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ABSTRACT OF THE DISSERTATION 

 

Human Centered Multi-Objective Scheduling for PEV Charging 

when Sharing a Constrained Energy Resource 

Using Model Predictive Control 

 

By 

 

Joshua Storm Chynoweth 

Doctor of Philosophy in Mechanical Engineering 

University of California, Los Angeles, 2015 

Professor Rajit Gadh, Chair 

 

Enabling the widespread deployment of PEVs requires significant charging infrastructure. The 

difficulty and cost of PEV charger installation has resulted in a persistent shortage of plug 

points for charging. WINSmartEVTM is a novel network system of PEV charging stations that 

connects multiple PEVs to a given circuit by sharing the energy resource. By significantly 

increasing the number of plugs per circuit, and thereby decreasing the cost per plug point 

installation, an increase in access to charging for PEVs is achieved. An incremental increase in 

the number of plugs per circuit causes an incremental decrease in the amount of energy that 

a user can receive during a given charging session. Dividing a circuit is a zero sum game 

between the number of plugs per circuit and fulfilling the users’ needs and expectations. By 

focusing a charge scheduling system on the users’ needs, it is possible to maximize any 

combination of users’ needs and expectations, and number of plugs per circuit. 
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A scheduling system was created that maximizes the number of PEVs that can be adequately 

charged from a given circuit by accounting for both users’ needs and expectations. Objective 

formulation was created to quantify users’ needs and expectations using multi-objective 

optimization. The formulation quantified 8 user needs and expectations functions categorized 

by 2 independent variables. Six needs were quantified as SOC based utility functions and 2 

expectations were quantified as time based utility functions. 

The energy allocation scheduling problem was solved using the model predictive control 

method. The utility functions were fit to a state space model. However, the SOC utility 

function and feedback functions are non-linear so a closed form solution was not attempted. 

The scheduling system was simulated in Matlab and compared to the default charging 

algorithms. The system was validated using data from 3 separate energy sharing chargers that 

divide energy between 4 plugs each, over an 8 months period. The results show that this 

scheduling system significantly shifts to the right the graph of BEVs leaving with insufficient 

charge for a given number of plugs on a circuit. Therefore, for any given number of plugs the 

circuit is sharing, a BEV user is significantly less likely to leave with insufficient charge. 

Furthermore, the likelihood of BEVs leaving with insufficient charge can be kept the same 

while significantly increasing the number of plugs supplied from the circuit.  
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Nomenclature 
PEV Plug in electric vehicles includes BEV and PHEV 

PHEV Plug in hybrid electric vehicle 

BEV Battery electric vehicle 

EVSE PEV charger (Electric vehicle charging equipment) 

SOC State of Charge �� = 1/��� Constant that nondimensionalizes $/mile 	  Set of 
 time increments on the time horizon b�   Usable battery capacity of PEV � in kWh ��,�  Distance to an alternative EVSE ��,�    A distance beyond next destination that would satisfy driving needs ��,�   Distance to next destination with charging opportunity (home) ��  Fade distance for fuel utility function ���s�  Distance PEV � can drive on given s ℎ��  The proportion of energy left after grid allocation is removed �  The total number of clients including the gird as a client (N + 1) �  Set of � vehicles that are plugged in �      Average number of PEVs plugged in until the last one leaves ��  Number of vehicles plugged it during time increment 
 �!  Price of electricity in $/kWh for each PEV ��  Price of fuel in $/g "#,�  Electricity vs fuel - difference in price per distance driven 
 P  Power capacity of the circuit %  Standard PHEV (2011 Chevy Volt) &   SOC (0-100%) '�  Length of time increment 
 (set to 15 minutes) (��!)�&�  Fuel vs electricity cost utility function 

(�*+,-!
  Price based utility - 1st of 2 utility functions common to all PEVs 
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(.��/�&�  “Want” utility function - 2nd of 2 utility functions common to all PEVs (��)/0�&�  Utility of ability to drive to alternative EVSE (��,��-1st BEV only function (��!�/�&�  Utility of ability to drive to next destination (��,��-2nd BEV only function 

(��1��&�  Utility of ability to drive beyond next destination (��,� �-3rd BEV only function  

(���&�  Total SOC dependent utility function (�/ �
�  Total time dependent utility function 

(�!���)�
�  Equal share utility 

(��234�
�  Fair allocation Utility 5!  Weight for equal share 5�  Weight for fair allocation 5�  Weight for SOC based utility 5/  Weight for time based utility 6��  ∈ 80,1: Proportion of current allocated to PEV � ;!,�  Efficiency of electricity of kWh/100miles of PEV � (includes battery discharge 
efficiency) 

;�,�  Efficiency of gas in MPG of PHEV � ;-,�  Charging efficiency of PHEV � 
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Chapter 1 Motivation and Introduction 

1.1 Motivation 

Charging infrastructure is a “substantial requirement for enabling the widespread deployment 

of PEVs (plug-in electric vehicles)” [2]. The problem has been highlighted by a number of 

headlines such as “ 'Charge rage': Too many electric cars, not enough workplace chargers” 

from the San Jose Murcury News on January 19 2014 [3]. And a headline in the New York 

Times on October 11 2015 that reads “In California, Electric Cars Outpace Plugs, and Sparks 

Fly.” Both these articles discuss the double edged sword encountered by companies that offer 

electric vehicle chargers to their employees as a perk, but do not increase the capacity to 

keep ahead of demand. As the shortage of charging becomes acute, users must jockey for 

access to charging, creating an unpleasant work environment. The problem is mitigated by 

enforcing strict rules of etiquette, using a communication system and creating a formalized 

scheduling system. Even in circumstances with ideal communication, scheduling and enforced 

rules of etiquette, when there are insufficient chargers for the given number of PEVs, the PEV 

drivers must undergo a level of inconvenience and hassle in order to charge. PEV drivers who 

want to charge must jockey for position on the schedule. Then they must move their vehicles 

up to twice a day, once to the charger location that has opened up, and once away from the 

charger to open up the parking space to the next PEV. These ad hoc scheduling systems have 

difficulty giving preference to battery electric vehicles (BEVs) in need of enough energy to 

make it their next charging opportunity. This can result in a degree of uncertainty and stress 

for BEV drivers who depend on charging to complete a round trip commute. Undergoing this 

level of hassle in order to be able to drive a vehicle is not likely to be tolerated by many 

outside of the ardent early adapters of PEVs. If society is serious about combating global 

warming and energy dependence by shifting individual transportation energy needs from 
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burning fossil fuel directly, to taking energy from the electrical grid, then the persistent 

problem of a shortage of charging infrastructure must to tackled. 

Two distinct approaches to increase the service capacity of the PEV charging infrastructure 

include: (1) increase the grid and circuit capacity required for each additional charger, (2) 

multiply the number of PEVs that can connect to a given circuit by sharing the energy source. 

The problem with the first approach is cost. The average cost for a dedicated 240V circuit and 

charger installation for a single-family home is $1500–$1600. For a multi-family residence the 

installation cost averages $3800 in California. Commercial installations average $4000 overall 

and $4400 in California [4]. A report by the National Research Council made a number of 

relevant points: (1) the cost and effort of installing the wiring and chargers appears to be the 

main barriers to the widespread adoption of residential charging of PEVs, (2) residential 

charging is problematic for renters who may not have the authority required to make needed 

structural changes to the property, (3) rental property land lords may not want to invest in 

the cost of installing a device that may not be used by future renters, (4) access to workplace 

or public charging may help drivers partially overcome lack of access to residential charging 

[2]. The conclusion that can be drawn is that increasing charging infrastructure by installing 

more circuits alone will be very expensive, problematic and hold back the widespread 

adoption of PEVs. The second approach, multiplying the number of PEVs that can be charged 

from a given circuit, could not only significantly bring down the cost per installation per plug, 

but by increasing the number of workplace chargers, may be able to mitigate the problem of 

renters unable to access charging at home. 

UCLA Smart Grid Energy Research Center (SMERC) has developed WINSmartEVTM [1], [5]–[9], 

which includes a circuit sharing technology that allows multiple PEVs to share the energy from 

a single circuit. There are two types of chargers, level 1 and level 2, each with its own 
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characteristics. The default charging algorithms for the chargers are round robin and equal 

share respectively. Both of these charging algorithms attempt to share the energy equally 

between all users while ignoring the wants and needs of the users.  However, because of 

energy availability constraints while sharing, each user can experience a distinct reduction in 

amount and/or delay in receiving energy. Both the reduction in amount and the delay in 

energy reception contribute to a reduction in utility that the users receive from the EVSE 

(electric vehicle supply equipment/charger). Based on needs, waiting time, leave time, and 

circumstance based requirements, the amount of utility each user derives from a given 

amount of energy is distinct, and the total utility that all users receive depends on how the 

energy is apportioned. Because the amount of energy from a circuit is fixed, energy sharing is 

a zero sum game which may cause users to receive less energy, resulting in a loss of utility 

(usefulness) that the users receive from the EVSEs. For a BEV that must receive energy in 

order to complete the round trip home, this loss of utility can be unacceptable. Furthermore, 

grid requirements in the form of demand response signals that indicate required load 

shedding must be considered in any load allocation schedule. Most of the current literature 

for PEV charging assumes a dedicated circuit and enough energy to charge the PEV. However, 

with sharing, these assumptions are not valid. In order to allocate the scarce energy resources 

of the bottle necked circuit, a means of quantifying the user’s requirements must be found. 

Therefore, through careful scheduling of the allocation of resources, the total loss of the 

combined utility of both the PEVs and the grid can be minimized. By ensuring that BEV 

charging is given preference in the scheduling system, the number of BEVs that leave with 

insufficient charge to reach their next destination with a charging opportunity can be 

minimized. This results in the ability to maximize the number of plug points connected to a 

circuit while keeping the number of PEVs that can’t reach their next destination below a 
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threshold. The goal of this research is to find a scheduling method that will account for these 

multiple conflicting user objectives while minimizing the overall loss of utility.  

This dissertation is divided into 8 Chapters. This first introductory chapter will introduce 

energy sharing and the need for an optimized scheduling system. The second chapter will 

discuss current work in PEV charge scheduling and consider approaches to solution for this 

proposal. The third chapter will introduce the energy sharing demonstration and testbed, 

WINSmartEVTM, for allowing multiple PEVs to share a circuit when charging. The fourth 

chapter will develop utility functions that quantify user requirements for charging. The fifth 

chapter develops a system model for integrating the utility functions into state space 

functions to create a charge scheduling control system that maximizes utility. The sixth 

chapter describes the solution to the system model in the form of a Matlab simulation and 

results using data from the WINSmartEVTM testbed. The seventh chapter discusses the 

contributions and broader impact of this work as well as possible future development of this 

work. The eighth chapter contains concluding remarks. 

1.2 Introduction to Energy Sharing 

In order to multiply the number of PEVs that can be charged by a given electrical 

infrastructure, an energy sharing charging infrastructure was built. This charging 

infrastructure (WINSmartEVTM), has both a level 1 a level 2 charger design, each with the 

ability to connect multiple PEVs to a single circuit, see Figure 1. The level 1 charger can only 

allocate energy to one PEV at a time, this allocation method will be referred to here as 

discrete allocation. The default charge scheduling algorithm for discrete allocation is round 

robin (RR), which allocates by giving each PEV a turn to charge. The level 2 chargers cans 

schedule charging using discrete allocation, or they can charge simultaneously by dividing up 

energy in any manner that fits the circuit constraints and J1772 charging parameters. 
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Therefore, this dissertation will refer to any charge scheduling that is not discrete allocation 

as continuous allocation. The default allocation method for continuous allocation charging is 

equal share (ES). As the name implies, each PEV gets an equal share of the available power in 

the circuit. The paragraphs below will introduce energy sharing; the chapter labeled 

“Experimental Test Bed” describes the energy sharing charging network, WINSmartEVTM, in 

depth. 

 

Figure 1: Overview of energy sharing. Source of statistics: In the U.S. 95% of vehicle commutes < 40 mi, 
average commute is 13.6 mi [10]. 68% of vehicle daily drive< 40 mi [2]. Average daily vehicle miles is 29 [11].  
Volt efficiency = 36kWh/100mi [12]. 

A standard North American household outlet (NEMA 5-15) is rated at 120V and 15A. Since a 

continuous load must not exceed 80% rated capacity, the full time load must not draw more 

than 12A. Therefore, the trickle chargers that come with PEVs draw 12 amps on a 120V circuit 

resulting in the battery charging at 1.44kW. Using a 2011 Chevy Volt as the standard PEV, 
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each hour of charge at 1.44kW will provide 4 miles of driving distance. When the circuit is 

divided between 4 PEVs, then each PEV obtains 1 mile of driving distance per hour of charge. 

A level 2 charger with capacity to provide 30A continuously at 240V, will provide 7.2kW. A 

Chevy Volt can drive 20 miles on one hour of charge [12]. When divided between 4 PEVs, each 

PEV receives 5 miles per hour of charge. The average commute of 13.6 miles [10] can be 

satisfied in less than 3 hours. In 8 hours, the Volt can receive 40 miles of charge. This is more 

than the battery capacity of a Chevy Volt and more than the average daily commute of 29 

miles [11]. It is more than 95% of one way commutes [10] and 68% of all day commutes [2]. 

For level 2 charging and standard charging times at home and work, sharing between 4 users 

does not cause a shortage. The level 2 EVSE chargers follows the J1772 standard, and the 

current can be controlled by adjusting the pilot signal. The current can be set to 0 or vary 

from 6A to maximum circuit capacity. Therefore, when energy is shared, it can be done in a 

more flexible manner. Just as with the level one EVSE, energy can be shared by sequentially 

charging each PEV at full capacity or each PEV can be allocated a portion of the current (or 

power since voltage is constant for the circuit). Since the minimum current allocation is 6A, 

equal share is feasible on a 30A circuit where each EV can receive 7.5A. Since sharing power 

requires fewer operations than sequentially switching charging, the default method for 

energy sharing for a level 2 EVSE is equal sharing of the available power. 

For level 1 charging, if average commuters are charging at work where they need to charge 

during an 8h hour day, there will not be enough energy to fully charge all PEVs one way 

commutes, and rationing is required. If sharing level 1 circuit with 4 PEVs in a multi-unit 

family residence setting, it may be possible to satisfy the needs of all users if a few restricted 

conditions. These conditions may include some of the following: some users charge during the 

day so that charging is taking place for most of the 24 hours in a day; some users have work 
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charging so that the maximum of 34kWh per day can be divided between less need; some of 

the PEVs are PHEVs that can be disconnected when a BEV is in critical need. In this scenario, 

an intelligent allocation may be a critical requirement because BEV (Battery Electric Vehicles) 

users will fully rely on the charger to provide energy for their transportation needs.  

1.3 Energy Sharing and Utility 

Receiving a resource in a later time and/or in a smaller quantity will often result in 

diminished utility for the user. In this way PEV users will sense a loss of utility from energy 

sharing as compared to dedicated EVSEs which charge only one PEV at a time. Each user will 

sense this loss of utility depending on how useful the charging was to the user. Because utility 

per unit energy is distinct for each user, the available energy can be distributed in a manner 

that will maximize the total utility of the allocated energy and thereby minimize the loss of 

utility. Minimizing loss of utility can be stated formally as follows. Let � be the set of users 

plugged in and ready to charge for a given time period. Let E be total energy received by all 

users. Let e>� and e?�  be energy user � ϵ � received from sharing and from charging alone 

respectively. Let ( be total utility received by all users. And let A>� and A?� be the utility 

user � receives from sharing and charging alone respectively. User’s loss of utility from to 

sharing is defined as: 

 AB� = A?� − A>� 
(1.1) 

Minimize AB� can be achieved by maximizing A>�. 

Given: D>� ≤ e?�, and utility function that quantifies the utility that user receives from 

energy A� = F�e� is monotonically increasing, positive and distinct for each user 

⇒  A>� ≤ A?�  

for any e3 ϵ E 
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A� = F�e3 � is distinct 

Therefore total ( depends on relative sizes of each e>�, a maximum can be found: 

 

 �HIJKJ6D0:  ( =  M F��D>� �N
�OP  (1.2) 

Since energy is allocated by scheduling charge time and current allocation, a maximum ( can 

be found by optimizing the energy allocation schedule. 

In order to minimize the loss of utility do to energy sharing, this research designs a PEV 

charge scheduling system that can account for both user (human) needs and requirements and 

grid requirements while rationing energy to multiple PEVs on a single circuit. The goal of this 

research can be summarized in one question: how to schedule PEV charging under constrained 

energy sharing conditions while accounting for multiple conflicting objectives? The aim of this 

research is to develop a PEV charging scheduling system that can control the UCLA SMERC 

EVSEs as part of the WINSmartEVTM circuit sharing technology described in Chapter 3.  

The outcome of this research is a scheduling system that maximizes the number of PEVs that 

can be adequately charged from a given circuit by accounting for both users’ needs and 

expectations. Objective formulation was created to quantify users’ needs and expectations 

using multi-objective optimization. Then the energy allocation scheduling problem was solved 

using the model predictive control method. The system was validated using data from the 

WINSmartEVTM testbed. The simulation was performed with data from 3 separate chargers 

each with 8 months of data. 

The results show that the scheduling system significantly shifts to the right the graph of BEVs 

leaving with insufficient charge. Therefore, for any given number of plugs the circuit is 

sharing, a BEV user is significantly less likely to leave with insufficient charge. Furthermore, 
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the likelihood of BEVs leaving with insufficient charge can be kept the same while 

significantly increasing the number of plugs supplied from a given circuit. 

The next chapter includes a review of current work in EV charge scheduling and introduces 

the approach to solution. 

Chapter 2 Research Review and Background 

This chapter will give an overview of some of the current research in energy sharing and 

discuss why it is not directly usable for scheduling PEV charging when sharing energy. Since 

this dissertation will work on a multiple objective problem, charge scheduling using multi-

objective optimization will be discussed. After introducing multi-objective optimization, this 

chapter will focus on one relevant method for a solution called Physical Programming. Then, 

the limitations of using physical programming will be discussed. After that Model Predictive 

Control will be introduced as a method to schedule charging. 

2.1 Current Work in PEV Charge Scheduling 

Much research has been conducted concerning the coordination of PEV charging in order to 

minimize their impact on the grid. PEV charging has an effect at every level of the grid from 

generation to local transformer and circuit - a bottle neck can develop at any of these levels.  

The previous research can be classified by either problem area of focus or approach to 

solution. Within problem area of research, the focus may be on charging PEVs using excess 

generation capacity, greener energy, or minimizing local stress on the grid. The focus can also 

be on improving grid health such as voltage regulation. The approaches to solution can be 

classified into two general categories: centralized and decentralized solutions. In the 

centralized approach to solution, a central computer controls all charging through direct 
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control of all EVSEs (Electric Vehicle Supply Equipment) on the grid. In local control, each 

individual EVSE controls consumption based on a signal or feedback. The common theme of 

these approaches is their focus on satisfying grid requirements such as charging when excess 

generation or local grid capacity exists.  However, what is required for scheduling PEV 

charging for energy sharing is to focus on satisfying user requirements while rationing energy.  

The grid requirements can be accommodated as an additional parameter. A sample of current 

research into PEV charging is contained in Table 1.  

Ahn et al. studied a linear program based algorithm that uses both CO2 output and cost to 

schedule PEV charging [13]. Clement-Nyns et al. used a downscaled test feeder to study 

quadratic and dynamic programming to optimize PEV charging. They also compared 

coordinated and uncoordinated charging [14]. Vandael et al. studied two approaches to 

schedule PEV charging: quadratic programming and multi-agent systems (MAS) [15]. 

Logenthiran et al. studied power distribution to PEVs. They considered both a multi-agent 

system and a hybrid Evolutionary Algorithm (EA) and Linear Programming (LP) approach [16]. 

Mahat et el. propose an algorithm that uses local grid information to schedule charging that 

does not overload the local residential grid [17]. 

 

Issue 
Decision 

information 
Solution Type Problem Authors 

Coordinate power 

generation, charging 
# PEVs, load, SOC, time 

Integration of local 

information 

Focused on minimizing gen  

cost, CO2 emissions 

Ahn, Univ. of Michigan, 

2011 [1] 

Compare solutions for 

demand response 

Time (depart, arrive 

drive) 
QP (Quadratic Prog.) 

User input future schedule and 

drive time 

Vandael, KU Leuven, 

2010 [2] 

Compare solutions for 

demand response 

Price, transformer 

capacity 

MAS (Multi-Agent 

System) 

Local grid control not relevant, 

MAS not realistic in short term 

Vandael, KU Leuven, 

2010 [2] 

Lower generation costs, 

reduce peak 

Energy Price, future: t 

(depart, arrive drive) 

LP + EA (Evolutionary 

Alg.) 

Can’t acquire required info. 

Poor scalability 

Logenthiran, Univ. of 

Singapore, 2011 [3] 

Lower generation costs, 

reduce peak 

Energy need, depart t, 

power (grid, trnsfrmr) 
MAS 

Local grid control not 
relevant, MAS not realistic 

in short term 

Logenthiran, Univ. of 

Singapore, 2011 [3] 
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Prevent local grid overload 
SOC, $, when available, 

transformer capacity 
Procedural 

Artificial categorization, lack of 

clarity 

Mahat, Aalborg Univ.,  

2012, [4] 

Coordinated vs 

uncoordinated charging 
Volage, power 

QP + DP(Dynamic 

Prog.), min power loss 
Assumes enough energy 

Clement-Nyns, KU 

Leuven, 2010 [5] 

Centralized vs decentralized 

control 

# PEVs, charging 

capacity 
Equal Share Power Not optimal 

De Hoog, Univ. of 

Melbourne, 2013 [18]  

Centralized vs decentralized 

control 
SOC, voltage at EVSE 

Statistical: Average of 

SOC and voltage facors 

Grid V not primary concern, 

SOC not sufficient 

De Hoog, Univ. of 

Melbourne, 2013 [18]  

Priority based, power flow 

constrained 

SOC, leave time, local 

power 
Fuzzy expert system 

Not focused on user, SOC 
not sufficient for user 

rqrmnt 

Akhavan-Rezai, Univ. 

of Waterloo, 2014 [19]  

Minimize cost and battery 

degradation 

$peak, $offP, drive 
cycle t, amp, max amp 

MOO non-dominated 
sorting EA (NSGA-II) 

PHEV specific battery charge 

and use model 

Bashash, Univ. of 
Michigan, 2011 [20] 

optimized charging 
schedule for various 

requirements 

Grid data, t, $, min 

charge, Bat Degrade 

MOO hybrid EA and 
Sim. Environment 

Lack of specific detail 
Ramezani, SAP Res. 
Karlsruhe, 2011 [9] 

economic & 
environmental goals, grid 

constraints, V2G 

Drive ptrn, $grid, 
$user,  emiss,  trip t, 

park t 

MOO e-constraint 
min cost & emissions, 

Smart grid + V2G 
Zakariazadeh, IUST 
Tehran,  2014 [10] 

Table 1: Sample of Current PEV Charge Scheduling Research 

There are very few research papers on applying multi-objective optimization (MOO) to PEV 

scheduling. This author found three journal articles, which are listed at the end of Table 1. 

Bashash et al. applied a MOO to balance the two objectives: minimize total energy cost, and 

reduce the amount of resistive buildup in the battery to minimize battery degradation in 

PHEVs (Plug-in Hybrid Electric Vehicles) [20]. Ramezani et al. used a MOO to  maximize both 

provider profit and user satisfaction while minimizing battery degradation [21]. Zakariazadeh 

et al. used an MOO to minimize both emissions of electric power generation and cost on a 

local grid. They controlled  both distributed generation (DG) and vehicle to grid (V2G)[22]. 

Even though multi-objective optimization is an approach to solution that will be pursued in 

this work, the research in the three above papers is not directly applicable to scheduling PEV 

charging under constrained energy conditions with a focus on user requirements. 

The previous research most relevant to priority based scheduling was conducted by Akhavan-

Rezai et al. [19] where the  authors propose to use a priority based PEV charge scheduling 
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method that balances grid limitations and user satisfaction. The simulation setup includes a 

model of a 38 bus distribution test feeder with 4 parking lots distributed around the test 

feeder with between 30-150 level 2 PEV chargers each. An algorithm is proposed that will 

prevent bus overloading and send the available energy to the users that require it the most. 

Power flow constraints are used to model the grid limitations while state of charge (SOC) of 

the PEV battery and stay time are used to model user requirements. A fuzzy logic based 

expert system was developed and simulated.  

Even though this work does touch on the user requirements under constrained power 

conditions, this work is inadequate for scheduling PEV charging for power sharing. First, this 

work is focused on grid stability and not user requirements. Because multiple PEVs share a 

single circuit with WINSmartEVTM, the circuit capacity is fixed and the amount of energy over 

time is severely limited and must be rationed. If the maximum number of PEVs are connected 

to the circuit, there may never be much excess capacity and users may not have their needs 

met. Therefore, when scheduling PEV charging for power sharing, the focus must be primarily 

on fulfilling the users’ requirements. When grid requirements are accounted for, they should 

be considered alongside the user requirements and the decision determining the priorities of 

energy allocation should be judged on a case by case basis. 

The second reason the above work is inadequate is that Rezai et al. only account for a single 

user requirement factor: the amount of energy a given PEV will have when it leaves. 

However, not all users have the same requirements. In order to properly ration energy under 

a severely constrained energy supply, many more user requirement factors need to be 

accounted for in order to minimize the problems with rationing. These factors may include 

the type of PEV, the distance the PEV must travel, and the length of time the PEV has been 

plugged in. 
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2.2 Multi-objective Optimization 

2.2.1 Introduction 

As shown above, most current solutions assume there is enough energy to completely charge 

the PEV. In the context of energy sharing where needs may not be fully met, a compromise 

needs to be made between different requirements of the multiple users. Furthermore, the 

grid’s needs should be considered. The best approach for finding a compromise solution is 

using multi-objective optimization. 

In the real world, engineering design problems often have objectives that are either 

conflicting and/or not comeasurable (having the same or comparable measures [23]). Multi-

objective optimization is a way to find an optimal solution taking into account many 

conflicting objectives. Since there is no way to mathematically equate the objectives and put 

them on the same scale directly, a decision-maker must find a way to compare the different 

objectives and find an optimal compromise. The decision-maker compares the objectives in 

terms of value which is the measure of good or desirability [24]. The preferences of the 

decision-maker are represented by an abstract idea called a preference function [25]. The 

preference functions are approximated in the real world by a utility functions [25]. A 

systematic and simultaneous optimization of the objective functions with the goal of 

modeling the decision-makers preferences is referred to as multi-objective optimization [25]. 

The general form of the multi-objective optimization problem is stated as follows: 

 MaximizeW : F�x� = 8FP�x�, FY�x�, … , F[�x�:\ (2.1) 

 Subject to:  gd�x� ≤ 0,    j = 1, 2, … , m, hg�x� = 0, l = 1, 2, … , e, (2.2) 

where k is the number of objective functions, m is the number of inequality constraints, and 

e is the number of equality constraints. The vector of decision variables is 
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 x ∈ i. x = �xP, xY, … , x��\  (2.3) 

 

Where n is the number of optimization parameters and S ∈ j�
 is the parameter space.  

 The most common approach to solution for multi-objective optimization is the weighted sums 

method [25]: 

 ( =  M 5,k,�I��
,OP  (2.4) 

Where 5, are the scalar weights. For the solution to be Pareto optimal the weights must all 

be positive. This method is easy and intuitive. Any two objectives can be compared by 

assigning weights to indicate the relative value of each. By adjusting the weights and finding 

the solution (extremum), different points on the Pareto front can be found.   

There are 3 main problems with the weighted sums method. First, weights should be 

functions not constants in order to properly reflect a preference function. Second, it is 

impossible to obtain point on non-convex part of Pareto front with the weighted sums 

method. Third, there is a non-linear relationship between weight and point position on Pareto 

front. In spite of these shortcomings, if the objectives are similar and comeasurable enough, 

this method works reasonably well and is intuitive and easy to use; hence, it remains a 

popular method.  

This method is not suitable for PEV charge scheduling because of the first problem stated 

above. A dynamic charge scheduling system will have constantly shifting parameters, and it 

would be difficult to constantly adjust the weights for each change in parameter. An 

appropriate method must be able to compare the parameters at any point on the parameter 
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function. This could be a achieved by replacing weights with functions or by forcing the 

parameter functions to occupy a proportional scale so that the weighted sum method will be 

suitable for comparing all parameter points. Once the parameters functions are on 

proportional scales, using weighted sums for comparison will be appropriate.  

2.2.2 Physical Programming  

One multi-objective optimization method that has functions for the weightings is physical 

programming developed by Achille Messac from Syracuse University [26].  

Instead of trying to assign artificial weightings to the different objectives, the Physical 

Programming method has the decision maker apply all available knowledge of the system in 

order to create a software module the describes the system itself. The solution is derived 

from complete systemic knowledge. Instead of stating preferences with respect to each 

design metric as greater than, less than, or equal to; physical programming employs a more 

descriptive lexicon with a six point scale: highly desirable, desirable, tolerable, undesirable, 

highly undesirable, and unacceptable. By classifying all design parameters on this same scale, 

they can be compared. 
By allowing the decision maker to express preferences flexibly and concisely along a scale 

that is independent of any of the objectives, physical programming provides a more 

deterministic approach to solution. Preferences with respect to design parameters are 

categorized into 4 classes, each with a sub category of hard and soft Figure 2. 

There is a 4 step procedure for solving a problem with physical programming Figure 2.  

1) Create a software module (MEM) that describes the physical system. 

2) Specify the class of each design metric (1S-4H). 

3) Set the range limits for each design metric. 

4) Solve the constrained minimization. 
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Figure 2: Physical Programming [26]. 

2.2.3 Problem with Physical Programming 

Physical Programming starts with incomeasurable design parameters and creates 

comeasurable utility functions. This is achieved by creating a new independent variable on a 

new scale that can be compared, which is useful when comparing two very distinct 

objectives. However, with PEV charging, the design parameters can be classified into two 

groups, within each group the parameters are commeasurable. The two groups are dealing 

with the needs or expectations of the user, so they must be at least somewhat 

commeasurable if abstracted correctly. In addition, the independent variables have boundary 

conditions that will be lost if a different scale is used. Additionally, the scale for PEV charging 

is within certain boundaries of desirability – if an independent scale was used, a level of 
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granularity would be lost. Furthermore, if PEV objectives are compared by their own scales, 

then there would be a more intuitive feedback between the actions of the charge scheduling 

system and the values of the utility functions. 

There is a natural structure implied by the physical parameters of battery charging and the 

utility functions associated with energy allocation that contain much information that will be 

lost if disposed of by adopting a new independent variable.  This information includes some 

boundary values such as 0 utility at 100% SOC. Extensive knowledge of the user behavior and 

requirements make it possible to equate conflicting variables by direct comparison. A method 

is proposed that takes the ideas of physical programing by applying all the knowledge the 

decision maker has about the system to create a module that describes it. In addition, the 

proposed method keeps the current comeasurable independent variables and boundary 

conditions. This approach will be discussed in more detail in Chapter 4. 

2.3 Model Predictive Control  

The point in time when users’ needs and expectations must be met is their individual leave 

time. The future leave time cannot be known for certain because of the difficulty of 

predicting the future. However, it often may be known with some accuracy if the users have 

consistent charging times. Consistent charging times may occur with fleet charging if the 

vehicles are used to run regular routs and follow consistent routines. Consistent charging is 

also likely to occur in the work place where work schedules may be quite stable. A benefit 

exists for charging earlier even with somewhat accurate leave time predictions. This is 

because there is always a possibility of users leaving early, technical problems with the 

charger, or grid power constraints. Charging early can mitigate the risks of insufficient charge 

for BEVs who may need energy to get to the next destination. When allocating energy 

resources to maximize utility and ensure BEVS can make it to their next destination, the point 
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when the maximization must occur is when the PEV must be driven. Before that time, the 

benefit is only potential. After that time no charging can occur. Therefore the focal point to 

any charging schedule is the predicted leave time of the user.  

As a method for controlling a system to meet future requirements, humans use predictive 

control to meet many control requirements. One example is the control method that humans 

use when driving a car [27]. A driver must make decisions based on what is happening some 

distance ahead. In order to be reasonably certain of not crashing, the distance ahead that the 

driver must observe is some distance beyond the stopping distance of the vehicle. This 

distance is moving with the vehicle as it drives. In control systems, the moving distance is the 

moving horizon. In terms of control, the stopping distance of the vehicle is the settling time 

of the system. Therefore, the moving horizon must be larger than the system settling time.  

Model Predictive Control (MPC) is an approach to control design [27] that uses a process 

model as a forecasting agent to predict the future response of the system given initial or 

current conditions [28]. With this approach, the system can be adjusted to meet future 

requirements. The effectiveness of the control is dependent on the reliability of the forecast, 

and the reliability of the forecast is dependent on the quality of the model. Even though 

feedback can mitigate some of the outcome of poor models [29], the quality of the model is 

key to the effectiveness of the control. MPC usually includes 3 key concepts: a model that is 

used to forecast the future output, the calculation of the control parameters that optimizes 

the performance of the system, and a moving horizon [30]. The model created later will 

contain all 3 of these concepts. 

One formulation for Model Predictive Control uses a state space model [31]. Using the state 

space model can improve the overall performance of the system [32]. A scheduling system 

that allocates energy based on the utility values of each user can fit a state space model if 
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the scheduling decision that takes the utility values and creates a schedule is modeled as a 

feedback function in state space. Therefore, a state space MPC is used to create the charge 

allocation schedule. A multi-objective optimization system model is created in Chapter 4. 

Then the multi-objective user model is adapted to the state space model and a PEV charge 

allocation schedule is created using model predictive control in Chapter 5. Before that, 

Chapter 3 will give an overview of the experimental testbed for the system. 

Chapter 3 Experimental Test Bed 

There are currently a few large scale PEV charging demonstration projects throughout the 

world including the Plug in BC initiative in Canada [33], the My Electric Avenue project [34] 

initiative in England, and WINSmartEVTM here at UCLA. The Plug in BC initiative is creating a 

province wide network of over 800 EVSEs installed for use as public, fleet and residential 

charging stations. The initiative has partnered with UBC to use the network to gain data for 

smart grid applications. The My Electric Avenue project has groups of neighbors all lease BEVs 

in order to test local grid constraints when concentrated pockets of PEVs charge from a single 

branch circuit. The EVSE technology used allows the charging to be monitored and controlled. 

While the Plug in BC initiative is collecting relevant data and kick starting the adaption of 

PEVs in British Columbia, and the My Electric Avenue is performing detailed research on local 

grid requirements when PEVs are concentrated in a single area, neither adequately deals with 

the problem of how to maximize the number of PEVs that can charge from a given electrical 

infrastructure. WINSmartEVTM not only multiplies the number of PEVs that can charge on a 

given electric circuit using purpose built charging devices, the control system is a software 

based, flexible system that can respond to changing constraints. 
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Before going into the details of the charging system, the author will note his contribution to 

the testbed. In terms of designing and building the system, main components are: (1) the 

charging devices, (2) the electronics that control the devices, and (3) the database that 

controls the network. This author designed and built the charging devices. This also includes 

having designed the manufacturing system and supervised the manufacturing process. Three 

models of charging devices were designed, an indoor level 1 charger, and outdoor level 1 

charger, and a level 2 charger. Through an iterative design process, the designs were 

perfected and passed Los Angeles Electrical Testing Laboratory (LAETL) certification to be 

installed anywhere in the city of Los Angeles. The Level 2 charger is being readied for testing 

by UL. There are currently over 230 plug points on over 55 chargers on the UCLA campus and 

throughout greater Los Angeles, CA. The creation of this experimental testbed reflects many 

years of work. 

The rest of this chapter gives an overview of WINSmartEVTM.  The following is taken from a 

conference paper titled “Smart Electric Vehicle Charging Infrastructure Overview” [1]. 

3.1 Introduction to the Charging Network 

The demand for charging infrastructure, including charging stations in parking structures and 

garages, is more important as the PEVs on the road multiply. For long distance commuters, an 

available charging station may be a critical requirement to ensure the ability to finish the 

round trip and make it home. Even when charging is not critical, many BEV drivers may plug 

in to alleviate range anxiety or to shorten the charge discharge cycle and decrease battery 

wear. A scarcity of charging stations may make BEVs less convenient and contribute to range 

anxiety resulting in less people embracing the use of electric vehicles. Furthermore, if 

charging infrastructure is available at work, smaller batteries and therefore less expensive 

vehicles are required to meet consumer’s needs[35].   Beyond the physical existence of 
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charging stations, several critical needs must be filled to meet the increasing demand for 

charging infrastructure, including the grid capacity and the electrical circuits that make 

charging possible. One solution is charging stations that service multiple vehicles at the same 

time with a given infrastructure. Multiple parts of the infrastructure need to be shared in 

order for a charging station to truly service multiple vehicles simultaneously. The charging 

system needs to share the plug port by safely plugging in multiple vehicles at once, it needs 

to share the circuit by rationing the available power in order to not overload the circuit, and 

it needs to share the grid capacity by intelligently scheduling charging in order to avoid peak 

consumption. To meet this demand, an EV charging system has been developed that safely 

multiplies the number of PEVs that can be connected to a circuit by rationing the power 

allotted to each PEV. 

Current PEV charging systems include charging networks such as DBT[36], ChargePoint[37], 

and CarCharging [38]. These PEV charging networks focus on providing PEV chargers with the 

ability to identify users and take payments for public charging. Intelligently sharing grid 

infrastructure resources has not been emphasized in these networks. Work has been done in 

modeling and algorithms for smart PEV networks [39]–[41].   

3.2 WINSmartEVTM  

Moving beyond modeling, WINSmartEVTM [42][43] is a demonstration PEV charging network 

currently in operation (see Figure 3). It is a software and network based PEV charging system 

Figure 3: WINSmartEVTM in Operation 
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designed and built around the ideas of intelligent charge scheduling, multiplexing (connecting 

multiple vehicles to each circuit) and flexibility.  The system is neutral about the hardware, 

the control center and network that interconnect it with all the parts of the system. Much of 

the design for the system has been described [9], [44]–[46]. However, no summary or 

commentary of the current embodiment of the system has been published that would provide 

a convenient reference in understanding this system. This paper gives a summary and 

commentary of this smart charging system with an eye toward its unique features and 

capabilities. This paper begins by briefly describing the control system and its basic 

requirements for the system to function. Then it describes the PEV chargers, how they 

operate and how they connect to the control system. Then, this paper describes the control 

system in more depth before commenting on its capabilities for configuration and extension. 

3.2.1  Control System 

To obtain the full benefits of 

intelligent PEV charge scheduling, 

decisions need to be made at a 

central location that will optimize 

the overall system. Other decisions 

may need to be made locally, 

without a server wait time, such as 

when safety is a concern. A software 

based system will allow the intelligence to be upgraded (as needed) and the system 

integrated with other devices and networks as technology evolves. This PEV charging system 

is comprised of a network of devices that work together to provide optimal charging services 

to PEVs. Because it is software based and can communicate with other entities, it can use 

           Figure 4: WINSmartEVTM Network Architecture [1]  
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external data to optimize the charging system and account for external interests such as grid 

stability. At the center of this PEV charging system is a control server that communicates with 

multiple entities and coordinates a network of devices as shown in Figure 4. The server may 

communicate with any entity interested in the charging of PEVs, including the user, the 

vehicle, the EVSE (Electric Vehicle Supply Equipment), grid devices, and relevant external 

entities. The data may include critical information required for initializing the charging 

process such as the user/vehicle account ID, payment information, and the port or device 

where the PEV is connected. Data may also include information that is not critical to charge 

initialization but may be helpful to optimize the charge scheduling, such as the state of 

charge of the battery, the power availability, weather and power consumption forecasts, 

condition of the power transformer used by an PEV charger, and demand response or price 

signals from the grid.  

The PEV charging systems software based controls may be in the cloud, or on a specific server 

with internet access. The system is network neutral, it can communicate with the routers 

that control the EVSEs through Ethernet, WiFi or cell phone data network such as 3G. The 

router communicates with the relays through Zigbee so that only one router can control 

multiple charge boxes. The J1772 EVSE device communicates with the PEV through the charge 

cable. The user and vehicle identification are communicated through an internet enable 

device such as a smart-phone. It is also able to connect other devices to the network in order 

to accomplish tasks such as inputting user/vehicle ID and charge port ID through RFID or other 

type of scan and communication systems. The central controller for the current 

implementation of this system is located on a server connected to the internet. Users 

communicate with the system through internet connected devices such as a smartphone or 

computer.  The EVSEs also communicate with the server through the internet. This 

deployment has devices connected directly to the internet through Ethernet, WiFi, and 3G.  It 
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also has devices that connect to the internet through local communication to other devices 

with direct internet connections. The local communication systems in this deployment include 

WiFi, Zigbee and  PLC (Power Line Communication). 

In an intelligently controlled PEV charging system, the controller must obtain basic 

information to make decisions and fulfill the required tasks such as track users, queue 

charging, take payment, track power consumption, allocate resources, etc. The first piece of 

data that the control center requires to begin a charge sequence is user/vehicle identification 

and the charge point that the PEV is connected to. Correct mapping of each user/vehicle ID 

with the ID of the charge point it is connected to, is critical. This ensures that the proper 

charge point is energized and provides power to the customers PEV. Correct mapping also 

facilitates accurate payment transactions, optimal resource allocation, and statistics tracking 

to enhance the system. The current implementation of the PEV charging system requires the 

user to have signed up for an account. When the user arrives at a charge port, the vehicle 

must be connected to an EVSE port and the port ID must be noted in order to relay that 

information to the control server. Users log into the PEV charging system’s control website 

with an internet enabled device such as a smart phone or a computer, identifying oneself or 

the vehicle, then choosing from the menus the identification of the charging station and the 

charge port the vehicle is plugged into. In this way the control server has associated the 

vehicle or user with a given charge port and charging can be initialized. This method works, 

but has a few shortcomings. It requires the user to have an account, and the user may find 

the process cumbersome. These issues can be overcome by adding features such as accepting 

credit cards and automatic user identification. 
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SAE J1772 is a North American standard for connecting EVSEs to PEVs. This standard includes 

the cables, the communication interface and the safety system requirements. The 

communication between the EVSE and the PEV through the J1772 system is limited to the 

state of cable connection, whether devices are ready to power up, the electric voltage and 

current available to the vehicle to charge. No vehicle ID or battery charge information is 

communicated through the J1772 cable. In order to obtain a vehicle ID or battery state of 

charge, other communication channels must be implemented. Once the control server has the 

vehicle/user ID and the ID of the charge port the vehicle is connected to, the server can put 

the vehicle into the charging queue and initiate charging as appropriate. The charge sequence 

and queuing will depend on the algorithms implemented in the server. How the EVSE reacts to 

charge instructions depends on the type of EVSE. There are two types of EVSEs in the 

deployed charging system. The first is a level 1 only, trickle charge device that that turns 

120V household outlets on and off while allowing the 120V PEV cable provided with each PEV 

to fulfill all the J1772 communication protocols and safety requirements regarding PEV 

charging. The second is a level 1 

or 2 box that uses J1772 cables to 

connect directly with the PEVs. 

This EVSE fulfills all the standard 

J1772 communication and safety 

requirements. 

3.2.2 EVSE Devices 

 The level 1, trickle charge, 

EVSE does not connect or 

communicate with the PEV 

 

Figure 5: Level 1 EVSE in Operation 
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directly. Each PEV comes with the portable, 120V, trickle-charge cable that plugs into 

standard household 120V plug (NEMA 5-15). The other end of the trickle charge cable has a 

standard PEV charging plug (SAE 1772) plug that connects to the PEV. On the cable, in 

between these two plugs, is a box that contains the electronics required to communicate with 

the PEV and initiate the charging protocol. The electronics in the cable box automatically 

initializes the charging protocol whenever power is provided to the 120V plug, and disengages 

when power is removed. Therefore, the action of this cable can be ignored and when power is 

provided to the cable, it can be considered provided directly to the PEV. When multiplexing 

power to PEVs connected through these cables, if a PEV is plugged in to the outlet, charging 

can be started and terminated by simply providing and removing power from the outlet. 

The level 1 multiplexing EVSE for current implementation consists of a box with 4 outlets 

attached to the outside where 

customers can plug in the 120V PEV 

portable trickle-charge cable (see 

Figure 5). Above each of 4 outlets there 

is an indicator light that indicates 

which outlet is provided power. There 

is a fifth light that indicates whether or 

not the charging box has power and is 

in service. Inside the box, there are 4 

relays as seen in the wiring diagram 

(see Figure 6). Each relay has metering 

capability and is can both turn the 

power on and off to each outlet and 

 

Figure 6: Level 1 EVSE Wiring Diagram 
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measure the current to ensure that the device is truly off. A router inside the box 

communicates between relay/meters and the control server.   

 The main function of multiplexing is to share the available power among multiple 

PEVs. Since the level one box does not communicate directly with the PEV, the amount of 

power that a PEV pulls cannot be controlled. Therefore, to ensure that the circuit does not 

overload, the control algorithms dictate that only one PEV (at a time) can charge per circuit. 

A redundant system first turns off the power to any charging PEV, and then checks the current 

flowing through each relay to ensure that no current is flowing before proceeding to engage 

power to the next PEV in the queue. This redundant system ensures that the circuit is never 

overloaded. Because software controls the turning off and on the charging, many different 

algorithms can be explored for scheduling the PEV charging. These algorithms can take into 

account time of arrival, state of charge, end charge time, grid stability, price and any other 

factor relevant to PEV charge scheduling. 

 The multiplexing J1772 EVSE (Figure 7) must incorporate all the J1772 standards, 

cables, and protocols. In 

addition, it must connect 

multiple PEVs at once and 

safely provide optimal 

charging. To accomplish this, 

the J1772 charging device 

incorporates all of the 

capabilities of the trickle 

charger including the 

communication router, 4 relays 

  

 Figure 7: Level 2 J1772 EVSE in Operation [1] 
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for control power and electrical metering. Furthermore, it includes systems that 

communicate with the PEV to let the PEV know it is connected and how much power is 

available, shut power off if the cable is disconnected, and provides ground fault protection 

(GFCI) capabilities that shut power off if a fault is detected. A wiring diagram and a picture of 

the insides of the J1772 multiplexing EVSE is shown are shown in Figure 8 and Figure 9 

respectively.  

The J1772 standard was developed to provide a high level of consumer safety. The standard 

requires that no part of the interface between the charging station and the PEV should be 

electrified until the charge cable has been properly connected to the PEV – a precaution 

against the possibility of the 

user getting shocked. The 

PEV can detect the presence 

of the J1772 connector and 

the charging device can 

detect the presence of the 

PEV. Only when a J1772 

cable is connected does the 

charge procedure begin, and 

only after the charge 

procedure has started is the 

cable electrified. If the 

cable is disconnected while 

charging, the PEV and the 

EVSE will immediately 
        Figure 8: J1772 EVSE Wiring Diagram 
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detect the change in state and disconnect power to the cables at their respective ends 

thereby de-energizing the cables and rendering them safe.  

A pilot signal is used to allow communication between the PEV and EVSE. The pilot signal is in 

the form of a PWM signal created by the EVSE. Both the PEV and the EVSE can detect changes 

in the pilot signal. When no PEV is connected to the EVSE, the EVSE detects no changes to the 

pilot signal. When the J1772 cable is plugged into the PEV, a circuit in the PEV creates a 

resistance between the pilot signal and ground that changes the amplitude of the square 

wave. This change in amplitude signals to the EVSE that an PEV is present. In order to begin 

charging, the EVSE energizes the charge cable and changes the duty cycle of the PWM signal 

to indicate to the PEV the amount of power available. Only once the PEV receives this 

information, does it activate its charging equipment to begin charging.  

The J1772 charger must shut down if a ground fault is detected. A ground fault is any stray 

current that is not passing through one of the power conductors. This current needs to ground 

somewhere; and potentially passing through a person poses a severe danger. Any difference in 

current through the two power conductors is a danger that is prevented by the ground fault 

circuit interrupter (GFCI).  The GFCI 

detects a difference in the two 

conductors and quickly shuts off the 

power. This is accomplished in the 

J1772 box with a current 

transformer that outputs a small 

voltage in proportion to the current 

difference in the two hot wires. The 

voltage is then amplified and used 

 

Figure 9: Inside the J1772 EVSE 
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to shut down the coil voltage to the power relay, shutting off power the PEV [7]. 

3.2.3 EVSE Device Configurations 

With the average commute of 12.6 miles [47], and a Nissan Leaf getting 29kWh/100mi [48], 

the energy required to recharge the PEV after the average commute is 3.7kWh. A dedicated, 

30A (40A peak), 240V circuit supplying a level 2 charger can supply 7.2kW of power, which 

will translate into 6.6kW going into the battery after inefficiency losses. In this scenario, the 

average commuter’s PEV can be recharged in a little over ½ an hour. With 4 PEVs sharing the 

circuit, it only takes 2 hours to recharge all the PEVs. If the average commuter will stay at 

work for 8 hours, the circuit will provide much more power than what will be require to 

satisfy the customer. Not all situations have the same criteria; therefore, in order to 

optimally serve the customer’s requirements within the limits of the grid resources, both 

EVSEs can be configured to work with different constraints depending on the available grid 

resources and charge requirements. A few scenarios will demonstrate the flexibility with 

which this system can be configured to suit a given situation. 

 Installations at malls or other public places where the commute may be longer than average 

and the PEVs may be parked for shorter periods of time; sharing a 30A circuit may not fulfill 

the customer’s requirements. If the level 2 EVSE has a 120A circuit, all 4 PEVs can charge at 

full 30A each. If many chargers with this setup are connected to a single transformer, than 

the transformer could be a bottle neck. If each PEV charges at 7.2kW, than a 100kVA 

transformer can handle a maximum of 13 of these. In this scenario, a group of 4 or more 

EVSEs, with 16 or more charge points can charge the first 13 PEVs that arrive at maximum 

charging speed. The control system can run algorithms that limit the power consumed by the 

EVSEs as a group by putting the 14th PEV into a queue or lower the power allotment for the 

other PEVs to provide power to the 14th. 
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If splitting1.5kW (120V, 12.5A) 4 ways with the level 1 EVSE does not satisfy the given set of 

power requirements, then the EVSE can be configured to split 2 120V circuits between the 4 

charge points. This leaves each circuit to be shared by only 2 plug points averaging 0.75kW 

each. If a 1.5kW level 1 circuit is too much power for 4 PEVs, such as at airport parking lots 

where PEVs may stay for long periods of time, multiple EVSEs may be safely connected to one 

circuit. The average charge required will determine the optimal number of PEV plug points to 

circuit. A 1.5kW circuit can deliver 36kWh/day and 252kWh/wk. Since a Nissan Leaf’s batter 

capacity is 24kWh, a 1.5kW circuit can charge 21 half discharged Leafs in a week. If the 

average parking time is a week, connecting 20 charge points per circuit would be appropriate. 

This would allow a very large number of PEV charge points to be installed without major 

infrastructure upgrades, just a system configuration. The current implementation includes 

many level 1 trickle chargers with 4 charge points connected to one circuit. It also includes a 

number of J1772 chargers, some sharing 1 circuit between 4 PEVs, others sharing 2 circuits 

between 4 PEVs.  

3.2.4 System Network Topology 

In order to provide the above mentioned flexibility, the central control system needs to be 

highly configurable. Because this PEV charging system is network and hardware neutral, its 

controls can be any collection of processing and memory capability whether it is a server, a 

network of computing assets or cloud based. How intelligently the control system manages 

the PEV charging with respect to fairness to the users [6], the stabilizing effects it has on the 

wider grid and amount of money it can save by optimally and dynamically scheduling PEV 

charging is only limited by the capabilities of the software, the computing hardware and the 

network that support it. The system can be set up to aggregate demand and participate in the 

energy market, it can be set up to respond to DR (demand response) signals, or it can focus 
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solely on meeting the customers demand. It also can be configured to work seamlessly with 

any microgrid controllers. 

There are no constraints on how different local PEV charger controllers communicate with 

each other. The network topology between charging systems can be optimized to match the 

given circumstance. These topologies may range from one central controller directly 

controlling all EVSEs, to local networks connected to a more centralized controllers that 

branch together making a tree like topology. The optimal topology depends on the goals of 

the system and how to best interact with the larger grid. There are some opposing 

motivations. A centralized controller may give the network more influence over the larger 

grid, making it a bigger asset in terms of DR and grid control. A centralized controller may not 

be as robust as more localized controllers. Furthermore, a localized controller that directly 

communicates with the local grid may better respond to the local needs of the grid in terms 

of power quality and response to local shortages and outages. The current setup uses one 

central server connected to a network and controls all the EVSEs on the network, regardless 

of where the EVSE is located. New, locally controlled networks will be setup to control 

independent charge systems. In the future, these independent networks could be connected 

with another central controller that allows the larger network that can influence the grid and 

respond to DR signals on mass.  

3.2.5 Scheduling Algorithms 

The basic functions of the control system is to map a PEV (whether it is identified by the 

driver or the vehicle) to a charging station, then schedule and control the PEV charging. Once 

a mapping is implemented, each charge schedule may be customized by the requirements of 

the consumer, the requirements of the PEV charge device, the local circuit or the grid 

requirements. The level of sophistication required for the controller depends on the level of 
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sophistication in which these duties are required to be executed. If all the EVSEs are the 

same, no multiplexing is implemented, and no users or usage is tracked, then the control 

system can be quite simple. This control system would only require a database of similar 

chargers mapped to temporary user IDs, all charging following a single algorithm. If each 

charge point has its own power capacity and rules of use, a more complex system is required. 

These rules of use may depend on what type of multiplexing is being implemented or the 

limits on the local grid. When accounts are used for frequent customers, a database for 

account holders is required. If consumption statistics are needed, a database for consumption 

statistics must be implemented. If higher level of charge scheduling is needed, then more 

intelligent systems can be implemented. These intelligent systems may include forecasting 

and sophisticated algorithms that balance both the grid and user requirements. 

Beyond the critical requirements to keep the power usage within the safety requirements 

dictated by the local circuits, this PEV charging system is neutral concerning the actual 

charge scheduling. Any relevant information can be used to influence any relevant type of 

algorithm to schedule the charging. Charge scheduling could be influence by user demands, 

power prices, and grid requirements in the form of price or DR signals, consumption or the 

availability of alternative energy resources. Highly developed algorithms may use the 

forecasting of all the above conditions to take the charge scheduling to another level. 

Therefore the scheduling algorithms will be constrained by available resources such as 

computing power, bandwidth capacity and data availability.  Given its constraints, the 

algorithms should be customized to meet the local requirements or policies of a particular 

situation.  

More complex charge scheduling may seek to optimize charging to meet different goals. Some 

goals may be to stabilize the grid, some may be to more fully meet consumer demands or to 
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more fully utilize sustainable energy resources such as wind and solar. The optimization may 

be taken into account any collectable and relevant information. There are two general classes 

of information that may influence any charge scheduling, demand information and supply 

information. Demand information includes customer side such as state of battery charge, how 

much charge is required, the urgency in charging, price, priority such as PHEV (plug-in hybrid 

electric vehicle) vs. BEV (battery electric vehicle), and preferences for sustainable energy or 

cheaper price. Supply preferences include all relevant grid power availability and grid 

stability information such as DR signals , spot market price for power, power limits on the 

local transformer, local power quality, and availability of sustainable energy such as wind and 

solar. In predictive models, weather predictions may be used to predict demand so that 

charging can be optimized to avoid charging during peak consumption. Because the control 

system is network neutral, it can gather this information by whatever communication method 

it is available, and use it to implement any desired optimal scheduling. 

In the current deployment the server not only keeps a database of account holders to allow 

login in and charging, but tracks their usage such as connect time, leave time, amount of 

power used, weather the PEV was fully charged, and the amount of current the PEV used over 

time. The charging algorithms for the PEVs are a simple round robin algorithm for the level 1 

chargers that work on a first come first serve basis, and a current sharing algorithm for the 

J1772 chargers. As of yet, this system does not take advantage of its capabilities to respond 

to DR signals or participate in energy markets. 

3.2.6 EVSE Charging Infrastructure Conclusion 

In order to meet the need of an ever growing demand for PEV charging infrastructure, a 

software based PEV charging system has been built. It has the ability to optimally schedule 

charging in order to safely maximize the use available grid resources for charging PEVs and 
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thereby maximizing the number of PEVs that can be connected to the grid while enhancing 

grid stability. The charging system consists of a controller connected through the internet to 

purpose built EVSEs that multiplex electrical circuits. The EVSEs allows multiple PEVs to share 

a single circuit and available grid capacity. The control system is both network and hardware 

neutral and can connect to other devices and systems through the internet for data gathering 

and information exchange. Because of this flexibility, the system can grow and change as 

technology changes. Enhancements and improvements continue to be added to WINSmartEVTM 

[46], [49]–[52]. 

Chapter 4 Utility Functions 

4.1 Introduction 

Even though there are studies concerning the nature of range anxiety, there has been little if 

any research on systematically quantifying range anxiety or any other user motivation or 

requirement concerning charging. In order to minimize the overall loss of utility of the users, 

a model is required that can estimate the utility that each user obtains for each unit of 

energy at each time interval. The author has not been able to find such a model in the 

literature. The state of knowledge is not perfect and the utility of the users cannot be known 

for certain. However, a scheduling system can improve overall usefulness even with 

assumptions that are very conservative and can be asserted with some confidence to lie 

within the range of user’s usefulness. A model is proposed that uses all available knowledge 

to create a framework to quantify user’s needs. The author does not assert that this 

framework will perfectly capture the utility of the users, but will attempt to show that using 

the framework in an expert system; a PEV charge schedule that lessens the overall loss of 

utility for all users is produced. With customer feedback and/or a systematic study, the 

framework can be adjusted to improve its ability to reflect the utility of the users and 



36 
 

minimize the loss of utility by the users. The framework will be in the form of a set of utility 

functions that can be combined to model a user’s individually derived usefulness for charging 

a unit of energy.  

The maximum amount of energy that can flow through a circuit is fixed by the voltage and 

the maximum current that the circuit can support. Therefore, sharing a circuit creates a 

bottle neck at that circuit creating an isolated system of clients vying for the limited energy 

that the circuit can provide. Because the number of clients is only a handful, with the basic 

charger only having 4 clients, a market system for controlling allocation is inappropriate. A 

market system based on very few users does not have the smoothing and stabilizing effect of 

averaging large numbers with each individual having a very small effect on the overall 

system, but will result in extremely unstable charging as the actions of each user has a very 

significant effect on the available energy in the system. With the default charge scheduling 

for circuit sharing, the amount of energy allocated is already dependent on the uncertainty of 

number of PEVs that arrive and the charging requirements of each. A market controlled 

system will add to this uncertainty the amount of money the other PEVs are willing to pay 

that day. Every charging session each day will be an unpredictable and likely unpleasant 

auction constrained within a market consisting of a small handful of individual participants. In 

order to make charge sharing a more predictable experience and ensure charging is allocated 

where it is needed most while accounting for user’s expectations and sense of fairness, the 

author proposes a more human focused charge scheduling system. This system will use units 

of utility to attempt to quantify user’s needs and expectations, and then schedule charging in 

a way that maximizes overall utility. Here charging utility is defined as the general term for 

the amount of usefulness that a PEV user will obtain from a given amount of the energy from 

charging. Furthermore, the term will be used to denote units of usefulness and will be 

classified into units of needs and units of expectations, which will be combined onto the same 
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scale using weights. By using utility to allocate energy from a human perspective, our 

proposed approach can meet users’ needs and expectations quantifiably better when 

compared to existing scheduling algorithms. 

Before moving forward, it is necessary to clarify the terms used in this dissertation for vehicle 

types. A BEV is a battery electric vehicle that runs solely on the electricity of the on board 

battery that is charged from the grid. A BEV has no backup energy supply, therefore, if the 

battery of a BEV becomes fully depleted, it will cease to function. A PHEV has an onboard 

battery that can be charged from the grid like a BEV; however, it has a secondary energy 

source usually in the form of an internal combustion engine. If a PHEV fully depletes is 

battery, it simply switches to the secondary energy supply and keeps on moving. A PEV is the 

class of vehicles that can take energy from the grid to propel itself and includes both BEV and 

PHEVs. Because BEVs become nonfunctional if the battery gets depleted, they have distinct 

needs that must be accounted for when charging.  

A BEV with 0% SOC is not a means of transportation, but a potential means of transportation. 

If at this point the charging system goes out and the BEV is no longer able to be charged at 

that location, the cost in terms of towing fees, inconvenience of finding alternative means of 

transportation, lost time in dealing with the problem, etc. can result in significant 

inconvenience. Though the chance of the charging system going down may be considered 

remote, many reasons exist for needing to end charge early. These reasons may include 

unexpected change in plans by the user or the arise of an emergency. Leaving early would 

give the BEV less time than expected to charge. Given these possible scenarios, a BEV user 

would have enhanced piece of mind if the BEV has enough charge to reach the next 

destination with a charging opportunity. Further peace of mind may be had if the BEV has 

enough charge to handle any emergencies that may arise. The value of lowering the risk of 
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having a stranded BEV may be difficult to quantify with solid numbers, and the utility of the 

users’ peace of mind knowing that their BEV has enough charge to reach the next destination 

with a charging opportunity may be intangible; however, the needs are real and should be 

addressed. 

There are two separate, incomeasurable (not directly comparable on the same 

measurement), classes of utility, needs based utility and expectations based utility. Needs 

based utility is predicated on the observation that there are real charging needs that BEV 

users have that must be accounted for. These needs depend on many factors including vehicle 

type (BEV or PHEV), SOC of the PEV, and the distance the PEV must travel. The type of PEV 

and the distance that PEV must travel are constants set when the PEV arrives, while SOC is an 

independent variable that changes as the PEV chargers; therefore, needs based utility is 

referred to as SOC dependent utility and is denoted as (���&�. Where & is the SOC and � is the 

plug point where the PEV is connected. Expectations dependent utility based on the charge 

allocation that the user expects, or considers fair, from the length of time that the PEV has 

been plugged in. The independent variable in expectation based utility is time and is referred 

to as time dependent utility denoted as (�/ �
�, where 
 is the time increment. Here it can be 

noted that grid requirement can be considered alongside other users’ needs if the grid is 

considered another client vying for the energy and energy can be apportioned to the grid by 

shutting off charging. This would require the grid requirements such as price and demand 

response signals to be translated into utility values that are directly comparable to the user 

based utility functions.  Given that these utility functions can be used to quantify the actual 

utility value that the clients derive from the energy allocated, and that the values of the 

utility function of the users are not equal at any given point in time, then the total utility 

that all users receive depends on how the energy is apportioned. Therefore, there exist a 

charging or energy allocation schedule that will maximize the total utility of all users. When 
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the utility functions adequately quantify the needs of BEVs to obtain their needed charge, 

maximizing the total utility of all users will help ensure that BEV drivers’ needs are met. 

Through careful scheduling of the allocation of energy resources, the total loss of the 

combined utility of both the PEVs and the grid can be minimized. A scheduling system is 

needed that can minimize the total loss of the combined utility of both the PEVs and the grid 

at each interval in time. And in so doing, minimize the number of BEVs left with insufficient 

charge. 

4.1.1 PEV User Requirements 

When sharing a single power source between multiple PEVs, the amount of battery charge 

obtained does not simply depend on how long the PEV is plugged in, but how long others are 

plugged in and how much energy they require. This makes charging from an energy sharing 

source an unpredictable proposition, making users hesitant to trust the charger to fulfil their 

requirements. BEV vehicle users do not have a backup option when it comes to power. 

Therefore, it is imperative that BEVs should have priority charging over PHEVs. Range anxiety 

is real because, if they do not receive the power they need, they will not be able to make it 

to their next destination with a charging opportunity. This problem may be particularly acute 

for long distance BEV commuters who may depend on a certain amount of charge each day to 

make it home. Even when the charger can supply enough energy for users on average, there 

may be anomalous days where the BEV does not receive the required charge. This can happen 

if all the other PEVs have a more depleted battery than average and take a larger share of the 

available energy resulting in a shortage of energy to fulfil all the demand. 

Other situations that leave PEVs with less than required charge include short days for a single 

PEV or a half-day at work. In a half-day at work, where everyone leaves early because a 

holiday is starting or other such events, there may not be enough time to provide the electric 
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energy to all PEVs. A long distance commuter with a BEV that depends on certain amount of 

energy my not have sufficient charge at that point in time. The user will have to wait until 

the others leave and then wait for the BEV to obtain the required charge before leaving work. 

This can result in a severe inconvenience. Another scenario may be that one user needs to 

leave early, while others plan to stay late. If this scenario takes place with a level 2 charger 

where there is plenty of energy to satisfy all needs, then this will result in unfulfilled 

demand, even though there may be enough energy to fulfil that demand. The unfulfilled 

demand is caused by a lack of prioritizing the charging schedule so that the user that is 

leaving early gets more energy earlier, not the overall lack of energy to fulfill all needs in the 

given charge times.  

When creating a charging schedule, it is important to take into account the distance that the 

PEV can go given the amount of energy in its battery, and the distance it needs to travel. The 

distance a PEV has the capability of driving can be calculated by knowing the SOC (state of 

charge of the battery) and the vehicle model. The distance the PEV needs to travel can be 

obtained by users giving their address when they sign up for an account. If proof of residency 

is not an option, the information could be compared to the level of depletion that the PEV 

comes in each day and then the average distance of the commute can be extrapolated. 

In the future, with next generation PEV charging standards, it is anticipated that SOC will be 

provided to the EVSE by the PEV itself. However, there is currently no straightforward method 

for obtaining the SOC of the battery. If the SOC is known at the time the PEV is plugged in, 

the SOC can be known throughout the charging time by updating the SOC given the energy 

input into the system. Because the WINSmartEVTM EVSEs all have power meters, the amount of 

power that is sent to the PEV can be directly measured and the energy can be taken as the 

integral of the power with respect to time. If the battery capacity and charge efficiency is 
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known, then the incremental change in SOC can be easily calculated. The main difficulty is 

obtaining the initial SOC. Here we will note two ways that can be used alone or in 

combination to obtain the initial SOC. The first is to ask the PEV user to input the value. It 

may be anticipated that users may not bother to take the time to input this information. The 

lack of incentive to input the current SOC may be penalized by prioritizing all PEVs that don’t 

input SOC data as low priority. The second way to obtain the SOC of the PEV is to predict it 

from the PEVs charge history.  

Obtaining information on a PEV’s leave time may be difficult. This may be information that 

the user may not know and may not bother, or as with SOC at plug in time, the users may not 

take the time to input the information into the system. However, a schedule that attempts to 

divide up the energy in terms of charge time needs some sort of estimation on when the PEV 

will leave. Therefore, if the user does not input the data, the data must be estimated. 

How long the PEV has been plugged in is obtained by starting a timer when a given PEV plugs 

in. Users who have been plugged in long and obtain very little to no energy may feel like they 

were cheated or have wasted their time. Therefore, it is important to ensure that time 

waiting without charging is taken into account when creating the charging schedule. 

Additional flexibility toward customers’ needs can be obtained by allowing for a limited 

number of special requests, such as a need to leave early with extra energy. This could be 

important for a BEV that needs to make a special trip that is not part of the everyday 

charging. If there is enough extra energy in terms of charge time in the schedule, a special 

request may be met without inconveniencing others. Depending on the amount of flexibility 

in the schedule, this type of special request could be extended to PHEVs also. 

4.1.2 Approach to Solution for User Utility: Variation on Physical Programming 
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As stated previously, this research is focused on scheduling energy allocation under constrain 

energy conditions given multiple conflicting objectives. There are many broad objectives that 

can be considered, including: balancing charge allocation vs stay time, prioritizing BEVs 

ability to reach their next destination and thereby limiting range anxiety, accounting for 

ability of PHEVs to reach their next destination with a charging opportunity in order to 

minimize fuel consumption, accommodating special user requests, and responding to demand 

response (DR) signals from the grid. In a limited energy situation, giving to one objective 

implies taking from another (a zero sum game). There is a need to account for all the 

objectives concurrently and finding a balanced optimal solution that maximizes the overall 

utility for the users and the grid. Multi-objective optimization is a method that can find an 

optimal solution with multiple conflicting objectives. 

Physical programming uses a software module to model the behavior of the system in order to 

find the optimal solution. Instead of using weights that have to be constantly adjusted, 

Physical Programming uses functions to directly model the system. Because charge scheduling 

is a dynamic process that must be updated on a regular basis with ever changing input 

parameters, adjusting weights every time the parameters change is not feasible. However, 

physical programming forces the design parameters onto a new independent variable that will 

cause PEV charging to lose much detail required to find the best solution. Therefore, a 

compromise approach is proposed. 

Like Physical programming, this more direct approach will attempt to describe the physical 

system in detail. However, here utility functions will replace a software module. Instead of 

forcing the parameters onto new independent variables, this compromise approach uses the 

independent variables of state of charge (SOC) and time that are apropriate for PEV charging. 
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Known boundary conditions and direct comparison are used to transform requirement 

parameters into equivalent utility functions. 

 Method for creating utility functions is as follows: 

1) Break down objectives into basic components 

2) Develop function for each component 

3) Find known boundary conditions 

4) Use direct comparison to find remaining boundary conditions and curvature of utility 

function 

5) Limit hard objectives to physical constraints 

6) Sum component utility functions into utility functions 

This method for finding utility functions will be implemented later. 

4.1.3 Demand Response Requirements 

The goal of this research also includes accounting for grid requirements while scheduling PEV 

charging under constrained energy conditions. The problem is energy sharing and demand 

response count on the same excess energy capacity in the electrical network to function. 

Demand Response (DR) requires circuit idle time for shifting peak loads, such as shifting air 

conditioning from 12pm to 2pm, shifting the dishwasher running from 5pm to midnight, or PEV 

charging from 6pm to 2am. Circuit sharing schedules as many PEV charge schedules onto one 

circuit as feasible. This leaves little if any excess energy capacity for DR. Therefore, energy 

sharing actually diminishes the possibility of using DR to increase elasticity in the electrical 

market.  

Understanding the circuit as a bottle neck for energy sharing is critical when considering PEV 

charging in conjunction with demand response. Because of the bottle neck, energy allocation 



44 
 

is a zero sum game. This research will look carefully at accounting for grid requirements and 

extracting the maximum amount of elasticity from power sharing that is feasible – enabling 

the PEV charging scheduler to be responsive to grid requirements while ensuring user 

requirements are being fulfilled. The fundamental problem  is determining what threshold 

does DR and price signal override the needs of the PEV in queue with the most needs/highest 

priority  -  i.e. who has priority: stressed grid or stressed consumer? It is possible to calculate 

some equivalent points such as the point when it is cheaper for a PHEV to burn gasoline than 

to buy electricity from the grid. Other equivalent points must be estimated or inferred. 

The type of reaction the PEV charge scheduling system should have to a DR signal is very 

much dependent on the received signal. Ideally, the PEV charge scheduler will be able to 

react to any DR signal. However, for this research we will focus on specific reactions to 

specific DR signals. The critical decision is prioritizing the importance of user or grid 

requirements, and subsequently deciding whether to react to the DR signal. For discrete 

allocation, the reaction would be to either stop charging or not. Once that decision to 

respond to a DR signal is made, then the charging schedule must be updated with a DR start 

and stop time so that the charging schedule can be rearrange around the decision. 

For continuous allocation, reaction space could be in ranges such as a piecewise function. 

When the DR signal is less than a threshold, it is ignored. When it gets above the threshold, it 

competes with the rest of the PEVs for the allocation of energy. It is also important that the 

grid have the ability to swamp the other requirements to shut off all charging in cases of 

emergency. Implementation possibilities include using a second threshold, a nonlinear 

function, or a linear function where the grid utility function has the capacity to swamp the 

PEV user utility value in order to shut down their consumption. 
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The testbed will be using the price signal from California ISO as the DR signal; therefore, this 

dissertation will consider DR in terms of a price signal. In dispatchable DR (demand response 

requests directly controlled by the grid operator) mode, the price signal over a threshold can 

be considered critical peak pricing (CPP) and react accordingly. With critical peak pricing the 

decision parameters are clear. The total value charging priority the PEVs can be converted 

into a monetary value and compared directly to the CPP. For discrete allocation, if the CPP is 

higher than the highest value of the charging PEVs, then demand response will take place. 

Otherwise, the CPP signal will be ignored.  In this sense, demand response is binary; either 

ignore the grid, or respond to it and stop charging. For shared allocation, methods for 

creating a charge allocation schedule from the DR signal is not as straight forward. Demand 

response will be discussed further in section 4.4. 

4.1.4 Introduction to Charge Scheduling System Model (Utility Functions) 

In order to minimize the overall loss of utility of the users, a model is required that can 

estimate the utility that each user obtains for each unit of energy at each time interval. Some 

components of utility functions can be calculated, others can be obtained by creating a 

function that can conservatively model the given aspect of a user’s needs. This is done by 

asking, “if the system goes out, or the user needs to leave now, how much inconvenience is 

there with the current SOC?” For example, if a BEV plugs in with 0% SOC, and the system goes 

down, the users choices are limited and painful. The inconvenience could be many tens if not 

hundreds of dollars in towing fees, lost time moving the car, finding alternative means of 

transportation, etc.  Given the extreme inconvenience that 0% SOC will mean to a user, by 

choosing even modest inconvenience value for utility functions that are an order of 

magnitude less than estimated, the values would be plenty large enough to ensure that the 

given PEV is given priority when creating a charging allocation schedule.  
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The set of all utility functions that will be considered in this model can be divided into two 

distinct and incomeasurable classes, SOC dependent utility functions that include the users’ 

requirements and time dependent utility functions that include the users’ expectations. The 

user’s requirements are determined by the SOC of the PEV’s battery in order to fulfil the 

user’s transportation needs. Expectations relate to how much charge a PEV has received 

during the time that the PEV was plugged in. If a PEV has been plugged into the charger all 

day and has received little to no charge, the user will have wasted time and effort. This may 

cause the user to get discouraged and quit using the charging service. If users are aware of 

how much charge others have received, the users may feel slighted or cheated out of their 

fair share of energy if users don’t receive expected energy. In order to encourage the 

acceptance of energy sharing technology, it is imperative to manage the users’ SOC 

dependent requirements and the users’ time dependent expectations. 

This chapter will first define the component utility functions and grid requirements 

individually, then combine them into composite utility functions of total SOC based utility, 

(���&� and total time based utility, (���&�. The two composite utility functions along with the 

grid requirements will be combined within the scheduling system using weights. The weights 

are a design parameter that can be chosen by the application administrator. The weights 

determine relative emphasis on users’ needs, expectations or grid requirements. 

4.2 SOC Dependent Energy Allocation 

4.2.1 Distance Dependent Utility Functions 

If the PHEV with 0% SOC does not obtain charge for any given reason, the loss of utility can be 

calculated as the difference between the cost of running the gas engine vs driving home on 

electrical energy. On the other hand, if a BEV with a 0% SOC does not charge for such reasons 

as the charger becomes completely inoperable or the local electrical grid goes down for a 
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number of days, the cost to the user can be quite significant. First, a tow truck may need to 

be called to move the EV to another charger, to a fast charger or home. Even 5 miles of 

electricity may get the EV to an operable charger. A much more likely scenario is the PEV 

must leave for home early and doesn’t have energy in the battery to get home. The added 

utility for charge a BEV at 0% charge is much more than for a PHEV and the price difference 

between driving on electricity and gas. In order to quantify these SOC dependent utility 

values, 6 component functions will be defined. The six component function will be made up 

of 1 component utility function, (��!)�&�, relevant only for PHEVs, 2 component utility 

functions ((�*+,-! , (.��/�&�) relevant for all PEVs, and 3 component utility functions ((��)/0�&�   
(��!�/�&�   (��1��&� ) relevant for BEVs only. 

The six component utility functions are defined as follows. Users may want to charge because 

of the economic value of the electricity itself. The utility function (�*+,-!
 is defined as the 

price of the electricity. This value will be converted into normalized units of utility. The 

utility function (��!)�&� that is only relevant to PHEVs is the added value a PHEV obtains by 

not having to purchase fuel. The function can be derived directly by calculating the 

difference between the cost of driving to the next EVSE on electricity and the cost of buying 

the fuel required to reach the next EVSE. This model will ignore the intangible benefit a PHEV 

user derives from not having to stop and purchase fuel. Instead this model will incorporate all 

intangible benefits for all PEVs for having extra charge in the battery into (.��/�&�. The 3 

remaining component utility functions attempt to capture the benefit for BEVs obtain from 

charging based on the value derived from the ability to drive a distance. The 3 components 

are: the benefits of being able to drive a short range, (��)/0�&�, to get to alternate EVSE and 

avoid towing if the system goes down; drive a medium range, (��!�/�&�, to being able to reach 

the next destination with a charging opportunity, such as home, with an EVSE; and long range 
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benefit, (��1��&�, of being able to travel beyond the next destination to run errands and 

respond to emergencies if one should arise. 

The utility functions attempt to quantify the value that the users have for charging, it is best 

to begin with the standard economic unit of value, the monetary unit such as the dollar. What 

needs to be quantified is the value per unit of energy. When considering BEVs and the issue 

with not being able to travel a distance because of the SOC of the battery, the actual 

considered utility is not in terms of energy, but in terms of the distance the energy can propel 

the vehicle. Therefore, from the users perspective, utility should be in terms of value per 

additional mile that can be traveled. If the value is in dollars and the distance in miles, then 

the utility functions will be in terms of $/mile. By choosing a standard PEV designated as PEV 

% and using it as a conversion standard, all the above utility functions can be converted into a 

standard $/mile. This will allow for all the SOC dependent functions to be comeasurable and 

be able to be added together. In order to later combine of (���&� and (�/ �
� using weights, 

$/mile must be converted into normalized units of utility. 

Let �! be the price of electricity in $/kWh and �� be the price of fuel in $/g. Given the set of 

� PEVs that charge at a given EVSE, for PEV � let ;!,� be the electrical efficiency in 

kWh/100miles and ;�,� be the fuel efficiencies in miles/gallon, and l� be its usable battery 

capacity kWh.  With this information, two utility functions can be obtained directly. The first 

function is simply the value of the energy in the battery. This model uses the price of 

electricity as its value. By using the efficiency of standard PEV %, the utility value can be 

restated in $/mile. 

 (�* = �!;!,� 
(4.1) 
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Because the utility function is stated in terms of $/miles, it can be directly compared with 

the other SOC based utility functions. In order to combine the multiple objectives of (���&� 
and (�/ �
� using weights, the component functions must be nondimensionalized: 

 (�*+,-! = ���!;!,� 
(4.2) 

Where �� is the nondimensionalizing constant that removes the unites from the function. 

The PHEV charging function (��!)�&� can be quantified from feasibly obtainable information. 

Until the PHEV has enough energy to drive the distance to the next charging destination with 

a charger, it must use fuel to drive the shortfall distance. The price of fuel may be much 

more than the price of electricity that is required to travel a given distance. Based solely on 

the price differential, PHEV drivers may derive utility from charging. Therefore, the 

component utility for PHEVs, (��!)�&�, should include any extra cost of driving on fuel instead 

of electricity: 

The distance D��s� that PEV �  goes on s charge can be stated as follows: 

The function, (��!)�&�, is a 3 part piecewise function dependent on the distance that can be 

traveled given the SOC. The first piece of the function calculates the value of charging for a 

PHEV that does not have enough energy in its battery to reach its next destination. In this 

case, the value to charge is the extra cost, �n,�, of driving on fuel. Once it may be possible to 

reach the next destination on electricity alone, the value to charge decreases. This is 

 "#,� = �#/η#,� − �p;!,� 
(4.3) 

 ���s� = sb� /�100;!,�� (4.4) 
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described by the second part of the function linearly decreasing to zero over a chosen 

distance �� (fade distance for fuel utility). The third part of the function is zero once the 

PHEV is able to reach its next destination. As stated above, the standard PEV is PEV %. The 

following equations are a summary of (��!)�&�, where the SOC is defined in terms of driving 

distance.  

Where ��,� is the estimated distance the PEV has to drive to reach the next destination. 

The rest of the functions, including the second of two functions for all PEVs and the 3 utility 

functions for BEVs only, attempt to quantify the wants and needs of the users. The users’ 

wants and needs for charging are modeled as exponential decay functions that decay with the 

decreasing distance that the PEV can travel on the energy in the battery. The functions are 

all of the form: 

Where �, is the initial value and 
, is the decay rate. 

The second function, (.��/�&�, incorporates all the intangible benefits that PEV users derive 

from additional SOC. Regardless of other factors, it is assumed that all users want to charge 

until full and they want to charge more when the battery is close to empty and less when it is 

close to full. Therefore, it is a monotonically decreasing function and will be modeled as an 

exponential decay function. This utility function is the least critical, tangible and 

quantifiable, but should not be ignored because it does reflect the users’ wants. However, 

 (FADq�&� = ��
rst
su "f,�      JF ���&� <  ��,�"f,� + "f,��F y��,� − ���&�z  JF �{,� < ���&� <  ��,� + �F0    JF ���,� + �F� < ���&�  (4.5) 

 (�, �&� =  �,D|�/�P}}�~� (4.6) 
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rather than attempt to quantify this function, the constants will be given modest initial 

values that can be adjusted according to the operators preference. This utility function keeps 

the form above and is modeled as follows: 

Where �� is the chosen value that quantifies how much the users want to charge when the 

battery is at 0% SOC and 
� is the chosen decay rate as SOC goes to 100%. Since the 

comparison is between 0% and 100% SOC, initial 
� is set to 1 so that �� at 0% SOC decays to 

��/D at 100% SOC. The desire to have a full battery should be much less than the benefit of 

charge a PHEV; therefore, the initial value for �� will be set to ����,�/D: 

 (.��/�&� =  ����,�D|P|�/�P}}� (4.8) 

The last 3 utility functions attempt to capture the charging requirements unique to BEVs and 

their inability to burn fuel as a backup system. They are modeled in terms of distance, ��,�, 

that BEV � can drive on a given charge. They follow the decay function of (�, �&� as shown 

above with additional terms that reflect battery capacity b�  and efficiency ;!,� of the PEV to 

turn SOC of the battery into miles driven. The utility functions decay over the distance ��,�. 

Therefore 
, = ��,� ;!,�/b�  resulting in utility functions of the form: 

 (���&� =  ��D|���� /�P}}��,� ��,�� (4.9) 

Where �� is the initial value that will be redefined below. The BEV can drive the distance ��,� 

before (���&� drops to ��/e. The first function considers the utility of being able to make it a 

distance ��,� to an alternative EVSE if needed. This value would be set by the operator. The 

 (.��/�&� =  ��D|�/�P}}��� (4.7) 
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second function considers the value of making it the distance, ��,�, to the next destination 

with a charging opportunity (home). The third function considers the value of being able to 

drive the distance ��,� = ��,� + ��!1���,� . Where ��!1���,�  is a chosen distance that will 

reflect a distance a user may want to travel for errands and emergencies beyond the next 

destination. 

As shown above, the monetary value of the difference between running a PHEV on electricity 

vs burning fuel, "�,� can be directly calculated and is the maximum value of U#�pg�s�. In order 

to create a standardized system where the utility functions are easily compared, the BEV 

utility functions will decay to "#,�  over the given charge distance for the standard PHEV %. 

The functions decay by 1/e to match P#,� at each given distance. Therefore, for each utility 

function, �� = ��"#,�. Following are the resulting BEV utility functions: 

 (��)/0�&� =  ��"#,�DP|���� /�P}}��,� ��,�� (4.10) 

 (��!�/�&� =  ��"#,�DP|���� /�P}}��,���,�� (4.11) 

 (��1��&� =  ��"#,�DP|���� /�P}}��,� ���� (4.12) 

Total SOC dependent utility depends on the PEV type. 

 (���&� = � (�*+,-! + (.��/ + (��!)  F�� "���(�*+,-!  + (.��/ + (��)/0 + (��!�/ + (��1�  F�� ��� 
(4.13) 
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Figure 10 Total SOC utility for Volt, Leaf and Model S each with a given battery capacity in kWh. The distances 
are set as 5 mi for alternative EVSE, 13 mi for next destination and 10 for distance beyond next destination. 

4.2.2 Determining Current SOC 

Determining the state of charge of the battery may not be straight forward. If an accurate 

measurement giving accurate data is available, then no determining is needed. However, the 

J1772 standard for EVSE to BEV communication does not currently have a method for 

transmitting the SOC data. Therefore, a method to determine the SOC must be developed. 

This project uses an estimate and increment method. In this method, the estimated initial 

SOC, &}, is obtained at the time of the PEVs arrival. This can be obtained by asking the user 

the current SOC. If the  user doesn’t input the information, the SOC can be estimated based 

on previous data. If the PEV has charged at the same place before, and stayed until it was 

fully charged, the arrival SOC can be determined by subtracting the energy allocated to the 

PEV from the battery capacity. If there is no previous data, then a default value for the initial 

SOC can be assigned. The default value should be high enough so that the BEV has very little 
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if any advantage in charging as compared to a PHEV. This is based on the assumption that if 

the BEV user was distressed about the SOC level, the users would have made the effort to 

input the information.    

In order to increment the SOC of a PEV, the PEVs battery capacity and charging efficiency is 

required.  

 &��, = ���;-,�b�  
(4.14) 

Where &��,  is the incremental SOC for PEV � at time increment 
, ��� is the energy allocated 

to PEV � during time increment k, ;-,� is the charging efficiency and b�  is the usable battery 

capacity of PEV �. 

The energy allocated is determined as follows: 

 ��� = 6��"-'� 
(4.15) 

Where 6�� is the proportion of energy allocated to PEV �, "- is the power capacity of the 

circuit, '� is the length of the time increment 
 and is set here to 15 minutes, and ;-,� is the 

charging efficiency of the battery.  

 

The SOC, &��, for PEV � at time increment 
, can be determined as follows: 

 &�� = &�} + M &��,�
�O}  

(4.16) 

Where &�} is the starting SOC at time t=0. Given the previous SOC, the current SOC is given as 

follows: 
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 &����P� = &�� + &,,�� 
(4.17) 

 &����P� = &�� + 6��"-'�;-,�b�  
(4.18) 

4.3 Time Dependent Energy Allocation 

If transparency is assumed so that all users can see the total energy allocated to the different 

PEVs, the author pose that the users expectations can be classified into two categories 

referred to here as equal sharing and fair allocation. First, a more competitive perspective is 

the user expects to receive an equal share of energy allocated during the time the PEV is 

plugged in. If only one user is plugged in, that user will of course receive all the energy, when 

a second user arrives, the first user will receive half the energy, the other half going to the 

new arriver, and one third of the energy will go to each user when a third PEV arrives, and so 

on. This method can be summed up as sharing the energy equally among the PEVs that are 

available to charge during the given time increment. This dissertation will refer to this type 

of fairness as incrementally equal sharing or just equal sharing.  Another way to view fairness 

is the equality of average power. If E is the energy allocated over a time T: 

 P2�� = E/' 
(4.19) 

Where E is the energy allocated over time '. This definition would attempt to make the 

average power for each PEV at its leave time equal to the average power of all the ether PEVs 

at their individual leave time. Later it will be shown that equal average power can be achieve 

by equalizing average allocation, therefore, this type of fairness will be referred to as fair 

allocation. 
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With SOC dependent utility, the current SOC contains all the relevant charge information 

from the past so that the SOC utility function is in itself complete. However, time dependent 

utility functions calculate the incremental utility for the given time increment only. It needs 

to be added to the previous total to give the current total time based utility that will affect 

the current schedule.  

4.3.1 Incremental Equal Share 

The equal share approach to fairness is straight forward to implement. At each increment of 

time the energy is simply divided equally between all users that are ready to charge. Let the 

time horizon have 	 discrete increments of 
 each of '� minutes. For each time increment 
, 

let the number of PEVs that are plugged in at each time increment be ��, and proportion of 

the circuit’s available power that is allocated to PEV � be 6��. If constant voltage is assumed 

for the time increment 
, then 6�� is also the proportion of current allocated to PEV �. If 

current is fixed for the entire time increment 
, then 6�� is also the proportion energy 

allocated to PEV �.  If the energy is to be divided equally between users, then each user 

should be given an equal share proportional to 
PN�. This proportion will be referred to here as 

the equal share proportion. Equal share is defined as dividing the energy equally between the 

PEVs, so the actual allocation proportion, 6��, should be the equal share proportion: 

 6���
� = 1�� 
(4.20) 

Utility functions for incremental equal share and uniform average power need to allocate 

utility in order to push the schedule to more closely meet its criteria. In this dissertation 

charging priority is assigned based on size of the utility value each user has. Larger positive 

values result in higher priority. Therefore, if a PEV is allocated less energy than a given 

criteria, positive utility is allocated giving it more energy allocation priority in the future. If it 
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is allocated more energy than required to meet the criteria for the given PEV, then negative 

utility is allocated. Therefore, the equal share function tracks the error between actual 

allocation and the equal share proportion: 

 (�!���)�
� = 1�� − 6�� 
(4.21) 

Where (�!���)�
� is the equal share utility for PEV � during time increment 
. When each PEV 

is given an equal share, utility is zero. When a PEV is allocated less than the equal share 

proportion, the utility is positive, giving the PEV a higher allocation priority in the future. If 

the PEV is allocated more than the equal share proportion, then the utility is negative and the 

PEV will have a lower priority in the future.  

4.3.2 Fair energy allocation 

Fair energy allocation is much less straight forward. To begin with, it is not obvious at what 

point in time P2�� should be minimized. If complete knowledge of when users will leave is 

known, the equal charge ratio may be imposed for all PEVs at the time that they leave, e.g. if 

one PEV leaves and 1pm, and the other leaves at 5pm, at those leave times, each user will 

have the same average power. This may mean that the second PEV doesn’t start charging 

until after the first one leaves. This goal can be achieved in a global optimization scheduling 

system by minimizing the variance of the average power for the entire schedule. However, 

there are a number of problems with this approach. First, knowledge of the future cannot be 

known for certain. Second, a real implementation of scheduling will likely be a time 

incremental calculations moving forward from start time to end time. The actual criterion of 

for average power at leave time is: 

 P�,� = E�/'�,� 
(4.22) 
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Where P�,� is the average power allocated to PEV �, E� is the total energy allocated to PEV � 

for its entire stay time, '�,�. The problem is the criteria has stay time in the denominator. 

Since the schedule is calculated forward from zero stay time, P�,� begins as undefined and 

then once defined, stay time is very small making P�,� unstable as incremental changes to stay 

time and allocations result in large changes to P�,�. The will result in very unstable schedule 

when attempting to make P�,� equal for all PEVs. This instability may be mitigated by 

calculating P�,� at leave time and then calculate the schedule backwards in time to the 

beginning of the schedule. A more appropriate approach to implement fair charging in a 

moving horizon model is to have a criterion that will allocate energy so that the resulting 

schedule will move toward fairness. The weightings can be compared to P�,� calculated from a 

completed schedule and adjusted as needed for the next iteration. This method will be 

developed below as a utility function. 

By definition: 

 E = � P�t���?
?�  

(4.23) 

Since the model developed in this dissertation is in discrete time with time increments 
 of 

size '� minutes, energy must be expressed using summation notation. Let "� be the power 

allocated to all users during time k. Note that in discrete time, the power allocation must be 

constant, or the term P� must be the average power allocated during time '�. The energy 

equation is now defined as: 

 E = M P��
�OP '� 

(4.24) 
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Let P- be the power in the circuit that is available to be allocated to the PEVs (referred to 

here as available power). For simplification, assume P- is constant. Let 	�,� be the number of 

stay time increments of PEV �. As stated above, 6�� is the proportion of that power allocated 

to PEV �. Therefore: 

 P�,� = 6��P- (4.25) 

Where P�,� is the power allocated to PEV � at time increment 
. By plugging equation (4.25) 

into equation (4.24), total energy for each PEV can be calculated.  

 E� = M 6����,�
�OP P-'� 

(4.26) 

Where E� is the allocated energy to PEV � for its entire stay time.  

Since the size of the time increment and the power capacity in the circuit are constant: 

 E� = P-'� M 6�� ¡,�
�OP  

(4.27) 

Total time is the size of the time increment multiplied by the number of times increments 

making total stay time:  

 '�,� = 	�,�'� 
(4.28) 

Divide both sides by stay time. 

 E�'�,� = P-'�'�,� M 6�� ¡,�
�OP  

(4.29) 
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Plugging equation (4.22) in the left hand side of (4.30) and (4.28) on the right, the average 

power allocates to PEV � over its entire stay time: 

 P2,� = P-'� ∑ 6�� ¡,��OPK¤,�'�  
(4.30) 

Divide both sides by "- and cancel '�: 

 "�,�P- = ∑ 6�� ¡,��OPK¤,�  
(4.31) 

Here define the average allocation ω�,� for a give PEV � as the average power divide by the 

available power "-. 

 ω�,� = "�,�P-  
(4.32) 

Therefore: 

 ω�,� = ∑ 6�� ¡,��OPK¤,�  
(4.33) 

Now equality of average power can be achieved by equality of average allocation. This type 

of fairness attempts to ensure that each user receives the same amount of energy per unit 

time plugged on a given day. Equality of average allocation is achieved if: 

 ω�,� = �2 
(4.34) 

Where �2 is some constant that is the average allocations for each PEV � is the same for all 

PEVs. Now a utility function needs to be developed that attempts a uniform ω�,� for all PEVs. 

Let 	* be a subset of 	 and equal to the number of time increments until all PEVs that are 
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currently plugged in either leave or are fully charged. Assume 	* < 	 and the start and stop 

time for all PEVs is known for the entire time horizon so that �� (the number of PEVs plugged 

in and ready to charge) is known for all  
* ∈ 	*. The mean, �    , of the number of PEVs 

plugged in for the entire time horizon is: 

 �    = 1	* M ���¦
�¦OP  

(4.35) 

In the case where all PEVs start and end the charge session at the same time so that their 

stay times are the same ('�,� = ��,  5ℎD�D �� J& &�KD ���&�H��), the number of PEVs plugged in 

at a given time equals the mean number of PEVs plugged in for the entire session: 

 ��¦ = �     (4.36) 

If energy was allocated according the equal share, the allocation becomes a constant ��: 

 6��§
*¨ = 1�    = �� 
(4.37) 

Take the energy allocation equation from above and replace 6�� in with the constant ��. 

 ω�,� = ∑ �� ¡,��OPK¤,� = K¤,���K¤,�  
(4.38) 

 ω�,� = �2 
(4.34) 

This results in uniform average allocation for all PEVs over all relevant time increments (
*�. 
Therefore, when all PEVs arrive and leave at the same time complete fairness would be 

achieved when energy is allocated equally. This finding demonstrates a method for creating a 

utility function that can be used while incrementally moving forward in time. First implement 
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equal share, then create a utility function that pressures the schedule to allocate energy as if 

all PEVs started charging and ended charging at the same time so that the schedule is more in 

line with uniform average allocation? In other words, start with equal share, then push it 

towards fair allocation. Note that the primary result of all PEVs arriving and leaving at the 

same time is the number of PEVs at each increment in time is equal to the mean number of 

PEVs, ��¦ = �    . Now for the trick: uniform average allocation can be achieved by 

incentivizing the scheduling to replicate ��¦ = �    . This can be done by creating a utility 

function based on the error between �    and ��. Therefore we need to add utility value when 

�� > �     and subtract when �� < �    . This can be done with a simple difference function �� −
�    . 

 A���,+�
� = �� − �     
(4.39) 

The utility function can be normalized so that |�� − �    | ≤ 1. Let ���ª be the maximum 

number of users that can connect to the charger i.e. the number of plugs on the charger. The 

number of PEVs charging are either zero and irrelevant or 1 to ���ª. In order to ensure that 

the fair utility function is normalized simply by divide ���ª-1. Therefore we define fairness 

utility as: 

 (���,+�
� = � 1���ª − 1���� − �    � (4.40) 

Note that �     is the predictive mean number of PEVs that will plug in during the time horizon. 

In a real world implementation, there are some difficulties to consider. Since �     cannot be 

known ahead of time, it must be predicted. The standard predictions of this model are leave 

time for currently plugged in PEVs. As this prediction does not account for PEVs that will plug 

in before all the current ones leave, each missed prediction will be an underestimation of the 



63 
 

actual mean of the plugged in PEVs. Since the scheduling system begins allotting charge 

before all the PEVs arrive, using �     base on predicted leave time will guarantee significant 

low value. Therefore, using predicted meant time to estimate �     is not a good method. 

In future work, the complete prediction for when and how many PEVs come and go may be 

made, in such a scenario, �     can be calculated as the mean number of PEVs plugged in until 

the last one leaves. If this type of predictive model is implemented, the predicted �     could be 

updated as time goes on.  However, if the prediction is updated, the older time based utility 

value will no longer be accurate. The only way to recalculate the utility again is to go back to 

the point where each PEV plugged in and recalculate and aggregate time based utility values. 

This approach may be unnecessarily complex. 

The current approach to prediction does not provide a good method for predicting �    . This 

dissertation does not provide a method to find �    . It is assumed that the traffic at most EVSEs 

will be somewhat regular and assumes that using an consistent �     that always works well 

enough for a given EVSE may be good enough. Therefore, it may be adequate to just choose a 

constant �     that is good enough and use it always. 

4.3.3 Calculating Total Time Utility 

The sum of the time based utility functions at a given time increment is: 

 (�/,�!�
� = 5!(�/,!�
� + 5�(�/,��
� (4.41) 

Where 5! and 5� are the weight for equal share and fair allocation respectively. 

Since the time based utility functions from above only calculate the incremental utility 

values, to obtain the current total utility value for scheduling, it is necessary to ad to current 

time utility to the previous results. 



64 
 

 (�/ �
 + 1� = (�/ �
� + (�/,�!�
� = (�/ �
� + 5!(�/,!�
� + 5�(�/,��
� (4.42) 

Written out completely the time base utility is: 

 (�/ �
 + 1� = (�/ �
� + 5!� 1�� − 6��� + 5�� 1���ª − 1���� − �    � (4.43) 

At this point it is important to note that there is a problem with the fair energy utility 

formulation as presented. At the end of the day when only one PEV is charging, the PEV may 

acquire enough negative utility to stop charging before the PEV has been fully charged. This 

issue can be mitigated by forcing PEVs to charge to the full limitation of the circuit or the 

PEVs ability to receive energy. In this way, PEVs will charge regardless of accumulated utility 

values.  

4.4 Grid Requirements Dependent Energy Allocation 

4.4.1 Approach to Solution for Demand Response 

With non-dispatchable DR (price signal), the only relevant factor is the price. The price that 

will be used will be derived from California ISO spot market price. There is a forecasted and 

day ahead price that can be used to schedule ahead of time. Then the real time price can be 

used to make the final decision whether to charge or stop charging. There are a number of 

choices for deciding how to react to the price signal. If not properly configured, DR signals 

will just rearrange the charging schedule without cutting consumption. 

One approach would be to extend the CPP model described above and have a threshold price 

that will stop all charging. When the threshold price is low, the CPP is completely ignored.  

Another approach would be to include price values into the scheduling function and 

completely eliminate any PEV that is not willing to pay the grid price from consideration for 
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scheduling. When the PEV that will pay the highest price gets outbid by the grid, only then 

will all charging stop. This approach will cause more energy to be given to the PEVs willing to 

pay. When the cost is passed onto the users, they will pay a higher price per unit energy in 

order to obtain more energy. From the grid side, either approach will be perceived as the 

same, when the price reaches a threshold, the PEVs stop charging. 

A third approach would allow DR to act as another user, with the grid price translated into a 

utility function. When the grid price becomes high enough, then the grid wins and charging is 

scheduled around the time slot where the grid price is high. All these approaches and 

combinations thereof will be considered when accounting for grid requirements in the charge 

scheduling system. 

4.4.2 Grid Requirements Utility Function 

There are numerous methods to convey grid requirements to consumers, including pricing 

signals that can be real time or given ahead of time, demand response signals with requests 

to cut consumption a given amount for a given amount of time, and local sensor information 

that can indicate the condition of the gird including voltage and frequency readings. In order 

for the have a commeasurable signal with the rest of the utility functions, a predicted price 

will be used for demand response in this project, and a real time pricing could be added for 

real time control. To create the grid price control utility function, begin with the monetary 

value of the energy for users defined above:  

 (�*+,-! = ���!;!,� (4.44) 

When market equilibrium is assumed, the demand and supply price is the same. In order for 

the grid to have a price as a control, then the demand price must be fixed and the supply 

(grid) price must fluctuate. However, in theory, the demand price should be based on the 
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supply price. The demand price should be some sort of average or moving average grid price. 

Let "��
� be the grid control price at time increment 
. In order to create a utility function 

that is comeasurable with respect to the rest of the utility functions, the price must also be 

put in terms of $/mile for the standard PHEV. Therefore, the grid utility function is defined 

as: 

 (��
� = ��;!,�"��
�  (4.45) 

 

Note that ;!,� does not change, this is the energy efficiency of the standard PHEV, and is used 

for both energy priced based utility functions. 

4.5 Utility Function Discussion 

Once the utility functions are obtained, weighted sums are used to combine time the 

dependent utility function, the SOC dependent utility function and grid utility function. 

 (/�/�) = M 5�(�N
NOP  (4.46) 

 (/�/�) = 5�(���&� + 5/(�/ �
� + 5�(��
� (4.47) 

Where 5�, 5/  and 5� are the weights for (���&�, (�/ �
� and (��
� respectively. 

Once the functions are combined into one overall utility function, then a charge scheduling 

system can be developed. The strategies for translating utility functions into PEV charging 

schedules is distinct for the discrete allocation and continuous allocation. For level one 

chargers, where only one PEV can charge at a time, winner takes all is the obvious solution. 

By whatever criteria that the energy is to be allocated, since only one PEV can charge at a 
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time, there can only be one winner. The obvious solution here is to allocate the energy to the 

PEV with the largest benefit for charging. This method results in a very large overall utility.  

With continuous allocation, the above solution does not apply. One approach for continuous 

allocation would be to allocate the current in proportion to the utility value for charging each 

PEV. In this way users with the highest utility would get the most energy. Problems with this 

approach will be discussed in the simulation section.  

The grid can be considered another user, but there are some caveats. If the grid is given the 

same standing as other users, the circuit may be idled in ways that significantly decrease 

overall utility. This problem could be mitigated by making the grid a unique client that does 

not participate in scheduling until its utility value exceeds a given threshold.  

One requirement that any scheduling system must be met is to allocate as much energy as 

early as possible. This is required because of the inherent unpredictability of the future and 

when new demands will be made. In a global solution that maximizes utility, it may make 

sense to allocate energy later when there is more need. This contradicts the basic idea of 

allocating as much energy as soon as possible. In a global optimization solution, the charging 

as much as soon as possible requirement may be met by moving all idle time as far into the 

future as the constraints allow. This can be achieved by the following procedure. Starting 

with the earliest time increment and moving forward in time, at each increment in time, 

maximize ∑ z�n�¬�OP  by allocating the maximum possible power to PEVs.  

Chapter 5 System Model using Model Predictive Control 

In order to optimize a charge schedule for the entire day, it is imperative the schedule be 

made in advance and updated as necessary. Predicted total stay time is also needed in order 
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to find current time dependent utility. On the other hand, the only information from the past 

that is needed is accumulated SOC and accumulated time dependent utility. Therefore, a 

moving time horizon is needed that starts current time and stretches into the future for a 

predicted stay time. In Model Predictive Control, the predictive time horizon should be 

greater than the open-loop settling time. The open loop settling time for charging PEVs, is 

how long all the PEVs plugged in at a time will have either fully charged or have gone home. 

This settling time may depend on the type of work environment or commuters that determine 

how long a give PEV will stay plugged in, the average commute, the power the circuit can 

provide, and how many PEVs are sharing the circuit. In most cases, the PEVs should be 

charged in 8-12 hours. Note that the time horizon may be application specific. In the case of 

a high number of trickle chargers sharing a circuit at an airport where the users are 

anticipated to be gone for many days, the settling time may be calculated in terms of weeks. 

This dissertation will use a 12 hour time horizon in order to conservatively enclose the settling 

time for charging PEVs at an office or university parking structure. This way, the stay time 

will stretch beyond most individual stay times and likely beyond settling time. A different 

settling time would be needed for fleet vehicles that depend on their usage schedules, etc. 

The time increment also needs to be chosen appropriately to balance the need for granularity 

and the problem of wasting computational resources. In this dissertation, the 12 hour time 

horizon is divided into 48 time increments of 15 minutes each. The problem can be 

formulated as a Model Predictive Control (MPC) problem. This dissertation will discuss a 

number of different methods for solving the problem, including attempts at global 

optimization and direct solutions method of forward and reverse incremental optimization 

that will be discussed later. 

5.1 Introduction to Model Predictive Control 
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Model Predictive Control (Figure 11) is an approach to control design that has been used for 

decades in many industrial applications and has recently been introduced into the power 

industry [53]. It has been proposed specifically to control deferrable loads [54] of which PEV 

charging is an example. It also has been proposed for electric vehicle charging specifically in 

order to improve voltage regulation[55]. The main advantage of predictive control is it allows 

for optimizing the current time increment while accounting for the future. Not only that, it is 

possible to control now in order to achieve certain future outcomes. When it comes to 

charging PEVs, the primary concern is that the users obtain the highest level of satisfaction at 

a future point when they leave. Because users are likely to be unaware of the charge of their 

PEV before they leave and are definitely not experiencing the effect of the charge that they 

receive before departure, when the PEV departs is the relevant point for calculating 

satisfaction. Therefore, it is 

necessary to control events 

currently in order to meet 

future outcomes. MPC is able to 

directly address this 

requirement.  

Before we discuss the 

predictions, it is best to discuss 

what is recorded from the past. The past charging schedule combined with the initial state of 

charge and time of arrival give us the current SOC and the time based utility value for each 

user. With the SOC, the SOC utility value can be calculated from the predefined utility value 

functions. Therefore, in the present we know who is plugged in, the energy allocation, the 

current SOC and time based utility. Looking into the future, the only prediction that is 

needed is leave time for each user. With the estimated leave time for each user, the 

Figure 11: Model Predictive Control [53]. 
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estimated mean number of PEVs plugged in for the time horizon. The predicted leave time is 

needed to determine the time based utility calculation factor and determine the utility each 

PEV will leave with in order to maximize total utility. 

An MPC requires a model of the system in order to predict future control. When charging 

PEVs, the state of charge (SOC) is a significant factor to track and control. This points directly 

to a state space model to describe the charging system. In the following sections, this 

dissertation will attempt to fit the system to an explicit, discrete time, state space model. 

Then the MPC will be defined for the state space model. 

5.2 State Space Model 

The state space representation of a system (see Figure 12) is with two equations, one 

representing the state, and another representing the output of the system [56]. The general 

forms of the equations are: 

 I��� = ®8�}, �, I���, I�0�, A���: (5.1) 

 ¯��� = ℎ8�, I���, A���: (5.2) 

Where, I��� is the state, A��� is the input with � representing time. The charge scheduling 

system in this dissertation is uses discrete time, the system itself is time invariant, and the 

initial state is not required to determine the next state; therefore, the equations above 

reduce to: 

 I�
 − 1� = ®8I�
�, A�
�: (5.3) 

 ¯�
� = ℎ8I�
�, A�
�: (5.4) 
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If the system is linear, there are many methods for solving the state space equations, and the 

MPC solution method has explicit solutions. If the system is linear, if can be written in matrix 

format:  

 I�
 + 1� = °I�
� + �A�
� (5.5) 

 ¯�
� = ±I�
� + �A�
� (5.6) 

Where I is the state vector, ¯ is the output vector and A is the input/control vector. The 

matrix are as follows, A is the state matrix, B is the input matrix and C is the output matrix. 

The feedthrough matrix D will be initially set to zero unless the grid utility is included. Each 

non zero term above is discussed in 

more depth below in an attempt to fit 

the utility based PEV charging model 

to the state space equations. 

In this system there are two factors 

that accumulate as time passes and 

PEVs charge, the SOCs increase and 

the time based utility accumulates. We will use these two factors to determine the state 

I�
�. Then the it follows that the input A�
� is 6��, the power allocation for each PEV. Since 

we use ( for utility, to avoid confusion, this dissertation will keep 6�� as the input and not 

A�
�. The output ¯�
� is the sum of the total utility gained from charging for the given time 

increment.  The SOC based utility functions will be considered first, then the time based 

utility functions. 

5.2.1 SOC Dependent Utility Function 

Figure 12: State pace model with D acting as external noise 
on the output. 
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The state model has two equations that determine the state, the state equation and the 

output equation. For SOC based utility, the SOC is the state. The equation for the SOC is: 

 &����P� = &�� + 6��P'�;-,�l�-  (5.7) 

As discussed before, the power capacity of the circuit, P, that is being allocated is not a 

constant in the real world, voltages fluctuate in the real grid. However, the voltage 

fluctuation should have very little, if any, effect on the short term charge schedule. The size 

of the time increment, '�, may change when a PEV discontinues from engagement with the 

EVSE in mid time increment; however, this only effects the last time increment, not the 

increments being used for scheduling the future. Therefore, the time increment can be 

considered a constant. The charging efficiency, ;-,�, and the battery capacity, b� , are vehicle 

specific constants. Even though each car may be unique and charge efficiency and battery 

capacity may be affected by environmental conditions, for the purpose of charge scheduling, 

they can also be considered constants. If all the constants are combined into one constant l�, 

then the SOC function becomes:  

 &����P� = &�� + l�6�� (5.8) 

Where l� is a constant term defined as: 

 l� = P'�;-,�b�  (5.9) 

The term l� increments the SOC, &, given energy allocation 6. This is a conversion factor from 

power or energy allocation to change is SOC. From energy allocation, change in state of 

charge can be obtained by multiplying the energy allocation with a vehicle specific conversion 

factor. This conversion factor is battery capacity dependent and therefore vehicle type 
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dependent. Given that the vehicle type only changes when the vehicle changes, there is no 

need to pass the vehicle specification for each function call. This information can be 

imbedded into the function when a new vehicle arrives and erased when it leaves. Therefore, 

l� may be a static constant for the duration of the charging event. 

In this mathematical model, there are two simplification assumptions that do not reflect the 

real world. These simplifications are constant grid voltage and fixed time interval. With these 

assumptions, energy allocated can be considered a function of current. This however does not 

reflect the real world of fluctuating grid voltages and interrupted time intervals. In order to 

account for this grid voltage fluctuation, accurate change in SOC requires accounting for the 

energy allocated, not just the allocated current. For most of the time, a fixed time interval is 

a valid assumption. However, when a user arrives or leaves, it is very unlikely for the event to 

happen at exactly the point between time intervals. As PEVs start charging mid interval, or 

others have completed charging mid interval, only part of the time interval will be used. 

Therefore, each event that does not fall on the time interval will leave a non-standard sized 

interval. Treating the non-standard sized interval as a standard sized interval will lead to 

unnecessary accumulation of errors. 

Therefore, when this system is deployed, there must be a way to vary the interval size and 

account for a non-constant voltage. Size can be varied by replacing �
� with �
, q� where �q� is 
the time increment size that defaults to 15 minutes and only changes for circumstances 

where there is an interrupt between time increments. After the interrupt, the time 

increments will restart to default. 

Noted here that there are two modifications to the model that can compensate for 

fluctuating voltage: have the allocation rate refer to power and not current, and add an 

additional control variable to l� to compensate for the fluctuating voltage. Since the sum of 
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allocation cannot be larger than the maximum capacity of the circuit: KHI ∑ 6� = 1. If the 

maximum capacity of the circuit in terms of power included the scenario of increased voltage 

is set to one, then maximum of KHI ∑ 6� = 1 would be at the theoretical voltage peak. When 

voltage is less than peak KHI ∑ 6� < 1. In this way, KHI ∑ 6� ∝  � where � is the real time 

voltage of circuit. Therefore, if the current allocation is kept consistent, the recorded current 

allocation can fluctuate with � such that 6� ∝  �. 

An alternative method for compensating for varying voltage is to introduce another factor 

into l�. By multiplying l� by some a power compensating variable l³, each PEVs allocation 

could be controlled. By allowing r to be the current signal to the PEVs for what they are 

allowed to take, l³ could be the compensating signal to ensure accuracy recording of data to 

model. In this way, "�(t), the real time power readings on plug point � at time � could be 

recorded to the model by controlling l³�,� so that: 

 6���� ∗ l��t� ∗  l³��� = P���� (5.10) 

This may offer a method for real power measurements to be reflected in the accumulated 

SOC. If a charging PEV doesn’t take the full power allocation, l³ may operate as a fast acting 

compensation control variable, while 6� acts as the longer term charge allocation variable. 

However, if there is no need to make each l³,� vary individually, then a single variable l³ 

could multiply the entire l� vector to compensate for voltage fluctuations.   

5.2.2 Time Dependent Utility Function 

The time based utility function is: 

 (�/ �
 + 1� = (�/ �
� + 5!� 1�� − 6��� + 5�� 1���ª − 1���� − �    � (5.11) 
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If �     is chosen for the entire day and is not updated, it a constant. However, even in the 

scenario, that �     is update periodically throughout the day as better data is obtained, during 

the time between the updates it is a constant (as previously noted, updating �     would require 

the update of the aggregated time based utility from the time the first of the current plugged 

in and ready PEVs arrived). A periodically changing constant is still a constant for the sake of 

PEV charging. The maximum number clients for the system, ���ª , is predetermined that does 

not change unless new plug points are added to or removed from the circuit. The number of 

PEVs plugged and ready to charge, N[, at time k is predicted base when the predicted leave 

time for each PEV. The term �� can be pre-calculated and stored in a lookup table and only 

updated given event based changes. The term �� is therefore a constant from the scheduling 

systems perspective. The weights 5! and 5� are chosen constants that are set by the system 

operator.  

The constants of the time utility function can be rearranged and collected as follows: 

 (�/ �
 + 1� = (�/ �
� + 5! 1�� − 5!6�� + 5�� 1���ª − 1���� − �    � (5.12) 

 

 
(�/ �
 + 1� = (�/ �
� − 5!6�� + 5!�� + � 5����ª − 1���� − �    � (5.13) 

Now let: 

 �� = 5!�� + ¶ 5����ª − 1· ��� − �    � (5.14) 

Where �� is an element of the vector ¸ of length 	: 

 ¸ = 8�P, �Y, �¹ … ��: (5.15) 



76 
 

Of the constants that make up the elements of vector ¸, only one, ��, changes as PEVs come 

and go. The rest are either fixed constants set by the EVSE operator (5!, 5��, fixed by the 

EVSE setup (���ª), or may be fixed or calculated independently of the scheduling system 

(�    ). Therefore, upon each charge event when a PEV plugs in, finishes charging or leaves, the 

vector ¸ can be completely calculated and treated as a lookup table.  

Now time based utility becomes: 

 (�/ �
 + 1� = (�/ �
� − 5!6�� + �� (5.16) 

Now the two state functions are: 

 &����P� = &�� + l�6�� (5.17) 

 (�/ �
 + 1� = (�/ �
� − 5!6�� + �� (5.18) 

The state space is made up of two factors, current SOC, &��, and time dependent (�/ �
�. 
These two terms are concatenated in the state vector I�
� as follows: 

They must be concatenated and fit the format: 

 I�
 + 1� = °I�
� + �A�
� + �(k) (5.19) 

 

º»
»»»
¼ &P���P�⋮&N���P�(P/�
 + 1�⋮(N/ �
 + 1�¾¿

¿¿¿
À

=
º»»
»»¼

&P�⋮&N�(P/�
�⋮(N/ �
�¾¿¿
¿¿À +

º»»
»»¼

lP ⋯ 0⋮ ⋱ ⋮0 ⋯ lN−5! ⋯ 0⋮ ⋱ ⋮0 ⋯ −5!¾¿¿
¿¿À Ã6P�⋮6N�Ä +

º»»
»»¼

0⋮0��⋮��¾¿¿
¿¿À (5.20) 

In order to clearly state the above matrix fits the standard state space equation, it will be 

restated one term at a time. Because there is a lot of symmetry in the above matrix equation, 
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it can be written much more succinctly in matrix block notation. Therefore, ° = Å, the 

identity matrix, and the remainder of the terms of the state equation are as follows: 

 I�
� =
º»»
»»¼

&P�⋮&N�(P/�
�⋮(N/ �
�¾¿¿
¿¿À = Æ &��(�/ �
�Ç (5.21) 

 &�� = 8&P�, &Y� … , &N�:? (5.22) 

 (�/ �
� = 8(P/�
�, (�/ �
� … , (N/ �
�:? (5.23) 

 ��
� =
º»»
»»¼

lP ⋯ 0⋮ ⋱ ⋮0 ⋯ lN−5! ⋯ 0⋮ ⋱ ⋮0 ⋯ −5!¾¿¿
¿¿À = Æ ���È!,��Ç (5.24) 

 ��� = ÃlP ⋯ 0⋮ ⋱ ⋮0 ⋯ lNÄ (5.25) 

 È!,�� = Ã−5! ⋯ 0⋮ ⋱ ⋮0 ⋯ −5!Ä (5.26) 

 É�
� = Ã6P�⋮6N�Ä = 86��: (5.27) 

 � =
º»»
»»¼

0⋮0��⋮��¾¿¿
¿¿À = Æ 0��Ç (5.28) 



78 
 

In terms of state space equations, the time utility input 6�� is offset by ��. Note that when no 

PEV is plugged in at the charge point, the system should zero out. The formulation does not 

provide a zero out term. If the term is not zeroed out and the offset is not zeroed out, then 

plug points that are not plugged in will be accumulating utility without a PEV plugged in. This 

will destroy the ability of the charge system to reflect users’ requirements. If the system does 

not have a zero out function, a mathematical switch can be added to all the utility functions. 

However, at this stage of development, zero out feature will be left to the control system. 

The utility functions fit the state equation format shown by the final block matrix equation: 

 I�
 + 1� = °I�
� + �É�
� + ��
� (5.29) 

 Æ &����P�(�/ �
 + 1�Ç = Æ &��(�/ �
�Ç + Æ ���È!,��Ç 86��: + Æ 0��Ç (5.30) 

5.3 Output Equation 

Now the output must fit the output equation in order to take advantage of the standard 

methods for solution: 

 ¯�
� = ±I�
� (5.31) 

Note the term ���
� is not included because � is set to zero when there no noise into the 

output (the grid signal will be added later as external noise). The output y is the time based 

utility (output of time based utility function) concatenated to the SOC based utility. 

 ¯�
� =
º»
»»»
¼ (P��&P��⋮(N� �&N��(P/�
�⋮(N/ �
� ¾¿

¿¿¿
À

= Æ(���&P��(�/ �
� Ç (5.32) 
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As shown above, the state I�
� is the time based utility function concatenated to the state of 

charge. 

 I�
� =
º»»
»»¼

&P�⋮&N�(P/�
�⋮(N/ �
�¾¿¿
¿¿À = Æ &��(�/ �
�Ç (5.33) 

For time based utility, the state is the output, so the state multiplied by the identity matrix 

results in the time based utility section of the output y. This is linear and works fine.  

 (�/ �
� = Å Ê(P/�
�⋮(N/ �
�Ë (5.34) 

However, the SOC based utility functions are functions of the state (SOC) and the makeup of 

the equation depends on the type of PEV as show by the SOC based utility equation itself: 

 (���&� = � (�*+,-! + (.��/ + (��!)  F�� "���(�*+,-!  + (.��/ + (��)/0 + (��!�/ + (��1�  F�� ��� (4.13) 

If we use this equation to find the SOC based utility, (�, for each PEV � and for each time 

increment 
, each element in the vector of utility functions would be a function of SOC. 

 (���&� = Ã (P��&P��⋮(N� �&N��Ä (5.35) 

And therefore to total output of utility functions is as follows: 
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¿¿¿
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 (5.36) 

Reduced into block matrix: 

 ÌA���A��/ Í = Æ(���&���(�/ �
� Ç (5.37) 

This function is of the form: 

 ¯�
� = �8I�
�: (5.38) 

And complies with the general definition of state space equation before linearity is imposed, 

if A�
� is ignored for the output: 

 ¯�
� = ℎ8I�
�, A�
�: (5.39) 

A linearization method will be required to make the function fit the standard form: 

 ¯�
� = ±I�
� (5.40) 

Linearization techniques will not be attempted in this research. Alternative methods for 

solution will be attempted. 

To recap, the state space equations for the scheduling system are: 

 I�
 + 1� = °I�
� + �É�
� + ��
� (5.41) 

 ¯�
� = �8I�
�: (5.42) 
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The block matrix form of the state space equations are: 

 Æ &����P�(�/ �
 + 1�Ç = Æ &��(�/ �
�Ç + Æ ���È!,��Ç 86��: + Æ 0��Ç (5.43) 

 ÌA���A��/ Í = Æ(���&���(�/ �
� Ç (5.44) 

5.4 Grid Utility and State Space Model 

5.4.1 Grid Utility 

When the grid utility function is considered alongside the time and SOC based utility 

functions, it is important to consider the interaction between the grid utility functions and 

the rest of the utility functions and how scheduling is affected with respect to the input and 

the output of the state space model. From the perspective of the closed PEV charge 

scheduling system that connects to the larger grid from a circuit that acts as a bottle neck, 

the grid is and infinite energy source only constrained by the circuit capacity. This may not be 

true of a small scale islanded micro-grid, but micro-grid interactions are beyond the scope of 

this dissertation. In order to add a control from the grid, a grid cost or grid utility function is 

required. Since the circuit acts as a bottleneck, and the larger grid is assumed not to be a 

micro-grid, the grid utility function does not change perceptibly with amount of allocation, or 

anything else the charging system does. However, the grid utility affects the output directly. 

Since the output of the model is utility functions, the grid utility function is an output, and 

can be considered an external disturbance on the output. When the controller observes the 

output and adjusts the input, the grid utility affects the charge scheduling system. The effect 

on the SOC is only through the amount of energy that is allocated to the grid as opposed to 

the PEVs. Here it is important to clarify what allocating to the grid means. Allocating to the 

grid is idling the circuit. In this way, the power of the circuit is always allocated, either to the 



82 
 

grid or to the PEVs. If M is the total number of clients connected to the circuit, and the grid is 

one of the clients, then the sum of all the power allocated to all the clients at any given 

instance in time is always equal to the circuit capacity, "-, because the grid acts as a slack 

variable: 

 M "��Î
�OP = "- (5.45) 

Now the grid is included in the zero sum game, and any energy allocated to the grid is energy 

not allocated to one of the PEVs. The effect of any grid allocation can be summed up by the 

above constraint. In addition, the time based utility calculations will be directly affected by 

energy allocated to the grid. 

When the grid is not considered, and all PEVs are basically equal, then equality and fairness is 

about how to portion out the energy between all the clients who all have the same claim to 

the energy; therefore, what PEVs are plugged and future estimations of the PEVs that will be 

plugged in is able to define how fairness is calculated. Time based utility is about fairness and 

perceived fairness by the users.  

If the controller is proportional, so that the grid gets proportion of the circuit depending on 

the price, then for all intents and purposes, the grid is a peer, and should be considered one 

more PEV. This approach; however, violates some of the basic assumptions of what the 

charge schedule is trying to accomplish. It is trying to allocate energy in order to maximize 

utility for all users. If the circuit is dedicated, and there is enough capacity in the grid, then 

the circuit should be able to provide 100% of its usable capacity full time. The users are not 

likely to consider the grid as a peer when considering how fair the allocation is. The user 

would likely consider the grid as a separate, uncontrolled entity that takes its share of energy 

by some unknown method. Therefore, how the time based utility function should be adjusted 
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with respect to a grid utility depends on how the grid utility function is treated by the 

controller. Since the grid will not be allocated a fair share, nor treated as the rest of the 

clients, when the grid is included as one of the clients, the definition above is no longer valid. 

Now, the number of PEVs that are plugged in is not the only factor to consider, how much 

energy is allocated to the grid now effects the amount of energy the user is allocated. 

PEV charge scheduling should only be cut when the demand response is significant. Therefore, 

prudent grid control method would have some sort of threshold that will be called the grid 

threshold %�, which the grid is ignored when the price is below it, allowing PEVs to charge 

with the full circuit capacity, and a control procedure if the price goes above the threshold. 

The demand response requirements can be classified into 3 categories: compensating for 

short and predictable periods of peak demand during certain predictable times of the day and 

seasons of the year; compensating for somewhat predictable, weather related fluctuations  in 

intermittent renewable energy; compensating for unpredictable emergencies caused by 

power line outages, trans former problems, power production difficulties, etc. The control 

utility should also be able to go high enough to shut down all other charging, regardless of the 

utility values of the PEVs plugged in. This is because, during special emergencies and outages, 

it may be imperative to completely shut down all controllable loads. Planning and forecasting 

of the scheduling of PEVs will of course ignore the unforeseen emergencies. This work from 

here forward will assume that the grid can be ignored until a window of time when a portion 

or all the circuit power is idled. At that time, the grid utility will raise above %� and demand 

a share of the power. The idled circuit will directly affect the time based utility functions. 

Both types of fairness for the time based utility functions are affected by decreasing the 

amount of energy allocate to the PEVs. Both utility functions assume constant amount of 

energy shared between the same type of clients. Equal share assumes equally shared between 
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the uses for that given point in time. These problems can be address by distinguishing the grid 

client from the other clients, then have the grid client allocation change the perceived power 

capacity of the circuit P. 
If there are � clients connected to the grid, and if the grid client is always given the last 

position, the client � will be the grid client. The grid client � will be referred to as client g 

in order to clearly distinguish it from the PEVs. Given that the grid is the only non-PEV client, 

let � = � − 1 be the number for PEVs plugged in and ready to charge, so that the equations 

and notation are compatible with the non-grid equations. In order to change the perceived 

power capacity from the grid, the grid allocation, 6��, must be completely removed from 

circuit power capacity "-. This can be done more easily by defining new term: 

 ℎ�� = �1 − 6��� (5.46) 

Where ℎ���
� is the proportion of energy left after grid allocation is removed. It is important 

to emphasize that 6���
� refers to any idling of the circuit regardless of cause. However, it 

may only effects time allocation when idling happens because the DR signal has passed a 

threshold. The effect of idle time caused by a lack of demand, or the inability of a PEV to use 

the entire circuit capacity, is not considered here. If the energy is to be divided equally 

between PEVs, then each user should be given the equal share proportional equal to 
PN�.  

However, when part of the circuit capacity is allocated to the grid ( 6���
� > 0) and the 

allocation is caused by a strong DR signal, then equal share becomes: 

 6���
� = ℎ�,� 1�� (5.47) 

And the equal share utility becomes: 
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 (�!���)�
� = ℎ�,� 1�� − 6�� (5.48) 

The effect of grid allocation on the fairness allocation utility function is greater than the 

effect on the equal share utility function. Grid allocation actually directly undermines 

assumptions the fairness utility is based on. Fairness allocation attempts to allocate energy 

according to equal average power, grid allocation changes this. Grid allocation also changes 

average power and disrupts allocation at specific points in time, changing time based utility 

calculations. In order to address this, it is necessary to go back to the definition the fairness 

utility from section 4.3.  Fairness is achieved by equality of average power, where average 

power is defined as: 

 P�,� = E�/'�,� (4.22) 

Total energy allocate is defined as the sum of the individual power allocation, P[, multiplied 

by the size of the time increment, '�, for which the P[ is constant: 

 E = M P��
�OP '� (4.24) 

Where the power allocation for each PEV is defined as: 

 P�,� = 6��P- (4.25) 

Therefore, the total energy that will be allocated to PEV � during the stay time 	�,�: 

 E� = M 6����,�
�OP P-'� (4.26) 

Where E� is the allocated energy to PEV � for the entire stay time. Given the assumption of 

constant available circuit power P. Let "{ be the power left over after allocating to the gird: 
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 PÐ = ℎ��P (5.49) 

Therefore, when 6�� is considered, the energy allocation to PEVs � changes. The new 

allocation is indicated by the subscript b:  

 E�,� = M 6����,�
�OP PÐ'� = M 6����,�

�OP ℎ��P'� (5.50) 

The power average power allocation is: 

 P�,� = P'� ∑ 6��ℎ�� ¡,��OP	�,�'�  (5.51) 

Since the size of the time increment and the power capacity in the circuit are constant: 

 E�,� = P'� M 6�� ¡,�
�OP ℎ�� (5.52) 

Let ℎ�� be the mean of ℎ�� over 	�,� time increments. 

 ℎ�� = 1K¤,� M ℎ�� ¡,�
�OP  (5.53) 

Under the condition where grid allocation is a constant over time increments 	�,�: 

 ℎ�� = ℎ�� (5.54) 

Under constant grid allocation: 

 E�,� = P'� M 6�� ¡,�
�OP ℎ�� = P'�ℎ�� M 6�� ¡,�

�OP  (5.55) 
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In order to achieve fair allocation, the average power to each user should be equal. The 

average power allocated to each PEV when energy allocated to the grid is a constant: 

 P�,� = P'�ℎ�� ∑ 6����,��OP	�,�'�  (5.56) 

The average allocation ω�,� to the PEVs becomes: 

 ω�,� = P�,�Pℎ�� (5.57) 

Plug "�,� from above into average allocation: 

 ω�,� = ∑ 6�� ¡,��OPK¤,�  (5.58) 

Now equality of average power can be achieved by equality of average allocation. This type 

of fairness attempts to ensure that each user receives the same amount of energy per unit 

time plugged on a given day. Equality of average allocation is achieved if: 

 ω�,� = �� (5.59) 

Where �� is some constant that is the average allocations for each PEV �. It is the same for all 

PEVs.  

Let the average number of PEVs plugged in over all the time increments 
* ∈ 	* be the same 

as before: 

 �    = 1	* M ���¦
�¦OP  (4.35) 

And when all the PEV arrive and unplug or finish charging at the same time then: 
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 ��¦ = �     (4.37) 

If the energy not allocated to the grid is shared equally between the PEVs then: 

 6��§
*¨ = ℎ�� 1�     (5.60) 

Under constant grid allocation condition: 

 6��§
*¨ = ℎ�� 1�     (5.61) 

If all PEVs start and end their charging at the same time, then allocation becomes a constant 

�{: 

 6��§
*¨ = ℎ�� 1�    = �{ (5.62) 

Take the energy allocation equation from above and replace 6�� in with the constant �{. 

 ω�,� = ∑ �{ ¡,��OPK¤,� = �{ (5.63) 

Equality of average allocation is achieved. 

Therefore as described above in the fair allocation section, uniform average allocation can be 

achieved by incentivizing the scheduling to replicate ��¦ = �    . This can be done by creating a 

utility function based on the error between �    and ��. Therefore we need to add utility value 

when �� > �     and subtract when �� < �    . This can be done with a simple linear function �� −
�    . Therefore, when the grid allocation is taken into account, fair utility function becomes: 

 A��234�
� = ℎ����� − ��      (5.64) 
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Given the basic property of averages [57][58], the point at which the average of each 

component of a larger average is taken doesn’t matter. This can be stated as:  

 〈F�I�®�¯�〉 = 〈F�I�〉〈®�¯�〉 (5.65) 

Therefore; if the assumption that grid allocation and therefore the PEV allocation proportion 

is a constant is relaxed so that ℎ�� fluctuates, if the average does not change, then the 

average allocation does not change. So the equality of average allocation is achieved 

regardless at what point in the problem the averages are calculated.  Therefore in the above 

equations, ℎ�� can be replaced with ℎ�� and the result still holds. Therefore: 

 A��234�
� = ℎ����� − �    � (5.66) 

This results in the following two time based utility functions that account for grid allocation: 

 (��234�
� = � ℎ�����ª − 1���� − �    � (5.67) 

 (�!���)�
� = ℎ���� − 6�� (5.68) 

5.4.2 Grid state space model 

The time based utility functions from above can be added together: 

 (�/ �
 + 1� = (�/ �
� + 5!�ℎ���� − 6��� + 5�� ℎ�����ª − 1���� − �    � (5.69) 

Then the utility functions can be rearranged to obtain the same �� as achieved previously in 

this chapter: 

 (�/ �
 + 1� = (�/ �
� − 5!6�� + ℎ��5!�� + � ℎ��5����ª − 1���� − �    � (5.70) 
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 (�/ �
 + 1� = (�/ �
� − 5!6�� + ℎ���5!�� + ¶ 5����ª − 1· ��� − �    �� (5.71) 

 �� = 5!�� + ¶ 5����ª − 1· ��� − �    � (5.14) 

Now the utility function equation is: 

 (�/ �
 + 1� = (�/ �
� − 5!6�� + ℎ���� (5.72) 

The definition of ℎ�� from equation (5.46): 

 ℎ�� = �1 − 6��� (5.46) 

Combining the above two equations: 

 (�/ �
 + 1� = (�/ �
� − 5!6�� + �1 − 6����� (5.73) 

The result is the time based state equation when grid allocation is accounted for: 

 (�/ �
 + 1� = (�/ �
� − 5!6�� − ��6�� + �� (5.74) 

Grid allocation has no effect on the SOC based utility function: 

 &����P� = &�� + l�6�� (5.8) 

There is no state equation for grid utility, because the author assumes that the amount of 

energy allocated to the grid has no measurable effect on the grid interaction. The state 

equation is of the form: 

 I�
 + 1� = I�
� + �6�
� + ��
� (5.75) 
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 (5.76) 

The output equation has the following form: 

 ¯�
� = A8I�
�: + ��
� (5.77) 

Where ��
� is the external disturbance vector that directly affects the output. The grid DR 

signal in the form of a utility value is the only external disturbance and it only affects the 

output value of the grid utility. 
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Since the utility function for the grid has no state value, and only operates an external 

disturbance on the output, the state equation is zero and can be removed from the state 

equation. However, the x value must have a place holder for grid utility output in the output 
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equation, so one blank space must be left. The matrix equations can be condensed by 

removing the zero rows. However, this will remove the symmetry and matrix equations will 

no longer fit the block matrix form. Only one condensed form can be used, in order to keep 

the equations uniform and comparable with the previous results, the block matrix form will 

be used for the condensed format. At this point it is useful to recall that � is the total 

number of clients, the grid client is always accounted for last so that ® = � and therefore, 

the number of PEVs ready to charge is � = � − 1. The matrices above can be condensed into 

the block matrix format bellow: 

 Ã &����P�(�/ �
 + 1�0 Ä = Ã &��(�/ �
�0 Ä + Ã��*È�*0 Ä 86��: + Ã 0��0 Ä (5.79) 

 Ê A���A��/A�� �
�Ë = Ã(�� �&���(�/ �
�0 Ä + Ã 00(�� �
�Ä (5.80) 

The following blocks are enough to determine the block matrix format above. 

 ��* = ÓlP ⋯ 0 0⋮ ⋱ ⋮ ⋮0 ⋯ l� 00 ⋯ 0 0Ô (5.81) 

 È�* = Ó−5! ⋯ 0 −��⋮ ⋱ ⋮ ⋮0 ⋯ −5! −��0 ⋯ 0 0 Ô (5.82) 

 6�� = Ó6P�⋮6N�6��
Ô (5.83) 
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 (�� �
� = Ó 0⋮0AÕ� �
�Ô (5.84) 

5.5 Model Predictive Control 

5.5.1 Formulation 

When DR requirements are included, the Model Predictive Control function can be stated as 

follows: 

Maximize  ∑ ¯�
� = A8I�
�: + ��
����ÖO�  

Subject to: I�
 + 1� = I�
� + �6�
� + ��
� 6�
� ∈ ×, I�
� ∈ Ø,  Ù = k,…,k+K ∑ 6�� ≤N�OP 1  ∑ 6�� =Õ�OP 1  

Level 1: 6�K� ∈ {0,1} 
Level 2: 6�K� ∈ 80,1:, � ≥ 6   6��� ∈ Þ 086/�, 1: (c = total circuit capacity in 

amps1), if PEV plugging in at charger n and SOC<100, then 6��
� ∈  80,1:, else 6��
� = 0.   

Must charge as much as possible as soon as constraints allow, i.e. move all idle 

time as far as possible into the future. 

with variables x(k + 1), . . . , x(k + K), z(k), . . . , z(k + K − 1) 

and data x(k), B, z(k),c(k) 

Call solution xß(k+1),…, xß(k+K), z à(k),…, zß(k+K-1) 

Take z�k� = z à(k) 

Resulting in feedback control z�k� = φãä�x�k��. 
                                            
1 Note that for dimensional consistency, 6��
� is originally defined as proportion total power capacity 
in the circuit allocated PEV n. If voltage is assumed to be constant, then the proportion of power and 
current is the same. The above constrain is in terms of current because of the J1772 standard. When 
actual voltage fluctuation is being accounted for, care must be taken to note this difference and take 
appropriate action. 
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Note the call solution is a loop function that iterates through objective function by using the 

output from the previous solutions to create the input of the next solution. In this way it is 

able to iterate through the time horizon and explore execution plans for the future. The 

above formulation is a modified version of the one present by Professor Boyd [59]. In the 

exploration of future states of a linear the system, it is possible to choose a desired future 

state. Then execute the first number of steps before updating the action plan with the real 

output from the system. This method has proven to be very effective at achieving close to 

optimal control, even though it is not an optimal method. The downside of this method is it 

requires high levels of computing time that were impossible a few decades ago, but have 

been becoming more possible with increasing computing speeds. However, even with modern 

computing power, MPC is too slow for the fastest control requirements. In scheduling PEV 

chargers, calculating a charging schedule does not need to happen quickly. The chosen time 

increments of 15 minutes is plenty fast enough because the system could simply allocate 

energy using a default allocation method until a more optimal schedule is ready.  

5.5.2 Feedback Controller 

With a good enough function, the next time increment can be chosen based on current or 

calculated data.  In the MPC model from above, a feedback control can be created that 

produces a reasonable calculation of the next input. The feedback equation is of the form: 

 6�
� = F8¯�
�: (5.85) 

Where F is the feedback function that calculates the input based on the output. In a linear 

feedback system. The function would have the form of: 

 6�
� = 	¯�
� (5.86) 
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Where 	 is a matrix that multiplies the output to create the input. However, when scheduling 

PEV charging, the best input is not always a linear combination of the output. Therefore, the 

non-linear function will be used as the model. For discrete allocation with the level 1 

charger, the obvious feedback function is to choose the PEV that will derive the maximum 

utility at each time increment. Allocate all the energy to the chosen PEV.  

 6�� = å1 JF ¯�� = max�¯��0 Dq&D  (5.87) 

Note that this feedback function always allocates as much energy as available and 

automatically satisfies the constraint of moving all idle time as far as possible into the future. 

The utility functions go to zero when fully charged, and the PEV stops taking charge when it is 

full, so the control side of making sure the PEV that is fully charged does not receive 

allocation is taken care of with the utility functions. 

For continuous allocation with the level 2 charger, there are many allocation methods, each 

becoming more complex when including the J1772 current allocation parameters. The J1772 

standard does not allow for current between 0 and 6 amps. If we assume a 30A continuous 

circuit capacity, then the current can either be zero or vary from 20%-100%. For the rest of 

the discussion, this assumption will be used. 

One allocation method would be to allocate the energy in proportion to the output y, in other 

words, the utility values. The next few pages would give an example of a proportional 

allocation. First the output, ¯, must be rescaled: 

 ¯�� = ¯�� − max �¯��min �¯�� − max �¯�� (5.88) 

If there is a grid threshold %� to consider, then: 
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 ¯Õ� = æ  0 JF ¯Õ� < %�¯Õ� JF ¯Õ� ≥ %� (5.89) 

Since J1772 standard requires that current to be allocated as 0, or from 6-100%, allotting 

energy with a cutoff to mimic allocation requirements makes sense. This can be done in the 

same way as the grid threshold. If the utility is less than the cutoff, then the PEV is allocated 

zero. Let the cutoff number be %{, then:  

 ¯�� = æ  0 JF ¯�� < %{¯�� JF ¯�� ≥ %{ (5.90) 

The clients that remain need to be allocated 100% of the available energy, with none of them 

allocated less than 0.2. Therefore, there is a maximum of 5 clients that can be allocated the 

circuits energy at a time. If standard 4 PEV EVSE is controlled and the grid is included as a 

client, then there are 5 clients. If more than one EVSE is connected to the circuit, then the 5 

PEV maximum allocations at a time can easily be reached.  If 5 PEVs must be allocated energy 

at a time, then the only option is to allocate 0.2 to each, there is no need to calculate 

proportionality. When the grid is considered, it can be any increment, because grid allocation 

is circuit idling and not subject to the J1772 constraint. For this reason, the grid and the PEV 

allocations must be considered separately. If there are still more than 5 clients, then the top 

five clients must be chosen, and the rest ignored. If this is the case, then the top 5 clients 

with the highest utility values must be chosen and renamed. Let � represent the chosen 

clients, and assume the grid client " is among the chosen. First calculate the portion of 

power to be allocated to the grid: 

 6ç = ¯ç�∑ ¯*�ç*OP  (5.91) 
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Now the remainder of the power that is available for allocation must be divided between the 

remaining clients. If 6ç is large enough, there will not be enough power to allocate to the rest 

of the clients. Therefore, one client at a time must be eliminated until there is enough 

energy to allocate at least the minimum of 0.2 to each of the clients. The number è that can 

be serviced by the remaining power can be calculated: 

 è = é1 − 6ç0.2 ê (5.92) 

The take è PEVs with the largest utility values as the group % of PEVs that will be allocated 

the remaining power and rename as %. Then the remainder of the energy can be divided 

between the remaining clients as follows:  

 6� = �1 − 6ç� ¯��∑ ¯��ë�OP  (5.93) 

If the grid client was never included, many of the previous steps can be eliminated in the 

feedback calculations. 

5.6 Price 

A solution must be found to charge the consumers for energy consumption. There may be 

situations where energy is given for free as a perk for working at an office, or an incentive to 

shop at a shopping center while charging; however, in most cases, it can be assumed that 

energy will not be given for free. Furthermore, different users may be willing to pay different 

amounts. A PHEV with a short commute may not want to pay much more than what is paid at 

home. On the other hand, a BEV with a long commute may be willing to pay a premium price. 

Combining these price incentives with the grid price requirement and any revenue generation 

the EVSE owner expects to make could be translated into utility functions. However, it is 
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important to not attempt to make the resource allocation a purely market controlled system 

because the amount each PEV is willing to pay can shift the market drastically. A market of 4 

PEVs will be very inconsistent and unreliable and will result in a great loss of utility for the 

users. 

Before a pricing system can be developed, the price that the system operator will charge 

must first be known. The price will likely include the energy charged by the electrical 

company that is operating the grid. There are many pricing schemes that the electrical 

company may charging including fixed price per unit energy, time of use, real time pricing 

and a tiered system to name a few. On top of the grid price, the system operator may include 

a local price premium in order to recoup some of the cost of installing, maintaining and 

operating the charging network. 

When the PEVs are charging according to equal share, each PEV is charged the same amount 

per unit energy. The question is, how should price change when energy has been rerouted to 

users who derive more utility. One method would be to keep charging everyone the same 

price regardless of how the energy is allocated. However, price can be used to make the 

system even fairer. There are a number of reasons that a market system will not work as 

described before. The first reason is the supply is fixed, so the only way to regulate energy is 

to outbid others. In the situation where the market is only a small handful of consumers, the 

results will necessarily be very unpredictable and volatile. Furthermore, the market is 

determined by who else shows up to charge, this is another level of uncertainty in the 

market. Given scenarios where BEVs must charge to make it home, this unpredictability could 

be very painful. That being said, in principle, charging a higher price to users who are 

allocated a larger amount of energy and/or earlier in time than other users, because of need, 

could make the system fairer. If implemented right, it could result in all the fairness of a 
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market controlled system without the volatility and unpredictability that would be inherent if 

a market system was controlling PEV charge scheduling. A method for allocating price to 

mimic a market system would not be too difficult to implement. However, before moving on 

there is a point to note. When deciding to charge users depending on how they were 

scheduled, there will be scenarios where all PEVs leave fully charged, but each PEV payed a 

different amount per unit energy. 

If we assume that the system operator will charge a fixed price P and the default charging 

method is equal share, then each PEV is charged a fixed price per unit energy. With real time 

pricing, equal share will also charge each user the price that is in effect when the energy is 

allocated. 

When energy is optimally scheduled, one method for charging a price is to first calculate the 

price per unit energy assuming equal share. Then shift around the charge for the difference 

between equal share and the actual allocation. The question is how. The issue is the energy is 

not only shifting charge. If only charge was being shifted, then the calculation could happen 

once when the PEVs leave. However, utility functions acquire benefits from charging early; 

therefore, the cost of energy should also be time dependent. Since we are not just shifting 

allocation between users, but also between moments in time, the price must be shifted in 

terms of between users and between points in time also. If care is not taken, these 

transactions can easily be made so that fairness is not preserved.  

For continuous allocation there is a straight forward method to allocating a price for shifting 

energy away from equal share. As stated before, start with equal share. For simplicity, 

assume fixed grid price for the time being considered.  Create a conversion factor for utility 

value function to translate the utility values into a price. In this way, each PEV has a price 

that they are willing to pay. Assume the PEV utility price is greater than the price the grid is 
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charging. Create a highly controlled market where those with lower allocation than equal 

share will be required to sell to those with higher allocation who will be designated 

purchasers. There may be multiple sellers with different utility value. The sellers sell the 

energy for the price obtained from converting their utility value to price. After purchasing the 

energy at grid price, they will pocket the difference between price that they pay the grid and 

the price at which they are obligated to sell. This difference in price will be reallocated to 

their account in order to compensate for their loss of utility for not being allocated their 

equal share. The buyers should take turns purchasing so that the cheapest energy is shared 

equally between all purchasers. For each buyer or seller, when they reach their assigned 

allocation, they cease participating. The transactions begin with all purchasers sharing the 

cheapest energy, then as the seller with the cheapest energy reaches their allotted energy 

allocation, they cease selling and the purchasers start buying the higher priced energy from 

the PEV with the higher utility value. When the lower utility purchaser reaches its maximum 

allocation, he ceases purchasing. This will leave the higher utility purchasers buying the last 

of the more expensive energy. Therefore, the last seller with the highest price sells to the 

last buyer willing to pay most. In this way the system not only pays the largest amount to 

those with the largest utility, those who gain the largest utility also pay the most. Since the 

sellers are obligated to sell and the buyers will by, this algorithm can be converted into a 

simple sorting algorithm. 

The obvious method to execute the above algorithm for continuous allocation is to confine 

the market to one time increment at a time. If this is done, the above price allocating system 

works when removing the grid constraints. If the grid price is allowed to fluctuate, as long as 

the grid price stays bellow the sell price nothing changes. If the grid price fluctuates up to 

the sell price, the sellers will never buy. At this point, the grid price should be above the 
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threshold where the grid is in the market. At this point all users allocated energy will pay the 

grid price. 

For discrete allocation there is an obvious and straight forward method for charging for 

electricity. Start with RR and then moving forward in time, when the new allocation is 

different than from RR, the new PEV pays the utility price of the dispossessed. This is a 

simple and straight forward method. One possible problem with this method is, as time moves 

forward, a PEV dispossessed early on may have higher needs later and pay more than it 

received for being dispossessed. 

If a system is implemented to try to avoid the chance that a PEV gets a bad deal, it may not 

be necessary to implement a market system like the one for continuous allocation. For 

discrete allocation, it is of course not possible to confine the market to one time increment. 

Since only one PEV at a time can charge, multiple time increments at once must be 

considered when allocating price between users. Depending on the units of energy 

considered, the continuous allocation market can be very small, one percent or less of the 

circuit capacity multiplied by the duration of the time increment. Discrete allocation would 

likely have about 2 orders of magnitude larger units of energy (depending on the chosen units 

for continuous allocation); because the units of energy are by definition the entire circuit 

capacity multiplied by the time increment. The price allocation method could consider all or 

part of the moving time horizon with relatively few transactions taking place. If the entire 

time horizon is included in the market, it will consist of a maximum of 48 participants, one 

per time increment. Since each participant can only buy or sell once, there is one transaction 

per participant, and each participant is either a buyer or seller. Furthermore, each buyer 

must have exactly one seller. Therefore, there is a maximum of 24 transactions between 24 
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each of buyers and sellers. With so few transactions, more complex price allocation methods 

should be feasible. 

Chapter 6 Simulations 

The above formulation of the control function is not well behaved for a number of reasons. 

First, there are a number of non-linear functions nested within the matrixes. Second, the 

level 2 charging constraint does not allow the PEVs to charge between 0 and 6amps. The 

J1772 current constraint (0, [6amps-circuit capacity]) is a non-continuous function that 

eliminates straight forward linear approaches to solution. Therefore, two distinct yet straight 

forward approaches to solve the problem were attempted. The first solution approach is an 

attempt at a global solution using the genetic algorithm toolbox in Matlab. This approach 

ultimately failed and was abandoned before completely executed. The solution became ever 

more erratic and unstable as more constraints were put on it. The level 2 non-continuous 

constraint was never applied. Even though the solution failed, the problems and insights of 

the genetic algorithm will be discussed first in order to give a better understanding of the 

problem. 

The model predictive control method worked; it produced stable and repeatable results. This 

method was able to achieve substantial increase in total utility compared to round robin and 

equal share. The improvement ranged from 7-15% depending on charger type, schedule, the 

initial SOC, etc. Data from the testbed was used in the simulation to compare the number of 

BEVs leaving with insufficient charge to reach the next destination. The scheduling system 

created significant improvement. 

6.1 Genetic Algorithm 
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The genetic algorithm (GA) attempts to search a solution space for an optimal solution by 

mimicking nature. A population of random solutions are generated, the worst discarded, the 

best kept, and the probability of an individual reproducing into the next generation depends 

on the fitness of that individual. By iterating through many generations, a close to optimal 

solution may be obtained. There are two requirements for typical GA to solve a problem. 1) 

The problem must be able to be represented as a chromosome or character string. 2) There 

must be some method of testing the solutions for fitness. This testing may be a comparison or 

a tournament. If the problem is put into a standard format, then Matlab’s GA solver can 

search for a solution. There are two chromosome formats for Matlab’s GA solver, binary and 

double. A binary chromosome is a string of ones and zeros, and a double is a string of double 

accuracy numbers. The double can be constrained to integer values. 

The solutions for PEV charge scheduling that is being used as default is a matrix of 4 rows by 

48 columns that account for 4 chargers scheduling every 15 minutes for 12 hours. If the 4 rows 

are concatenated to make a single chromosome, the chromosome will be 194 long. It is 

important to have some accuracy for charging. If the measurements are too crude, it will not 

be possible to get a reasonably optimal charge allocation. On the other hand, any accuracy 

better than 1/100 increments is likely overkill. Therefore, 1/100 is used as the minimum 

accuracy.  

All the solutions were tested with consistent pseudo-data that consisted of a number of PEVs 

with distinct initial SOC, arrival time, and stay time. At the beginning, one PEV charges by 

itself for a bet to set up a baseline value and reference point. The charge schedule is in 

parallel, where up to 4 PEVs can be plugged in at a given time. 

The first attempts at solution with the genetic algorithm with very simplified assumptions and 

parameters resulted in very long calculation times. Many parameters were adjusted to 
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improve calculation time with mixed results. Two structural changes to the problems setup 

were implemented to significantly improve calculation time. The first was to restrict the 

double accuracy chromosome to integers from 0-100 representing 0-100% energy allocation 

rate in 1% increments. Second was to remove all blanks or (zero time when no PEVs were 

plugged in) from the chromosome. In this way the size of the chromosome was significantly 

reduced by only including actual charge schedules. The downside was that the chromosome 

changed sizes with every event, and the complexity and computation time for the problem 

and the problem setup was significantly increased. 

With this significant improvement in calculation time, the GA was able to solve simplified 

problems quickly and consistently. When running the GA, it can be observed that there is a 

constraint that must be implemented on any attempt at a global optimal solutions that is not 

necessary with the incremental approach. Because the future is not known, and predictions 

may be wrong, it is imperative to always charge as much and as early as the constraints allow 

in order to mitigate against users picking up their PEVs early, with less SOC that what they 

could have received if the charging schedule was more optimal. In other words, the charger 

needs to charge at full capacity until PEVs can no longer take the energy because they are full 

or the PEVs have left. However, the genetic algorithm does not give priority to early charging. 

Any excess capacity and any slow charging can end up at any point in time on the schedule. 

This would result in unnecessary idle time and/or capacity while there are PEVs to charge. 

In order to mitigate this problem, a charging parameter or constraint must be implemented 

into the genetic algorithm. The attempted solution included different linear and exponential 

functions decreeing with time multiplied by the utility functions. In this way, the earlier 

charging will have much more value and a true optimum would always charge early. This 

solution did not perform as hoped. In order to ensure significant early charging, the steepness 
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of the negative slope had to be increased to such an extent that it overwhelmed the utility 

functions. When the slope is leveled off to the extent that the GA is actually finding solutions 

that are optimal in terms of the GA, the charging is not always early. Furthermore, the results 

were inconsistent. About 1 in 5 runs of the genetic algorithm would result a seemingly 

optimal solution, the rest of the runs would get caught in local minima often 10% and 

occasionally 20% lower than the best results. Because of the constraints, very few parameters 

were open to adjusting. When the parameters were adjusted, it resulted in limited 

improvement. 

The plan was to add the non-continuous level 2 constraint of 0,[0.2,1] as soon as the genetic 

algorithm produced consistent results. Since consistent results were never obtained, this last 

parameter was never implemented. 

6.2 Matlab Simulation of Model Predictive Control 

6.2.1 Overview 

Because the system is non-linear and no closed form solutions were found, and the GA 

optimization failed to achieve stable results, a complete simulation of the MPC model was 

created in Matlab and executed using a simple feedback control. The simulation used the 48 

increments of 15 minutes time horizon proposed for charging PEVs with MPC from Chapter 5. 

The simulation implements 4 separate simulations in one. Two are the proposed optimal 

charge scheduling methods for discrete allocation (level 1 charger) and continuous allocation 

(level 2 charger), and two are the default scheduling methods. For discrete allocation, the 

comparison is between round robin, the default charging method, and optimized discrete 

allocation for the MPC model. 
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The simulation does not assume stability or convergence of solution. At each time increment, 

an entire charge schedule is created for the entire time horizon using a feedback control 

function as described in section 5.5.2 for the MPC model. The process is shown in Figure 13. It 

saves the first time increment’s charge schedule as the executed schedule. Then the schedule 

is moved forward, the PEV status is updated (check for PEVs start charging, stopped charging, 

etc.). If a PEV arrives, a first time scheduling sub routine is executed. If a PEV leaves, a 

zeroing out sub routine is run. Then the entire allocation schedule is recalculated, the SOCs 

are update and the utility functions are recalculated for the entire 48 increment time 

horizon. Then as before, the first time increment is saved as executed, and the process is 

iterated for the next increment.  
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Figure 13: Flow chart for Matlab simulation of PMC scheduling system. 

6.2.2 Simulation Output 

The simulation output is a charging schedule that dynamically updates for each time 

increment. The graph of the output uses blocks to represent charge allocation where the 

height of the block represents the allocation amount, the width of the block represents the 

time increment of 15 minutes, and the dark and light colors represent allocation and idle 
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respectively. In order to see how the system is working, the following series of output graphs 

are provided. This series of graphs represent discrete optimization schedule for a level 1 

charger using the input data in Table 2. The data is color coded to indicate plug number. Plug 

numbers from 1- 4 corresponding to the colors red, yellow, green and blue respectively. 

PEV number 1 2 3 4 5 6 

Charge Point 1 2 4 3 2 1 

Model Leaf Volt Tesla Leaf Volt Leaf 

SOC 1-100 5 60 85 65 53 80 

Predicted Stay Time  x15min 28 0 35 32 0 28 

Start time  x15min 3 8 12 15 31 38 

End time  x15min 30 25 36 41 53 64 
Table 2: Input data for the output graphs. 

Figure 14 shows the schedule after the arrival of the Nissan Leaf from column 1 of the input 

data in Table 2. The schedule is initialized, but not calculated. The SOC is constant and the 

utility values are all zero. 

 

Figure 14: Arrival of Nissan Leaf from the column 1 of the input data. The schedule has been initialized, but 
not updated. The SOC values reflect the initial SOC. The utility values have not been calculated. 
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Figure 15 shows the next time increment when the utility values have been calculated and 

the SOC has been updated to reflect the planned charging. The time increment can be found 

by counting the number of positions that the schedule has moved to the left. As shown in the 

flow chart of the simulation (see Figure 13), the system iterates 1 time per time increment 

movement; therefore, the number of passing time increments indicates the number of passing 

iterations.  

 

Figure 15 Updated schedule of Nissan Leaf from the column 1 of the input data in Table 2. Now the utility 
values and the SOC have been calculated.  

The next series of graphs show the arrival of the Tesla from column 4 of the input data in 

Table 2, into position number 3 (green). Figure 16 and Figure 17 show the arrival and first 

iteration of the arrival of the Tesla respectively.  
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Figure 16: Arrival of the Tesla. 

 

Figure 17: First scheduling iteration after the arrival of the Tesla. 

The simulation converges to a stable schedule in Figure 19. The before and after time 

increments are included in Figure 18 and Figure 20 respectively in order to demonstrate the 

moment of convergence. 
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Figure 18: The iteration before convergence.  

 

Figure 19: The moment of convergence to a stable schedule 6 iterations after the arrival of the Tesla. 
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Figure 20: The iteration after convergence. The schedule shifts to the left, but does not change. 

6.2.3 Output Schedule Comparison 

In order to compare charging methods, a history of the charge schedule is produced when the 

simulation finishes. The simulation outputs 4 schedules for comparison. The top two are the 

default schedules, round robin for level 1 and equal share for level 2 chargers. The bottom 

two schedules are the equivalent optimized schedules, discrete optimized allocation and 

continuous optimized allocation. The allocation at each time increment is recorded when 

executed resulting in a static picture of the executed schedule. The following graphs include 

the static picture of the executed schedules of the 4 different simulations. The simulations 

use the same data at each time increment so that the different scheduling methods can be 

compared directly. Note the end of the charging schedule for the last PEV plugged in (the 

bottom red schedule), the allocation color is black. The black indicates idle time. Even 

though the PEV is plugged in, it is fully charged and no user is using the energy. Reallocation 

of idle time will be discussed in depth at the end of the chapter. 
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The larger graph also includes two comparison graphs (graphs 5 and 6), the first compares 

round robin and discrete allocation and the second compares equal share and continuous 

allocation. The dash and dotted lines represent the utility for the default and optimize 

scheduled respectively. The dot-dash line represents the percent increase in the difference of 

integral of the optimized utility values vs default utility values. The difference between 

discrete and continuous allocation is the feedback function. In order to create a baseline 

point of comparison, in Figure 21, the feedback for continuous allocation was set to allocate 

to maximum utility in order to replicate discrete allocation. The results of this simulation 

have shown that this scheduling method returns consistent results in a straight forward 

manner. This is in direct contrast to the genetic algorithm solution discussed before. 

 

Figure 21: The schedule histories recorded by the scheduling system of the four default scheduling methods. 

In Figure 21, at the end of all charge times, the percent increase in utility in graph 5 (Round 

Robin vs Discrete Optimized Allocation) is 12% and in graph 6 (Equal Share vs Continuous 
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Optimized Allocation) the percent increase in utility is 14%. This difference is considered to 

be the result of a coincidence that equal share allocated energy with a bit less utility. 

Because round robin and equal share are the continuous and discrete versions of the same 

allocation method, over an extended period of time, round robin and equal share should 

equalize. To compare discrete allocation to continuous allocation, compare graph 6 in Figure 

21 where discrete allocation is used to graph 6 in Figure 22 where continuous allocation is 

used. The increase in utility drops from 14% to less than 8%. This is the result of continuous 

allocation allocating energy where energy is less needed as can be seen in the difference in 

allocation to the Volt on plug two. This is somewhat obvious in hind sight as discrete 

allocation always allocates all the resources to the user in most need, then the ones with 

most need will get most utility and therefore, the largest improvement will result. Another 

way to put this is to note that energy allocation is a zero sum game and any energy allocated 

to users who gain less utility is energy not allocated to users gaining most. The allocation 

method used for continuous allocation in the simulation is proportional allocation where the 

energy is allocated in proportion to the level of utility the user will obtain. As shown in Figure 

22, given the current input data, the difference in utility gained by proportional allocation 

and utility gained by discrete allocation (allocate all to the user that will gain maximum 

utility) is about half. However, the extent of the difference between discrete and continuous 

allocation is data specific. The difference will depend on the actual data and demographics of 

the users such as what type of PEV, SOC, leave time and how many and the demographics of 

others charging at the same time. Between allocating all power to the user with the largest 

utility factor and proportional allocation is allocation based on the normalized power of the 

utility values. By raising the utility values of the individual users to a positive power, the 

difference between the utility is increased and thereby gives an ever larger proportion of the 

energy to those with the largest utility values. As the power is increased, the allocation 
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method approaches the discrete allocation method. Therefore, an exponent value may be 

chosen carefully to create a schedule that is in between discrete allocation and proportional 

allocation. The exponent value should be chosen carefully to balance the need to maximize 

utility and the need to allocate energy consistently. 

 

Figure 22: Continuous allocation drops the increase in utility from 14% to less than 8% as shown on the graph 
at the moment before the last PEV stops charging.  

The next figures will compare graph 3 (Discrete Optimized Allocation), in order to 

demonstrate the effect of changing the weight of the time based utility. Note that in Figure 

22 the Volt on plug 2 that arrives with 60% SOC (see Table 2) is not allocated anything. Also, 

the Tesla on plug 4 that arrives with 85% SOC is allocated only 4 time increments in spite of 

its extended stay time. For comparison, the weight for time based utility is multiplied by 2, 3 

and 4 in Figure 23,  Figure 24 and Figure 25 respectively. In Figure 23 where the time utility is 

doubled, the Tesla’s allocation is increased by 50% to 6 time increments of charge time and 

the Volt 3 allocation is increased from 0 to 3 increments of charge.  
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Figure 23: Two times original weight for time based utility. 

In  Figure 24 where the weight for time based utility is tripled, the Tesla’s allocation is 

increased to 7, while the Volt’s remains the same. When the time utility weight is multiplied 

by 4, the Tesla’s allocation remains the same, but the Volt’s time allocation is increased to 4. 

Notice that with each time utility increase, the start time for the users with a lower SOC 

utility shift to the left. After the Leaf receives sufficient charge so that the time based utility 

from plugs 2, 3 and 4 have increased enough to overcome the SOC based utility from the leaf 

in plug 1, the schedule proceeds like round robin. By adjusting the weightings between SOC 

and time based utility, the scheduling system can be tuned to balance the needs and 

expectations of the users. 
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Figure 24: Three times original weight for time based utility. 

Note that the round robin like result created after the SOC based utility has been overcome 

by the time utility, as mentioned above, proceeds with one time increment per charge 

allocation session. However, the round robin schedule in graph #1 of the above figures has 3 

time increments per charge allocation session. The 3 increments per charge allocation session 

is achieved by using a stabilization constant that gives preference to the PEV currently 

charging. When adding a stabilization constant, it is important to remove it from the overall 

utility before summing utility, in order to produce accurate results. The size of the 

stabilization constant determines the length of the charging session. If time utility is to be 

given so high a value as to consistently result in round robin, it may be prudent to also add 

the stabilization constant to the discrete allocation scheduling model.  
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Figure 25: Four times original weight for time based utility. 

6.2.4 Simulation with Real Data 

A goal of this model is to maximize the number of plugs that a circuit supplies without BEVs 

leaving with insufficient charge to reach their next destination. Furthermore, the impact that 

additional plugs have on the ability of PHEVs to reach their next destination should be 

studied. To test the model for effectiveness at being able to increase the number of plug 

points on a circuit and to assess the impact the increase will have on PHEVs, a simulation was 

run with eight months of data from 3 level 2 SMERC EVSEs that have been operating in parking 

lots at UCLA. Each charger is on a 40A circuit able to provide 30A continuously. Each EVSE 

shares the circuit between 4 plugs. Because of the available energy, most charging finishes 

early in the day. By assuming that PEVs fully charge before leaving, the original SOC can be 

extracted from the charging data. The goal of the simulation is to find the number of PEVs 

that leave with insufficient charge as more plugs are added to a circuit. Since all the data 
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have exactly 4 plugs per circuit, the number of plugs per circuit was simulated by controlling 

the circuit capacity in terms of power. As more PEVs plug into the EVSE, less energy is 

available for each PEV. It is noted that this isn’t a perfect simulation, because the rationing 

of energy only happens when more users are available than the circuit can provide. Even if 

there are 10 plugs on a circuit, if only one PEV is charged, the PEV will receive the entire 

amount. By reducing the circuit capacity, a more pessimistic view of how many PEVs can 

charge on a circuit will be produced. However, because the method of simulating more 

chargers penalizes both the default and the optimized charging methods equally, it will work 

as a basis of comparison for effectiveness at reducing the number of BEVs that are sent home 

with insufficient charge. The circuit capacity to simulate a given number of plugs was derived 

as follows: 

 "��� = "-�- (6.1) 

 "� = "-�-��  (6.2) 

Where "- and "� are the original and the new circuit capacities and �- and �� are the 

original and the new number of charge points per circuit respectively. 

Not all the information required to run the simulation was provided with the data. The four 

pieces of information required are the model of PEV, the SOC of the battery at arrival time, 

the distance to the next charging opportunity and the predicted leave time. The model of the 

PEVs were given with the data. The SOC was extracted from the data by assuming all vehicles 

left fully charged. This is a fair assumption because the power capacity of the level 2 circuit 

is more than enough to satisfy the commutes resulting in the charging usually finishing early 

in the day. The distance to the next charging opportunity should be fixed and given when the 

user signs up for an account. Therefore, the distances were derived using all the data from 
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the data set in lieu of the user having inputted this information when signing up for an 

account. The distance to the next charging destination was extracted by taking the median of 

charge allocation and converting that into distance using the efficiency of the given PEV. 

The estimated leave time is supposed to be input by the user. In order to simulate users 

inconsistently inserting information, the following procedure was used to estimate leave 

time. First assume only users that really need to charge input the information. Therefore, 

BEVs with less than or equal to 70% SOC and PHEVs with less than or equal to 50% SOC were 

assumed to input the information. The inputted estimated leave time was created by taking a 

random number with a standard deviation of 10% from the actual leave time then rounding 

down to the 15 minute increment. If the users had more charge than the threshold, then 

leave time was defaulted to 4 hours for the first charge session. After that, a running average 

of up to 5 increments was used to estimate leave time. When the charge sessions are less 

than 5, the original 4 hour default value is included in the moving average to ensure stability 

of the estimate. 

Figure 26, Figure 27, and Figure 28 are the resulting number of BEVs that leave with 

insufficient charge given the number of plugs per circuit for each of the 3 different chargers. 

The back two rows of bars (red and green) represent the number of BEVs that left with 

insufficient charge resulting from scheduling according to equal share and round robin 

respectively. The front two rows of bars (purple and turquoise) represent the number of BEVs 

that left with insufficient charge from scheduling according to continuous optimization and 

discrete optimization. The results are consistent across the 3 different chargers. The graphs 

for the optimally scheduled solution are shifted significantly to the right compare to the 

default allocation methods. This shows that for any number of plugs connected to a circuit, 

the number of BEVs leaving with insufficient charge is significantly less.  
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Figure 26: EVSE #1 - number of BEVs that leave with insufficient charge given the number of plugs per circuit. 

 

Figure 27: EVSE #2 - number of BEVs that leave with insufficient charge given the number of plugs per circuit. 
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Figure 28: EVSE #3 - number of BEVs that leave with insufficient charge given the number of plugs per circuit. 

Figure 29 is a graph of the sum of results from the 3 chargers in Figure 26, Figure 27, and 

Figure 28. With the aggregated results we can note the increase in number of plug points that 

can be allocated energy from a given circuit. If the requirement for the number of PEVs that 

leave with insufficient energy is zero, then the number of plug points increases from 7 to 9 

plugs between continuous allocation and equal share, a 22% increase. For discrete allocation 

and round robin, the increase is from 6 to 11 plugs, an 83% increase. If it is assumed that any 

increase in plug points will come from SMERC chargers with 4 plugs, the increase is from 1 to 

2 chargers, or 4 to 8 plugs, a 100% increase. If a few BEVs are allowed to leave without 

sufficient charge, then the 2 chargers with default schedule with leave about as many BEVs 

with insufficient energy as 3 chargers. This is a 50% increase in the number of plugs from 8 to 

12. 

Figure 30 and Table 3 represent the same results as Figure 29, but scaled to the percentage 

of total BEV charging events.  
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Figure 29: Sum of 3 EVSEs – the total number of PEVs leaving with insufficient charge to reach next 
destination given plugs per circuit and charging method. 

 

Figure 30: Percent of PEVs leaving with insufficient charge. Same results as Figure 29 but scaled to 
percentage of total BEV charging events. 
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Figure 30 serves as a point of comparison for Figure 31, the percent of PHEVs that leave with 

insufficient charge to reach the next destination. With this information, the impact of the 

optimization model on PHEV charging can be assessed. As Figure 31 shows, the difference in 

percent of PHEVs that leave with insufficient charge between the charging methods is small 

and always constrained within limits. The maximum difference between continuous allocation 

and equal share is less than 3 percentage points and the maximum difference between 

discrete allocation and round robin is less than 5 percentage points. These numbers show that 

the model is effective at minimizing the number of BEVs that leave with insufficient charge 

with only a small negative impact on the number of PHEVs that leave with insufficient charge. 

 

Figure 31: Percent of PHEVs leaving with insufficient charge to reach next destination. 
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6.3 Simulation Discussion 

6.3.1 PHEVs Leaving with Insufficient Charge 

Figure 30 demonstrates that with the proposed optimal charging method, the number of plugs 

per circuit can be increase from 4 to 8 or even 12 with minimal impact on BEVs reaching 

home. The larger question that arises with Figure 31 comes from the significant increase in 

the number of PHEVs that leave with insufficient charge as the number of plugs on the circuit 

is increased. This may lead one to question the need for this optimal scheduling system since 

increasing the number of plugs on a circuit causes a significant increase in the number of 

PHEVs leaving with insufficient energy. Below the causes will be discussed and possible 

mitigations proposed. 

6.3.2 Causes of PHEVs Leaving with Insufficient Charge 

There are a number of reasons that may cause many more PHEVs to leave with insufficient 

charge than BEVs. One reason may be that PHEVs are not plugging in as long and are more 

Users Share Circuit 4 5 6 7 8 9 10 11 12 13 14 15 16 

Round Robin 0.00 0.00 0.00 0.09 0.53 1.15 2.48 4.25 6.02 7.53 8.06 9.39 9.74 

Equal Share 0.00 0.00 0.00 0.00 0.27 0.62 2.04 4.78 6.82 7.53 8.33 9.21 10.10 

Discrete Optimization 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.09 0.80 1.06 2.30 2.92 

Continuous Optimization 0.00 0.00 0.00 0.00 0.00 0.00 0.09 0.35 0.97 1.95 3.19 5.14 6.55 

Table 3: % of Leaving BEVs with Insufficient Charge to Reach Next Destination. Output table for results for 
plugs 4-16 shown in Figure 30. 
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casual about their ability to receive enough energy, causing them to be less diligent about 

charging. Another reason may be that the PHEVs tend to have smaller batteries compared to 

BEVs. With the exception of the Chevy Volt that can travel 35 and 50 miles depending on 

model year, most PHEVs travel from 10-20 miles on a full charge. For example, the Toyota 

Prius plug-in hybrid and the Ford Fusion Energi have an official all electric range of 11 and 20 

miles respectively [12]. If a Prius driver has an average commute of around 13 miles, each day 

the vehicle will arrive completely discharged and will not have the required energy until fully 

charged with 11 miles of range. A Fusion Energi will only require 6 miles of charge to have 

enough energy to get home. The volt and all BEVs can do the average commute round trip 

without needing to charge at all. Therefore, if there is a shortage of energy and rationing 

must take place, even a small cut in energy allocation will likely leave some PHEVs without 

sufficient energy to reach next destination (or fully charged when the range is less than the 

commute). 

In a real deployment, the increase in the number of PHEVs that leave with insufficient charge 

should be less than the results of this simulation. The method used here to simulate 

additional plug points underestimates the available energy through the day by under 

allocating energy to PEVs when less than 4 are plugged in. This is because when 4 or less PEVs 

are plugged in, energy per plug is the same as when the charger only has 4 plugs. However, 

attempting to create a more realistic simulation may result in more inconsistent results. Two 

approaches to such a simulation are considered. One approach is to combine all 3 chargers 

into one set of data with 12 plug points and incrementally add a plug point with its charging 

data to increase the number of plugs in the data. The problem with this approach is each plug 

will have its own characteristics and may lead to a lot of variability between each increase in 

plug point, resulting in inconsistent results. Another method would be to allocate extra 

energy to the proportion that represents the first 4 PEVs to arrive. This will be possible to 
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simulate 8 or 12 plug points. For 8 plug points, simply allocate extra to the first 2 PEVs from 

the data, then taper off the allocation for the third and fourth PEV. However, this will not 

work for other number of plug points because the number of plug points is not divisible by 4.  

6.3.3 Lowering the number of PHEVs with Insufficient Charge 

In order to increase the plugs per circuit from 4 to 8 without the increase in the number of 

PHEVs leaving with insufficient charge, a few measures can be taken. The first is to increase 

the circuit capacity from 30A continuous to 40A continuous (50A breaker) and thereby 

increase the power from 7.2kW to 10kW. Most of the installation cost is installing the conduit, 

wiring, and device, not the actual cost of the wiring. So the incremental increase in cost of 

larger wiring should be much smaller than the additional benefit of doubling the number of 

plugs. The second step would be to force the MPC to reallocate idle charge time in order to 

more fully utilize the circuit. 

In Figure 21 through  Figure 24, the last scheduled PEV fill color is black representing over an 

hour of idle time where the PEV is plugged but not charging. One of the benefits of PMC as a 

control system, is it allows for recalibrating the controls, and readjusting the inputs to meet 

future requirements. The first requirement for reallocation of idle charge time is accurate 

leave time estimates. If the leave times are not accurate, reallocation of idle time may lead 

to an increase in PHEVs leaving with insufficient charge instead of a decrease. For a given set 

of data with predicted leave times, the sufficiency of the accuracy can be judged by 

scheduling with and without idle time redistribution. If a significant increase in utility results, 

then the idle time estimation can be judged as sufficiently accurate. 

Reallocating of idle time simply means rescheduling a given PEV charge allocation if the given 

PEV is scheduled to have idle time at the end of its charge schedule. This is done by 

reallocating some of the given PEV’s earlier allocation to other PEVs until either all needs are 
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filled, the given PEV has no more time that overlaps with other PEV needs, or the given PEV 

runs out of predicted idle time. In the above figures, this would mean charging plug 1 less and 

plug 2 more. Three procedures to execute this reallocation will be discussed. The first 

procedure is to cycle through the scheduling process while incrementally lowering the priority 

of the PEV with idle time until the idle time has been minimized. It is imperative to not push 

this too far and leave the PEV with insufficient charge. The next two procedures approach the 

reallocation directly. These procedures require moving discrete charge allocations around and 

are only appropriate for discrete allocation charging. The second procedure is to find the 

time increment in the schedule with the largest utility value, then attempt to relocate the 

schedule from the user with idle time to the time increment with the largest need. Repeat 

until idle time is gone. The problem with reallocation is the future is unknown. In a real 

deployment, a new user may arrive and remove all the excess charge time that resulted in 

idle time. If the user with the idle time already had the schedule executed so that it received 

less energy, the new schedule with the new user may leave the user whose charge allocation 

was redistributed at a disadvantage. With this in mind, the third procedure would be to 

reallocate the charge schedule to the last open time slot with a PEV that can accept charge. 

In this way, the redistribution is pushed as late as possible; mitigating the chance of the 

execution of excessive reallocation before a new user arrives and disrupts the entire 

schedule. These two methods could be combined into a cascading method where the 

reallocation is first moved to the users with the last open slot, then from that user to a user 

with the largest need.  

Chapter 7 Contribution, Broader Impact and Future 

Development 

7.1 Contribution  
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A network of PEV chargers with the ability for multiple PEVs to charge from a single circuit 

was designed and developed as part of the WINSmartEVTM experimental test bed. As the 

number of vehicles that connect to a circuit is increased, the amount of energy per vehicle 

decreases. This leaves less energy to satisfy each user’s needs and expectations. This 

research attempts to find a method to adequately satisfy the user’s needs and expectations 

while maximizing the number of vehicles that can connect to a circuit. The outcome of this 

research is a scheduling system that maximizes the number of PEVs that can be adequately 

charged from a given circuit by accounting for both users’ needs and expectations. If user 

satisfaction is emphasized, the scheduling system can maximize the total utility of the users 

for a given charging scenario. The scheduling system was developed by creating objective 

formulation to quantify users’ needs and expectations using multi-objective optimization. The 

formulation quantified 8 user needs and expectations functions categorized by 2 independent 

variables. Six needs were quantified as SOC based utility functions and 2 expectations were 

quantified as time based utility functions. The SOC based utility functions quantify the BEV 

drivers’ needs in terms of 3 key distances. The time based utility function includes a 

formulation that mimics equal average power at leave time without the problem of time in 

the denominator as required to averaging power at leave time. A method for accepting grid 

DR signals was developed by adding the grid as an additional user vying for electricity. In 

order for this to work, the idle time was quantified by adding a grid client as a slack variable. 

Additionally, a method was developed to quantify an individualized price of electricity to 

charge the user. The price that is charged can make the system fairer by compensating the 

users who are charged less because of their lack of need. 

Then the energy allocation scheduling problem is solved using the model predictive control 

method. The system was validated using data from WINSmartEVTM experimental testbed. The 

simulation was performed with 24 months of data taken from 3 separate chargers (8 months 
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each). The results show that the scheduling system significantly shifts to the right the graph 

of BEVs leaving with insufficient charge. Therefore, for any given number of plugs the circuit 

is sharing, a BEV user is significantly less likely to leave with insufficient charge. Furthermore, 

the likelihood of BEVs leaving with insufficient charge can be kept the same while 

significantly increasing the number of plugs supplied from the circuit. 

7.2 Future Development 

The goal of this work is pragmatic, to produce a better scheduling system that can maximize 

the number of plugs that can be connected to a circuit. An additional goal is to minimize the 

loss of utility by the users when sharing energy, so that sharing energy technology will be 

embraced. With energy sharing technology, a given electrical infrastructure can support many 

times more PEVs. Given the above goals, the target of future developments should be a 

deployed software program that controls circuit sharing by PEVs. There are many areas of 

improvement that must be completed before achieving the deployment stage. The following 

is an attempt to describe some of these improvements including improvements to the model, 

improvements to the simulation, and requirements for deployment. 

7.2.1 Model Improvements 

One area of work that may be done is to find a way to force linearization in order to create a 

scheduling system that is adequate, but much quicker to compute. This may involve changing 

the SOC based utility function in two ways. First, restating the function so that the SOC utility 

is the state. This will involve tracking the SOC in terms of its utility and aggregating it as with 

the time based utility. Second, would be to linearize the utility functions. This would involve 

making the utility functions less true to user’s needs, but easer to calculate. 
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Another area for potential improvement on the model is to develop a stochastic model to 

predict when users will arrive in the future and incorporate the prediction into the MPC 

model. With accounting for future arrival times, more accurate schedules can be created. 

One obvious benefit would be to increase the stability of the system in order to improve the 

reliability of reallocation of idle time. An accurate future arrival time model may also 

improve the overall effectiveness of the model to maximize utility and minimize the number 

of BEVs and PHEVs that leave with insufficient energy.  

Details of the user interaction with the scheduling system could be fleshed out. An improved 

method for obtaining the distance to the next destination may be developed. There are a 

number of goals for this method including the following: Ensure the user is not cheating or 

inputting inaccurate information, create a default distance if the user does not input a 

distance, allow the user to follow a procedure to allow users without home charging to make 

the current EVSE be its next destination. This will cause the distance to the next destination 

be the round trip commute back to the current EVSE. Other goals may be to allow the user a 

limited number of special requests for out of the ordinary plans. This may involve extra 

energy and an earlier leave time. The number of requests allowed per user may depend on 

the demographics of the users’ needs and the availability of energy. If there is plenty of 

energy, these requests may be fulfilled without excessively impacting the other users. 

7.2.2 Simulation Improvements 

In order to deploy the model as a control system, it must be rewritten in C# in order to 

combine with the WINSmartEVTM charging system. Before that happens, the Matlab simulation 

that the C# program will be based on, should be as streamlined as feasible. The current 

simulation was developed in an ad hoc manner solving one problem at a time, resulting and a 

rather unwieldy program that is difficult to adjust without excessive debugging. By using the 
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mathematical MPC model as the starting point, the simulation can be rewritten in a more 

concise and a more easily modifiable manner that will be a better model to copy in order to 

design and code a C# program. There are number of features of the model not incorporated in 

the current simulation that must be included. 

A new simulation should incorporate grid price from the MPC model into the simulation. Using 

the California ISO electricity price, and converting it to a utility function, the schedule can 

react to grid signals. The simulation can treat the grid as an additional user vying for 

allocation. Where any energy allocated to the grid is idled circuit capacity. In a real 

deployment, the grid price along with local grid demand response signals can be converted 

into a single price curve that is calibrated to only curtail charging to meet the electrical 

grid’s demand response requirements. For discrete allocation, the charge max feedback 

function will work fine with the grid signal, and only curtail charging if the grid signal is the 

largest signal. However, with continuous allocation using a feedback function that allocates 

energy proportional to the utility values, the grid signal will cause the scheduling system to 

always curtail some energy. This will result in underutilization of the circuit. A solution is to 

have a threshold price below which the grid utility signal is ignored and charging is allocated 

100% of the circuit capacity. Once the grid signal rises above the threshold, then the grid vies 

for allocation. The J1772 standard has a threshold and does not allow the allocation of 

current between 0 and 6 amps. This same type of threshold can be used, but calibrated so 

that the system reacts to the grid appropriately.  

Once grid price is incorporated into the simulation, the price that users pay should also be 

included in the simulation. The price users pay can be left as free, or a fixed costs. If the 

price is fixed, then no price calculations will be necessary. However, pricing may make the 

scheduling for all involved more fair. If the users who are allocated extra energy because of 
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needs, compensate the users the allocation is taken from, the system may be perceived as 

more fair. Note that this is different than implementing a market system that will make an 

unpredictable problem of sharing energy even more unpredictable. A pricing system can be 

implemented that starts with a baseline energy price that all pay, and with the default 

charging schedule of round robin or equal share. Once the charge sessions are finished, a 

history of the charge sessions can be used to systematically allow the users that received 

more than they would have with default charging compensate those that received less. This 

may result in some users receiving less energy at a subsidized price while others pay a 

premium for priority charging. 

Different PEVs have differing capabilities to receive power. Some are rated at 3.3kW, others 

at 6.6kW and beyond. The intake capacity of the PEV can be known by the model. If a PEV 

cannot take all the energy it is allocated, then the extra energy should be allocated to the 

other users. However, in order to not penalize the user with the slower charging, the utility 

functions should remain as they are. The lower charge rate will reflect in the users time 

based utility function and the user will be able to charge longer. The different charge rates 

and the appropriate reaction to them must be accounted for in the simulation. 

The current simulation has shown that the scheduling system converges to an answer after a 

few iterations, and is thereafter static until a user arrives or leaves. Therefore, the new 

simulation should use MPC to develop a schedule. Once the schedule has converged, keep the 

same schedule until an event triggers the recalculation of the schedule. Once a stable 

schedule is developed, other optimization methods can be added over the stable schedule. 

One allocation method to add on the schedule is idle time relocation as described in section 

6.3.3. If a PEV is scheduled to not charge at the end of its charge time, and other users have 

left with less than 100% SOC, then incrementally less energy can be allocated to the user with 
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idle time until either all users with overlapping charge time leave fully charged, the idle time 

is eliminated, or the user with idle time no longer has charge allocation that overlaps with 

others who can take the idle time. 

The idle time reallocation method that will work for both discrete allocation and proportional 

allocation is utility modification. In this method, once a stable schedule is achieved, the user 

with idle time at the end is given a small negative utility that reduces the users charge 

allocation. Then the scheduling is iterated. Then a test for idle time is performed. Repeat 

until idle time is zero, the ability of the user with idle time to give up more charge time is 

zero, or the ability of other users to receive the allocation is zero. 

The problem with this increase in negative utility is an exacerbation of the original problem 

with time based utility; negative utility values. Time based utility allocates negative values 

that can cause users who charged a long time, to stop charging even when not charging would 

cause the system to idle without a grid request. This problem is solved by shifting utility 

values into the positive range before running the scheduling procedure. This can be done by 

taking the largest negative value of all the users, taking its absolute value, then adding it to 

all utility values. If necessary, normalization can take place after the shift to positive utility 

values. 

7.2.3 Requirements for Deployment 

Once all the above solutions have been found, they must be simulated in Matlab before the 

scheduling system can be adapted to work with the control server to control PEV chargers. 

With the working Matlab prototype as a guide, the system must be redesigned in order to be 

rewritten in C#. A special user interface may need to be developed to take additional user 

information for the scheduling system such as leave time and SOC. Once the system is 

deployed and controlling PEV charging, its effectiveness can be further quantified in terms of 



135 
 

number of plugs per circuit and PEVs leaving with insufficient charge. Real world accuracy of 

predicted leave times can also be assessed and its effect on reallocation of idle time. 

There are some technical details that must be sorted out in a deployment. One such detail 

arises from a feature of the charging system. The EVSEs have a current and voltage meter and 

are able to measure power allocated to the users. A procedure needs to be developed to 

update the predicted allocation with the actual allocation so that the SOC does not 

accumulate the error between the expected allocation and actual allocation. Since real 

energy consumption can be measured for each plug, any underutilization can be accounted 

for. When a PEV is not accepting its allocated amount, the energy can be reallocated to other 

users. There is no need to idle the circuit if a PEV is not taking the energy. 

7.3 Possible Broader Impact 

This energy allocation model for PEV charging when sharing a constrained energy resource 

may be broadened to be used with other dynamic allocation systems that are constrained by 

supply. Micro-grids are defined using a constrained boundary condition at the supply point 

just as an energy sharing EVSE. From a model perspective, an energy sharing EVSE can be 

thought of as a micro-grid with 4 equivalent loads that can demand more than the power 

supply capacity. The scheduling model for energy sharing may be broadened to control a 

micro-grid. Prediction models may be created for uncontrollable supplies such as grid price, 

solar energy supply and uncontrolled loads such as baseline energy consumption. Utility 

functions may be created for controllable and deferrable energy sources and loads such as 

batteries, generators, micro-CHPs, PEVs, HVACs, water heaters, refrigerators and dryers. 

Model predictive control methods that optimize utility may be used to create a stable energy 

flow schedule for micro-grids, both islanded and gird connected. 
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These utility functions for controllable and deferrable loads could include needs profile such 

as with an HVAC system. User needs such as temperature and distance from set point may be 

made into utility functions for users’ requirements. With the predicted temperature, the 

energy flow model for the building, and the utility function for user requirements, a 

predictive control model may be created for HVAC systems such as the ones proposed by 

Salsbury et al. [60] and by Ma et al. [61]. Utility functions could translate the users’ 

temperature preference into energy consumption priority.  A water heater may be modeled 

the same way as an HVAC system, with looser constraints and more easily modeled 

boundaries. Given the water heaters ability to retain heat, the load may easily be moved 

within constrained time period. A refrigerator may follow much the same model, with the 

same easily modeled boundaries as a water heater, but with very strict constraints on 

temperature. 

A dryer may be set to dry when cheapest and may respond to a change in the grid’s utility 

function. A function that describes the cost of postponing the drying of clothes may be made. 

If the dryer hasn’t started yet, it only depends on when the clothes are needed and what 

alternative times there are to dry the clothes. When the drying is underway, if the drying is 

stopped, there will be some loss in heat because the hot clothes will cool and have to be 

reheated. The reheating requirement for the clothes could be incorporated into a utility 

function just as the round robin stability function that gives preference for PEV currently 

charging, resulting in longer time allotments (see section 6.2.3).  

A battery could be modeled as an agent that acts as a merchant that buys low and sells high. 

The difference in utility may account for the cost of the wear and tear on the battery 

because of the given use or even. The difference may also account for direction of current 

flow, but also the size of the current flow if larger current causes more wear on the battery. 
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Uncontrolled loads may simply be modeled as predictive functions and interact with the 

model as uncontrolled noise on the output of the state space function. When the micro-grid is 

grid tied, the MPC could control the load to meet specific requirements such as maximizing 

the use of renewable energy, or acting as a real time controllable load for the larger grid. 

When the micro-grid is in islanded mode, the MPC controller could create an energy allocation 

scheduling system that controls the flow of energy based on the maximizing of utility and 

minimizing the use of fuel and wear and tear on the local energy supply systems. 

Chapter 8 Conclusion 

The lack of charging infrastructure is a persistent barrier to widespread adoption of PEVs. The 

cost of installing charging infrastructure is substantial and is often unclear who will pay for it. 

If society is serious about combating global warming and energy dependence by meeting 

personal transportation energy needs with electricity from the grid, instead of burning fossil 

fuel directly, then this problem with the lack of charging infrastructure must be dealt with. 

Circuit sharing with WINSmartEVTM tackles the problem by multiplying the number of plugs 

(and PEVs) that can connect to a given circuit at one time and thereby significantly decreases 

the installation cost per plug point.  

Even though the WINSmartEVTM level 2 EVSE connects up to 4 users to a single circuit, users 

may not be aware that they are sharing the circuit. This is because a standard level 2 circuit 

has the power capacity to provide enough energy in a typical work day to more than satisfy 

needs of the 4 users. The challenge is to more fully utilize the circuit without adversely 

affecting the user’s experience, and in so doing, maximize the number of PEVs that can 

connect to a circuit. This challenge was met by developing a scheduling system that allows 

for a more fully utilized circuit. This was done by accounting for both users’ needs and 
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expectations while maximizing the number of PEVs that can be adequately charged from a 

given circuit. Objective formulation was used to quantify users’ needs and expectations using 

multi-objective optimization, then the energy allocation scheduling problem was solved using 

the model predictive control method.  

The model was tested in a Matlab simulation using 24 months of data divided between 3 

chargers from the deployed testbed. As energy is divided up between a larger number of 

PEVs, each individual user receives less energy to meet their needs and expectations. The 

primary concern that must be considered is having BEVs leave with insufficient energy to 

reach their next destination. Using the median charge from charging history to extract the 

commute distance, the number of PEVs unable to reach the next destination at leave time 

was quantified. The output of the simulation was the number of PEVs unable to reach the 

next destination, given a simulated number of plugs per circuit. The results clearly show that 

for any given number of plug points, the scheduling system reduces the number of PEVs that 

are unable to reach their next destination. This system can be used to double or triple the 

number of plugs per circuit. By connecting 2 or 3 EVSEs to the circuit, with each EVSE having 

4 plugs, the number of plugs can be increased from 4 to 8 or 12, while keeping the number of 

BEVs that leave with insufficient energy down to a handful. 

This charge scheduling system can be thought of in wider terms beyond maximizing the 

number of plugs on a circuit. With a more general goal of minimizing the downside of sharing 

energy, the system could be optimized to make sharing energy as unnoticeable to users as 

possible. The allocation of a constrained energy source is a zero sum game with directly 

conflicting objectives since energy allocated to one user is energy not allocated to another, 

and energy allocated to meet one objective is energy not allocated to meet another. In 

addition, electrical grid needs can be considered as one more user with special requirements, 
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which may include a price curve or a shutoff request. By quantifying the users’ needs and 

expectations and maximizing the utility of all users and allocating energy where it is needed 

most, any noticeable inconvenience of sharing could be greatly minimized.  

By moving the focus from maximizing the number of plugs that can connect to a circuit to 

minimizing the inconvenience of sharing, more user acceptance may result. Increased user 

acceptance can increase the proliferation of sharing technology and increase the proportion 

of charging stations with energy sharing technology and thereby increase the number of plug 

points on the grid. In addition, multiplying the number of charging stations not only multiplies 

the number of PEVs that can be connected, but also makes PEVs more convenient and 

increases demand, thereby encouraging their proliferation. This work could help alleviate the 

shortage of charging infrastructure and thereby help enable the widespread deployment of 

PEVs as part of the national push for electrification of personal transportation. 
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