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ABSTRACT OF THE DISSERTATION  

 

 

Plug-in Electric Vehicle: Challenges of Increased Penetration and Optimal Solution 
Using Load Modeling, Prediction & Grid Integration 

 

by 
 

Jubair Yusuf 
 

Doctor of Philosophy, Graduate Program in Electrical Engineering 
University of California, Riverside, September 2022 

Dr. Sadrul Ula, Co-Chairperson 
Dr. Matthew Barth, Co-Chairperson 

 

 Our sustainable transportation goals have encouraged 

people to adopt more Plug-in Electric Vehicles (PEVs) in recent times. 

Incentives and other policies are also encouraging 

additional PEV penetration. The increasing penetration of PEVs has put new challenges 

and opportunities in both the transportation and electric grid sectors.  

 In this dissertation, an optimal framework is introduced to find out the best PEV 

charging/discharging strategy using microgrids that includes all the Distributed Energy 

Resources present in a typical modern building microgrid. All the components are modeled 

and a multi-objective Mixed Integer Linear Programming (MILP) is formulated to 

minimize both the energy and demand cost. Then, sensitivity analyses are carried out to 

find out the contributing factors for a PEV Charging Station (CS) selection. A 

comprehensive techno-economic analysis is executed next and smart charging and 

discharging strategies are proposed for a combined Light Duty Electric Vehicle (LDEV) 



ix 
 

and Heavy Duty Electric Vehicle (HDEV) implementation. A novel data driven 

methodology is deployed to propose the best investment scenario for an infrastructure 

owner based on peak reduction, energy cost saving, and minimal payback periods. The 

influence of fleet size is also shown to validate the model. A real-time Vehicle to Grid 

(V2G) has also been implemented in both grid-connected and off-grid mode to demonstrate 

opportunities created by the PEV integration beneficial to the grid. 

 The user behavior of public PEV charging stations are analyzed next to introduce 

two utilization factors and predict the electrical load (kW) demand for higher EV 

penetrations. The success of increased solar production has modified the electrical demand 

curve in California by shifting peak demand from afternoon to the evening resulting in a  

“duck  curve” requiring rapid ramp-up of thermal generators. The correlation between duck 

curve and increasing PEV demand is presented to show the PEV impacts on the grid. Then, 

a customer oriented PEV load modeling is proposed to model the EV load on the grid. 

Finally, the optimal participation of PEV V2G is explored in a critical demand response 

event for the grid using a novel framework. The financial benefits for both customers and 

utilities are presented in PEV V2G participation. The impacts of PEV integration into the 

grid based on the variety of building load, PEV user behavior and co-simulation are 

investigated as well.  
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1 Introduction 

1.1 Background and Motivation 

 The transportation sector is one of the largest users of energy throughout the world. 

Population growth, advanced technology, and economic growth are the leading reasons 

that cause the increase in the transportation sector's energy consumption. According to 

Statista, 276.49 million vehicles were registered in the U.S in 2019 [1]. The U.S is the 

largest user of petroleum and the average petroleum consumption in the U.S. was 20.54 

million barrels per day in 2019. Sixty-nine percent of this petroleum was consumed in the 

transportation sector [2]. Alternative fuel technologies are needed to reduce the 

dependency on petroleum consumption. As renewable energy resources are making 

inroads in recent years, electrification of transportation will be a major solution towards 

our sustainable transportation future. The electric power sector in the U.S. uses 37% of 

primary energy as shown in Figure 1.1 followed by the transportation sector’s energy use 

of 28% of the total in 2019 [3]. If transportation electrification continues with the 

increasing number of electric vehicles (EV), then there will be a need for rapid increase in 

electric power generation. Additional power transmission and distribution capacities will 

be needed to satisfy this increased demand. 
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Figure 1.1 Primary Energy Use Share in the US in 2019 

 EVs are gaining in popularity around the world as a solution to provide a 

sustainable transportation system, reducing greenhouse gas emissions. The sales of EVs 

are growing across the world. More than half a million PEVs were sold in the US in 2021  

[4] and the number of EVs on the road has already crossed the 3 million mark [5]. Due to 

the rapid growth of EV usage, the impact on the distribution grid as well as the overall 

increase in energy consumption is a major concern. Though EVs ensure energy 

sustainability and clean energy, it also increases the total energy cost when integrated into 

a building’s energy system. Intelligent strategies of EV charging can minimize these 

building energy costs. Clean energy goals of states like California by 2045 need mass 

Electric Vehicle (EV) adoption in the transportation sector [6]. Recently, California has set 

a goal of 5 million Zero-Emission Vehicles (ZEVs) on the roads by 2030 and 250 Thousand 

7%
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5%
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electric vehicle charging stations by 2025 [7] [8]. To cope up with the demand of added 

energy consumption, optimal charging strategies need to be implemented to minimize the 

total energy cost. Moreover, the impacts of the building loads and different electricity rates 

have made the overall EV integration problem more complicated. In addition to that energy 

optimization problem, EV load modeling is also a concern due to its stochastic nature. The 

goal of this research is to find these answers: 1) Cost Optimal PEV integration with 

distributed energy resources and vehicle to grid (V2G) operation; 2) Smart charging and 

discharging strategies for a heavy-duty and light-duty EV in a workplace setting and 

implementing V2G to an office building running in off-grid islanded mode; 3) Data-driven 

PEV load modeling for public PEV charging stations and residential feeders; and 4) 

Analyzing the grid impacts of PEV integration. This research can help to overcome the 

challenges associated with mass EV adoption and benefit all the stakeholders (PEV owner, 

Building/Charging Station owner, and Grid operator). 

1.2 Contributions 

 The key contributions of this dissertation can be summarized as follows: 

 An optimal framework is proposed for a distribution level microgrid that helps 

to find out the best PEV charging/discharging strategy. This also helps the 

Distribution System Operator (DSO) in PEV Charging Station (CS) selection 

based on the optimal offline solution impacts and the sensitivity analyses 

between all the components present in a grid connected commercial building-

integrated microgrid.  
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 An exhaustive cost-benefit analysis has been developed to find out the optimal 

framework for a combined Light Duty Electric Vehicle (LDEV) and Heavy 

Duty Electric Vehicle (HDEV) implementation. A novel data-driven 

methodology is deployed to optimize the overall energy cost that integrates 

deep learning based prediction model and the PEV availability matrices. 

 A novel framework has been proposed to ensure the optimal participation of 

PEV V2G for a critical demand response event that can be implemented in any 

Critical Peak Pricing (CPP) rate schedule.  

 A rigorous analysis has been made of multifold impacts of PEV integration into 

the grid based on the variety of building load, feeder types, PEV user behavior 

and co-simulation. Finally, a real-time Vehicle to Grid (V2G) implementation 

has been carried out in both grid-connected and off-grid mode 

1.3 Organization of the Dissertation Research 

The dissertation is organized as follows: Chapter 2 provides the research 

background and literature review, Chapter 3 describes the cost optimization strategies for 

PEV operation, Chapter 4 analyzes the PEV load modeling and user behavior,  Chapter 5 

discusses the PEV impacts on the grid, Chapter 6 shows the real time implementation of 

V2G in both grid connected and islanded mode, and Chapter 7 concludes the dissertation. 
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2 Research Background and Literature Review 

2.1 Introduction 

The number of PEVs on the road are increasing every day that puts unique 

challenges on the current transportation and electrical distribution infrastructures. The 

interdependency between both the transportation and grid planners presents impediments 

that can slow the adoption of electric vehicles. The core challenges of this increased 

penetration can be divided into three items: 1. PEV Optimal operation, 2. PEV load 

modeling, and 3. Efficient integration of PEV into the grid. Figure 2.1 shows the overall 

system infrastructure that represents the increased PEV integration aspects. PEV owners 

usually charge their PEVs at homes or at their workplaces. These PEV charging stations 

are the parts of the corresponding building infrastructures. The charging rates of these 

PEVs can be of four types. 1. Level I charging ( ≤ 2.4 kW), 2. Level II Charging ( ≤ 19.2 

kW), 3. Level III charging (≥ 50 kW), and 4. Extreme fast charging (≥ 100 kW). Level I 

and II charging opportunities are the most common charging scenario for residential or 

commercial buildings. While one PEV charging at these lower rates may not have adverse 

impact on the overall net demand profile of the building, multiple PEVs can increase the 

building’s net demand significantly. The buildings equipped with distributed energy 

resources (DERs) may withstand the adverse impact of charging using additional 

generation from solar or Battery Energy Storage System (BESS). But this scenario highly 

depends on the solar availability and capacity of BESS. Due to intermittency of these DER 

resources coupled with the fact that PEV charging activity is highly dependent on the user, 
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there are multiple areas that require studies for the efficient PEV integration to the system. 

Modeling the EV load based  

 

Figure 2.1 PEV Operation and It's Impacts 

on their availability and arrival/ departure times and estimating the EV load can help both 

the building owner and utility planner. Moreover, the optimal scheduling of EV charging 

can help reduce the peak electrical demands created by EV charging. Based on the 

availability of level III charging infrastructure, PEV charging at a rate of 50 kW can create 



7 
 

peaks that are 8-10 times higher than the normal peaks that can happen in any regular 

residential building. This can also be reflected in the electric bill of the building with a very 

high cost if that building has a demand charge. The availability of V2G enabled vehicle 

has also made it possible to send energy back to the building. As PEV owner has the 

freedom to choose if and when to participate in V2G activities, it has also added a new 

dimension to the optimal operation of PEVs. The building occupants can also contribute to 

this optimal operation by scheduling their activities which affect their electricity use. A 

comprehensive modeling of the building loads and implementing the energy reduction 

opportunities by using the PEV effectively can help solve the interconnected issues of the 

building and PEV operations. 

On the other hand, large public PEV charging stations normally provide charging 

opportunities for large EV fleets simultaneously. For the large EV fleets in the public 

charging stations, the charging behavior is different from the charging activities as seen in 

residential or commercial infrastructures where these depend on the scheduled arrival and 

departure of the occupants of the buildings. Hence, load modeling is important for the EV 

fleets at the public charging stations. Moreover, as the number of EVs can be many in the 

public infrastructure, their combined participation in V2G can help the utility with added 

energy in times of high demand. The distribution feeder connected to that charging 

infrastructure may need upgrades as well if there is a need for extreme fast charging 

capability. The most popular and advanced EV car company Tesla is a good example of 

the challenges and limitations faced by any fast charging infrastructure. In 2021, Tesla sold 

936,000 cars compared to 499,550 in 2020 and 367,500 in 2019 [9]. To make a trip from 
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Riverside, California to Portland, Oregon with 33 percent of initial SOC for a Tesla car 

with 82 kWh of capacity, a driver needs to stop 6 times to charge the vehicle as shown by 

Tesla’s trip planner in Figure 2.2. One of the charging stops suggested has 40 charger stalls 

with 27 of them available at that time as shown in Figure 2.3. The charging capacity 

available at this location is at a maximum rate of 250 kW. If all the stalls have similar 

charging capacity and are used at the same time, the total power capacity requirement will 

be 10 MW. As a typical distribution feeder capacity is 4 MW, it is unlikely that this site 

has multiple feeders supplying power. If 10 MW capacity is not available at that location 

and all the stalls are busy at the same time, the charging rates will be lower than 250 kW 

each. For example, a site in Fremont, CA has 20 stalls with a total capacity of 2 MW, if 

EVs are plugged in all the stalls, the charging power at each stall will not be more than 100 

kW [10]. Similar limitations are true for other locations as well such as in Sequim, WA (8 

stalls and transformer capacity is only 300 kW, each stall limited to 37.5 kW when all are 

being used) [11]. The number of charging stops is another limiting factor for an EV owner 

to plan for long trips. For example, the distance between Riverside and Portland is 1,015 

miles and this model 3 LR has 358 miles of range with one full charge, so there should be 

maximum of 3 charging stops needed for this trip.  But even when one tries to leave with 

a higher 86 percent initial SOC, the charging stops shown by the Tesla trip planner is 5. 

This situation gets even worse when these EVCS and any other infrastructure share the 

same meter or node in a distribution feeder. Hence, advanced modeling is important for 

both EV and grid for enabling more EV integration and evaluating optimum charging 

strategies. The coordinated operation can come handy for utilizing the existing limited 
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capacity as well if costly distribution system upgrade is not possible for that particular 

node.  

 

Figure 2.2 Stops Needed for Charging to Make a Trip from Riverside to Oregon 
with a Tesla 3 LR (initial capacity 33% SOC and capacity 82 kWh, 358 miles) 
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Figure 2.3 A Tesla Supercharger Location with a Maximum Charging Rate of 250 
kW 

The rapid grid integration of PEV is highly dependent on the capacity of the feeder 

that is connected to the charging stations or building infrastructures. To determine if any 

upgrade is needed in the feeder, it is necessary to analyze the current and future impacts of 

EVs on the grid. These impacts will also be different for feeders serving various types of 

load. Hence, advanced grid modeling along with the necessary analysis of EV integration 

scenarios can help the utilities to plan for future expansions. As V2G is becoming more 

common in the future, a large EV fleet can potentially act as a large battery that can provide 

the energy back to the grid when needed. Therefore, the analysis of integrated EV impacts 

is also needed not only on the distribution feeder but also on the transmission and 

distribution interface. 
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2.2 PEV Optimal Operation: An Overview 

 In most cases, PEV charging infrastructure is an integral part of any commercial or 

residential building. When, the PEV activity and the building share the same electric meter, 

it requires the optimal PEV operation for the best outcomes in terms of cost for both 

building and PEV owners. The optimal size of the charging infrastructure is also important 

for the building or charging infrastructure owner if independent from the building. The 

availability of HDEVs with higher capacities and higher charging/discharging ratings has 

created the possibility to invest for a common infrastructure with both LDEV and HDEV 

implementation.  

 EV equipped building-integrated microgrids energy use applications have given 

rise to many modeling and technical studies over the years.  Most of the studies focus on 

optimal planning and operation of a building integrated microgrid irrespective of the 

presence of renewable and distributed energy resources. The research aspects of these 

studies can be divided into three categories in general. They are as follows: (a) modeling 

the building components and using the flexible building loads along with DERs (PV, 

BESS, PEV, etc.), (b) Optimal scheduling for optimization with different objectives (user 

comfort, energy reduction, etc.), (c) Types of buildings (residential/commercial). The 

strategy developed by US DOE energyplus software is more focused on buildings priority 

zones and fails to capture the dynamic properties of available DERs [12] [13].  In [14] [15]  

[16] [17] [18] [19] [20] [21], a mixed-integer linear problem is formulated to schedule the 

energy consumption and minimize the total energy cost of a microgrid along with DERs. 

The model includes the plug-in loads but avoids the uncertainties associated with the 
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intermittent energy sources and focuses on the tradeoff between carbon emission and 

energy cost. Different electricity pricing rates are applied to present various scenarios as 

well. Issues like BESS and PEV battery degradation have not been taken into consideration 

in these studies. Stochastic Dual Dynamic Programming is also used to solve the multi-

stage stochastic problem that involved the bidirectional PEV approach and solar PV-based 

hybrid energy storage. But the issues like the level of charging/discharging and lower 

efficiency of PV-based BESS are ignored during system optimization [22]. In [23], the 

combination of the thermostat and home energy management system is used for demand 

response in smart grid applications along with V2G. An optimal charging strategy for 

residential applications is proposed to shave the peak and reduce the energy cost [24]. In 

[25], a price-based demand response model is proposed to optimize EV charging and 

quantify the flexibility of EV charging. An optimization approach is proposed for multi-

energy microgrid systems with the vehicle to grid capability and the optimal capacity is 

estimated [26] [27]. All the studies mentioned here are mainly focused on the temperature 

modeling of thermal load and use level I and level II charging during any EV integration. 

The associated vehicle battery systems degradation costs are also not considered on many 

occasions. The impacts of fast or slow PEV activities on any grid-connected prosumer and 

their interactions with other controllable loads are still not figured out in the above 

mentioned literature. While the demand charge is a significant portion of the overall 

electricity cost, it has not been integrated to the cost functions in any of these references. 

The framework to find the best charging level for optimal cost is still absent in these 



13 
 

published works. This dissertation attempts to bridge this gap in the literature by offering 

an optimal framework for the best PEV charging/discharging level selection. 

 As having optimal charging infrastructure is also an integral part of the PEV 

optimal operation, this dissertation also tries to find the most cost-effective charging 

infrastructure for both HDEV and LDEV at the same location. Their optimal operations 

along with the least payback period can help to find the favorable framework for the 

building/charging station owners. HDEV and LDEV optimal scheduling have been 

explored in many studies. Electric buses are often considered as an early example of HDEV 

implementation around the world. Electric bus CS scheduling is optimized considering an 

energy storage system and followed by sensitivity analysis  [28] [29]. The daily operating 

cost is minimized but the battery loss model used there to minimize the cost is not 

conclusive. In [30] [31] , electric bus charging optimization is done under varying operating 

conditions. Depot charging, end of line charging, and opportunity charging stations are 

explored to minimize the energy and battery replacement costs. The cost-benefit analysis 

is executed in [32] to show that a trade-off between the fixed cost and charging cost is 

needed for the optimal fleet size. In-depot charging has an impact on overall cost 

minimization and in [33] the cost optimization is carried out for an opportunity charging 

bus network. While the goal of these studies is optimizing the energy costs for HDEVs, the 

opportunities of incorporating LDEVs using the same infrastructure, their coordinated 

operation, and reducing the payback periods are not discussed. Evolutionary algorithms are 

widely explored by Mixed Integer Programming (MIP) formulation to execute the cost-

benefit analysis for mostly LDEVs. In [34], a mixed-integer linear programming (MILP) 
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problem is formulated to compare the effectiveness of the coordinated and uncoordinated 

charging strategies where the battery degradation cost is ignored. In [35], evolutionary 

algorithms are used to reduce electricity costs and battery aging for electric buses. The 

optimal charging strategy shows improvements in both cost reduction and improving 

battery life. In [36], a three-stage cooperative energy management system is proposed for 

a virtual energy hub that provides the minimum operational cost. The virtual energy hub 

only comprises an electric bus and a simplistic representation of the real test case scenarios. 

Moreover, the uncertainties are not addressed properly and are more focused on the overall 

energy management. A bi-objective optimization model is proposed in [37] for battery-

electric bus deployment and the trade-off between environmental fairness and resource 

investment. In [38], an economic evaluation is carried out for adaptive charging algorithm 

implementation in 16 level-II EVCS and 1 DCFC at the U.S. National Renewable Energy 

Laboratory. The study mainly focuses on the operation and installation cost along with the 

reduction in demand charge. The study lacks the detailed modeling of EV and battery 

degradation. The opportunity for different EVCS, EV, and the payback period of the 

implementation were not investigated. In [39] , a multi-objective optimization method is 

applied to find the trade-off between cost and emission aspects of bidirectional EV 

charging. Next, the reinforcement cost of the grid is determined. Case studies have also 

been carried out to show the economic benefits of V2G [40] and for different EV charging 

infrastructure subsidy policies [41]. Cost-benefit analyses were done in smart grid 

environments for frequency regulation by EV [42] [43], EV grid integration [44] [45] [46] 

, and privately owned PEV owners [47]. The comparison of cost-efficiency between HDEV 
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and LDEV implementation at the same infrastructure is still absent in the above mentioned 

literature. The impacts of net metering on cost optimization for an infrastructure having 

both HDEV and LDEV are also not analyzed yet. The payback period of different cost-

optimal strategies to find the optimal combination of HDEV and LDEV is needed. 

Therefore, this dissertation also presents a techno-economic comparative analysis for 

HDEV and LDEV operation to answer some of these concerns. 

2.3 PEV Load Modeling: An Overview 

 To cope with the large number of PEVs and ensure their successful integrations to 

the grid, modeling the PEV load is important based on the owner’s travel schedule and 

capacity of the distribution feeder. The user behavior and PEV charging scenarios vary for 

different charging stations (e.g. residential, commercial, public, etc.). Optimal management 

strategies of these charging stations can ensure the viable growth of electric vehicles. Most 

of the residential houses and apartments are not equipped with PEV charging stations. 

Hence, publicly available stations are widely used by PEV users. The behavioral data 

analysis of these PEV charging stations and modeling the EV load can help the policy 

makers, charging station providers, and utilities to decide about the necessity of new PEV 

charging stations’ establishment at accessible locations. In addition to the location of 

charging stations, their management is vital for both CS owners and electric utilities. 

Uncoordinated charging and unplanned CS management can also lead to distribution 

network overloading and congestion. Hence, PEV load modeling based on user behavior 

analysis from public PEV charging stations is highly critical in providing pathways for 

arriving at strategic optimal decisions. The PEV owner’s PEV models and their initial and 
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final SOC are unknown in most of the cases for the EVCS operators. The unavailability of 

these two vital information makes policy making decisions and user behavior more difficult 

to comprehend. Moreover, public PEV charging stations include a variety of PEV users 

and can differ with the general PEV user behavior for any regular workplace or home. So, 

general modeling based on regular work or home schedules is unable to model and analyze 

the fleets distinctly. A lot of studies have been performed on user behavior analysis using 

collected data from the PEV stations.  In general, public PEV charging stations collect the 

start and end time of the charging sessions and total energy consumption by the respective 

PEV. Data available in public PEV charging stations are used to model the user behavior 

with the time of day and CS locations [48] [49] [50]. The PEV load profile is generated 

using the arrival time information along with the total travelled distance. The load profile 

was added to regular transformer loading to assess the impact of PEV charging [51]. A 

general model is proposed for PEV users’ charging behavior to reduce congestion and 

make the CS profitable for the owners [52]. Multinomial logistic regression was done to 

show the key variables’ impacts on charging behavior based on CS data along with 

environmental effects analysis [53] [54]. Typical data evaluation and analysis is also done 

to show the opportunity of charging from renewable resources and the impacts of 

workplace charging on a campus community [55] [56] [57]. A general probabilistic model 

leading to necessary EV load forecasting is not present in the above mentioned works. A 

probabilistic EV load model is proposed in this dissertation to forecast the EV load with 

higher EV penetration to help the utility planners to accommodate more EVs. 
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 While more PEVs on road in the near future is inevitable, their combined charging 

requirement will also impact the distribution grid. Therefore, EV load modeling based on 

the feeder type and capacity can help both the utility planners and PEV owners to take 

decisions on distribution upgrades and charging/discharging sessions, respectively. In 

recent years, EVs are modeled and their impacts on the distribution feeders have been 

studied by many researchers. IEEE test feeders are modeled with different EV loadings 

and evaluated for analyzing the voltage unbalances along with other renewable resources 

[58] [59]. In [60], Electric Vehicle Charging Station (EVCS) is considered as the main load 

where only level II charging is considered and its impacts are studied with a combination 

of smart inverters and their power factor flexibilities. The quantification of the techno-

economic impact of hosting capacity increase of Distributed Energy Resources (DERs) and 

electric vehicles (EVs) on the distribution feeders has been evaluated in [61].In [62], 

charging coordination is done to increase the maximum EV penetration and reduce grid 

congestion. System voltage-based local controller and frequency-based decentralized 

control mechanisms are recommended to neutralize EV integration impacts [63] [64]. The 

existing literature analyzes the EV integration impacts from the point of view that how 

many megawatts or percentage of total load are representing EV load in a particular node 

or feeder. This perspective ignores the fact that the number of EVs that exist in a locality 

or are connected to a node depends on the number of EVs owned by each household or 

customer and it may not be an identical value for each node. Customer-oriented EV 

estimation is important for the utility to decide on necessary system upgrades. The number 

of EVCS required at a certain locality is coherent with the EV to Customer Ratio (EVCR) 
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for the nodes of the feeder of that locality. Moreover, the diversity in EV capacities due to 

different makes and models along with their daily travel profiles distinct from the various 

owners are not taken into account in most of the studies.  To analyze the requirements for 

the distribution system upgrading, a comprehensive and realistic detailed distributed EV 

load modeling in a given feeder is needed.  

The accuracy of the modeling can also help to estimate the current EV hosting 

capacity. In addition to that, the existing works mostly focus on feeders where a fixed 

fraction of the total feeder load is assigned to each node which may include EV chargers. 

The proposed centralized control mechanisms in existing works do not consider the voltage 

dependency at the local nodes based on their different EVCRs. Decentralized algorithms 

often follow frequency-based control mechanisms and ignore the relationship between the 

voltage distribution and EVCR at the local nodes. The statistical distribution of the voltage 

unbalance scenarios at the local nodes can help to demonstrate the EV integration impacts 

on the voltage at the customer level. This sensitivity analysis will allow the distribution 

utility to find out the exact locations of real congestion and offer maximum opportunities 

to utilize available grid flexibility. 

2.4 PEV Grid Integration: An Overview 

 In recent years, both investor-owned utilities and public utilities have introduced 

various energy rates to the consumers depending on their regular usage of maximum power 

and energy consumption. In addition to the usual on-peak, mid-peak, and off-peak pricing, 

Critical Peak Pricing (CPP) is the latest addition to such electricity rates in which 

consumers are given the flexibility to control their usage to reap monetary rewards from 
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the grid operators. Based on different studies of residential customers on CPP rates, it was 

reported that customers reduced more load than other Time of Use (TOU) rates with very 

high critical peak prices ($.50/kWh or higher). For those small and medium businesses that 

have demand in the range of 300-500 kW, CPP can be highly effective for demand 

response. On average 13 percent of energy use reduction was estimated for the US on 

critical peak days [65]. It also helps to reduce the transmission and distribution congestion 

and defer new additional generation needing peaker plants. The frequency of CPP events 

is not usually that many. They normally take place in peak usage periods during the summer 

days. On CPP event days, consumers get rewards/credits for each kW reduction and get 

penalized for high usage of energy. After comparing eight different studies that modeled 

the benefits of specific types of demand response mechanisms it was concluded that CPP 

provided the highest gross benefit as 6.67$/kW-yr amount [65] [66].  On a given day, if it 

is not possible to reduce the overall building load, then V2G capability adds another 

bidirectional dimension by providing energy back to the grid to effectively lower demand 

when needed.  

 Charging of PEVs may be a significant load in small and medium buildings. In 

response to CPP, stopping the ongoing PEV charging will reduce load considerably. In 

addition to that, activating the V2G mode will provide additional power to the Point of 

Common Coupling (PCC). After providing for local building load, any additional power 

can go back to the grid to further reduce the peak demand of a feeder. In states like 

California where solar PV installations rapidly increased in recent years, afternoon peak 

demands have been replaced by early evening peaks due to the absence of solar. On a 
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cloudy day, sudden removal of large solar production during the daylight hours can also 

result in a reduction in the net generation on the grid triggering CPP. A sufficient number 

of consumers responding to CPP may be able to reduce overall demand and result in 

restoring the balance between net generation and load. Flex alert is also similar to CPP 

events in terms of relevance but may be issued at a short notice. CPP events are normally 

issued by local utilities whereas Flex alert is issued by the California Independent System 

Operator (CAISO) [67]. 

 Advancement in technology and enabling state policies are offering opportunities 

for the vehicle to grid energy delivery. The newer models of EVs are more likely to have 

a longer range and higher battery energy storage capacity (e.g. 226 miles range with 62 

kWh) [68]. Therefore, vehicle owners may be more comfortable in providing a portion of 

the battery energy back to the grid and still have enough range left for required driving. 

Level II EVs have a maximum charging/discharging power of between 6 and 15 kW, 

whereas level III EVs have a charging /discharging power of 50 kW. As the charging power 

rate is higher for level III EVs, they offer better opportunities for bidirectional operation 

and provide both demand and energy services to the grid [18] . 

 A substantial amount of work has been done on electricity pricing related to EVs. 

Electricity tariff highly affects EV customers' load profile by their ability to choose when 

to charge or discharge [69] .  Optimal pricing and routing policies have also been proposed 

for electric vehicle public charging station networks [70] . Other recent studies have used 

fuzzy logic-based models which included EV charging load along with critical peak pricing 

events [71] [72]. Behavioral analysis is also included in a study which shows that higher 
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charging cost during a CPP event may be avoided if alternative transportation choices were 

available [73]. The beneficial opportunity of providing EV energy back to the grid at CPP 

periods has not been widely explored yet. This dissertation investigates the opportunity of 

electric vehicles’ participation during any CPP event by activating vehicle to grid (V2G) 

mode of operation. A novel framework is developed to make vehicle to grid (V2G) 

operation efficient with a goal of reducing the overall cost for any EV owning consumer. 

A Mixed Integer Linear Programming (MILP) problem is formulated and solved to reduce 

the energy cost for a small commercial building that has two on-site PEVs. A range of 

pricing is modeled to show the effectiveness of this strategy along with all the usual 

constraints. The financial benefits of both the consumer and the utility operator are also 

discussed for this CPP handling strategy. 

 The analysis of EV integration on both distribution and transmission grid is needed. 

This work focuses on analyzing the impacts on both the system. While, the impacts analysis 

on the distribution grid are straightforward, co-simulation approaches are applied to 

analyze the dynamics of EV on Transmission & Distribution (T&D) interface. Several 

T&D interfacing techniques are compared and their interaction schemes are explored to 

choose the best T&D co-simulation framework [74] . In [75] [76] [77], different analytical 

approaches are carried out to solve the non-linear equations of T&D interfacing for both 

balanced and unbalanced systems. Newton’s method provides better rates of convergences 

over the Fixed Point Iteration (FPI) method. It is also shown that the system frequency 

response can be interpreted in a better way with the proposed co-simulation framework. 

The impacts of bulk Volt-Var control on the transmission system are also analyzed using 
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the co-simulation framework [78]. The impacts of distributed Photovoltaic systems on bulk 

power systems are carried out by using two IEEE test systems (Transmission and 

distribution respectively) and a co-simulation platform [79]. Distributed PV penetration 

impacts are analyzed on transmission system voltage and power using the co-simulation 

approach. [80] [81]. In [82], different co-simulation frameworks are proposed and their 

advantages over each other are presented. All the above-mentioned literature focused on 

the development of co-simulation methodology and validation of them. Even though the 

impacts of PV systems are thoroughly investigated during co-simulation approach, the 

interactions of EV loads are not properly addressed yet. 
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3 Modeling and Cost Optimization Strategies for 

PEV Operation 

3.1 Introduction 

 The higher level of EV penetration is not viable without optimal cost benefit for all 

the key role players in the EV industry. As discussed in Section 2.3  all the relevant works 

lack a rigorous analysis of different levels of bidirectional PEV impacts on a commercial 

building-integrated microgrid. One can raise a number of questions regarding PEV 

integration: 1. How will the fast or slow PEV charging/discharging impact any grid-

connected commercial building consumer? 2. How will it interact with other controllable 

loads present in the building? 3. How will it impact the distribution grid while optimizing 

the savings of the customers behind the meter? 4. What happens to the bidirectional 

strategy when demand charge is integrated? 5. Which one is the best charging level for 

optimal cost and how much greater savings are possible in comparison to other 

charging/discharging levels? This chapter tries to find the answers to all these questions 

and attempts to bridge this gap in the literature by offering an optimal framework for the 

best PEV charging/discharging level selection. 

 From Section 2.2, we can also see that while there are many studies done that 

evaluate the pros and cons of residential and public PEV charging strategies, workplace 

charging strategies have not been widely analyzed. Moreover, as people spend a significant 

amount of time at their workplace, workplace charging strategies are very important from 

both the user and building owner’s perspective. The ability of PEVs to do bidirectional 
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charging and vehicle-to-building operation, vehicle-to-grid services are not implemented 

widely yet. All the studies discussed above have been mostly focused on LDEV or HDEV 

optimization separately. The combined benefits possible from operating both at the same 

workstation have not yet been explored. A comprehensive cost-benefit analysis 

considering the infrastructure and implementation cost is still absent in the literature which 

will be very important for mass deployment of HDEV and LDEV in the near future. 

Further, in all the discussions in the literature a comprehensive cost-benefit analysis to 

determine the optimal framework for LDEV and HDEV implementation in a distribution-

level microgrid is lacking. One can raise several questions regarding the LDEV and HDEV 

integration at the same workstation: 1) How cost-efficient is HDEV implementation in 

comparison to LDEV implementation? 2) What is the optimal cost including both HDEV 

and LDEV integration? 3) How much energy savings are possible while V2G initiatives 

are taken? 4) How does the battery degradation impact the overall cost-benefit of the 

microgrid owner? 5) What happens to the cost-benefit depending on the PEV owner 

behaviors? 6) Does net metering affect cost optimization? 7) What is the payback period 

of different cost-optimal strategies? 

 Along with answers to the aforementioned questions, this chapter also tries to show 

the impacts of different stakeholders on cost optimization strategies. PEV owner 

preferences, their availability and the integrated building loads are the key parts in terms 

of successful PEV integration. 
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3.2 Key Factors in PEV Optimal Cost 

 Several factors play key roles to find the optimal cost strategy for PEV operation. 

PEV owner strategy and PEV availability for any charging/discharging activities 

determines it’s participation for any strategy selection. In addition to that, PEV charging 

station stays integrated with any building/ infrastructure in most cases. The loads of the 

infrastructure also make impacts on optimal cost operation. 

 Impacts of Building Loads 

3.2.1.1 System Description 

 In this work, each of the buildings is considered to be equipped with an EV charging 

port and vehicle to grid operation is available for both of these ports. The PEV receives 

power in grid to vehicle operation and feeds power back to the grid during bidirectional 

operation. For each building-EV pair, the building and the EV share the same meter for 

calculating energy cost. Load data from two different campus buildings are used for 

simulation purposes. Nissan Leaf E Plus version is used for PEV specifications. Figure 3.1 

and Figure 3.2 show the unidirectional and bidirectional operation of an EV integrated 

building microgrid, respectively. 
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Figure 3.1 Unidirectional Operation: The PEV Acts Only as a Load 

 

 

Figure 3.2 Bidirectional Operation: The PEV can Both Consume and Supply Power 
Based on Operating Procedure 
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3.2.1.2 Load Characteristics 

 The two buildings are located at University of California Riverside campus. The 

plugged-in time used for simulation is from 5 am to 3 pm to capture a typical working day 

load profile variation. Figure 3.3 shows the 15-minute rolling average demand (kW) for 

both the buildings over this time period. The daily load of building 1 does not fluctuate 

sharply with time. The maximum load for the first building always stays below 30 kW. On 

the other hand, the daily load of building 2 fluctuates sharply with time. The maximum 

load of this building is approximately 785 kW whereas the minimum load is 275 kW. The 

load of the second building can be categorized into three distinct sections. From 5 am to 7 

am it remains below 300 kW, then the demand increases and remains around 500 kW from 

8 am to 1:15 pm. Finally, it reaches the peak value of 758 kW at 1.30 pm. The demand 

fluctuates by 65 percent from low usage period to high usage period 

 

Figure 3.3 Demand Profile for Building 1 and Building 2 
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3.2.1.3 PEV Characteristics 

 The EV profile used for simulation is from Nissan Leaf E Plus version whose 

specifications are given in Table 3-1. The battery capacity is 64 kWh and the rate of 

charging is between 11kW and 22 kW, depending on user preference [83] [84]. The 

maximum charging and discharging rate used in the simulation is 15 kW and the minimum 

rate is greater than zero. The EV charging starts with a 20% State of Charge (SOC) at 5 

am. The SOC characteristics of the EV is assumed linear for the simulation purposes. 

Table 3-1 PEV Specification 

Type Spec 

Model Nissan Leaf E-Plus 

Range (miles) 225 

Battery (kWh) 64 

Maximum Charging Power 

(kW) 
15 

 

3.2.1.4 Energy Price 

 The energy price used for the cost optimization problem is a Time of Use (TOU) 

based energy price for a commercial building sharing the same meter for EV charging. The 

energy rates used for simulation are: (1) Southern California Edison (SCE), an Investor 

Owned Utility (IOU), and (2) Riverside Public Utility (RPU), a Public Municipal Utility. 

SCE rate is divided into three tiers such as on-peak, mid peak and off-peak. On the other 

hand, RPU has only two tiers of energy rates such as off-peak and mid peak for the load 
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profile month of winter used in this work. The plugged-in time for EV is selected in such 

a way so that it can reflect all different energy prices for a day. Table 3-2 summarizes the 

energy rates for the simulation periods in a day. 

Table 3-2 TOU Based Energy Charge [85]  

Time SCE Energy Charge ($/kWh) 

5 am - 8 am 0.13 

8 am - 2 pm 0.16 

2 pm - 3 pm 0.25 

 

Time RPU Energy Charge ($/kWh) 

5 am - 6 am 0.1413 

6 am -3 pm 0.1696 
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3.2.1.5 Notations 

 The problem formulation and constraints are represented by various notations as 

summarized below in Table 3-3.  

Table 3-3 Summary of Notations 

Notation Notation Description 

i index of a time slot in the billing cycle 

ei energy cost in slot i 

n total number of slots 

Pi energy price for billing cycle in slot i 

G2Vi total power drawn from grid to vehicle in slot i 

Li total building load in slot i 

SOCi State of charge of PEV battery in slot i 

V2Gi total power delivered from vehicle to grid in slot i 

ηcharging PEV battery’s charging efficiency 

ηdischarging PEV battery’s discharging efficiency 

SOCmax PEV battery’s maximum SOC 

SOCmin PEV battery’s minimum SOC 
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Notation Notation Description 

G2Vmax maximum power drawn from grid to vehicle 

V2Gmax maximum power delivered from vehicle to grid 

Lmaxallowed maximum possible load 

µ time interval for each energy cycle 

 

 Problem Formulation and Constraints 

 The problem to minimize the electricity cost is an optimization problem with 

required total power, PEV and building load constraints. 

3.2.2.1 Objective Function 

 The objective of our problem is to minimize the energy cost of PEV charging 

associated with any building. In order to minimize the energy cost, we need to solve the 

following equation. 

 𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∑ 𝑒  3.1 

  

  

3.2.2.2 Constraints 

 The constraints for this optimization problem can be classified according to the 

direction of power transfer. As the power transfer can be both unidirectional and 

bidirectional, the total load equation and SOC constraints will vary accordingly. The 

constraints for the vehicle to grid power transfer will also be added for bidirectional 
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operation. The first to fifth constraints stand for unidirectional power transfer, while the 

rest are used for bidirectional power transfer. 

 𝑒 = 𝑃 × (𝐺2𝑉 + 𝐿 ) × 𝜇 3.2 

  

 𝑆𝑂𝐶 =
𝑆𝑂𝐶 ; 𝑖 = 1

𝑆𝑂𝐶 + 𝜂 × 𝐺2𝑉 × 𝜇; 𝑖 > 1 
 

3.3 

  

 0 ≤ 𝐺2𝑉 ≤ 𝐺2𝑉  3.4 

  

 𝐺2𝑉 + 𝐿 ≤ 𝐿    3.5 

  

 𝑆𝑂𝐶 ≤ 𝑆𝑂𝐶 ≤ 𝑆𝑂𝐶  3.6 

  

 𝑒 =  𝑃 × (𝐺2𝑉 − 𝑉2𝐺 + 𝐿 ) × 𝜇 3.7 

  

 𝑆𝑂𝐶 =

𝑆𝑂𝐶 ; 𝑖 = 1

𝑆𝑂𝐶 + 𝜂 × 𝐺2𝑉 × 𝜇 − 𝜂 × 𝑉2𝐺 × 𝜇; 𝑖 > 1 
 

3.8 

  

 0 ≤ 𝑉2𝐺 ≤ 𝑉2𝐺  3.9 
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 𝐺2𝑉 − 𝑉2𝐺 + 𝐿 ≤ 𝐿    3.10 

  

   The first constraint denotes that the total energy cost at any time will be equal to 

the summation of the building energy consumption and EV energy consumption cost. The 

second constraint calculates the SOC of EV battery at any instant of time. Here the SOC 

indicates the stored energy in the battery. At any instant the stored energy in the battery 

must be equal to the energy stored at the previous time slot plus the energy supplied from 

grid to the vehicle. We assume that initially the SOC is 20% which is 12.8 kWh for Nissan 

Leaf E-Plus version. The third constraint states that the power supplied from grid to vehicle 

must be greater than zero and will be less than or equal to the maximum charging power; 

whereas the fourth constraint denotes that the sum of charging power supplied from the 

grid, and building load will be less than the maximum possible load for that building. The 

fifth constraint shows that SOC should be within the allowable limit. The constraints from 

3.7-3.10 are the additional constraints for bidirectional operation. The sixth constraint 

shows that the energy transferred from vehicle to grid needs to be subtracted to find the net 

energy charge. The seventh constraint denotes that the discharging energy is subtracted to 

find the SOC of the battery. Finally, the eighth constraint determines the limit for vehicle 

to grid power transfer and the ninth constraint describes that the net power must be less 

than the maximum demand for the building. 
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3.2.2.3 Convex Optimization 

 The formulated objective function is linear which is convex. Similarly, the 

constraints used here are also linear and convex. Therefore, the optimization problem itself 

is convex. MATLAB CVX tool [86] has been used to solve this convex optimization 

problem 

 Simulation Results  

 Both unidirectional and bidirectional operations are studied for both of the 

buildings and the energy rate profiles. The detailed results are discussed below. 

3.2.3.1 Unidirectional Operation 

 The grid to vehicle charging profile is shown in Figure 3.4 for all possible cases in 

unidirectional operation. For small and less fluctuating building load (building 1), the 

optimization scheme requires charging power consumption to be higher for SCE energy 

rate at the earlier hours as SCE energy rate is less than RPU rate at that time. But with time, 

the EV consumes more power from the grid for RPU rates in comparison to SCE rates.  For 

large and high fluctuating building load (building 2), the difference between energy rates 

is not creating significant impact on charging profile for EV. This is due to relatively small 

size of 15 kW EV charging rate compared to minimum building load of 275 kW along with 

building’s inherent large load variation.  
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Figure 3.4 Unidirectional Operation : Charging Profile for EV 

       Figure 3.5 shows the impact of various charging scenarios on overall building 

load profiles. The impacts of building loads are insignificant for unidirectional PEV 

operation as the optimization solution tries to provide the best optimal cost. 

 

Figure 3.5 Total Building Loads with an EV in Unidirectional Operation 
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3.2.3.2 Bidirectional Operation 

 The bidirectional charging profile is shown in Figure 3.6 for all possible cases. For 

small and less fluctuating building load (building 1), the EV feeds more power back to the 

grid for SCE rates as compared to RPU rates. The EV acts in a similar way for the second 

building too. As RPU energy rate increases after 6 am, EV operates in V2G mode after this 

period to facilitate the maximum reduction in energy cost. On the other hand, SCE rate 

increases after 8 am, making the PEV to begin V2G operation later for this energy rate as 

compared to RPU’s rate. It also shows another drop in power consumption after 2 pm for 

SCE energy rate, as the energy rate increases again after 2 pm. For building 2, the PEV 

starts discharging later while RPU rate is activated. In case of SCE rates, at first the PEV 

feeds more power back to the grid for the first building, later on, it does the opposite. 

 

 

Figure 3.6 Bidirectional Operation : Charging Profile for EV 
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 Figure 3.7 shows the bidirectional charging scenarios on the different building load 

profiles and battery SOC is depicted in Figure 3.8. The SOC increases up to 93% for SCE 

energy rate for both buildings whereas the SOC does not reach more than 49% for RPU 

energy rate. As the goal is to minimize the energy cost, the SOC starts decreasing to provide 

the maximum power to the grid and hence reduces the energy cost. Large building loads 

result in better SOC in comparison to small building loads which means the EV feeds less 

power back to the grid for large building loads. For complete recovery of SOC, EV should 

be charged during low cost off-peak hours. 

 

Figure 3.7 Total Building Loads with an EV in Bidirectional Operation 
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Figure 3.8 Bidirectional Operation : SOC Profile for EV 

 Cost Analysis 

 The simulation results show more reduction in energy cost for bidirectional 

operation. Though the percentage of cost reduction in bidirectional operation is large for 

the building with smaller average loads, the cost minimization is small for the building 

with larger average loads due to the EV charging power being very small compared to the 

building load itself. The cost reduction also depends on energy rates. RPU energy rate is 

both low and difference between on-peak and off-peak is smaller compared to SCE energy 

rates. When the building load is small, the total cost is lower for SCE rates in both 

operation. On the other hand, the total cost is lower for RPU rates in case of a large 

integrated building load. Figure 3.9 and Figure 3.10 show the total cost for all scenarios. 
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Figure 3.9 Cost Comparison Per Day: Small Building Load with one EV(Building 1) 

  

Figure 3.10 Cost Comparison Per Day: Large Building Load with One EV (Building 
2) 
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 This study shows that 18.9-23.5% cost reduction is possible for small building loads 

whereas 1.2-1.4% cost reduction is possible for large building load when using a single 

level 2 EV charger. Table 3-4 shows the estimated daily savings in bidirectional  operation 

for all possible cases. 

Table 3-4  Cost Savings in Bidirectional Operation 

Building Type Rate and Load 
Savings in Bidirectional 

Operation (%) 

Building 1 (Small Average Load) 

Energy Rate (RPU) 18.9% 

Energy Rate (SCE) 23.5% 

Building 2 (Large Average Load) 

Energy Rate (RPU) 1.2% 

Energy Rate (SCE) 1.4% 

 

 Any similar EV with equal or less charging power capability will act in similar 

manner for the given building loads and energy rates. Another verification was done by 

applying this methodology to a Nissan Leaf 2nd Generation EV with maximum charging 

power of 6 kW, where it showed similar results except one scenario. This EV model can 

not optimize the cost for large building loads in bidirectional mode due to its lower 

charging rate being dominated by inherent large building load variations.  
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 Impacts of Probability Distribution and PEV Owner Strategies 

3.2.5.1 Problem Formulation 

 The goal is to optimize the energy cost purchased from the grid considering the 

randomness of PEV parameters in mind. Hence, it involves the expected amount of energy 

available after PEV charging/discharging activities. There are two light duty electric 

vehicles that are available for the employees or researchers of this building for short to 

medium distance travels for attending meetings. Both light duty PEVs are 2013 Nissan 

Leaf electric vehicles having the capability of vehicle to grid (V2G) operation. Both have 

24 kWh battery capacity with a capability of fast charging/discharging given that fast 

charging bidirectional EV stations are available. The recent models of Nissan Leaf have a 

40 kWh or 62 kWh battery capacity [87]. Hence, 40 kWh battery capacity is used to 

minimize the cost function. As one of the two vehicles is dedicated to research coupled 

with a fact that there is only one bidirectional charger available, one light duty PEV is 

considered in optimizing the overall cost. The same approach could be extended to consider 

multiple vehicles and charger configurations. 

 minimize ∑ [ 𝑃 (𝑡) + 𝑃𝑟𝑏 (𝑡) × η , × P (t) −

P (t)
η ,

× ∆𝑡 × 𝐸 (𝑡)] 

3.11 

 

Equation 3.11 states the optimization problem, where, 𝑃  (𝑡) is the building power 

usage (kW) at any time t. P  (𝑡)  and P (t) are the charging and discharging power 

(kW) by the PEV at time t. 𝑃𝑟𝑏 (𝑡) represents the probability of PEV being available at 
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any time instant. 𝐸 (𝑡) and ∆𝑡 is the energy price and time interval, respectively. T is the 

total period which is 13 hours for this cost optimization as EV is unavailable for any 

activities for the rest of the period. 𝐸 (𝑡) is a Time of Use (TOU) pricing rate from a 

Public Owned Utility which is shown in Table 3-5.  

Table 3-5 Energy Price 

Time Energy Price ($/kWh) 

On-peak (4 pm - 9 pm) 0.1079 

Off-peak (9 am - 4 pm) (9 pm -10 pm) 0. 0874 

 

3.2.5.2 Constraints 

 The constraints for the formulated expected value optimization are annotated by 

equations 3.12-3.17. The equation 3.12  calculates the State of Charge of available PEV at 

any time t where SOC , η , , η ,  denote the remaining energy, charging 

efficiency, and discharging efficiency of PEV, respectively. The next two equations stand 

for physical limitations for the charging and discharging activities of PEV. The available 

Coritech bidirectional charger in Figure 3.27 can charge/discharge at a maximum rate of 

30 kW. Equation 3.15 ensures that the charging and discharging events will not take place 

at the same time. The next constraint states that 𝑒  and 𝑒  are binary variables. Equation 

3.18 is used to maintain the overall power balance in the system. The summation of 

purchasing power from the grid and discharging power of PEV will be equal to the 
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combined total power required for building and G2V activities. The final constraint 

indicates that the probability of PEV availability will be always between 0 and 1. for ∀t∈T, 

 for ∀t∈T 

 SOC (t)=SOC (t-1)+ η , × P (t) − P (t)/η , /

𝐶𝑎𝑝 × ∆t 

3.12 

  

 0 < P (t) ≤ 𝑒 (𝑡) × P   3.13 

  

 0 < P (t) ≤ 𝑒 (𝑡) × P   3.14 

  

 𝑒 (𝑡) + 𝑒 (𝑡) = 1  3.15 

  

  𝑒 (𝑡), 𝑒 (𝑡) ∈ {0,1} 3.16 

  

 SOC , ≤ SOC (t) ≤ SOC ,  3.17 

  

𝑃 (t) +  P (t) = 𝑃 (t) + P (t)    

  

3.18 

𝑃𝑟𝑏 (t) =  [0,1] 3.19 
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3.2.5.3 Optimization 

 The cost function along with its constraints is a Mixed Integer Linear Programming 

(MILP) problem. The problem is solved in Gurobi [88] with a work station having i-7 core 

and 16 GB RAM.  

 Simulation Results 

3.2.6.1 Impacts of Probability Distribution 

 EV availability distribution is mostly considered as normal distribution in literature 

[89] which is evident for a large EV fleet. But in reality, small and medium commercial 

buildings who own their PEVs, their usage doesn’t follow a normal distribution. Hence, 

models based on normal distribution might be inappropriate for PEV owners whose PEV 

usage is also a part of their regular office work. To investigate the impacts of the probability 

distribution on cost optimization strategy, real time probability distribution, and random 

distribution of PEV availability are compared. Figure 3.11 and Figure 3.12 are showing the 

impacts of PEV availability distribution on purchased grid power, charging, and 

discharging power. For the random normal distribution, all charging events are distributed 

normally with a standard deviation of 1 and the mean value at 3 pm. The normal 

distribution considers the peak probability at a certain period which results in the highest 

cost reduction opportunity only at that time using the bidirectional capability. This causes 

fewer V2G events during the on-peak period. No strategy is being considered for the PEV 

owner for these scenarios and it is assumed as the base case.  
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Figure 3.11  Grid Power, G2V and V2G Power for Actual PEV Availability: Initial 
Mid-Range SOC 

 

Figure 3.12 Grid Power, G2V and V2G Power for Normal PEV Distribution: Initial 
Mid-Range SOC 

3.2.6.2 Impacts of PEV Owner Strategies 

 The bidirectional operation of PEV is highly dependent on PEV owner behavior. 

Discharging to the grid can also affect the battery life of PEV along with providing 

uncertainty for battery SOC to make a reasonable trip successfully. Hence, two PEV owner 

strategies are considered to show the impacts on overall electricity cost optimization. The 
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first strategy is that the PEV owner will be willing to do V2G if the final SOC level is equal 

to their initial SOC before the G2V or V2G event starts. The second strategy is that the 

PEV owner wants to have a comfortable SOC level after the charging or discharging event 

takes place. As Figure 3.29 indicates that the maximum change of SOC level is 22.5 percent 

which occurred rarely. In general, for this PEV model with a 30 kWh/100 mi rating it can 

finish a round trip of at least 26 miles with the comfortable SOC level at the starting and 

finishing the trip with 20 percent SOC left [90] . Therefore, for this particular optimization, 

we can consider the PEV owner will be satisfied with a 40 percent SOC level of the total 

capacity. 

Strategy 1: Final SOC Equals to Initial SOC. 

Strategy 2: Final SOC Equals to Acceptable SOC. 

 Strategy 1 is the worst-case scenario when the PEV owner leaves the car at the 

charging station with a lower SOC level as mentioned in the categories for simulation. 

Figure 3.13 and Figure 3.14 are showing the grid power, charging, and discharging power 

along with the energy left in PEV at any instant for having a mid-range initial SOC of 50-

80 percent of the total. As for mid-range initial SOC: the initial SOC is even higher than 

the acceptable SOC value, therefore more V2G events take place during the on-peak 

periods in the second strategy. This scenario does not hold for lower level initial SOC. The 

figures are presented for mid-range SOC as this is the most common scenario depicted in 

Figure 3.31. In these figures, E represents the stored energy in PEV. 
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Figure 3.13 Grid Power, G2V, V2G Power and Energy for Strategy 1 

 

Figure 3.14 Grid Power, G2V, V2G Power and Energy for Strategy 2 

3.2.6.3 Cost Analysis 

 The simulation results show that cost reduction is possible for any consumer with 

PEV ownership while he adopts net metering and V2G. Between 2.5 and 2.8 percent, 

energy cost reduction is possible using a Nissan Leaf in comparison to no PEV ownership 

by the building owner. Higher initial SOC at the start of PEV activity gives more flexibility 
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in cost reduction. Table 3-6 shows the comparison of cost and savings for the two different 

probability distributions considered. 

Table 3-6 Cost Comparison for Different Probability Distribution 

Initial SOC 

Level 

Base Case with Data Driven 

Probability Distribution 

Base Case with Normal 

Probability Distribution 

 
Savings Cost ($) Savings Cost ($) 

20-50% 2.5% 32.23 

3.2% 31.99 50-80% 2.6% 32.17 

80-100% 2.8% 32.12 

 

Figure 3.15 and Figure 3.16 depict the impacts of owner strategies on cost optimization 

function. Strategy 1 always provides less energy cost regardless of their initial SOC level. 

Between 2 and 2.6 percent cost savings are possible for any strategy in comparison to 

having no PEV at the facility. Making more PEVs available and having more bidirectional 

PEV chargers can result in higher cost savings. 
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Figure 3.15 Energy Cost Comparison Based on PEV Owner Strategies 

 

Figure 3.16 Percentage of Savings Based on PEV Owner Strategies 
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3.3 Centralized Optimization Approach  

 System Description and Modeling 

3.3.1.1 System Details 

 The testbed building is located at the College of Engineering – Center for 

Environmental Research & Technology (CE-CERT) at the University of California 

Riverside. This building has offices for research faculty, staff, students along with 

administrative offices and conference rooms. It is 21,352 sqft in size and serves as a 

distribution level microgrid for the existing utility feeder. It is equipped with 180 kW solar 

PV, a 500 kWh/100 kW BESS and, five EV charging stations. Four of the chargers are for 

level II charging (6 kW) while the fifth one is a level III charger (50 kW). To perform a 

vehicle to grid (V2G) operation, there is a specialized bidirectional fast EV charger 

mounted on a trailer testbed.  EVs can send power back to the grid through this charger in 

addition to the usual charging mode of operation. This building consists of an open working 

space which means that there are no different thermal zones. The pattern of energy use of 

this building is similar to a regular office building and is usually unoccupied during 

weekends and holidays. As energy-efficient measures are more needed when the building 

is occupied, a weekday has been selected to co-ordinate various loads and optimize the 

overall system. Figure 3.17 is showing the schematic of the system and available DERs. 
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Figure 3.17 Building Schematic with Behind the Meter DER Components 
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3.3.1.2 Notations 

 

3.3.1.3 PV Modeling 

 There are different steady state models for solar power estimation. Solar PV model 

based on temperature and irradiance provides most accuracy and hence widely used [91] 

[92]. Solar PV power output is calculated from equation 3.20 . Global Horizontal Irradiance 

is used as it includes Direct Normal Irradiance (DNI), Diffuse Horizontal Irradiance (DHI) 

and ground reflected radiation 

 P (t) =  η × A × GHI × {1 − ξ  (T (t)  − T )}  for ∀t∈T 

  

3.20 
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3.3.1.4 BESS Modeling 

 The Battery Energy Storage System (BESS) used for optimization problem is 

modeled by the  equations given later in this section  As SOC profile is unavailable for this 

BESS, equation 3.21 calculates the remaining energy stored in the battery, after any 

charging or discharging cycle, is used for SOC evaluation of this BESS.  Equation 3.3 

ensures that BESS charging rate always lies between the maximum and minimum charging 

limit whereas discharging rate is limited by 3.23. Equations 3.24 and 3.25 ensure that BESS 

will not charge and discharge at the same time. BESS SOC limit is maintained by 3.26. 

Initial SOC is assumed to be 70 percent whereas minimum and maximum SOC are 

assumed to be 40 and 100 percent, respectively. The battery spec is 150 kwh/50 kW rating 

with a 95 percent charging/discharging efficiency. 

 for ∀t∈T 

 SOC (t)=SOC (t-1)+ η , × P , (t) − P , (t)/η , /

𝐶𝑎𝑝 × ∆t 

3.21 

 0 < P , (t) ≤ 𝑏 (𝑡) × P ,   3.22 

 0 < P , (t) ≤ 𝑑 (𝑡) × P ,   3.23 

 𝑏 (𝑡) + 𝑑 (𝑡) = 1 3.24 

 𝑏 (𝑡), 𝑑 (𝑡) ∈ {0,1} 3.25 

 SOC , ≤ SOC (t) ≤ SOC ,  3.26 
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3.3.1.5 EV Modeling 

 The EV charging characteristics and stored energy calculation are given from 3.27-

3.32. Equation 3.27 denotes the energy left in EV after any charging or discharging 

activities. G2V and V2G operation are limited by 3.28-3.29. The constraints from 3.30-

3.31 ensure the prevention of G2V and V2G operations simultaneously, while  Equation 

3.32 provides the SOC limit for EV battery. Two EV specs have been considered for 

simulation: one is Nissan Leaf E-plus with 64 kWh/7 kW and the other one is Tesla X with 

100 kWh/50 kW rating. It is assumed that both have an initial SOC of 60 percent. The 

minimum and maximum SOC for both are 40 and 100 percent, respectively. 

 for ∀t∈T 

 SOC (t)=SOC (t-1)+ η , × P (t) − P (t)/η , /

𝐶𝑎𝑝 × ∆t 

3.27 

  

 0 < P (t) ≤ 𝑒 (𝑡) × P   3.28 

  

 0 < P (t) ≤ 𝑒 (𝑡) × P   3.29 

  

 𝑒 (𝑡) + 𝑒 (𝑡) = 1  3.30 

  

  𝑒 (𝑡), 𝑒 (𝑡) ∈ {0,1} 3.31 

  



55 
 

 SOC , ≤ SOC (t) ≤ SOC ,  3.32 

3.3.1.6 HVAC Modeling 

 HVAC load of any building is closely related to room temperature. As room 

temperature is not available for this building and it varies with outside temperature, the 

later one is used to model HVAC load. Factors like cooling load, types of HVAC also have 

impacts on power consumed by HVAC. For this optimization model, to generate the most 

simplified expression for HVAC load estimation, HVAC data of this building has been 

collected using Fluke meter for a regular weekday. The data collected from this smart meter 

is fitted by Matlab curve fitting tool. Hence, a linear expression is generated to find the 

relation between HVAC power and the difference of HVAC setpoint and outside 

temperature. HVAC power for this building can be described by 3.33. 

 for ∀t∈T 

 𝑃 (𝑡) = −.2186 × 𝑇 (𝑡) − 𝑇 (𝑡) + 5.86 3.33 

3.3.1.7 Lighting Modeling 

Consumption of lighting highly depends on the application of building. Light intensity 

of any area can be measured in lux. The recommended lux for warehouse and work area 

are .1 and .15 kW/m2 respectively [93] . Equation 3.34 has been used to estimate the 

lighting power of the building and light intensity has been controlled by 3.35. 

 𝑃 (𝑡) = (.0929 × 𝜑(𝑡) × 𝐴 )/𝜂   for ∀t∈T 3.34 
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 𝜑 < 𝜑(𝑡) < 𝜑                 for ∀t∈T 3.35 

3.3.1.8 Temperature Comfort Modeling 

The ideal room temperature is 25 degree Celsius. To control the thermal comfort of the 

building, 3.36 is deployed where the minimum and maximum temperature setpoint for 

HVAC are 24 and 26 degree respectively. 

  𝑇  < 𝑇 (𝑡) < 𝑇       for ∀t∈T 3.36 

 

3.3.1.9 Energy Price Modeling 

 The energy rate used for simulation is from an Investor Owned Utility (IOU) called 

Southern California Edison (SCE). It is assumed that the electric vehicle is plugged in 

between 9am-9pm. As it is a Time of Use (TOU) energy rate, it charges consumers more 

between 4-9 pm.  Table 3-7 summarizes the energy cost for these time periods.  

Table 3-7 TOU Based Energy Charge 

Time 
SCE Energy Charge 

($/kWh) 

9 am – 4 pm 0.22 

4 pm – 9 pm 0.41 
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3.3.1.10 Degradation Cost Modeling 

 The depreciation cost for any li-ion battery is dynamic and depends on several 

factors such as daily usage, temperature, operation scenarios. The depreciation cost can be 

modeled using the equation 3.37 and it can vary from 0.08-0.13 $/kWh [94]. 

 𝐶 =  
_

_
   3.37 

3.3.1.11 Power Balance Modeling 

Equation 3.38 describes the power balance equation for different energy providers. The 

sum of power provided to building by grid, solar PV, BESS and EV will be equal to power 

required for BESS charging, EV charging, HVAC, lighting and miscellaneous loads for 

this building. 

 P (t) + P (t) + P , (t) + P (t) = P , (t) + P (t) +

P (t) + P (t) + P (t) for ∀t ∈ T  

3.38 

 

 Problem Formulation and Constraints 

3.3.2.1 Objective Function 

 The objective functions of the optimization problem are stated by 3.39 and 3.40. 

The first equation is needed to be solved for minimizing the energy cost and degradation 

cost resulted from BESS and PEV activities and the second equation also integrates the 

demand cost. 
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Objective 1: 

 Minimize ∑ 𝑃 (𝑡) × ∆𝑡 × 𝐶 (𝑡) + η , × P , (t) +

P , (t)
η ,

× 𝐶 , (𝑡) × ∆𝑡 + (η , × P (t) +
P (t)

η ,
) ×

𝐶 , (𝑡) × ∆𝑡   

3.39 

 

Objective 2: 

 Minimize max 𝑃 × 𝐶 + ∑ 𝑃 (𝑡) × ∆𝑡 × 𝐶 (𝑡) +

η , × P , (t) +
P , (t)

η ,
× 𝐶 , (𝑡) × ∆𝑡 + η , × P (t) +

P (t)
η ,

× 𝐶 , (𝑡) × ∆𝑡  

3.40 

 

3.3.2.2 Constraints 

 All constraints for the formulated optimization problem are described by equations 

(1)-(19). 

3.3.2.3 Optimization 

 The objective functions and all the equations used as constraints are linear.  Both 

continuous and binary variables exist in the sets of constraints’ variables. Therefore, this 

optimization problem is a MILP problem. Gurobi Python [88] environment has been used 

to model and solve this optimization problem. The workstation used to solve it is of core-

i7 with 16 GB RAM. 
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 Simulation Results & Discussions 

3.3.3.1 Base Case 

 The base case used to solve this optimization problem considers the availability of 

a regular good sunny day for maximum solar generation. Maximum thermal comfort is 

induced to make the temperature level varying in a very tight range. The plug-in load is 

considered constant for this building. As battery degradation cost is considered for both 

BESS and PEV, so higher energy charges such as the California IOU energy rates are used 

to figure out the actual impacts of all the controllable and non-controllable loads and 

sources available. The specifications of all the base case variables are noted in Table 3-8. 

Table 3-8 Base Case Description 

Base Case 

Solar PV Sunny Day 

BESS 150 kWh/50 kW 

PEV 64 kWh/7 kW 

Lighting 50% of Total Building Area 

Temperature 24℃≤T≤26℃ 

Energy Price Investor Owned Utility 

Miscellaneous Constant 
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3.3.3.2 Slow and Fast G2V/V2G Impacts on the Base Case  

 Solar power was mostly available from 9-3 pm for the given day. During the base 

case scenario, PEV operates in charging mode to reach the highest level of SOC while solar 

is abundant. Later, it shifts to discharging state and discharges power at a constant rate of 

7 kW to reduce the total cost associated with G2V and V2G activities. This results in a 

sharp declination of PEV SOC and maintains the desired final SOC level at the end of the 

on-peak period. The lower capacity of PEV is the reason behind the constant discharging 

operation during on-peak periods. BESS acts in a similar way and discharges during off-

peak periods. Figure 3.18 shows the impacts of all charging/discharging scenarios for PEV 

to optimize the energy cost. 

 

Figure 3.18 Base Case with Nissan Leaf E Plus: EV Charging Profile Along With 

SOC 
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 In the case of fast charging/discharging impacts analysis, the available EV is 

capable of DC fast charging with 480 V three-phase ac power connection and up to 50 kW 

G2V/V2G rate. Both EV and battery charging/discharging take place at the same time in 

the case of level II charging. In contrast, the PEV and battery charging/discharging 

activities do not happen simultaneously in this case. If the charging/discharging events take 

place less, the battery life for BESS and PEV will sustain more. So, the charging and 

discharging events for BESS occur when EV is not in action and vice versa. The G2V and 

V2G profiles for PEV along with relevant SOC and solar generation are shown in Figure 

3.19. Level III EV activities provide the higher cost-benefit for both objectives shown in 

Table 3-9. As no constraint is imposed upon the maximum demand that can be provided 

by the grid, so the optimal scheduling is the same for both objectives. The rest of the 

sensitivity analyses discussed in the latter sections are based on the first objective. 

 

Figure 3.19 Base Case with Tesla X: Solar and EV Charging Profile Along With 

SOC 
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Table 3-9 Base Case Daily Cost Comparison 

Type Objective 1 Objective 2 

Percentage of 

Savings (%)  

(Objective 1) 

Percentage of 

Savings (%)  

(Objective 2) 

Heuristic 

Solution 
273.34 457.18   

Nissan Leaf: 

Level II 
217.27 401.112 20.5 12 

Tesla X: 

Level III 
210.49 394.33 23 14 

 

3.3.3.3 Effects of Lighting Variation  

 Lighting is one of the highest energy consumer loads present in buildings. To 

analyze the lighting impacts on the optimization strategy, lighting intensity is varied within 

a permissible limit. Advanced control systems help to vary the lighting of a place 

depending on its occupancy. Occupancy sensors and motion sensors are the most common 

control types of equipment for lighting variation. Centralized building automation control 

algorithms can include lighting control along with control of HVAC and other DER 

resources.  The effects on the maximum peak and energy cost due to lighting variation are 

studied and documented. Figure 3.20 shows the impacts of lighting variation on cost 

optimization strategy and maximum peak. Level III charging/discharging capable electric 
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vehicles always results in achieving minimum energy cost. Higher battery capacity and a 

higher rate of charging/discharging offer the best opportunity to charge/discharge at the 

right time. As expected, energy cost increases when the lighting level increases. In the case 

of a level II  G2V/V2G charger, for an increase of 40 to 60 percent lighting level, the 

maximum peak increases by  43 percent while energy cost increases by  59 percent. 

On the other hand, a higher charging rate causes a higher  maximum peak occur with level 

III EV charging as expected. Though the change in maximum peak (40%) is lower in 

comparison to level II activities, the difference in energy cost increment is 63% higher than 

that of level II . 

 

Figure 3.20 Impacts on Energy Cost and Maximum Peak for Lighting Variation 

Figure 3.21 is showing the charging/discharging power of BESS and PEV along with their 

SOC for lighting level variation with fast charging. While a lower lighting level is selected 
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for optimization, both BESS and PEV can work one at a time and provide maximum and 

longer energy support to the building. When a higher lighting level (60%) is required, then 

neither  BESS nor PEV can   fully provide charging  during high solar availability. They 

are also incapable of providing energy during on-peak hours for a longer period. 

 

Figure 3.21 Base Case with Level III Charging and 40% Lighting: BESS & PEV 
Power and SOC Profile 

3.3.3.4 Effects of Electricity Price 

 The pricing structure is a large motivating factor in the cost optimization strategy 

for any building integrated with DERs. If the price varies a little or does not vary at all over 

time, then the evaluation of decision variables gets more sophisticated. The pricing of 

energy largely depends on the size and average electricity usage by the building occupants. 

Typically, users of most small or medium-size buildings do not pay any demand (kW) 

charge. However, their energy (kWh) charges are significantly higher making energy cost 

optimization more important. Large energy consumers usually are on Time of Use (TOU) 
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rates and must pay various demand charges in addition to the typically lower energy 

charges. 

 Two pricing structures from local Municipal Utility are used to test the impacts of 

pricing on our comprehensive optimization solution. The energy price per kWh is lower 

than the BESS and EV degradation cost on the first case and the on-peak energy cost is 

slightly higher than the off-peak energy charge. Later on, a flat energy charge is also used 

to find out the significance of optimal strategy for all the controllable resources available. 

The various energy charges for the hours of interest (9 am- 9 pm) of the public municipal 

utility are shown in Table 3-10.  

Table 3-10 Public Municipal Utility Charge 

Type Time Energy Charge ($/kWh) 

TOU 

9 am – 4 pm 0.0874 

4 pm – 9 pm 0.1079 

Flat Rate 9 am – 9 pm 0.1684 

 

 When this TOU rate is used for the optimization model, the BESS and PEV do not 

charge or discharge at all. As their degradation cost per kWh for any charging or 

discharging activities is higher than the energy cost, they don’t take part in any energy 

minimization from the grid. Only other available controllable loads such as HVAC and 

lighting help to minimize the overall energy cost. On the other hand, with a flat energy 
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price higher than the degradation cost, BESS and PEV do not take part in charging or 

discharging because of a lack of time-varying pricing opportunities. Their only usages are 

for managing the demand and intermittent solar production. Flat pricing provides 25.6% 

and 26.0% cost savings for level II and III charging, respectively. This compares with the 

cost saving results of TOU prices of 20.5% and 23% for level II and level III charging, 

respectively. 

3.3.3.5 Effects of Temperature Variation 

 Keeping tight constraints on temperature settings results in very comfortable and 

stable indoor temperatures. But it limits the opportunity for varying HVAC loads to 

contribute towards operational cost reduction. In this scenario, relying on the thermal mass 

of the building, the temperature is varied to a larger extent during the low occupancy 

period. The optimization problem is solved with a lower bound of 22 degrees and an upper 

bound of 28 degrees Celsius (25 +/- 3 ℃). This larger temperature variation gives a slightly 

better economic benefit (20.9%-23.4%) compared to the base case. Raising the temperature 

limits further especially in extreme cases can result in more economic benefits, for example 

during critical grid events such as Flex Alert in California [67]. Flex alert is issued by the 

local utility when consumers respond to reduce their energy usage and help the grid 

operators prevent possible blackouts and brownouts. 

 Figure 3.22 is showing the comparison of HVAC power consumption with the base 

case for level II charging activities. HVAC power consumption gets lower throughout the 

day for a wider range of temperature settings as expected during slow charging. It generally 

follows the same trend during fast charging activities. 
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Figure 3.22 HVAC Power Consumption with Level II Activities: Base Case & 
Extended Range of Temperature 

Figure 3.23 is showing the charging and discharging profile for BESS and PEV in case of 

extended variation in temperature and fast PEV activities. In this mode of operation, as 

expected lesser number of charging and discharging incidents occur resulting in more 

savings. 
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Figure 3.23 Temperature Variation with Extended Range & Level III Activities: 
BESS & PEV Power and SOC Profile 

3.3.3.6 Cloudy Day Impacts 

 The BESS and PEV must get fully charged before the more expensive on-peak 

period on a sunny day so that they can discharge while needed. But when there is not 

enough solar during the daytime on a cloudy day, the situation gets worse. To evaluate the 

impacts of a cloudy day on the regular operation of the building with DERs, a cloudy day 

temperature, and solar irradiance profiles are used. The amount of savings possible for a 

cloudy day is much lower than a regular sunny day. A maximum of 6.1 percent energy cost 

reduction is possible for a cloudy day. A level III charger is better again in the case of 

energy cost optimization compared to a level II and provides 1.2 percent more savings.  

Figure 3.24 and Figure 3.25 are showing the net power imported from the grid for a 

typically sunny and cloudy day while the base case is considered. Cloudy day results in a 

4.38 percent increase in peak during level II activities compared to a sunny day. On the 

other hand, a cloudy day results in a 1.75 percent decrease in peak demand for level III 

activities. The difference in peaks is due to the individual chargers’ capacities. As solar is 
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intermittent throughout the cloudy day, the BESS and PEV are not being charged up to 

their 100 percent capacity. Only a few discharging events take place during on-peak 

periods.  

 

Figure 3.24 Cloudy Day & Level II Activity: Power Purchased from Grid 

 

Figure 3.25 Cloudy Day & Level III Activity: Power Purchased from Grid 
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3.3.3.7 Impacts on Distribution Feeder 

 To analyze the DER impacts on the low voltage distribution grid, IEEE 13 bus 

system is chosen and modified to adopt the coordinated DERs integrated into the system. 

This is a relatively highly loaded 4.16 kV feeder equipped with spot loads [95]. To model 

the test feeder, PV and BESS are connected to node no 671 on phases A and C, respectively. 

PEV is connected to node 611. HVAC, lighting, and miscellaneous loads are considered to 

be integrated on node 675 where grid purchased power is added. The nodes are chosen 

proportionately with maximum power capabilities of different DERs to investigate the real 

impacts on the feeder. All DERs and building loads are added as additional loads to their 

respective nodes along with the base spot load values. The modified test feeder is shown 

in Figure 3.26. 

 

Figure 3.26 Modified IEEE-13 Bus Test Feeder 
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In distribution systems, the addition of DERs can make the grid unstable because of their 

intermittent nature and unoptimized scheduling. To evaluate the DER impacts on a 

distribution level test feeder, voltage profile study at the respective DER buses is a reliable 

indicator. Hence, the voltage profiles are analyzed at nodes 611, 671, and 675. To make 

the BESS, PEV, and PV impacts on the distribution grid explicit, they have been integrated 

as distributed control equipment instead of connected to the same node.  OpenDSS is used 

to solve the power flow equation and evaluate the DER impacts on the test feeder. Newton 

method is used to solve the power flow equation in OpenDSS [96]. 

 Voltage Deviation Index (VDI) is highly recommended to show the overall voltage 

unbalance scenario for the whole simulation period. VDI is formulated as the root mean 

square voltage deviation from the nominal voltage magnitudes of the buses with time 

depicted in equation 3.41. 𝑉  is the per unit (pu) voltage at time t for any node. The nominal 

voltage is considered as 1 pu. Hence, the voltage deviation is monitored for each time slot 

in the nodes where DERs are applied and used for VDI calculation. 

 VDI =
∑ (𝑉 − 𝑉 )

𝑇 
3.41 

 

Table 3-11 shows the VDI for all case scenarios at 611, 671, and 675 nodes. Level III 

ensures fewer voltage deviations for the building, BESS, and PEV nodes whereas level II 

results in less VDI for the PV node. Level II activities result in 18% higher VDI for PEV 

and 13% higher VDI for building nodes respectively. VDI captures the voltage deviation 

for the total simulation period, there is more bidirectional power flow for the level III PEV 
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node that makes the VDI lower for level III activities. On the other hand, level III results 

in 24% higher VDI at the PV node.  

Table 3-11 Voltage Deviation Index 

Cost Objective 
PEV 

level 
Building PV BESS PEV 

Energy+BESS 

degradation +PEV 

degradation 

Level II 0.03392 0.0279 0.07035 0.0777 

Level 

III 
0.0296 0.0357 0.07 0.0644 

 

3.3.3.8 Computation Time 

 The computational time is a factor in solving any real-time optimization problem. 

The mathematical modeling done here provides all linear equations to analyze the 

characteristics of controllable components such as BESS, PEV, HVAC. The linearity 

provides the flexibility for the solver to solve it quickly and makes it practical for real-time 

optimization. It takes an average of 0.05 seconds to solve the problems in most of the cases 

which is a lot faster than any other type of machine learning-based non-linear model. 
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3.4 Data Driven Optimization 

 Nomenclature 

t   Time slot index 

T   Total time period 

𝑛    light duty PEV index 

𝑛    heavy duty PEV index 

𝑙    charging decision binary variable index 

𝑙    discharging decision binary variable index 

𝑁    Set of light duty PEVs  

𝑁    Set of heavy duty PEVs 

𝐿    Set of charging binary variables 

𝐿    Set of discharging binary variables 

∆t  Time interval  

b   Charging decision binary variable for BESS 

d  Discharging decision binary variable for BESS 

SOC   State of Charge of EV  

SOC ,     Minimum SOC for EV  

SOC ,     Maximum SOC for EV  
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η ,             EV charging efficiency 

η ,         EV discharging efficiency 

𝑃 ,  Instantaneous power consumption by any EV 

𝑟    Resistance of EV motor 

𝐷   Diameter of the EV tires 

𝑘   Armature constant 

𝜑  Magnetic flux 

𝑚   Total mass of the EV 

𝑎  Acceleration of EV while driving 

𝑘   Aerodynamic drag coefficient 

𝑣  Velocity while EV on a trip 

𝑓   Rolling friction coefficient 

𝑔  Acceleration due to gravity 

P ,             Power transferred from grid to each vehicle (kW) 

P ,          Power generated from each vehicle to grid (kW) 

P ,     Maximum charging power for EV (kW) 

P ,     Maximum discharging power for EV (kW) 
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P                 Power from grid to building 

P            Power generated from solar 

P   Power consumption for the building 

𝑃 , ,   Total Power transferred from vehicle to grid (kW) 

𝑃 , ,    Total Power collected from grid to vehicle (kW) 

𝐴 ,  
   Availability matrix for light duty EV 

𝐴 ,  
  Availability matrix for heavy duty EV 

C             Price of energy purchased from grid ($/kWh) 

𝐶   Cost of Li-ion battery ($/kWh) 

𝐶𝑎𝑝   Initial Capacity of the EV battery 

𝐶𝑎𝑝   Useful Capacity of the EV battery 

𝐷𝑒𝑔    Calendar degradation of the EV battery 

𝐷𝑒𝑔    Cycle degradation of the EV battery 

𝐷𝑂𝐷    Depth of Discharge 

a,b,c   Fitting parameters for cycle degradation 
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 Methodology 

 As an example location for this analysis, we consider the transportation-based 

microgrid at the College of Engineering – Center for Environmental Research & 

Technology (CE-CERT) at the University of California Riverside. One of the CE-CERT 

buildings (Building 1084) is used for administrative activities and another (Building 1200) 

is used for research activities. The CE-CERT microgrid consists of a 180 kW solar PV 

system at each building [97] . The electrical load of the 1084 building follows a regular 

office load pattern whereas the electrical load of 1200 building is relatively larger with a 

more uncertain pattern. The regular work hours are from 8 am to 5 pm on weekdays. The 

testbed for PEV operation is shown in Figure 3.27. 

 

Figure 3.27 Testbed for Bidirectional Cost Optimization 

3.4.2.1 Predicting Building and Solar Data 

 The building load pattern depends on the occupancy along with the solar generation 

being intermittent due to weather. The energy cost is calculated based on the 15-minute 

rolling average energy consumption by the electric utilities. Hence, 15-minute ahead 
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building load and solar prediction are done for each of the buildings. Statistical approaches 

such as ARIMA don’t provide a good estimation for the short-term time series prediction 

[98]. Long Short-Term Memory (LSTM) network is applied for the 15-minute ahead time 

series prediction. The network is applied on the Keras platform using Tensorflow at the 

backend [99]. A rolling-horizon approach is implemented to predict the data. The input 

data are updated for each time slot. 30 days of data are used for training the model initially.  

Then the 1st timestamp data of the next day is predicted.  The Adam optimizer is used 

[100], and the batch size, number of layers, and number of epochs have been tuned to find 

the best fit for the fitted model. The prediction results do not change much with a higher 

number of layers and epochs. A typical summer month data is used for the prediction.  

Figure 3.28 is showing the predicted data for the 31st July for both of the buildings and 

Table 3-12 is showing the error metrics for the prediction which shows that solar generation 

is predicted with a very low root mean square error (RMSE). The prediction is good enough 

to follow the building load pattern but the RMSE increases with a high load deviation for 

the 1200 building. 
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Figure 3.28 Predicting Building Load and Solar Generation for Both of the 

Buildings 

Table 3-12 Error Metrics for Prediction 

Prediction (kW) RMSE Prediction (kW) RMSE 

1084 building load 3.14 1084_solar 2.39 

1200_building_load 11.12 1200_solar 2.57 
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3.4.2.2 Heavy Duty PEV Data 

 When considering HDEV activity, we utilize data from an electric trolley bus that 

operates on a fixed route around UC Riverside. The battery pack used in the electric trolley 

is composed of 540 cylindrical lithium iron phosphate cells arranged in a 5P108S (5 

parallel, 108 series) pattern that provides 345.6 V and a capacity of 155.52 kWh nominal. 

The cells are laid out across 12 ventilated enclosures, with each enclosure featuring its own 

battery management system (BMS) modules. The on-board charger takes in AC voltage 

from the utility grid and converts it to the necessary DC voltage to charge the battery pack. 

The charger is currently configured to charge at one of three selectable levels 

corresponding to 33, 67, and 100 ADC and allows a maximum of 40 kW power level. The 

bus has been tested along a specific route (Route 51) as part of the Riverside Transit 

Agency schedule [101]. The total route is 9.3 miles long with an additional stop at CE-

CERT. To measure the average kWh needed per mileage, the bus is tested for multiple 

days with both loaded and unloaded conditions. The average energy consumption is 1.48 

kWh/mi and 1.15 kWh/mi for loaded and unloaded conditions, respectively. Using the 

same route every day is similar to the schedule of school buses. It is assumed that the bus 

will complete two round trips each day as school buses do one in the morning and one in 

the afternoon. The energy consumption per trip can be estimated by using the following 

equations. The instantaneous power consumed by an EV is extracted from [102] and 

modified as follows. 
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 𝑃 , =   × 

× ×
(𝑚 𝑎 + 𝑘 𝑣 + 𝑓 𝑚 𝑔 +

𝑚 𝑔𝑠𝑖𝑛𝜃)2+𝑣(𝑘 𝑣 + 𝑓 𝑚 𝑔 + 𝑚 𝑔𝑠𝑖𝑛𝜃) + 𝑚 𝑎𝑣   

3.42 

  

  

The first two terms in 3.42 are the power losses from motor and travel resistance, 

respectively. The last term is the power generated from acceleration/deceleration. The 

integral of this instantaneous power consumption throughout the whole trip will result in 

3.43. 

 𝐸   = ∫ 𝑃 , (𝑡)𝑑𝑡 3.43 

 

3.4.2.3 Light Duty PEV Data 

 For our LDEV analysis, we consider two light-duty electric vehicles that are 

available for the employees of these buildings for short to medium-distance travels for 

attending meetings. Both light-duty PEVs are 2013 Nissan Leaf electric vehicles that have 

the capability of vehicle to grid (V2G) operation. Both have 24 kWh battery capacity with 

a capability of fast charging/discharging given that fast charging bidirectional EV stations 

are available. The recent models of Nissan Leaf have a 40 kWh or 62 kWh battery capacity 

[87] . As 40 kWh battery capacity PEV is the most common one used by the consumers, 

this is used to minimize the cost function. Because the travel routes and meeting times do 

not follow a regular schedule, the pattern of PEV usage is different in comparison to any 

regular commute travel profile. The diurnal energy requirements for any PEV largely 
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depend on its regular activities. To capture the usual activities of the available PEVs, two 

commercial data loggers were used inside of each vehicle. The parameters of initial 

consideration included Vehicle Speed, Charge Status, Battery Level (% and Wh), Battery 

Voltage, Battery Current, Battery Temperature, Motor Torque, and Motor Speed. Travel 

patterns and profiles have been generated using the available parameters in combination 

with GPS tracking of the vehicle. As the charging characteristics cannot be inferred in real-

time, hence they are translated from prior travel data and charging events. If any change in 

SOC occurred between turning on and off the vehicle, that can be evaluated using 

subsequent trip data [103] . Extracted travel data is used for Figure 3.29 - Figure 3.31. 

 

Figure 3.29 Change in SOC Per Trip for Both PEVs 

 Figure 3.29 shows the change in SOC per trip. Most of the trips involve short 

distance travel for attending meetings and covering distances of 6 to 8 miles for a round 

trip, so the resulting change in SOC is small. The maximum change in SOC observed for 

a few occasions is 22.5%. Figure 3.30 shows the charging events for both PEVs and Figure 
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3.31 shows initial SOC before the trips were made. A total of 544 trips were made with the 

two light-duty PEVs from Nov 2018 to Oct 2019. Initial SOC mostly lies between 60-80% 

of the total capacity of the available PEVs. 

 

Figure 3.30 Charging Events of Both PEVs 
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Figure 3.31 Initial SOC Per Trip for Both PEVs 

 Problem Formulation & Constraints  

3.4.3.1 Problem Formulation 

 The goal is to minimize the overall cost for EV operation in this specific workplace-

integrated microgrid. This overall cost includes the total cost of energy and battery 

degradation. 

 minimize (Energy Cost +  Battery Degradation Cost)  3.44 

  

3.4.3.2 Energy Cost 

 The first objective of this multi-objective problem is minimizing the cost of energy 

purchased from the grid. The total energy cost can be described by 3.45. Equation  3.46 

shows the sum of delivering power from grid, solar and EV is equal to the sum of power 

required by EV and the building. The total charging and discharging power by EV are 



84 
 

calculated by 3.47 and 3.48. The EV SOC, charging, and discharging rates are constrained 

by 3.49-3.52. The charging and discharging decision variables are binary which are 

imposed by 3.53-3.54. 

 Energy Cost =  ∑ 𝑃 (𝑡) × ∆𝑡 × 𝐶 (𝑡)   3.45 

  

 𝑃 (𝑡) + 𝑃 , , (𝑡) + 𝑃 (𝑡) = 𝑃 , , (𝑡) + 𝑃 (𝑡) 3.46 

  

 𝑃 , , (𝑡) =  ∑ 𝐴 ,  
(𝑡) × 𝑃 , ,   

(𝑡) +

∑ 𝐴 ,  
(𝑡)  × 𝑃 , ,   

(𝑡)  

3.47 

  

 𝑃 , , (𝑡) =  ∑ 𝐴 ,  
(𝑡)  × 𝑃 , ,   

(𝑡) +

∑ 𝐴 ,  
(𝑡)  × 𝑃 , ,   

(𝑡)  

3.48 

 for ∀t∈T, ∀𝑛  ∈𝑁  , ∀𝑛  ∈𝑁 , ∀𝑙 ∈ 𝐿 , ∀𝑙 ∈𝐿 , 

  

 SOC (t)=SOC (t-1)+ η , × P , (t) − P , (t)/η , /

𝐶𝑎𝑝 × ∆t   

3.49 

  

 SOC , ≤ SOC (t) ≤ SOC ,    3.50 
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 0 ≤ P , (t) ≤ 𝑙 (𝑡) × P ,   3.51 

  

 0 ≤ P , (t) ≤ 𝑙 (𝑡) × P ,   3.52 

  

 𝑙 (𝑡) + 𝑙 (𝑡) = 1     3.53 

 𝑙 (𝑡), 𝑙 (𝑡) ∈ {0,1}    3.54 

  

3.4.3.3 Battery Degradation Cost 

 The EV battery degradation depends on multiple factors such as temperature and 

operating conditions. The battery degradation cost can be described by the eqn. 3.55 [104] 

[105]. The impact of yearly degradation is highly dependent on the operating temperature 

and negligible in comparison to the cycle degradation. Hence, only cycle degradation is 

used to compute the daily battery degradation cost. 

Battery Degradation Cost= 

  ∑ 𝐶  × 
  

  

3.55 

  

 𝐶𝑎𝑝 =  0.8 × 𝐶𝑎𝑝  3.56 

  

 𝐷𝑒𝑔  = 𝑎 × 𝐷𝑂𝐷 +  𝑏 × 𝐷𝑂𝐷 + 𝑐 × 𝐷𝑂𝐷 3.57 
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 To make it quadratic and solve it by the off the shelf solvers like Gurobi [88], an 

auxiliary variable is introduced. If 𝑦 =  𝐷𝑂𝐷 , then the above equation can be written as 

 𝐷𝑒𝑔  = 𝑎 × 𝑦 × 𝐷𝑂𝐷 +  𝑏 × 𝑦 + 𝑐 × 𝐷𝑂𝐷  3.58 

3.4.3.4 Cost-Benefit Analysis 

 The following parameters are used to execute the cost benefit analysis. 

 Payback Period =  
    

 
 3.59 

  

 𝑇𝑜𝑡𝑎𝑙 𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑎𝑛𝑑 𝐼𝑛𝑠𝑡𝑎𝑙𝑙𝑎𝑡𝑖𝑜𝑛 𝐶𝑜𝑠𝑡 = Equipment cost +

 Installation cost +  Annual recurring fees 

3.60 

  

 𝑌𝑒𝑎𝑟𝑙𝑦 𝑆𝑎𝑣𝑖𝑛𝑔𝑠 =  365 ×

 Daily savings from optimized EV operation 

3.61 

  

3.4.3.5 Optimization 

 The cost function along with its constraints is a Mixed Integer Programming (MIP) 

and a non-convex problem. The problem is solved in Gurobi optimization solver with a 

work station having i-7 core and 16 GB RAM [88]. 

                                        

 Results and Discussions 

 The current infrastructure allows the electric bus to be plugged into any of the 

buildings through an inverter stationed in a 500 kWh stationary battery energy storage 

trailer. There are five EVCS connected to the 1084 building electrical distribution panel. 
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The daily solar production in 1084 building is more than the average load consumption 

whereas the average load consumption is higher in the 1200 building. 1084 building is a 

Tier 1 (maximum demand < 100 kW) building and 1200 building is Tier 4 (maximum 

demand is 250-500 kW) building [106]. Multiple use cases are considered to analyze the 

cost benefits available from LDEV and HDEVs. 

3.4.4.1 Optimal Scheduling of EVs 

Case I: Only HDEV is Present 

 The first case explores the opportunity of cost optimization by the electric trolley 

in this commercial building-integrated microgrid. The electric trolley is available for 

charging and discharging anytime outside the morning (before 8:30) and afternoon 

(between 14:00 and 15:00) scheduled trip times. Both 1084 and 1200 buildings are 

considered for this scenario and the cost opportunity is examined for both on-board and 

off-board charger activities. It is assumed that the on-board charger in the bus allows a 

maximum of 40 kW and the off-board charger allows a maximum of 100 kW for 

charging/discharging. Though the actual electric bus does not allow bidirectional charging 

with the on-board charger (40 kW), 100 kW bidirectional power transfer is possible 

through the inverter mounted on the mobile trailer. Figure 3.32 and Figure 3.33 show the 

grid-to-vehicle (G2V) and vehicle-to-grid (V2G) activities by the electric trolley on both 

of the buildings for different charger configurations, respectively. The 1084 building is 

enriched with surplus solar production during the daytime. Hence, the charging events take 

place when solar is available despite the on-peak hours (12 pm – 6 pm), and the bus 

discharges when solar goes down in the afternoon. Despite the capacity of charging at 100 
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kW rates, the HDEV charges slowly to balance the net power at 1084 building with off-

board configurations. Though the solar is abundant from 14:00-15:00, no charging takes 

place due to unavailability of the HDEV. During the late evening hours, the on-board 

charger triggers more discharging events due to its low discharging capacity of 40 kW. 

When degradation cost is included, higher DoD leads to higher degradation. Hence, the 

bus charging/discharging activities are lower compared to the activities without the effort 

to minimize the degradation cost. The charging/discharging rates are also lower when 

degradation cost is included. Solar production in the 1200 building is not enough to 

compensate for all the building loads. More discharging events take place during the day 

and the discharging rate is also maximum. The inclusion of degradation cost leads to a 

moderate charging/discharging profile for a longer period to extend the battery life. 
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Figure 3.32 Case I: HDEV Activities in Different Buildings with Off-board 
Charging; HDEV was Unavailable Before 8.30 and Between 14:00 and 15:00 

  

Figure 3.33 Case I: HDEV Activities in Different Buildings with On-board 
Charging;  HDEV was Unavailable Before 8.30 and Between 14:00 and 15:00 
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Case II: Only LDEV is Present 

 LDEVs are assumed to be available for energy optimization in the second case. It 

is assumed that all the LDEVs are identical and the capacity of each is 40 kWh. All the off-

board chargers are bidirectional and the maximum bidirectional capability of each charger 

is 30 kW. The on-board chargers in the LDEVs are assumed to be bidirectional and the 

power rating of 6.6 kW is representative of level II EV charging/discharging. The 

availability of LDEVs depends on the regular work schedules. They are unavailable during 

the lunch period and out of work hours (after 5 pm). As Figure 3.29 indicates that the 

maximum change of SOC level is 22.5 percent which only occurs rarely. In general, for 

this LDEV model with a 30 kWh/100 mi rating, a round trip can be completed if it has at 

most 26 miles with the comfortable SOC level at the starting and finishing the trip with 20 

percent SOC left [107] .  So, the minimum SOC level is assumed 40 percent of total 

capacity to allow for completion of the return trip. 

     The initial SOCs of all the LDEVs are chosen randomly and assumed to be 50-80% of 

the total SOC. When the solar is available in 1084, there is no need to discharge the LDEVs 

and the LDEVs discharge in the early morning. They follow the same characteristics with 

the addition of the depreciation cost but discharge at slower rates. If all the LDEVs are 

connected to the 1200 building, they get charged at the early hours of the day when the 

electricity price is low. All the LDEVs take part in reducing the net load and the discharging 

rates are slower during the overall cost (energy cost+ battery degradation cost) 

optimization. For 1200 building, the maximum total discharging power reduces to 

approximately one-sixth of capable V2G in off-board configurations whereas the amount 
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of reduction is nearly half for the on-board configurations with the inclusion of degradation 

cost as shown in Figure 3.34 and Figure 3.35. This shows that the V2G availability largely 

depends on the number of LDEVs in the fleets and their configurations 

 

Figure 3.34 Case II: LDEV Activities in Different Buildings with Off-board 
Charging; LDEV was Unavailable Between 12:00 and 13:00; and After 17:00 
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Figure 3.35 Case II: LDEV Activities in Different Buildings with On-board 
Charging; LDEV was Unavailable Between 12:00 and 13:00; and After 17:00 

Case III: Both LDEV and HDEV are Present 

    The last case study includes both LDEVs and HDEVs for optimization with two 

scenarios: a) net metering and b) no net metering. Figure 3.36 shows the optimal scheduling 

of LDEVs and HDEVs when all of them try to minimize the overall energy cost of two 

buildings. If net metering is available, then it is possible to optimize the net load by the 

LDEVs and HDEV. The presence of net metering helps to utilize the curtailed solar energy 

of the 1084 building. The LDEVs also discharge and utilize their remaining energy during 

the on-peak hours. The degradation cost constraint leads to the controlled lower 
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discharging rates of the vehicles. Figure 3.37 shows the LDEVs and HDEV activities with 

on-board charger configurations. 

 

Figure 3.36 Case III: LDEV and HDEV Activities in Different Buildings with Net 
Metering and Off-board Charging 
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Figure 3.37 Case III: LDEV and HDEV Activities in Different Buildings with Net 
Metering and On-board Charging 

3.4.4.2 Cost Savings 

The regular energy cost without any EV is calculated for the buildings where the Time 

of Use (ToU) energy rate shown in Table 3-13 is applied. The energy costs for the buildings 

along with the uncoordinated LDEV and HDEVs are also calculated. When implementing 

uncoordinated EV charging, it means that all the EVs start charging when they are plugged 

in regardless of the TOU energy rates or the availability of solar energy. They recharge 

again after any trip that happened during the day to make up the used energy. Table 3-14 

and Table 3-15 show the cost savings for off-board and on-board configurations in 

comparison to the no EV and uncoordinated EV cases respectively. The electric trolley 

provides the maximum cost saving opportunity due to its availability at night time and 

fixed number of trips. LDEVs generate lower savings due to their fixed presence at the 

worksite and are unavailability after 5 pm. Net metering always provides higher savings in 
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comparison to no net metering available. Inclusion of degradation cost reduces the amount 

of savings. The cost savings don’t vary much and do not depend on charger configurations 

(i.e., on-board or off-board). Higher savings are more likely in buildings like 1084 and net 

metering provides the highest cost benefit for the off-board charger configurations. It is 

noted that no savings is possible with LDEVs compared to no EV situation when 

degradation cost is added. 

Table 3-13 Time of Use Energy Cost [106] 

Time Price ($/kWh) 

Off-Peak (11 pm - 8 am) 0.0773 

Mid-Peak (8 am -12 pm), (6 pm-11 pm) 0.0898 

On-Peak (12 pm - 6 pm) 0.1104 
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Table 3-14 Cost Savings for Off-board EVSE 

  

Infrastructure Cost vs with 

Optimization 

EV Uncoordinated and 

Coordinated 

Cases Building No degradation 

degradati

on No degradation 

degradat

ion 

Case I 

1084 73.9% 42.1% 79.3% 54.1% 

1200 7.2% 5.2% 10.4% 8.6% 

Case II 

1084 1.5% - 35.2% 34.3% 

1200 4.2% - 9.4% 5.4% 

Case III 

net 

metering 13.2% 5.8% 21.6% 14.9% 

no net 

metering 6.7% 4.8% 13.4% 11.7% 
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Table 3-15 Cost Savings for On-board EVSE 

  

Infrastructure Cost vs  

Optimization 

Uncoordinated and 

Coordinated 

Cases Building No degradation 

degradat

ion No degradation 

degradati

on 

Case I 

1084 73.9% 11.2% 79.3% 29.6% 

1200 6.8% 4.9% 10.1% 8.3% 

Case II 

1084 1.5% - 35.2% 34.3% 

1200 4.2% - 9.4% 5.5% 

Case III 

net metering 12.4% 5.5% 20.9% 14.6% 

no net 

metering 6.4% 4.5% 13.2% 11.4% 

 

3.4.4.3 Peak Reduction 

Table 3-16 shows the change in peaks for optimized operation in comparison to 

uncoordinated EV charging. Off-board configuration provides higher peak reduction 

compared to on-board configurations. The inclusion of degradation cost leads to higher 

peak savings in almost all cases. The capability of reducing the peak in 1200 building is 
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lower for off-board chargers. Net metering provides a higher peak reduction for on-board 

or level II charging capabilities in comparison to no net metering available. 

Table 3-16 Peak Reduction with Optimized Operation 

  Off-board On-board 

Cases 

Building 

Number 

No 

degradation 

degradatio

n 

No 

degradation 

degrad

ation 

Case 

I 

1084 67.2% 79.6% 16.5% 17.9% 

1200 15.2% 35.4% 12.2% 18.0% 

Case 

II 

1084 75.8% 75.8% 2.6% 2.6% 

1200 26.2% 44.7% 0.0% 15.5% 

Case 

III 

net metering 34.8% 43.8% 19.5% 24.3% 

no net metering 36.6% 49.6% 10.8% 15.7% 

 

3.4.4.4 Payback Period 

The payback period is another important parameter for the building owners to make a 

decision on EV infrastructure investments. Table 3-17 shows the cost of different EVCS 

equipment for different charger configurations.  
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Table 3-17 Cost of EVCS Equipment [108] 

Type On-board ($) Off-board ($) 

Charging Infrastructure 25,000 60,000 

Installation per site 10,000 10,000 

Vehicle upgrades 12,000 8,000 

 

The payback periods for all the cases are tabulated in Table 3-18 and Table 3-19. It is 

possible to reach break-even in 1.24 years in building 1200 for the case I with off-board 

configurations. Maximum 9 years are required for case II whereas 3.88 years are needed 

to get the initial investment back for net metering. 
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Table 3-18 Payback Period in Years for Off-board EVSE 

  

Infrastructure Cost vs with 

EV 

 

Uncontrolled vs Optimized 

Cases 

Building 

Number 

No 

degradation 

degradatio

n 

No 

degradation 

degradatio

n 

Case I 

1084 1.59 2.80 1.18 1.73 

1200 1.54 2.11 1.02 1.24 

Case II 

1084 320.25 - 8.75 8.98 

1200 10.53 - 4.43 7.65 

Case 

III 

net metering 4.60 10.39 2.54 3.67 

no net metering 7.34 10.20 3.38 3.88 

 

On the other hand, less time is required with on-board charger configurations to make a 

profit. It takes less than a year to make a profit in case I and a maximum of 4 years to make 

a profit in case II. Almost 2 years are needed in case III which is almost half than case III 

in off-board configurations. 
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Table 3-19 Payback Period in Years for On-board EVSE 

  

Infrastructure Cost vs with 

EV 

 

Uncontrolled vs Optimized 

Cases 

Building 

Number 

No 

degradation 

degradatio

n 

No 

degradation 

degradatio

n 

Case I 

1084 0.96 6.31 0.71 1.90 

1200 0.97 1.35 0.63 0.77 

Case II 

1084 139.47 - 3.81 3.91 

1200 4.59 - 1.93 3.31 

Case 

III 

net metering 2.22 5.02 1.19 1.71 

no net metering 3.49 4.93 1.57 1.80 

 

3.4.4.5 Impacts of Fleet Size 

The size of the fleet is an important factor as well to invest on the EV infrastructure. 

Hence, the current EV penetration scenario is compared with 10 and 20 percent EV parking 

spaces penetration scenarios, respectively. The maximum number of EV parking spaces 

can be 200 for the size of this infrastructure [109]and the HDEV and LDEV mix ratio is 

considered 30 to 70 percent [110] . Figure 3.38 shows the payback period for these different 

scenarios when net metering is available, and degradation is not considered. Though the 
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payback period reduces when the penetration increases, the optimal payback period can be 

achieved when 10 percent of the parking spaces get penetrated with PEV.  

 

 

Figure 3.38 Impacts of Fleet Size on Payback Period for Net Metering 

3.5 Conclusions 

 This chapter discusses the key factors of optimal approaches and the cost 

optimization strategies for bidirectional PEV operation. 

 In Section 3.2, the key factors to determine the optimal cost are explored by 

utilizing a data driven bidirectional PEV model. The study finds that the probability of PEV 

availability for small commercial buildings who owns PEVs do not follow any normal 
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distribution and expected cost optimization highly relies on PEV modeling. PEVs having 

higher initial SOC available for optimal cost operation provides more cost savings 

regardless of their distribution. Comfortable SOC priority or trying to keep enough SOC 

available for multiple trips results in lower savings at the end of PEV sessions. Between 2 

and 3.2 percent cost savings is possible for any small commercial building load profile with 

a regular light duty PEV ownership. In 2018, the EV share in California is just under 5 

percent of new vehicles sold [111]. State of California’s proposed 2040 goal is one hundred 

percent zero emission vehicles [112] . This can result in 1.2 million new light duty vehicle 

sales per year of which 75 percent may be EVs [113] . The optimization study presented 

here indicates that this may lead to over $300 million savings annually. Finally, the impacts 

of different building loads on optimal EV charging for both unidirectional and bidirectional 

operation have also been examined, taking different electrical utility energy rates into 

consideration. This study has shown that low price differential between on-peak and off-

peak electrical energy rates result in lower EV charging cost for large building loads 

whereas high differential electrical energy rate does the same for smaller building loads. 

Bidirectional operation can save up to 23.5% energy cost in comparison to unidirectional 

operation despite deeper discharge cycles. Bidirectional operation always gives higher 

percentage of savings for higher differential energy rates. 

 Both centralized and data driven approaches are carried out to find the optimal 

framework for the best PEV charging/discharging strategy and the best combination of 

HDEV and LDEV implementation, respectively. In Section 3.3 , a comprehensive solution 

incorporating the usual loads like HVAC, lighting and, plug-in loads, with newer 
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technologies like PV, BESS, and PEV is presented. The contributions and limitations of 

each of these components are represented along with battery degradation in the cost 

function for optimization.  The results show that for buildings equipped with DERs, 

between 20.5% to 23.0% system cost reduction is possible depending on the type of vehicle 

chargers. This is valid under the Time of Use (TOU) rate schedule for the most active 12-

hour period of a week-day when both the kW demand and kWh energy costs are the 

highest. For the slower rate of G2V/V2G activities, the maximum increase in kW peak is 

39.98 percent for 40 to 60 percent variation in lighting. While for fast G2V/V2G activities, 

the peak demand increment is 43.07 percent. Effects of electricity price variation are 

explored which show that operation of BESS or PEV might not be feasible if their 

degradation costs are higher than the energy costs. This exhibits the need for subsidization 

or restructuring the utility prices in order to promote these technologies. Contrary to 

popular belief, it shows that level III charging causes less voltage deviation than level II, 

which might encourage higher adoption of level III EV charging infrastructures resulting 

in higher range EV purchases.  

 Later on, a data driven bidirectional PEV model is introduced in Section 3.4 and 

followed by a MIP model to minimize the overall cost of two different commercial 

buildings. An extensive cost-benefit analysis is completed in terms of charger 

configurations, payback periods, energy cost savings and peak reductions. For this specific 

case, the findings show that it is more economical to have an HDEV with fixed travel 

schedules for energy savings. The least payback period is possible by deploying an HDEV 
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in a large energy user building. Net metering always helps to get the initial investment back 

in a shorter period. The inclusion of degradation cost results in better peak reductions. 
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4 Plug-in Electric Vehicle User Behavior and 

Load Modeling 

4.1 Background 

 Electric vehicles are being widely adopted throughout the world to ensure 

sustainable transportation growth. The immense popularity of PEV in recent years has 

impacts on both transportation and electrical distribution network. To lessen the adverse 

impacts of the rapid increase in PEV use requires improvements in both charging 

infrastructure and public policy. As mentioned earlier in Chapter 1, more than half a million 

PEVs were sold in the US in 2021 and the number of PEV Charging Stations (CS) 

according to [114] is already one hundred and nine thousand. Almost 80 percent of public 

charging stations are level II charging stations and having a charging rate between 6 kW 

and 7.2 kW [115]. User-friendly policies and lower costs are the main contributing factors 

to this massive PEV adoption. This chapter analyzes the spatial-temporal variety of many 

PEV charging sessions from a large university campus. A yearlong data analysis makes 

sure that the analysis properly captures the correlation of PEV charging with both seasonal 

and temporal variation. In addition to the interpretation of user behavior and station energy 

usage, it estimates the aggregated PEV load of the campus community and finds out the 

answers to some important key questions for policy makers: 1. PEV CS data interpretation 

for a large university campus community to help the policy makers and CS owners. 2. 

Providing a probabilistic and aggregated PEV load estimation for a large-scale PEV 

community and validation with an Adaptive Charging Network Simulator (ACN-Sim). 3. 
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Conducting feasible PEV penetration scenarios to assess the impact of overloading on the 

grid and possible revenues for CS owners. Later on, a comprehensive EV and grid 

modeling is proposed to analyze the EV impacts on the grid. 

  

4.2 Data Collection and Analysis 

 University of California Riverside (UCR) is one of the ten UC campuses and is 

situated in southern California with more than 20 thousand students. It has a total of 18 

PEV charging stations and all of them are supervised by Chargepoint [116] of which 2 of 

them are recently added. Hence, this data analysis is based on 16 PEV charging stations 

with at least a year-long data. Each of the stations has 2 charging ports. 27,746 charge 

sessions data were collected between Jan 2019-Jan 2020. The charging station distribution 

by different parking lots is tabulated in  Table 4-1.  
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Table 4-1 Charging Station Distribution 

Parking Lots No of PEV Charging Ports 

Lot 1 4 

Lot 6 4 

Lot 9 4 

Lot 15 4 

Lot 20 2 

Lot 24 12 

Lot 30 2 

Total 32 

 

 Energy Usage by Station 

 Figure 4.1 shows the energy usage and occupancy of different charging stations 

during weekdays. As lot 24 has the most charging ports, it is the most frequently used PEV 

parking lot on the campus. Most of the charging events take place on weekdays as expected. 

Lot 6 station 1 (L6_S1) has used the most energy during the given timeframe. Station 1  

for both lot 24 and lot 6 have used more than 17,000 kWh during the charging events over 

the last year. Figure 4.2 shows the seasonal variation of PEV use. The least charging events 
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take place in summer and fall as they involve long holidays and relatively lower campus 

activities. 

  

Figure 4.1 Charging Events in Different Charging Stations over a Year 

 

Figure 4.2 Seasonal Variation of PEV Activities 



110 
 

 Distribution of Charging Sessions 

 The distribution of charging session starting time is the primary indicator to show 

the PEV station engagement scenario. In most commercial facilities that own charging 

stations, the main influx of charging events happens in the early morning hours (e.g. 9 am); 

the same happens after 5 pm for residential charging stations. The campus community 

covers a wide range of PEV owners, so their charging sessions do not follow a typical 

distribution pattern. For this study, a day is divided into 4 time periods- Late Night (12-6 

AM), Morning (6 AM-12 PM), Afternoon (12-6 PM), Night (6 PM-12 AM). More than 90 

percent of users charge their PEVs during morning and afternoon on a typical weekday. 

Overnight charging events increase on weekends. Figure 4.3 shows the distribution of 

charging sessions based on those four categories during different days. 

  

Figure 4.3 Charging Events Variability with Time and Day 
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 Distribution of Charging Session Connectivity 

Charging session duration is an important benchmark to analyze user behavior. 

Public and residential charging stations typically show four types of charging connectivity 

behavior. This scenario is different for any public charging station which charges people 

on an hourly basis for electricity usage. Charging levels also determine the length of 

charging sessions for any PEV user. All the charging stations on this campus are level II 

chargers which have a power level of between 6 kW and 7.2 kW. Most of the charging 

sessions end before 3 hours for the typical PEVs in use. Long charging sessions mostly 

happen on weekends as expected. Very few charging sessions take place lasting more than 

7 hours. The charging session duration distributions are shown in Figure 4.4. 

  

Figure 4.4 Charging Session Duration Variability 
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 Distribution of Energy Usage 

 Figure 4.5 represents the energy usage scenario by each PEV charging session on 

various weekdays. The overall average energy usage is 7.46 kWh for all of the available 

CS data. The average energy used during any charge session is the same throughout the 

week. The outliers or higher energy usage for a single charging session do not happen 

normally on weekends. As mentioned previously, weekends mostly face long charging 

sessions which are validated by the Sunday energy distribution scenario. 

 

Figure 4.5 Distribution of Energy Usage 

 Utilization Factor 

 Charging session duration and the time needed to finish the charging are not 

necessarily equivalent.  The utilization factor of any PEV charging station represents the 

proper scenario of the effectiveness of use. A higher utilization factor represents that the 
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charging stations are being used efficiently and having less idle time (PEV is connected 

but not charging). Two different Utilization Factors (UF) are analyzed. 

 UF  =  
      ( )

    ( )
            4.1 

  

 UF  =  
       ( )

   ( )
 4.2 

  

 

 UFEnergy indicates the percentage of the maximum energy usage possible by any 

PEV charging station in the given timeframe. Given that all charging stations are level II, 

their average power level is 6.6 kW. Maximum possible energy usage can be found by 

using the connection duration and power level. This utilization factor shows the idling time 

of a charging station while a PEV is connected and helps to estimate the CS congestion. A 

higher utilization factor means that most of the PEVs get disconnected as soon as the 

charging session ends. This results in less congestion which provides higher satisfaction 

for the PEV owners. 

 UFTime expresses the percentage of occupancy of any PEV charging station. The 

occupancy indicates that if any PEV is plugged in whether it is charging or not. This also 

shows the demography of PEV users in a locality. Lower UFTime means that the charging 

stations are less used, hence the number of PEV users is also low in that given locality. 

Figure 4.6 shows both UFEnergy and UFTime distribution by PEV CS. As the power level is 

fixed for all CS, so the distribution of UFEnergy is rather narrow. On the other hand, UFTime 
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is wider as the usage of any CS also depends on other factors such as distance from the 

workplace and the number of CS at the same parking lot. The average values of UFEnergy 

and UFTime are 58 and 33 percent, respectively. 

 

Figure 4.6 Utilization Factor Distribution for Different Charging Stations 

4.3 Applications and Case Studies 

 PEV Load Modeling 

 The behavior of any PEV user is random and is highly dependent on the travel 

profile of the owner, PEV model, and charging station availability. Typically charging 

stations do not have access to any user’s travel profile or SOC level of the PEV. Hence, it 

becomes more complicated to estimate the PEV demand of any charging station facility at 

any time. Monte Carlo simulation is a popular approach to estimate the load profile for 

multiple scenarios [117] [118]. This approach assumes the travelled distance and starting 

time of charging follows a normal probability density function given in Equation 4.3 where 

x is the random variable, 𝜇 is the mean and 𝜎 is the standard deviation. 
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 𝑓(𝑥, 𝜇, 𝜎) =
√

𝑒   
4.3 

  

 In addition to the normal distribution, Poisson distribution is also used to model the 

independence of PEV arrival time at a charging station. As more PEV charging events 

happen in the morning for a workplace PEV station which violates this assumption. For a 

campus community, the travel profile varies widely and the starting of any charging session 

also does not follow any normal distribution. Instead, they follow a skewed distribution. 

Moreover, travel profiles are unknown here too. Hence, it will not reflect the actual 

scenario of PEV load estimation if typical probability density functions are used. To 

provide a probabilistic load estimation for the existing PEV CS infrastructure, the hourly 

distribution of charging sessions is used with a fixed charging power rate for the PEV ports. 

The maximum power level of 6.6 kW is used to model the aggregated PEV load estimation 

described in Equation 4.4 . 

𝑃 _ (𝑡) = 𝐷 ,  (𝑛, 𝑡) × 𝑃   𝑓𝑜𝑟 ∀𝑡 ∈ 𝑇 

  

4.4 

 Where, 𝑃 _ (𝑡)  denotes the total expected PEV load demand (kW) at 

time t, N represents the total number of PEV charging ports and T is the total time period. 

𝐷 ,  (𝑛, 𝑡) is introduced as the hourly probability distribution at time t for PEV charging 

port n and 𝑃  is the maximum power level available for CS. 
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 Current Hourly PEV Load Estimation 

The distribution of weekdays’ charging events highly differs from weekends or 

holidays. Hence, the aggregated PEV load estimation is different in both cases. Figure 4.7 

shows the hourly load estimation for the available campus PEV Charging Stations on 

weekdays. A maximum peak of 26 kW PEV load demand can be generated at any point of 

time by charging activities. To validate the expected load estimation for UCR public 

charging stations, an open-source Adaptive Charging Network (ACN) simulator is used  

[55] [56] . An uncontrolled charging algorithm is deployed for the same level of charging 

rate to estimate the hourly load for a representative workday. The data was collected from 

54 PEVCS of Caltech and the expected load is scaled down to compare with the 16 PEVCS 

of UCR. As, the charging stations at Caltech are mostly used by the faculties, staff, 

researchers of the campus; the peak happened in the early morning and the load is quite 

low for the rest of the day. Though the peaks closely match and happen at a similar time, 

the estimation for the later part of the day contrasts with UCR estimation due to the low 

occupancy of Caltech PEVCS during that period of the day. If level III or fast charging CS 

are added to the current infrastructure, the situation will be worse and will impact the 

existing utility distribution transformers. 
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Figure 4.7 Expected Hourly PEV Load Estimation with Current CS Penetration & 
Validation with ACN Estimation of Caltech EVCS 

 Higher Penetration Scenarios 

At present, there are approximately 4,500 parking spaces at UCR. The PEV loading 

scenarios for 5 percent of the parking spaces penetrated by PEV CS are shown in Figure 

4.8. With the current probability distribution of charging events, the PEV load estimation 

is done for 5 percent and 10 percent PEV penetration scenario. All the CS are considered 

level II PEV CS. The aggregated load estimation is 183 and 366 kW for 5 and 10 percent 

penetration on any weekday whether the load estimation for weekends is 132 and 263 kW 

respectively. This peak can reach 3 MW if 50% of the added penetration is level III PEV 

CS. The average peak demand for the UCR campus is 20.7 and 12.2 MW in summer and 

winter, respectively. So, the estimated peak for 10 percent penetration will roughly share 

one-fourth of UCR peak demand on a winter day. 
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Figure 4.8 Expected Hourly EV Load Estimation on Workdays & Weekends: 5 
Percent Penetration Scenarios 

 Impacts on Duck Curve 

 According to the Office of Energy Efficiency and Renewable Energy, the duck 

curve is the infamous curve that represents the shape of the electrical demand of California 

due to the massive difference between solar availability during mid-day and late afternoon. 

The abundance of solar power reduces net demand during daytime which gradually 

decreases with time. This results in a rapid ramp-up in net demand and takes the form of a 

duck and is called the duck curve. The public PEVCS are mostly occupied during the 

daytime and can best use the green energy available from solar. This will help flatten the 

dip of the duck curve. As the day goes by, the expected load for PEVCS decreases and 

hence will not worsen the duck curve scenario. Figure 4.9 represents the comparison 

between current PEV load estimation and California Independent System Operator 

(CAISO) net demand to show the impacts of PEV charging on net demand. But with the 



119 
 

higher penetration scenario, despite lower charging events by the end of the day; there will 

be higher ramp-ups which will need more investment in power generation infrastructure. 

A smart charging strategy can help to alleviate this problem to a large extent. 

 

 

Figure 4.9 EV Load Impacts on Duck Curve 

4.4 Cost Analysis 

 Policies regarding charging costs widely vary depending on the overall scenarios 

of CS locations, user behavior, and infrastructure overloading of the serving utility. The 

PEV owners are being charged on an hourly basis on the UCR campus. There are two sets 

of charges for UCR affiliates and non-UCR affiliates, respectively. The hourly based 

charging policy largely differs from the common charging policies based on energy (kWh) 

usage. The benefit of this hourly charging policy is that it reduces the congestion of PEV 

CS. As the PEV owners are being charged hourly with an increased rate after 2 hours, they 

do not leave the PEV plugged after charging is complete. This is reflected by the 
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connectivity distribution of all the charging sessions. 91 percent charging events are 

finished by 3 hours which means maximum revenue is $3.5 and $6.5 from UCR and non-

UCR affiliates, respectively in most cases. The disadvantage is, plug-in hybrid EV (PHEV) 

owners are not very fond of this policy because of the lower charging level capacity of 

PHEV, typically 3 kW. Table 4-2 shows the monthly and yearly cost breakdown for both 

campus and PEV owners. 

Table 4-2 Cost Analysis for EV Charging 

 
Monthly ($) Yearly ($) 

PEV Owners Charging Cost 3,020-6,894 36,241-82,738 

Campus Utility Cost 1,476 17,712 

Minimum Revenue 1,544 18,528 

 This user behavior can also be very helpful to design the optimal number of PEVCS 

and pricing structure elastic to geographical locations of PEVCS. Though Time of Use 

(TOU) pricing is popular to reduce the peak for the utilities, it might result in an unexpected 

peak during off-peak periods and add instability to the system. If the duration of TOU for 

off-peak rate is shorter, then it also might be inadequate to provide charging at a lower 

price for all the PEV users. TOU can be proposed for workplace PEVCS when solar or 

renewable energy resource is abundant. This can help to flatten the duck curve and reduce 

solar curtailment, the practice of intentionally reducing solar production if needed during 

high solar insolation time, in states such as California. Fixed charging rate schedules can 
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reduce the range anxiety by providing enough charging but the result may negatively 

impact the grid. 

4.5 PEV Load Modeling 

 The stochasticity associated with EV arrival time, length of daily trip, and 

remaining capacity represented by State of Energy (SOE) has made the EV load modeling 

complicated. The following subsections explain the detailed EV modeling. 

 Home Arrival Time 

To analyze the impacts of EV integration on a residential feeder, the home arrival times 

of all kinds of trips from the most recent survey of NHTS are utilized. Figure 4.10 shows 

the home arrival time distribution for all the trips made by vehicle owners. About 50 

percent of the people get back home between 4 pm and 8 pm. Here hour 0 to 23 indicates 

12 am to 11 pm of a day.  

 

Figure 4.10  Probability Density Function of Home Arrival [119] 
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 Vehicles Miles Travelled 

The depletion of EV energy capacity is completely dependent on the miles traveled by 

the EV every day. Figure 4.11 shows the distribution of miles traveled by vehicles in the 

US. This distribution is used to find out the miles traveled by each EV. A very few travels 

continue for more than 30 miles. As traveling more than 30 miles is not a common scenario 

on a daily basis, these trips are excluded to model the daily travel profile for each EV. The 

travel profiles for the vehicles of each household are generated from the following vehicle 

miles traveled (VMT) distribution given in Figure 4.11. 

 

Figure 4.11 Miles traveled by vehicles [119]. 

 Required Energy Calculation 

 The required amount of energy needed to fill in the decreased State of Charge 

(SOC) of EV can be calculated from its VMT so that the EV will stay fully charged for 

next-day trips. The required energy is calculated using the following equation. 
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 𝐸𝑛𝑒𝑟𝑔𝑦 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑓𝑜𝑟 𝐸𝑉 𝑡𝑜 𝑏𝑒 𝑐ℎ𝑎𝑟𝑔𝑒𝑑 𝑖𝑛 𝑓𝑢𝑙𝑙 =

  ( )
× 𝐸𝑉 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 (𝑘𝑊ℎ) 

4.5 

  

  

 

Figure 4.12 EV Sales Data for the Year 2019 in the USA [120]. 

 Figure 4.12 shows the most recent EV sales data [120]  with their driving ranges 

and battery capacities. Only 5 EV models shared 90 percent of the EV sales in 2019. The 

remaining 10 percent is represented in this study with the most common type EV of 60 

kWh and 250 miles driving range. This distribution is used to generate the expected 

capacity and driving range for each EV of the household. 
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4.6 Distribution Grid Modeling 

 Count of Customers Connected to Each Node 

 The maximum number of EV loads relies on the number of each customer’s 

vehicles. Hence, the number of customers connected to each node is a decisive factor to 

calculate the EV load. On average, 17.28-40.56 kWh energy is used every day by each 

residential home in the US depending on the state [121]. Based on this energy use, a 1.5 

kW average load is considered for each customer to calculate the total number of customers 

from the total spot load of each node. The number of customers connected to each node is 

figured out using the following equation. 

 Total No of Customers =  
  ( )

   ( )
 4.6 

  

 Vehicles Count 

      To analyze the impacts of different levels of penetrations, the number of vehicles for 

each household is needed. Figure 4.13 shows the number of vehicles per household in the 

US, with the average being 2. This probability distribution is used to generate the number 

of vehicles connected to each node of the feeder. 
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Figure 4.13 EV Distribution Per Household. [119]  

4.7 Conclusions 

The wide availability of public charging stations is necessary for higher penetration 

of PEV. Charging behavior and energy consumption analysis can provide insights to the 

policy makers and assist them in implementing future beneficial charging infrastructures. 

This chapter analyzes a wide range of public PEV customers’ behavior and generates a 

general load profile for public parking lots to assess future impacts on the distribution grid. 

This study has analyzed the busiest sessions throughout one year of the chargers utilization 

in a university parking lot. Short term charging sessions are the most prevalent in any paid 

public CS where connection duration charge is present, and this helps reduce congestion. 

To capture the real usage scenarios, two different utilization factors are introduced for 

energy and duration in Section 4.2. Both CS congestion and overall occupancy are 
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relatively low in this university campus. As, PEV deployment is a multi-strategic game of 

utilities, customers, CS owners; such analysis will help in finding the most optimum 

solution for all the stakeholders. 

 In Sections 4.5  and 4.6 , a customer oriented stochastic EV modeling is presented 

to quantify the EV penetration impacts on voltages at the local nodes and feeder vehicle 

capacity. Customer-oriented EV estimation is important for the utility to decide on 

necessary system upgrades. The number of EVCS required at a certain locality is coherent 

with the EV to Customer Ratio (EVCR) for the nodes of the feeder of that locality. To 

analyze the requirements for the distribution system upgrading, a comprehensive and 

realistic detailed distributed EV load modeling in a given feeder is needed.  
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5 PEV Utilization and Impacts on the Grid 

5.1 Background and Motivation 

The fact that PEVs can provide clean transportation without emitting any pollution 

like fossil fuel burning vehicles is well known. However, they can potentially help both the 

utility and customers behind the meter by acting as a battery energy storage and providing 

energy back to them when needed. The benefits of this emerging concept depend on issues 

such as optimal charging/discharging strategy and battery degradation cost of PEV. But 

repeated charging and discharging activity can have adverse impacts on battery life. For 

the success of PEVs’ energy storage capability utilization, it is crucial to find a better 

balance between battery degradation cost and ensuring services to the grid. The beneficial 

opportunity of providing EV energy back to the grid at CPP periods has not been widely 

explored yet. Research based on models combining CPP and EV charging is an emerging 

field while including bidirectional EV field implementation is relatively new. 

 The recent additions of Distributed Energy Resources (DERs) on the customer side 

have resulted in more bidirectional power flow in the distribution system. The mass 

adoption of EV will impact the grid and will require appropriate modeling to assess their 

impacts. Typically, the distribution system used to be considered as a static load for the 

transmission system and the impact of dynamic characteristics of DERs or EVs is not 

properly included in the evaluations. Co-simulation can be utilized to analyze these 

combined characteristics by studying different subsystems which are coupled to each other. 

The designated simulating environments for different subsystems are not capable enough 

to address the dynamics of the subsystems simultaneously. The co-simulation platform can 
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couple the subsystems and address the interdependencies in a coupled simulation 

environment. This will eventually help to identify the true impacts of EV on the grid. 

5.2 PEV Utilization for Demand Response 

 Data Collection and Analysis 

 As mentioned in Chapter 3, UCR’s CE-CERT is located off-campus in a 

commercial/industrial area of the city.  The electric vehicles used in this testbed are light-

duty model 2013 vehicles with a battery capacity of 24 kWh each. The commercially 

available bidirectional charger has a capacity of 30 kW charging/discharging rate for any 

electric vehicle plugged in it. There are 10 CPP events in the 2019 summer in Southern 

California Edison (SCE) territory. 22nd August was a typical hot day when the CPP event 

was called a day before that day. The building data was collected at 15-minute intervals 

through an in-house developed data acquisition system developed by using commercially 

available non-proprietary hardware and software based solution for building automation. 

It is deployed to control the load usage of the building and monitor the regular load 

behavior. Figure 5.1 shows the load profile of the building for a typical weekday and a CPP 

day. The CPP day peak is 16.7 percent higher than a regular day peak. Moreover, the CPP 

periods (usually 4-9 pm) electricity consumption are also higher than regular usage. 

 Current Nissan leaf (2020) specifications and Tesla 3 model specifications have 

been used for simulation purposes. The PEV can be charged up to 19.2 kW for level II EV 

and 50 kW for level III PEV. For this study, 15kW has been used for level II EV and 30 

kW is used for level III EV due to the capacity limitation of the available V2G charger. 
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Figure 5.1 Building Load Variation in Regular and CPP Days 

 Framework for Optimization and Modeling  

5.2.2.1 Optimization Framework 

 A novel framework is developed to ensure the optimal cost savings for the 

consumers behind the meter as well as for the benefit of the utility in any CPP event. 

Usually, the customers are notified about a CPP event through email or text messaging a 

day before the actual event. After the event is called, the optimization process will take 

place using the historical or average building load for similar days. This will result in 

optimal scheduling for both grid to vehicle (G2V) and vehicle to grid (V2G) operations for 

both of the vehicles. Next day vehicle trips can be planned accordingly after knowing the 

schedule for charging/discharging. Making the PEVs available during the high energy cost 

rate period to perform power delivery through V2G operation can help in reducing the 

overall energy and battery degradation cost. The detailed framework is shown in Figure 

5.2. 
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Figure 5.2 Framework for PEV in CPP Events 

5.2.2.2 Notations 

i =Time slot index 

T=Total time period 

∆t = Time interval 

SOC = State of Charge of Electric Vehicle (EV) 

η , = EV charging efficiency 



131 
 

η , = EV discharging efficiency 

P =Power transferred from grid to level II EV 

P = Power transferred from level II EV to grid 

P =Power transferred from grid to level III EV 

P = Power transferred from level III EV to grid  

c = Charging decision binary variable for level II EV 

d = Discharging decision binary variable for level II EV 

c = Charging decision binary variable for level III EV 

d = Discharging decision binary variable for level III EV 

P  = Maximum charging power for level II EV 

P  = Maximum discharging power for level II EV 

P  = Maximum charging power for level III EV 

P  = Maximum discharging power for level III EV 

P = Power from grid to building 

P  = Power used in building 

E  = Energy Cost 

B  = Battery degradation Cost 
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SOC  = Minimum State of Charge for EV 

SOC  = Maximum State of Charge for EV  

5.2.2.3 PEV Modeling 

 The PEV needs to be modeled first to optimize the cost for the consumers behind 

the meter. The decision for discharging the electric vehicle depends on the consumers’ 

behavior and acceptance of the beneficial concept of bidirectional energy flow in EVs. 

That’s why it is also important to make sure that battery degradation costs for PEV 

activities are considered. Equations 5.1-5.11 are used to model the activities. The first 

equation states the state of charge of PEV at any time instant i. The second and third 

equations limit the maximum charging and discharging power, respectively, for level II 

PEV activities. The fourth constraint prevents the charging and discharging of the level II 

PEV to occur simultaneously. Equation 5.5 describes the state of charge similarly to 

equation 5.1. Equations 5.6-5.8 are similar to equations 5.2-5.4 but represent level III PEV. 

Equation 5.9 is for one of the two cases and ensures that two PEVs cannot be discharged 

at the same time due to equipment limitation. Equation 5.10 denotes that all the charging 

and discharging decisions are binary variables. Equation 5.11 makes sure that the state of 

charge is always within the acceptable range for both EVs. The specifications used for the 

simulations are described in Table 5-1. 

 For ∀i∈T 

 SOC (i) = SOC (i − 1) + η , × P (i) −
( )

,
/

Capacity × ∆t   

5.1 
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 0 ≤ P (i) ≤ 𝑐 (𝑖) × P   5.2 

  

 0 ≤ P (i) ≤ 𝑑 (𝑖) × P   5.3 

  

 𝑐 (𝑖) + 𝑑 (𝑖) = 1 5.4 

  

 SOC (i)=SOC (i-1)+ η , × P (i) − P (i)/η , /

Capacity × ∆t 

5.5 

  

 0 ≤ P (i) ≤ 𝑐 (𝑖) × P   5.6 

  

  0 ≤ P (i) ≤ 𝑑 (𝑖) × P   5.7 

  

 𝑐 (𝑖) + 𝑑 (𝑖) = 1 5.8 

  

 𝑑 (𝑖) + 𝑑 (𝑖) = 1 5.9 

  

 𝑐 (𝑖), 𝑐 (𝑖), 𝑑 (𝑖), 𝑑 (𝑖) ∈ {0,1} 5.10 
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 SOCmin ≤  SOC(i)  ≤   SOCmax 5.11 

Table 5-1 PEV Specifications 

Name Type 

Charge/ 

Discharge 

Rating (kW) 

Stored Energy (kWh) 

Initial 

(60% of 

Total) 

Minimum  

(40% of 

Total) 

Maximum  

(100% of 

Total) 

Nissan 

Leaf 
Level II 15 24 16 40 

Tesla 3 Level III 30 60 40 100 

  

5.2.2.4 Energy Price Modeling 

 Energy rate is the most decisive factor in minimizing the total energy used by any 

consumer. There are several energy rates for residential and commercial loads served by 

Southern California Edison (SCE) and the rates of interest are mostly Time of Use (TOU) 

rates. Critical Peak Pricing (CPP) is one of these rates which is shown graphically in Figure 

5.3. It follows a flat rate of 0.08 ($/kWh) at non-CPP periods and much higher 0.4 ($/kWh) 

at CPP periods. Though the peak can be higher at non-CPP time periods, solar is abundant 

at that time. Hence, the CPP hour is considered from 4-9 pm when solar production starts 

becoming unavailable. 
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Figure 5.3 Energy Cost for CPP Event Days of SCE 

5.2.2.5 Power Balance Modeling 

 The summation of imported grid power, charging power for level II EV and level 

III EV must be equal to the discharging power of both EV and total power needed for the 

rest of the building load. Equation 5.12 defines the power balance equation. 

 𝑃 (i) + P (i) +  P (i) =  𝑃 (i)+ P (i) +  P (i)  5.12 

 Problem Formulation and Constraints 

5.2.3.1 Objective Function 

 The objective of the CPP problem is to reduce the total cost associated with PEV 

activities. The total cost includes both the energy cost and degradation cost due to PEV 

activities. The objective function is presented below. 
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 minimize ∑ 𝑃 (𝑖) × ∆𝑡 × 𝐸 (𝑖) + η , × P (i) +

P (i)
η ,

× 𝐵 × ∆𝑡 + (η , × P (i) +
P (i)

η ,
) ×

𝐵 × ∆𝑡  

5.13 

  

5.2.3.2 Constraints 

Equation 5.1-5.12 states the constraints for the CPP problem formulated for 

optimization. 

5.2.3.3 Optimization  

 The CPP cost optimization problem itself is a Mixed Integer Linear Programming 

(MILP) problem. It has been solved with Gurobi in python [88]. The workstation to solve 

the optimization problem is core i-7 with 16 GB RAM 

 Simulation Results 

5.2.4.1 Case I: One EV in Bidirectional Operation 

 There is one bidirectional charger available right now in this testbed. With one PEV 

discharging at a given time, the resulting overall power transfer scenario and SOC of the 

battery are shown in Figure 5.4. It is more cost-effective to discharge the level III PEV at 

the CPP periods. In this scenario level II PEVs do not take part in any charging/discharging 

activities as the associated degradation cost is high which is 0.1317 $/kWh [94] [122]. 

Another thing that should be noted here is the minimum SOC of level III EV has been set 

to 40 percent of the total SOC so that the PEV is protected from being fully discharged at 

the time of the CPP period. Even though the building load is lower at CPP period, the 

overall grid experiences higher peak due to higher energy usage by the consumers at those 
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periods. As the building in this case study closely follows a commercial load pattern, the 

building load starts decreasing in the afternoon which is opposite in case of residential 

loads. 

 

 

Figure 5.4 Case I: Charging Profile for PEV (SCE CPP Scenario) – One 
Bidirectional EV 

5.2.4.2 Case II: Both EVs in Bidirectional Operation 

 When both the level II and level III EVs can act in bidirectional operations, then, 

as expected, they provide more discharging activities during CPP periods. Figure 5.5 shows 

the impacts of bidirectional charging while both PEVs can take part in V2G mode at the 

same time. In contrast with the first case, Nissan leaf is also involved with charging at off-

peak periods and provides energy back to the grid at CPP event periods. 
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Figure 5.5 Case II: Charging Profile for PEV (SCE CPP Scenario) – Multiple 
Bidirectional EVs 

5.2.4.3 Impacts of CPP Pricing on Purchased Grid Power 

 To be effective CPP prices are designed to be always higher than regular time 

electricity prices. Depending on the utility and it’s serving territory, the CPP-off peak 

price ratio can vary from 3.7 to 9 [66]. Figure 5.6 shows the impacts of the CPP-off peak 

ratio on purchasing power from the grid. For this scenario where the location considered 

is within SCE territory, the CPP-Off Peak price ratio is 5. The higher the price ratio, the 

more discharging events take place during any CPP periods. Though with higher CPP 

rates peaks also happen during off-peak periods to charge the available PEVs to make 

sure they can discharge to their fullest during the CPP period. As degradation cost is way 

lower in comparison to energy price at a CPP event, this peak can also be taken care of 

with the adjustment of constraints on a maximum peak. Case II also provides more V2G 

actions during CPP. 
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Figure 5.6 Purchased Grid Power Scenarios for Various CPP-Off Peak Price Ratios 
(a-b) Ratio is 3.7, (c-d) Ratio is 5, (e-f) Ratio is 9 

 Cost Analysis 

5.2.5.1 Behind the Meter Cost Savings 

Table 5-2 shows the cost savings for the prosumers behind the meter. As the cost 

reduction involves both energy reduction and battery degradation cost, the energy savings 

are the same for both cases for any CPP-off peak price ratio. A maximum amount of $48.68 

can be saved for any single CPP event which results in $584 savings for a year of 12 CPP 

events. Lower CPP-Off peak ratio results in lesser V2G operation along with lower cost 

savings. This can benefit approximately 112,000 metered electric customers around this 

building in the city of Riverside [123]. 
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Table 5-2 Customers’ Savings from V2G Operation During CPP 

CPP-Off Peak 

Price Ratio 

Energy 

Cost ($) 

Transferred Energy from 

Vehicle to Grid (kWh) 

Cost 

Savings ($) 

Total 

Savings ($) 

3.7 112.93 26.6 4.95 59.4 

5 130.79 79.8 23.14 277.7 

9 174.30 79.8 48.68 584.1 

5.2.5.2 Savings for the Utility  

To provide power during critical events, utilities are now highly dependent on peaker 

power plants. The cost of peaker power plants during 4-9 pm operation in California with 

high solar generation is way more than the electricity generation of regular power plants at 

that time. The generation price varies from an additional $10-20/MWh more than any 

regular power plant operation [124]. The maximum savings possible for a utility from any 

single event are noted in Table 5-3. $798 can be saved for a fleet of 500 EVs with the same 

capacity and power ratings from any CPP event. California has a goal of 250,000 electric 

vehicle charging stations by 2025  [125]. If one-fourth of the EV stations participate in 

V2G, it can save $16,625-$33,250 in generation cost and 1,662.5 MWh per CPP event, and 

$49,875-$99,750 in generation cost and 4,987.5 MWh per CPP event with the lowest CPP-

off Peak ratio and highest CPP-off Peak ratio, respectively. 
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Table 5-3 Utility Savings from V2G Introduction During CPP 

CPP-Off Peak  Price 

Ratio 

Lower Bound on 

Savings ($) 

Upper Bound on 

Savings ($) 

For EV Fleet ($) 

(500 EVs) 

3.7 0.266 0.532 266 

5 0.798 1.596 798 

9 0.798 1.596 798 

 

5.3 Impacts on Distribution Level Microgrid 

 Testbed for PEV Charging 

 The testbed at UCR CE-CERT as mentioned in Chapter 3 was designed to 

incorporate actual EV chargers and evaluate the impacts of EV charging in a micro grid 

scale. The overall one-line electrical diagram of these chargers along with the rest of the 

electrical load in the Administration Building (1084) is shown in Figure 5.7. 
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Figure 5.7 Electrical Layout: The System with EV Chargers  

 EV Characteristics 

 Since the charging characteristics vary depending on the vehicle type, 

understanding the charging patterns of each individual vehicle is essential. Based on these 

patterns we can eventually be able to identify, solely from the charging characteristics 

plots, which vehicles are charging by themselves or with other vehicles at the same time. 

To understand which vehicles were connected to which chargers at any given time, the 

vehicle make, model, license number, and charging station were logged in a spreadsheet 

every morning, afternoon, and late afternoon. In order to capture these charging 

characteristics, Fluke 435 Series II power analyzers were installed along the 3-phase 220 

VAC and 480 VAC lines. 
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5.3.2.1 Level II Chargers 

 The main measurement variable that we were interested in was active power. The 

characteristic of each vehicle was recorded by reviewing the total kW use by the chargers 

while only one vehicle was plugged in. The charging characteristics of Nissan Leaf was 

observed and recorded. It was verified that Nissan Leaf charges at a maximum rate of 6 

kW. 

5.3.2.2 Level III Charger 

 This testbed has only one level III EV charging plugpoint. The experiments were 

performed on different days of November and December 2018. As there is only one 

charger, so individual EV characteristics have been recorded separately. Nissan Leaf and 

Chevy Volt have been plugged on different days. Nissan Leaf’s charging level was at a 

constant 50 kW rate throughout the full charging period. Chevy Volt’s charging protocol 

was different rates in different time intervals with a maximum charging rate of 50 kW for 

the initial half an hour.  Figure 5.8 and Figure 5.9 show the charging characteristics for 

Nissan Leaf and Chevy Volt respectively. 
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Figure 5.8 Level III EV Charger Characteristics for Nissan Leaf on 26th November, 
2018 

 

 

Figure 5.9 Level III EV Charger Characteristics for Chevy Volt on 30th November, 
2018 
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 Charging Impacts 

5.3.3.1 Impacts on Administration Building 

 EV charging is closely associated with the overall energy management when EV 

shares the same meter with the building. The cost optimization strategy varies charging 

characteristics based on the size of the building load. In cases where only one EV level II 

charger is in operation, the impact on kW demand is insignificant as the charger demand 

value is comparable to some of the AC units in the building. But when two EVs are being 

charged, the peak demand of the building goes up due to the cumulative value of two 

chargers. In cases where the EV uses DC fast charging or level III charger, then it gets 

charged at a much higher rate of 50 kW which creates a huge impact on this building’s 

total load. Figure 5.10 shows the impact of DC fast charging on this building’s load profile. 

The peak building load increases to a great extent and results in a higher electricity bill for 

Time of Use (TOU) demand charges. Charging characteristics of Chevy Volt, Nissan Leaf, 

Ford Fusion, and Mitsubishi Miev show that charging rates vary from 3.2 kW to 6 kW per 

vehicle. If all four vehicles charge at the same time during any 15-minute period, the total 

demand over a given month will be 19.2 kW. Due to implementation of optimal HVAC 

peak shaving controllers, peak demand for this building was 34.4 kW at the time of 

experiment. If all four level II chargers are used simultaneously, the additional peak 

demand of 19.2 kW is equivalent to an increase of 56% in the building peak demand and 

the associated increase in the monthly electric bill.  
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Figure 5.10 Level III EV Charging Impacts on Building Net Load on 26th 
November,2018 

5.3.3.2 Impacts on CE-CERT Feeder 

 CE-CERT is situated at Columbia Avenue. Along Colombia Avenue from the I-

215 Freeway to Michigan Avenue, approximately 1.7 mile long industrial/commercial 

sector of Riverside, California, there is a total of 2,288 parking spaces. If 10% of these 

parking spaces are turned into EV charging spaces, it will result in approximately 230 EV 

charging stations. In a 12-month period, all chargers will be simultaneously used for at 

least a duration of 10-15 minutes. The measurement results presented above shows an 

average kilowatt usage per car to be approximately 3.875 kW for level II EV chargers and 

50 kW for level III EV chargers. By converting regular parking spaces into EV charging 

spaces, there will be significant additional maximum demands created on the distribution 

feeder. 
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Scenario 1 

If 80% of these are level II chargers and 20% are level III chargers, and the vehicles have 

same charging characteristics as CE-CERT charging stations, then the additional maximum 

demand created by the charging stations will be approximately 3,000 kW.  12.47 kV feeder 

may have a 4,000 kW capacity, so only 10% EV penetration adds an additional 75% load 

to that feeder. 

Scenario 2 

If 20% of the available parking spaces are converted into EV charging stations, then the 

additional maximum demand created by the charging stations will approximately be 6 MW. 

A 20% EV penetration will add an additional 150% load to that feeder resulting in severe 

overloading. 

Scenario 3 

 If 50% of the available parking spaces are converted into EV charging stations, then 

the additional maximum demand created by the charging stations will approximately be 

15MW resulting in an additional 376% load to that feeder requiring distribution feeder 

upgrade. 
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Figure 5.11 PEV Charging Impacts on CE-CERT Feeder 

5.3.3.3 Impacts on California Grid 

 The availability of solar energy during daytime reduces the net demand to be met 

by non-solar generation. But solar energy starts to decrease in the late afternoon or early 

evening. Having the same power consumption from the commercial and industrial 

consumers without the solar availability requires a rapid ramp up in electricity production 

from non solar generators within a very short period of time. The resulting net demand 

profile resembles the shape of a ‘duck’ and is called a “Duck Curve”. This is a very 

common scenario for a grid with intermittent renewable energy such as in California, which 

has abundant solar energy already integrated into the grid. Multiple generation units are 

needed to provide this rapid ramp up and they are needed to be in full operating mode in a 

very short period of time. If there are multiple EVs that are being charged at the same time 
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from the grid, it will increase the net demand eventually. If 10% parking space penetration 

scenario presented in Section 5.3.3.2 is now expanded for the California statewide grid, we 

can get a feel for potential future impacts of EV. For this scenario, we assume that all EVs 

are plugged in at the same time and look at the modified duck curve. Figure 5.12 is showing 

the potential net increase in demand and ramp rate due to PEV penetration. 

 

Figure 5.12 PEV Charging Impacts on California Net Demand 

To look at this scenario from a different perspective, we reviewed National Renewable 

Energy Laboratory’s (NREL) 2018 study on projected PEV load demand in California for 

2025 [126]. By 2025 in any workplace, the lower estimate for Level II chargers are 99,333 
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and level III chargers are 9,064. The maximum charging load will be 981 MW for 

weekdays and 794 MW for weekends. The impact of Level III charging was not estimated 

properly in this analysis whereas this type of charging will become more common with the 

availability of the newer model of BEVs. The maximum PEV load demand will also 

happen in the evening according to this analysis which is the ramp up period for duck 

curve. 

5.4 EV Penetration Impact Analysis on the Transmission 

System using Co-Simulation 

 Modeling 

5.4.1.1 Transmission and Distribution System Modeling 

 The transmission system used for this study is IEEE 9 bus system [127] . There are 

three load buses in this transmission system. This three-phase transmission system is 

modeled by using sequence networks and the power flow is solved in Matlab. A residential 

distribution feeder such as Electric Power Research Institute (EPRI) ckt 24 [128] is 

considered as the distribution feeder which is connected to bus 6. The distribution circuit 

power flow is executed in OpenDSS [96] . Bus 6 of the transmission network is represented 

as a voltage source whereas the distribution network is considered as a static load at the 

point of common coupling. Both the systems are simulated simultaneously in their 

respective simulation platforms and exchange information through the co-simulation script 

developed in Matlab [80] [129]. The distribution circuit provides the information of real 

and reactive power whereas the transmission system solver provides the voltage 

information as shown in Figure 5.13. 
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Figure 5.13 T&D Co-simulation Framework 

5.4.1.2 PV Modeling 

 Solar Photovoltaic (PV) systems are deployed at each customer node at the 

distribution feeder in a distributed manner. The nodes are randomly selected and PV 

systems are deployed for different penetration levels. The PV scenario is generated using 

the Monte Carlo approach [130] and the PV sizes are adjusted according to the type of the 

customer. As the EPRI ckt-24 is a residential feeder and 87 percent of the loads are 

residential loads, hence the sizes of PV imitate the residential PV mostly. The percentage 

of the penetration level indicates the number of nodes equipped with PV production. 

5.4.1.3 EV Modeling 

 Whether the EV penetration is modeled based on the percentage of total loads on 

the distribution feeder on many occasions, the EV to Customer Ratio (EVCR) helps to 

assess the impacts of EV penetration more comprehensively [131]. The number of EVs at 

each node depends on the customers connected to each node. As the distribution circuit is 

a residential feeder and consists of 87 percent residential loads, the remainder loads are 
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divided into two other subsections such as small and large commercial loads, respectively 

as follows. 

 Residential load nodes (<8 kW) 

 Small commercial load nodes (8≤ 𝑎𝑛𝑑 ≤ 100 𝑘𝑊) 

 Large commercial load nodes (≥ 100 𝑘𝑊) 

  Each node below 8 kW represents a household or a residential customer. The 

NHTS data distribution is used to determine the permissible number of EVs at each node 

[119]. Figure 4.13 in chapter 4 is showing the distribution of vehicles in each household in 

the US.  The EVs connected at the residential nodes follow an EV charging pattern which 

considers that the EV owners charge their EV to the fullest capacity after they get back 

home. The most common EV capacity is 60 kWh now a days and it is not suggested to go 

below 20 percent of the total capacity by the manufacturers [132]. It is assumed that people 

go back home after work and start charging their EVs at home. The charging activities start 

from 6 pm and keep continuing charging until 2 am to get fully charged (80 percent of the 

total capacity/48 kWh) at a 6 kW rate in this scenario. Any node consisting of a load 

between 8 and 100 kW is examined as a node of small commercial customers. All nodes 

that fall into this category are assigned a fixed load of 25 kW. It is considered that there 

are 4 EVs in each node that follows commercial load shapes for small commercial 

consumers [133] . That means all the EVs start charging at the start of office hours (8 am) 

and can finish charging at 3 pm. The nodes with large commercial loads (> 100 kW) largely 

represent the capability of having a public EV charging station. The number of EV charging 

ports at each node is distributed according to the size of the loads at each node. The arrival 
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and departures of the EVs are modeled according to the public parking lot EV charging 

scenario. The charging scenarios that happened in the UCR CE-CERT EV parking lot are 

utilized to model the EV charging for large commercial load nodes as shown in the Figure 

3.30 in Chapter 3 [134]. To generate the hourly EV charging profile, un-coordinated EV 

charging is considered which means when any EV comes in, it can plug in and start 

charging immediately. 

 Results and Discussions 

 The objective of this study is to verify both the co-simulation approach along with 

the EV penetration impacts. Hence, the values of the parameters at the Point of Common 

Coupling (PCC) can truly address the issues. Real power (P), reactive power (Q), voltage 

(V), and angle (deg) are the key information that are shared between two platforms while 

co-simulation is running. The real and reactive power values, and voltage and angles at the 

T&D interface for different levels of PV and EV penetrations are shown in Table 5-4 and 

Table 5-5, respectively. Without having any PV penetration, the total power consumptions 

(both real and reactive) are increased with a higher level of EV penetrations and the 

voltages decrease as anticipated. Even with 100 percent EV penetration and having no 

renewable resources available, the voltage per phase at PCC doesn’t fall below 5 percent 

of standard nominal voltage [135]. When the distribution circuit is simulated alone with a 

fixed voltage source as a source bus, voltage drops outside the allowable range are 

prominent at each phase as shown in the figure below. 
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Figure 5.14 Voltage profile for the Distribution Ckt-24 with 100 Percent EV 
Penetration Only: Each Color Represents a Different Phase (Black: Phase 1, Red: 

Phase 2, Blue: Phase 3) 

When PV penetrations are also considered, the PV power generation offsets the total 

power requirements in the system. Hence, the total power consumption is lower in 

comparison with no PV penetration and it decreases with the increment in PV penetration. 

The maximum power is consumed with 100 percent EV and having no PV available. The 

lowest power is required with the maximum PV (100 percent) penetration and minimum 

EV (20 percent) penetration as expected. 

 



155 
 

Table 5-4 Power Values at the PCC for Different Levels of EV & PV Penetrations 

Penetration Level (%) Real Power (P) (pu) Reactive Power (Q) (pu) 

EV PV Phase 1 Phase 2 Phase 3 Phase 1 Phase 2 Phase 3 

20 

0 0.2657 0.2500 0.2493 0.0957 0.1061 0.0867 

20 0.2488 0.2340 0.2322 0.0853 0.0963 0.0774 

50 0.2220 0.2090 0.2058 0.0710 0.0823 0.0648 

100 0.1838 0.1712 0.1664 0.0541 0.0670 0.0494 

50 

0 0.2842 0.2979 0.2919 0.1309 0.1285 0.1394 

20 0.2704 0.2831 0.2775 0.1191 0.1171 0.1271 

50 0.2480 0.2603 0.2545 0.1032 0.1017 0.1113 

100 0.2096 0.2195 0.2149 0.0809 0.0797 0.0875 

100 

0 0.3023 0.3453 0.3215 0.1728 0.1714 0.2058 

20 0.2917 0.3371 0.3132 0.1627 0.1601 0.1972 

50 0.2729 0.3218 0.2983 0.1472 0.1419 0.1834 

100 0.2438 0.2933 0.2731 0.1263 0.1175 0.1614 
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Table 5-5 Voltages and Angles at the PCC for Different Levels of EV & PV 

Penetrations 

Penetration Level (%) Voltage (V) (pu) Angle (deg) at PCC 

EV PV Phase 1 Phase 2 Phase 3 Phase 1 Phase 2 Phase 3 

20 

0 1.0219 1.0231 1.0226 -4.19 -124.22 115.65 

20 1.0269 1.0279 1.0274 -3.62 -123.66 116.23 

50 1.0337 1.0347 1.0340 -2.72 -122.77 117.12 

100 1.0418 1.0426 1.0419 -1.43 -121.48 118.43 

50 

0 1.0053 1.0073 1.0041 -5.37 -125.56 114.36 

20 1.0111 1.0130 1.0098 -4.87 -125.06 114.86 

50 1.0189 1.0207 1.0176 -4.07 -124.26 115.66 

100 1.0301 1.0318 1.0289 -2.71 -122.89 117.03 

100 

0 0.9832 0.9846 0.9793 -6.45 -126.81 113.22 

20 0.9882 0.9897 0.9842 -6.10 -126.48 113.56 

50 0.9961 0.9977 0.9917 -5.50 -125.89 114.15 

100 1.0071 1.0090 1.0028 -4.5055 -124.8975 115.1230 
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 In case of voltages at different levels of PV and EV penetration, the maximum 

voltage rise happens with the same level of combined PV and EV penetration as in power 

scenarios. The voltage always remains within the limit despite having maximum PV and 

EV penetration. Due to EV penetration, the load increases which prevents the slack bus 

from acting as a load bus, and the voltage increases with higher PV penetration (from 0 to 

100).  This shows that when EV is penetrated on a large scale, the distributed PV generation 

is not large enough to offset all the load requirements created from EV users even with 100 

percent PV penetration available. 

5.5 Conclusions 

 In addition to contributing towards reduced carbon emission goals, electric vehicles 

can actively participate in demand response programs, especially in CPP events. In Section 

5.2, A novel framework is proposed to solve a deterministic optimization problem 

including practical limitations imposed by the physical system. Battery degradation cost is 

included to show the actual scenario of cost-saving from the consumers’ point of view. The 

results show that it is possible to save $48.68 of customers’ cost and $1.596 of utilities’ 

cost for each CPP event with two EVs available. Though the monetary benefits for utilities 

are on a lower side than the customers behind the meter, large EV fleets can provide a lot 

more savings for utilities. $99,750 in generation cost and 4,987.5 MWh in energy can be 

saved for any utility with one-fourth of the total EV stations available in California by 2025 

during any CPP event.  

 In Section 5.3 , The charging characteristics from level II and level III chargers 

connected to a microgrid show 56% peak demand increment at a small commercial 
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building using four level II chargers. The impacts of EV charging are more alarming at 

feeder and grid level. Only 10% of the total parking spaces penetrated by (4:5 level II and 

level III mix) EV can result in an increase of 75% in peak demand for a 4 MW feeder. 

Finally, Section 5.4 shows a study that takes the advantage of an iterative co-simulation 

approach to analyze the combined EV and PV integration impacts at the Point of Common 

Coupling (PCC). This study analyzes the DER dynamics by running the power flow of 

both system simultaneously and shows that despite causing voltage drops at the distribution 

feeder, the voltage stays within the allowable range at PCC by the large scale EV 

penetration.  
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6 Real-Time Implementation of Vehicle to Grid 

6.1 Background and Motivation 

 While V2G is a well-established concept and has been available for a while, it’s 

utilization in real time and implementation is not widely adopted yet. The limited 

availability of V2G capable vehicles and lack of attractive utility incentives are the main 

reasons behind this. The growing need of energy backup at blackout/brownout events and 

policies toward the availability of sustainable energy have encouraged both the electric 

utilities and electric car makers to prepare for satisfying the increasing demand for V2G 

capable EVs. Hence, there are more electric vehicles becoming available that are capable 

of doing V2G and can support small or medium loads depending on their vehicle battery 

capacity and travel needs. 

6.2 Grid Connected Implementation 

 Physical Installation 

 V2G functionality requires successful integration of several components in a 

manner allowing energy-based control. The microgrid at CE-CERT as mentioned in 

Chapters 3 and 5 has accommodation to implement V2G for both an electric trolley bus 

and a light duty PEV. To make the trolley capable of doing V2G, modifications are required 

to the trolley’s DC power system, charger connector configuration, BMS data bus, and 

charger controls. The portable 500 kWh battery energy storage platform is utilized as the 

power conversion unit between the trolley batteries and the 480V AC grid power. The 

trailer contains the necessary BMS communication, charging controls, and a 100kW 

bidirectional inverter. On the other hand, for the LDEV V2G integration, a charger is 
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mounted on the portable energy platform to allow for Energy Management System (EMS) 

integrated communication and control. The line diagram for the physical power and 

communications layout of the portable energy platform is shown in Figure 6.1. A 

commercially available V2G compliant charger was selected to provide the bi-directional 

charging capability to any V2G capable PEVs. The external installation of this V2G unit 

ensures it’s rated outdoor exposure. The external installation also allows for user access to 

control/command while still maintaining the security of sensitive equipment internal to the 

platform. It is noted that user can only initiate charging through the user interface of the 

V2G charger. Remote control is needed to make it enable for V2G activities. The vehicle 

must communicate the battery status, charge voltage, charge current, and other specified 

parameters through the charger. This communication protocol as known as ISO 15118 

allows for charge/discharge operations of all CHAdeMO V2G PEV compliant platforms.  
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Figure 6.1  Line Diagram of the DC and AC Electrical Layout of the Portable 
Energy Platform: Dotted Lines are Communication Lines 

 Real Time Operation 

 The Nissan Leaf has been deployed and tested for bidirectional operation in real-

time. Figure 6.2 shows the light-duty electric vehicle in action during bidirectional 

operation. The Nissan Leaf utilizes the CHAdeMO Level 3 Fast DC charging port when 

connecting to the V2G capable charger. The vehicle must communicate the battery status, 

charge voltage, charge current, and other specified parameters. The communication 
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protocol allows for charge/discharge operations of all CHAdeMO V2G PEV compliant 

platforms. Modbus control interface is used to regulate the power command of the LDEV 

remotely. 

 

Figure 6.2 Nissan Leaf in Bidirectional Operation in 1084 Building on 1/24/2020; 
Negative EV Power is Referring V2G Operation 

6.3 Islanded Mode Implementation 

 Supporting Building Load  

 To support the building load in an islanded mode, the 1084 building was 

disconnected from the grid. A grid forming commercial inverter located in the 500 kWh 

battery trailer is used to maintain the necessary grid frequency of the system while doing 

V2G with the LDEVs available at CE-CERT. The battery capacity of the EVs are 24 kWh 

as mentioned in Chapters 3 and 5. The LDEVs can not discharge at a higher rate at higher 

SOCs due to limitations imposed by the old software. The charger prevents SOC of the 

vehicle to go below 20 percent of the capacity to avoid deep discharge. At the start of the 

islanding, one LDEV was activated in discharging at 2.5 kW rate (at 30 percent SOC). This 
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energy from vehicle coupled with additional energy from BESS satisfies the required kW 

demand of the building which was approximately 5 kW at that time. The V2G discharge 

rate was then increased to 10 kW to make the islanded microgrid with surplus electrical 

energy. This high rate of discharging makes the BESS absorb surplus energy by charging 

the battery after satisfying the building load requirement. When, the first LDEV drains it’s 

battery capacity and reaches 20 percent SOC level, the second LDEV is connected to the 

microgrid for V2G power delivery. As this microgrid testbed is hardware limited to a single 

V2G charger, the BESS charger maintains energy supply to the microgrid during the 

vehicle switch over. Figure 6.3 is showing the power plots for the islanded system 

 

Figure 6.3 Power Plots for the System Including V2G, BES, Building Load and 
Islanding 

6.4 Conclusions 

 A real-time implementation of smart V2G charging and discharging strategies are 

presented in this chapter. The physical setup is a sophisticated plug-and-play testbed to 
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implement V2G in real-time and can be tested for different LDEV and HDEV 

combinations. The necessary modifications and challenges for successfully implementing 

both G2V and V2G in real-time are documented and discussed in Section 6.2. In Section 

6.3, an islanded V2G operation is presented where two Nissan Leaf EVs provided all the 

required power to run a commercial building. The successful demonstration of V2G in both 

grid connected and islanded mode will encourage the EV owners to participate in V2G 

activities and the utility operators can utilize it by engaging a large EV fleet in V2G 

operation with the help of EV aggregators. 
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7 Conclusions and Future Work 

7.1 Conclusions 

 This dissertation focuses on the challenges faced by the distribution grid and the 

building’s common point of coupling due to increased EV penetration and develops 

innovative frameworks to address these challenges. The impacts of EV integration from 

different perspectives are also presented to solve the interdependent challenges of EV 

owner, EV charging infrastructure and the grid. 

 In Chapter 3 , an innovative framework is developed for selecting the best 

bidirectional PEV strategy in a commercial building integrated microgrid. This study 

reveals that between 20.5% to 23.0% system cost reduction is achievable depending on the 

type of vehicle chargers for buildings equipped with DERs. Later on, an optimal cost 

framework is proposed for the combined HDEV and LDEV infrastructure implementation. 

The results show that it is more economical to have an HDEV with fixed travel schedules 

for energy savings in comparison to LDEV infrastructure implementation. Net metering 

and/or HDEV implementation in a large energy user building always helps to get the initial 

investment back in a shorter period. In Section 3.2, the study shows that between 2 and 3.2 

percent cost savings is possible for any small commercial load profile along with a regular 

light duty PEV ownership. Finally, the impacts of different building loads on optimal EV 

charging for both unidirectional and bidirectional operation have shown that low price 

differential between on-peak and off-peak electrical energy rates result in lower EV 

charging cost for large building loads whereas high differential electrical energy rate does 

the same for smaller building loads. 
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 In Chapter 4, the behavior of public PEV customers’ are analyzed and a general 

load profile is generated to analyze the impacts on the distribution grid. Two different 

utilization factors are introduced for energy and duration to help predicting the real usage 

scenarios. Later on, a customer oriented stochastic EV modeling is proposed to quantify 

the EV penetration impacts on voltages at the local nodes and feeder vehicle capacity. A 

comprehensive and realistic detailed distributed EV load modeling in a given feeder can 

be useful to assess the necessary distribution system upgrades. 

 In Chapter 5, a novel framework is introduced to ensure PEV participation in a CPP 

event. The results show that $48.68 of customers’ cost and $1.596 of utilities’ cost savings 

are possible for each CPP event with two EVs available (40 kWh with 15 kW and 100 kWh 

with 30 kW rate of charging/discharging). In Section 5.3 , the impacts of EV charging on 

a distribution level microgrid are presented. Only 10% of the total parking spaces 

penetrated by EV, 80 percent level II and 20 percent level III mix can result in an increase 

of 75% in peak demand for a 4 MW feeder. Finally, an iterative co-simulation algorithm is 

implemented to analyze the combined EV and PV integration impacts at the PCC that 

shows the voltage stays within the allowable range at PCC. 

 In Chapter 6, real-time G2V implementation is shown for both HDEV and LDEV 

in a distribution level microgrid. Later on, V2G implementation is carried out to support 

the microgrid in both grid-connected and islanded mode of operation. It is shown that a 

small LDEV can support a 10 kW microgrid in islanded mode, and provide 30 kW during 

grid connected mode and help manage the peak. 
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7.3 Future Work 

 Though this dissertation answers most of the key questions that can facilitate wider 

adoption of electric vehicles, there are still some open research questions that need to be 

addressed as follows. 

 1. We have assessed the techno-economic benefits of the combination of HDEV 

and LDEV integrations. While LDEVs have been present in the market for a long time, 

MDEV and HDEVs are becoming more available with higher capacity and charging rates 

up to 300 kW. This extreme fast charging might have a huge impact on the distribution 

grid and necessary upgrades will be needed to withstand these HDEV and MDEV 

integrations. The impacts on the grid with the influx of advanced MDEV and HDEV 

availability in market and their optimal operations need to be investigated.  

 2. We have explored the opportunities for the utilities to utilize EVs in the critical 

events. The coordinated V2G charging on a large EV fleet can help the utility to meet the 

demand at peak periods. A detailed analysis on the advantages of large-scale EV fleets for 

the utilities to support the grid are required and needs to be validated with system 

implementation.  

 3. We have investigated the EV impacts on the distribution level microgrid and 

T&D interface with co-simulation. Innovative grid modeling can utilize the current 

infrastructure to adopt more EVs while withstanding the increased demand for hosting 

capacity. The concerns regarding the facilitation of more EVs into the grid by the grid 

operators and the capabilities of grid modeling helping to avoid the necessary upgrades and 

grid reinforcement cost need to be answered. 
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 4. The real time V2G implementation as shown in this dissertation is still limited 

by different factors. Though V2G can help the utility and buildings in case of critical 

events, a common standard for all types of EVs is still under development that prevents the 

mass integration of EVs to participate in V2G activities. A common charger standard that 

can enable all EVs to plug-in and activate V2G is necessary for future PEV utilization. The 

development of a universal interconnection standard to make V2G possible for all types of 

EVs is so important for wide V2G implementation.  
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