilities of all the cases (LOLP) depend only on the failure probabilities 

of the IEEE 33-Bus Distribution System components, which is same for all the cases. However, if 



102 
 

EVs are penetrated in an unbalance system with limited generation and line capacities, then the 

LOLP for different cases will be different. Moreover, Table 20 shows that the increment in LOEE 

for Case IX compared to Case XI is about 31.97 kWh/yr. This indicates that the calculated 

penetration level of EVs in the IEEE 33-Bus Distribution System based on the proposed method is 

201 kW with existing resources while the reduction in the LOEE for this penetration level is 31.97 

kWh/yr. 

Table 21 shows the penetration level of EVs at the buses of IEEE 33-Bus Distribution System 

based on the proposed method. From Table 21, we can see that the maximum number of EVs can 

be penetrated at bus 24 and 25 of the IEEE 33-Bus Distribution System. This happens because the 

maximum penetration levels at different buses are calculated based on the ratio of their existing 

loads. Table 21 also shows that the calculated bus reliability indices for Case IX (with EVs and DR 

based on proposed method) are approximately same as the base case (Case VIII). Thus, we can say 

that the proposed method is capable to maintain the reliability level of the system with EVs. 

Moreover, Table 21 shows that the calculated bus reliability indices for Case IX (considering 

mobility of EV loads due to drivers’ behavior and preferences) are slightly different from Case X 

(ignoring mobility of EV loads due to drivers’ behavior and preferences). This also happens due to 

the high available generation at the slack bus and line capacities of the IEEE 33-Bus Distribution 

System. Therefore, it can be concluded that the uncertain mobility of EV loads between buses due 

to drivers’ behavior and preferences has small impacts on reliability indices of balanced radial 

distribution systems with high line capacities. Furthermore, Table 21 shows the bus reliability 

indices for Case XI (with EVs only). The increment in reliability indices of Case XI compared to 

the base case (Case VIII) ranges from 0.00613 kW/yr to 0.04988 kW/yr. The highest increment in 

EDNS happens at bus 24 of the IEEE 33-Bus Distribution System because the penetration level at 

bus 24 is high compared to the other buses. 
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From these studies, it can be deduced that the I/C loads-based DR programs are effective in 

calculating the maximum number of EVs that can be penetrated at power system buses with existing 

resources. Also, the proposed method is effective in reducing the negative impacts of EVs on the 

reliability of power systems. Moreover, planners can investigate the impacts of EVs on the 

reliability indices of power system using the proposed method. Further, the planners can determine 

the largest affected area of the network using the proposed method. These will be beneficial for 

future generation expansion planning to satisfy the increased demand resulted from EVs. 
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Chapter 8. Conclusions and Future Work 

This dissertation has introduced two metrics to evaluate the impact of EVs on power system 

reliability and to provide a decision aid tool for power system operators and planners to plan for 

the increase of EVs’ penetration. These metrics are: 1) the “extra effective available energy” of 

power system to accommodate the load demand of EVs (EEAE-EVs) with controlled charging in 

power system reliability assessment and 2) the “extra effective required generation” for EVs 

(EERG-EVs). Also, a method to calculate these metrics considering forced outages of the 

generating units, system load profile, and charging patterns of EVs is introduced. In order to 

calculate the EEAE-EVs, the extra hourly available generation was calculated using the sequential 

MC simulation method. Moreover, a load profile for EVs in a form of hourly, daily, and weekly 

load that depicts drivers’ behavior and preferences is developed. The load profile of EVs was 

constructed based on data collected from several technical reports and research papers. The amount 

of EV loads that can be accommodated by the IEEE-RTS without adding any resources under a 

fully controlled charging scenario was calculated through estimating the EEAE-EVs metric. The 

proposed EERG-EVs concept was demonstrated on the IEEE-RTS with 330–660 MW of EV loads. 

The amount of extra generation needed to maintain the reliability of the IEEE-RTS versus the 

increase in EV loads was provided. The EERG-EVs metric is important in determining the required 

resources to maintain the reliability of power systems against the increase in EVs’ penetration. The 

proposed algorithm to analyze impacts of uncertain EV movements on power system buses was 

developed without considering the uneven amount of EV load shifting from one bus to another bus 

based on their distances. Investigating the impact of this uneven load shifting can be a future 

research question. 

This dissertation also introduced a voltage constrained-based approach to calculate the 

maximum hosting capacity of DSs to EVs. To determine the maximum hosting capacity of EVs in 
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DSs, the HEAP was calculated using the maximum loading capacity and existing load profile of 

DSs. The proposed method was demonstrated on the IEEE 123-node test feeder under uncontrolled 

and fully controlled charging scenarios through four case studies. The results showed that the 

proposed method can effectively determine the maximum hosting capacity of EVs in the IEEE 123-

node test feeder. Also, the results showed that the maximum hosting capacity of EVs in the IEEE 

123-node test feeder under fully controlled charging is much higher than the uncontrolled charging 

scenario. Moreover, it can be seen that the maximum hosting capacity for the selected nodes is low 

compared to the cases of all nodes. 

Moreover, this dissertation has proposed a smart charging/discharging-based method to 

calculate the EMHC of power systems to EVs. In the proposed method, the charging/discharging 

rates are controlled based on network constraints, charging/discharging limits of smart chargers, 

and daily energy demand and parking durations of EVs. The parking durations are calculated based 

on the PDFs of arrival and departure times. The daily energy demand is calculated based on energy 

required to travel each mile and PDF of daily travel distances. The optimization problem to 

maximize the HC is formulated using linearized AC power flow and solved by linear programming 

solver. The EMHC is calculated for charging stations at both homes and workplaces. The proposed 

method was demonstrated on the modified IEEE 33-bus system as a power system. The results 

showed that the daily EMHC of the modified IEEE 33-bus system varied between 20-41 cars for 

selected nodes.  

Further, this work has introduced a reliability-constrained DR based method to incorporate the 

load demand of EVs in composite system reliability assessment. Also, a method to build EV load 

profiles at power system buses is presented assuming drivers’ behavior and preferences in terms of 

charging locations, times, and periods. A mathematical model to calculate the amount of I/C loads 

is developed assuming incentives, penalties, and demand-price elasticity. Furthermore, a model to 
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chronologically combine the load demand of EVs with the existing (system) loads at each bus and 

to incorporate with the I/C loads-based DR program is developed. The permissible penetration level 

of EVs at load buses were determined with existing resources based on the proposed method. Also, 

the effects of EVs on composite system reliability indices were investigated for the movements of 

EVs between charging stations. The potential of I/C loads-based DR programs to compensate the 

negative effects of EVs on system reliability was demonstrated. The effectiveness of the proposed 

method was demonstrated on the RBTS, IEEE-RTS, and IEEE 33-Bus Distribution System through 

eleven different case studies. The MC simulation was used in these case studies to calculate the 

reliability indices (e.g., LOLP and EDNS). The results also showed that I/C loads-based DR 

programs can significantly compensate the negative effects of EV penetration on systems 

reliability. The size of batteries for the EVs are continuously increasing, which will provide more 

flexibility to implement DR response for improving power system reliability. Incorporating these 

facts in power system planning studies to increase the penetration level of EVs will be the subject 

of future research. 
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