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Increasing debates over a gasoline independent future and the reduction of 

greenhouse gas (GHG) emissions has led to a surge in plug-in hybrid electric vehicles 

(PHEVs) being developed around the world. Due to the limited all-electric range of 

PHEVs, a daytime PHEV charging infrastructure will be required for most PHEVs‘ daily 

usage. This dissertation, for the first time, presents a mixed integer mathematical 

programming model to solve the PHEV charging infrastructure planning (PCIP) problem. 

Our case study, based on the Oak Ridge National Laboratory (ORNL) campus, produced 

encouraging results, indicates the viability of the modeling approach and substantiates the 

importance of considering both employee convenience and appropriate grid connections 

in the PCIP problem. Unfortunately, the classical optimization methods do not scale up 



 viii 

well to larger practical problems. In order to effectively and efficiently attack larger PCIP 

problems, we develop a new MASTS based TS algorithm, PCIP-TS to solve the PCIP. 

The results from computational experiments for the ORNL campus problem establish the 

dominant supremacy of the PCIP-TS method both in terms of solution quality and 

computational time. Additional experiments with simulated data representative of a 

problem that might be faced by a small city show that PCIP-TS outperforms CPLEX 

based optimization. 

Once the charging infrastructure is in place, the immediate problem is to 

judiciously manage this system on a daily basis. This thesis formally develops a mixed 

integer linear program to solve the daily the energy management problem (DEM) faced 

by an organization and presented results of a case study performed for ORNL campus. 

The results from our case study, based on the Oak Ridge National Laboratory (ORNL) 

campus, are encouraging and substantiate the importance of controlled PHEV fleet 

charging and realizing V2G capabilities as opposed to uncontrolled charging methods. 

Although optimal solutions are obtained, the solver requires practically unacceptable 

computational times for larger problems.  Hence, we develop a new MASTS based TS 

algorithm, DEM-TS, for the DEM models. Results for ORNL campus data set prove the 

dominant computational efficiency of the DEM-TS. For the simulated extended sized 

problems that resemble the complexity of a problem faced by a small city, the results 

prove that DEM-T not only achieves optimality, but also produces sets of multiple 

alternate optimal solutions. These could be very helpful in practical settings when 

alternate solutions are necessary because some solutions may not be deployable due to 

unforeseen circumstances. 
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CHAPTER 1: INTRODUCTION 

In the last decade there have been increasing concerns about mounting oil prices, 

climate change and an oil depleted future. This has forced policymakers and the 

automobile industry to research and evaluate alternative strategies for passenger 

transportation [1]. Increasing greenhouse gas (GHG) emissions and concerns about future 

energy security have created a new concept, the ―green economy‖ [2] which requires the 

development of efficient individual transportation. Since the transportation sector 

accounts for majority of gasoline consumption in the US, new transportation technologies 

are actively being investigated. One such technology, plug-in hybrid electric vehicles 

(PHEV‘s), has experienced a global surge in interest.  Since PHEVs could potentially 

reduce both gasoline consumption and associated emissions, an increase in government 

and industrial sponsored research in optimizing PHEV engine and battery efficiency [3] 

has occurred. An EPRI study [78] suggests that PHEVs capable of traveling up to 60 

miles on a single battery charge could reduce CO2 emissions by 50% and petroleum 

consumption by more than 75%.                                                                                                                                                                                                                                                                                                                                                                                                        

Many reports argue that PHEVs are more advantageous in areas where low 

carbon fuels are used for electricity generation; but, the advantage is modest or minimal 

in regions with coal-based electricity generation [79]. However, such reports do not 

acknowledge the potential ability of controlled charging of a PHEV fleet. PHEV‘s have 

now been greatly publicized for their potential to reduce petroleum dependence and GHG 

emissions by their ability to use off-peak excess electric generation capacity [4].  
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One of the most important advantages of a controlled PHEV fleet is the potential 

to address the ―underutilization‖ of generation and transmission capacity in the country. 

The presence of an extremely unpredictable electricity demand that must be satisfied 

every moment, coupled with idiosyncrasies of electricity generation and distribution 

system, require the presence of infrastructure as well as the capacity that can cope with 

such unpredictable circumstances. Most days experience a few peak hours of electricity 

demand causing the generation capacity to be underutilized at all other times. The 

presence of a controlled PHEV fleet would lessen such underutilization which, in turn, 

would reduce the number of times generation plants must be shut down or restarted, thus 

reducing cost [3]. The introduction of PHEV fleets will not greatly affect electric grids 

and the slow growth in PHEV market penetration will allow utility companies to 

adequately control and perform capacity planning. Unfortunately, most studies have 

ignored the fact that PHEV owners will control the timing of recharging their vehicles, 

and their preference will be to do so at their convenience, not at times preferred by utility 

companies.  

1.1 The need for extended off-residential charging infrastructure  

Some reports argue that PHEV‘s with 40 mile all electric range are necessary for 

an average American if no infrastructure is available outside of the owner's primary 

residence [5]. Such projections are based on the 2001 National Household Travel Survey 

[6] which estimates that, on average, individuals in the United States drive about 32 miles 

per day to commute. However, since this number only represents average, the actual 
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number of people traveling more than 32 miles is very significant, which suggests that 

people would prefer to charge their PHEVs during the peak day hours, most conveniently 

at their work locations when their vehicles would be idle for extended amounts of time. 

Further, Morrow et al. [5] suggest that if a public charging infrastructure was available 

that allowed PHEV charging outside of the owner's primary residence, the required all 

electric travel range could be reduced from 40 miles to 13 miles. Therefore, a wide 

spread charging infrastructure could reduce the battery size requirements for PHEVs, 

which would markedly reduce the purchase price of PHEVs.  

A recent report from Electrification Coalition [72] identifies the necessity of both 

public and private charging infrastructures to support widespread deployment of PHEVs. 

However, it notes that reliable access to a network of public charging stations will 

provide PHEV owners with confidence and flexibility. The report argues that home-

charging infrastructure will not be sufficient to overcome the ―range-anxiety‖ for the 

PHEV owners.  

. This would require that charging options be provided by municipalities, parking 

lot owners, and the employers [9]. A report from Pike Research [7] estimates that by 

2015, the global installed base of charge points will surpass 5 million with cumulative 

equipment revenues of $6.5 billion.  

EV Transportal [80] lists a few options for mass level off residential charging, 

which include: (1) building "islands" of charge points in specific model locations such as 

cities, and large company facilities; (2) building a national network of truck stop 

electrification (TSE) plug-in facilities, with the added benefit of reducing existing idle 



 4 

time for trucks. This potentially saves an estimated 5,840 gallons of diesel fuel per year 

for each recharging unit installed, while the reduction in nitrogen oxide emissions are 

equivalent to having 1,150 cars off the road. Ref. [80] lists various other successful 

demonstrations for public charging infrastructure installation. More importantly [82] 

argues strongly, by citing mass level government and private efforts, in favor of the 

inevitable requirement of having an off residential charging infrastructure.   

1.2 PHEV’s as a new “load” and a new “source” on and for the Grid  

1.2.1 THE NEW “LOAD” 

It is important to understand the ramifications of adding the load of increased 

numbers of PHEVs onto the existing grid which would require increased electricity 

consumption. Indeed, the additional PHEVs could require the development of new 

electricity generation sources as well as increased utilization of existing capacity. Hadley 

and Tsvetkova [3] estimate that this new load will change the usage patterns of local 

distribution grids overloading some lines or substations much sooner than expected. They 

also consider the type of generation for additional capacity planning and conclude that it 

will depend upon the region of the country and the timing of recharging. However, they 

consider only the scenarios of evening (5PM) charging and night (10PM) charging. With 

this restricted study, the authors conclude that new generation capacity will be required if 

everyone chooses to recharge their vehicle at either of these two times. 
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Another study from National Renewable Energy Laboratory (NREL) [79] showed 

that a very large penetration of PHEVs would place increased pressure on peak units with 

an uncontrolled charging strategy. However, no additional generation capacity would be 

required for a large penetration of PHEVs when charging cycles start in the off-peak 

periods.  

The two studies present some conflicting results depending upon the scope and 

assumptions of the research. However, both agree that more research efforts are needed. 

As highlighted in [5], consumers would prefer to recharge during daytime hours which, 

unfortunately, has not been the subject of much research. Such a scenario, if not managed 

properly, would leave energy utility companies no options but to revert to costly and 

heavily GHG emitting generating capacities to cope with the demand.  

1.2.2 THE NEW “SOURCE” 

Conventional thinking suggests that PHEVs would plug in at night or recharge 

during the late evening and early morning hours; but this scenario ignores one important 

fact, and a possible value proposition for PHEVs, that vehicles are parked over 90 percent 

of the time. From the perspective of potential electric power, these are the idle resources 

that if connected to grid could provide various grid services.  

In addition to using a cleaner source of fuel, PHEVs further increase the efficiency 

of electric generators and reduce overall emissions by providing two vehicle to grid 

(V2G) services: (1) energy storage; and (2) ancillary services [8], thus acting as new 

―source‖ for the electricity grid. As energy storage devices, PHEV batteries may be 
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charged when the cost of generating electricity is low and discharged when it is high. 

This capability allows the utility to avoid the cost and environmental impacts associated 

with being forced to utilize additional energy sources (i.e. spinning reserves and low 

efficiency GHG emitting generators) when the dedicated power plant reaches its 

maximum output. Spinning reserves refer to the extra electricity capacity that power 

system operators must procure in order to balance electricity supply and demand in real-

time. The utility and power system operators benefit from these reliable immediately 

available ―stand-by‖ resources since they do not have to wait several minutes for ―non-

spinning‖ combustion turbines to be brought on-line. Thus, if the PHEVs are idle during 

the peak demand hours (typically during daily work hours), such services would benefit 

both the grid and the PHEV owners since the utility would compensate the car owners for 

using such V2G services. Kempton et al. [49] emphasize the advantages of V2G 

capabilities by concluding that if 20% of Southern California‘s vehicle fleet is composed 

of electric drive vehicles and one-third of them are available to provide energy during 

peak usage periods, their contribution could fulfill two-thirds of the forecasted 2010 peak 

load of Southern California. 

In order to realize such capabilities, two way grid connections are required [82]. 

Electricity transmission networks are designed to transport energy efficiently while 

taking into account factors such as network safety and redundancy. These networks use 

components such as power lines, cables, circuit breakers, switches and transformers. 

Appropriate grid connections are very critical in properly constructing PHEV charging 

stations. Decisions about installing PHEV charging stations at any physical location will 
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have to consider various grid related costs and constraints, such as physical connection 

cost and the capacity of grid nodes. Such decisions will depend on associated electric 

load increases and available capital investment. 

1.3 The Research Gap & Need for Dedicated Optimization 

As stated above, there are two crucial aspects that would guide the successful 

acceptance and inclusion of PHEVs to the existing vehicle fleet – (1) a properly designed 

robust recharging infrastructure; and (2) assurance that the utilities or other recharging 

infrastructure managers have reliable, efficient and effective policies that would govern 

the recharge and the use of the V2G services of PHEVs to the extent that is beneficial for 

managers, PHEV owners and the environment. Unfortunately, existing research is limited 

to studying the potential impacts of PHEVs on the grid, or to studying the added 

infrastructure needs. These studies help in establishing future plans for automakers, 

utility companies and policymakers. While such studies are important, they do not 

holistically address the entire integrated problem at hand.  

1.3.1 PLANNING FOR PHEV CHARGING INFRASTRUCTURE  

In deciding the locations for mass level charging station installations, various 

factors drive the decision making process such as expected geographic PHEV 

concentrations at possible locations, PHEV owner convenience, and appropriate 

connections to the grid.  Effective and efficient planning through the use of appropriate 

quantitative models and associated solution methods that quickly yield excellent solutions 
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is the best way to assure that the substantial capital investments will satisfy future 

expectations and requirements. In research documented here, we will first focus on large 

organizations with parking lots well suited to charging stations. These will include 

Universities, National Laboratories, and corporations where thousands of people work 

within a defined geographic perimeter. With the increased PHEV penetration, cities may 

decide to install charging infrastructures at heavy vehicle usage areas such as shopping 

centers, convention centers and large sporting arenas. In all these cases, the choice of 

parking lots, number of charging stations, points of connection to the grid (cost effective 

and load appropriate) are the immediate decisions that require excellent near-optimal 

solutions while suitably satisfying constraints such as PHEV driver convenience, grid 

capacity and utilization, and service level constraints. Unfortunately, we are unaware of 

any past research efforts that address this problem.  

The research presented in this dissertation shows that this complex problem can be 

mathematically modeled, as outlined below, as a significant extension of the well known 

NP Hard capacitated facility location problem (CFLP) [9]. Hence, a well guided research 

effort based upon proven approaches to such problem types is required so that we can 

efficiently meet growing infrastructure requirements for new technology vehicles. In 

addition to the charging stations, if we consider the possibility of installing and 

integrating solar panel shaded parking lots to the grid, the complexity of the problem will 

exponentially increase further warranting application development based on proven 

approaches within the domain of operations research techniques.  
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1.3.2 REQUIREMENT FOR DAILY ENERGY MANAGEMENT 

Given a complete stipulation of the charging infrastructure, we must decide how to 

use and allocate those resources on a daily basis. In particular, if the utility company has 

direct control over a set of parked vehicles for an extended amount of time (typically a 

work-day) one goal would be to optimize the use of both its conventional generation 

capacities and the spinning reserve capacities embodied in the V2G services offered by 

PHEVs and controlled charging capabilities of smart chargers. Using the forecasted 

demand for next 24 hours, charging/discharging policies can be developed that can 

reduce or avoid the very costly heavy (peaked) use of online generators which will also 

significantly reduce emissions of green house gases.  

Such charging/discharging decisions may not be directly controlled by the utility 

company. Instead the utility can manage its demand at different times of the day by using 

dynamic pricing, i.e., charging different rates based upon the grid load. In such a case, a 

commercial site manager would prefer to reduce the energy costs by controlling PHEV 

charging as well as utilizing V2G services.  

1.3.3 RENEWABLE ENERGY GENERATION AND THE REQUIREMENT FOR STORAGE 

DEVICES  

Among other factors, the dependency upon foreign sources of oil and the negative 

environmental impact of traditional power generating methods using coal and oil-fired 

power stations have brought about an increased national interest in renewable energy 

sources such as wind turbines and photovoltaic solar arrays. However, the future use of 
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such renewable energy sources faces inherent uncertainties in regard to their timely 

availability. For example, solar cells produce less power on cloudy days, while wind 

turbines produce much of their energy at night. The ability to store electricity on a large 

scale would have profound effects for a sustainable energy future. Future improvements 

in storage technologies could provide a unique opportunity for increasing utilization of 

renewable resources while helping in reducing peak energy demand. In [9], an overview 

of different storage technologies and how they might be used in a sustainable power 

system is discussed. The benefits of suitable storage units, installed at appropriate 

locations, would depend on a set of scheduling tasks involving time based 

charging/discharging decisions. A mathematical model for such decisions is discussed 

later in this dissertation.  

1.3.4 POLICY REQUIREMENTS FOR TIME BASED ELECTRICITY PRICING 

The Energy Bill 2005 [50] requires the U.S. Department of Energy to study and 

report on national benefits of demand response and make a recommendation on achieving 

specific levels of benefits. It also encourages time-based pricing and other forms of 

demand response as a policy decision. The bill recognizes four time based pricing 

regimes - time-of-use pricing (TOU pricing), critical peak pricing (CPP), real-time 

pricing (RTP, also known as dynamic pricing) and peak load reduction credit schemes. 

However, the initial failures associated with RTP, exemplified by the California Energy 

Crisis [45], will most likely cause utilities in U.S. to utilize TOU pricing and CPP before 

considering other dynamic pricing strategies. Hence, in the research proposed here, we 

http://wapedia.mobi/en/Demand_response
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focus on the development of energy management strategies for an organization under 

TOU pricing and CPP.  

1.3.5 DAILY ENERGY MANAGEMENT DECISIONS 

In either pricing context, the required decisions are:  How and when will a 

particular PHEV be charged (or discharged)? How and when will a particular renewable 

energy source or storage unit be used?   

The objective would be to reduce/minimally increase peak and overall demand on 

the grid as well as to reduce the cost of operations. In order to answer such questions 

while satisfying grid availability constraints as well as PHEV battery and driving 

requirement constraints, a sophisticated methodology is required. Since V2G services 

would negatively impact PHEV owners (in terms of reduced battery life cycle and 

possible increase gasoline usage due to inadequate charging), the policy making 

technique would inevitably have to directly incorporate this fact. As detailed below, 

classical optimization methods are insufficient for practical instances of this resource 

allocation problem. The associated a complex non-linear optimization problem requires a 

dedicated solution methodology that provides efficient and effective results within 

required time limits. Efficiency is of prime importance here as the strategies would need 

to be dynamically developed and employed with constant demand profile updates.  
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1.4 Tabu Search and MASTS 

In the past two decades, TS has been established as an extremely efficient 

metaheuristic that can provide solutions very close to optimality and is among the most 

effective algorithms to address the large combinatorial problems encountered in many 

practical settings [33, 34, 93]. Modular Abstract Self-Learning TS (MASTS) is an 

efficient TS development software framework [31, 32] that provides a flexible, extensible 

programming framework with re-usable components to aid in rapid development of 

advanced TS applications. In MASTS, the parallelized search algorithm can take 

advantage of multiprocessor machines with shared memory. MASTS also supports 

innovative TS strategies such as rule based objectives (RBO) and dynamic neighborhood 

selection (DNS). These techniques can improve search performance considerably by 

directing the search to promising regions and reducing the number of required 

evaluations. Initial applications of MASTS in groundwater management [73, 75] and 

Conservation Network Planning [33, 34] have produced unprecedented successes and 

have established MASTS at the forefront of direct search methodologies. The philosophy 

and overview of MASTS and related Tabu Search advancements are detailed in the next 

Chapter.  

1.5 Research Aims and Important Contributions 

The aims of this dissertation are twofold: (1) Develop mathematical optimization 

models for the two interrelated problems – the PHEV charging infrastructure planning 
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and the daily energy management problem; (2) Develop a MASTS based Tabu Search 

methodology, complete with a user friendly graphical interface for the software 

implementation, to solve larger instances of abovementioned problems that cannot be 

solved using classical optimization methods.  

This dissertation develops mathematical models, with appropriate linearization 

where required, that can be solved with a standard classical optimization package CPLEX 

[73, 74]. Results from a case study performed for the Oak Ridge National Laboratory 

(ORNL) Campus and results from extended problems that go well beyond the capabilities 

of traditional optimization are presented. For the modest sized problems, provably 

optimal solutions for infrastructure planning were achieved, but as we increased the size 

to realistic dimensions, the problem proved to be too difficult for CPLEX to solve to 

optimality. The MASTS based Tabu Search software developed for the infrastructure 

planning problem proved to be a robust tool that provides near optimal solutions in 

considerably less time, even for the municipal sized problems. In addition, the software 

functions as a decision aid tool that can handle multiple criteria according to the 

preferences of decision makers in real time and provide quick alternate solutions.  

For the daily operations, our experiments for the ORNL Campus showed that if we 

allow uncontrolled charging of projected PHEVs around the campus, the monthly electric 

bill of the lab would substantially increase. However, if we controlled the charging 

during the time PHEVs are present on campus (while the employees are working), we 

can substantially restrict an upsurge in the energy bill. Further, using the V2G services 
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from the PHEVs (as energy storage), with appropriate employee compensation for lesser 

battery life and greater gasoline expenditures, for occasional incomplete charging, it was 

shown that the energy bill of ORNL could be substantially reduced when compared to 

current energy expenditures. We solved bigger problems and obtained optimal solutions 

but unacceptable computational time and effort were required. Since the solutions for 

daily energy management must be developed and deployed within minutes, we developed 

MASTS based Tabu Search software that provides optimal or near optimal solutions 

within acceptable amounts of time for practical settings.  

1.6 Summary 

This The research documented in this dissertation developed and solved two 

immediate problems concerning the successful inclusion of PHEVs into existing vehicle 

fleet – (1) the off-residential day-time plug-in charging infrastructure planning that is 

very critical to justify the environmental and cost benefits of PHEVs as well as 

alleviating the range based anxieties of PHEV owners; and (2) the daily energy 

management of the stationary PHEV fleet, renewable resources and storage units in order 

to gain cost benefits as well as stabilize grid operations.  

Since we could not solve the small ORNL Campus problem to provable optimality 

within an acceptable amount of time using classical optimization strategies, we developed 

MASTS based Tabu Search software that can solve such complex problems to near 

optimality in the time available for the decision to be made. The complexities associated 

with such a practical sized problem required the development of a provably strong and 
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fast metaheuristic methodology, Tabu Search (TS). Since the problems are inherently 

multi-criteria and would require external inputs from decision makers, our software is 

capable of addressing various objectives and presents an ensemble of competing near 

optimal alternative solutions to decision makers. This allows the decision maker to use 

her or his experience and insight into the problem to select the preferred solution from 

that set.  
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CHAPTER 2: LITERATURE REVIEW AND BACKGROUND 

 

2.1 Overview 

As discussed earlier, this dissertation presents solution methodologies for two 

complex problems associated with the successful penetration of PHEVs into the existing 

vehicle fleet: (1) designing the charging infrastructure, and (2) developing efficient 

strategies to manage the day to day operations such as recharging, V2G services, use of 

renewable sources and storage units.  

Since the target audience of this dissertation is interdisciplinary including the 

Operations Research and Management Science (ORMS) community, transportation 

policymakers, environmental scientists, and the energy generation and distribution 

community, this chapter reviews the literature both about various aspects of the above 

two problems and about the sophisticated TS application development platform, MASTS.  

Section 2.2 reviews PHEV technology and its advancements, including various 

advantages and considerations of PHEV fleet and Electric Utility interactions. In 

particular, we focus on various studies that provide estimates for overall GHG reductions. 

We also summarize the benefits both for PHEV owners and for utility companies that can 

arise from the new vehicle-to-grid (V2G) technology. The section concludes with reviews 

of various grid impact studies, which establish the importance of solving the two 

problems described earlier.  
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Section 2.3 presents a review of metaheuristics in general and tabu search (TS) in 

particular. It also highlights various successful applications of TS to problems 

characterized by complexities that cannot be handled by classical mathematical 

optimization techniques.  

Section 2.4 discusses the philosophy and development of the generalized reusable 

TS based software framework, MASTS, along with presenting its very successful 

application to practical problems. This section concludes with a discussion of MASTS‘ 

capability in attacking problems with multiple objectives and also reviews various multi-

objective optimization strategies.  

2.2 Plug-In Hybrid Electric Vehicles (PHEVs) 

A PHEV is similar to a conventional Hybrid-Electric Vehicle (HEV) but possesses 

the additional ability to recharge from an off-board source (such as the electric utility 

grid) [6, 11]. PHEVs are designed to use battery power for the initial part of a trip (the 

charge depleting (CD) operation mode) until a minimum state of charge (SOC) for the 

battery is reached. This mode resembles a fully functional electric vehicle (EV). After the 

minimum SOC is reached, the PHEV operates like an HEV (charge sustaining (CS) 

operation mode) which uses both the battery and a gasoline powered internal combustion 

engine (ICE) [18]. Since electricity has been shown to be a more efficient vehicle fuel 

than fossil fuels, the PHEVs transfer of energy demand from the transportation sector to 

the electric utility sector can substantially reduce the overall greenhouse gas emissions 

[12]. Thus, PHEVs have been publicized as a transportation alternative that combines the 
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benefits of HEVs and pure electric vehicles (EVs) [13] while eliminating their 

drawbacks. In particular, PHEVs are less dependent on petroleum than conventional 

HEVs while they present a better alternative to EVs by eliminating the disadvantages of 

battery-only operation such as prohibitive cost, long charging times, and limited range. 

2.2.1 PHEV & ELECTRIC-UTILITY INTERACTION: ADVANTAGES & CONSIDERATIONS  

An increase in PHEV market penetration will increase demand and possibly 

increase revenues in the electric utility sector, which must cope with new regulatory 

requirements which demand significant reductions in GHG emissions and other energy 

efficiency protocols. PHEVs have been projected to offer various benefits [21] including 

V2G services; ―green‖ reductions in pollution, emissions, and petroleum use; increased 

national energy security; reduced maintenance; fewer refills at gasoline stations; 

convenience of home recharging; improved acceleration from high-torque electric 

motors; opportunities to provide emergency backup power in the home; and potential tax 

incentives. Many studies have concentrated on possible positive impacts of PHEVs. The 

following subsections discuss some of these studies.  

2.2.1.1 Overall GHG Reductions 

The Electric Power Research Institute (EPRI) and the Natural Resources Defense 

Council (NRDC) jointly collaborated to study the GHG emission and air quality impacts 

of PHEVs [13, 14]. The study used simulation analyses to conclude: (1) by 2050, 

widespread adoption of PHEVs can reduce annual GHG emissions from vehicles by more 

than 450 million metric tons which is equivalent to removing 82.5 million current 



 19 

passenger cars from use; (2) there is an abundant supply of electricity for transportation; 

even a 60 percent U.S. market share for PHEVs would use only 7 to 8 percent of grid-

supplied electricity in 2050; (3) PHEVs can improve nationwide air quality and reduce 

petroleum consumption by 3 to 4 million barrels per day in 2050.  

The study‘s most striking aspect is the assumption that the PHEV load will be 

distributed throughout the 24hr day with increased peak load during night time hours and 

some load during the day time. Unfortunately, the study assumes the same behavior for 

all PHEVs, i.e., it does not simulate the widely variable use of individual PHEVs. 

Considering individual driving behaviors could yield markedly different estimates of 

GHG reductions.  

Similar arguments have been echoed by Yang and McCarthy [11] who advocate 

that environmental impacts from conventional vehicles, HEVs or PHEVs need to be 

analyzed on a ―well-to-wheels (WTW)‖ or life-cycle basis to fully account for their 

operational differences. Such life cycle emissions comprise the ones associated with 

―well-to-tank‖ (i.e., production and transport of the fuel to the vehicle) and ―tank-to-

wheels‖ (i.e., fuel conversion in the vehicle). The WTW study of Elgowainy et al. [4] 

develops a simulation framework by integrating Greenhouse gases, Regulated Emissions, 

and Energy using Wang‘s Transportation (GREET) model [16] with fuel economy and 

electricity use of alternative fuel/vehicle systems simulated by the Powertrain System 

Analysis Toolkit (PSAT) [17]. The key findings estimate that PHEVs that use (1) 

petroleum fuels, (1) E85 (a type of biofuel), and (3) hydrogen with an all electric range 
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between 10 miles and 40 miles would respectively reduce petroleum energy use by 40–

60%, 70–90%, and more than 90%, and would, respectively, reduce GHG emissions by 

30–60%, 40–80%, and 90–100% compared with those of a conventional gasoline engine. 

While simulating these results, the authors used detailed electric profiles for PHEVs. 

However, as in [3], they considered only limited evening and night charging profiles.  

While it is somewhat surprising that none of the above studies consider known 

flexible and efficient charging scenarios, these studies indicate quite promising scenarios 

regarding GHG reductions which demand dedicated research into the efficient and 

effective design of an infrastructure and the management of the related operations 

associated with a PHEV-ready future. 

2.2.1.2 Benefits for PHEV owners 

Abundant research literature considers the average case scenario for PHEV owners 

in order to obtain yearly and long term monetary benefits. Apart from the possibility of 

tax credits for purchasing new technology PHEVs, Swisher, et al. [12] estimate reduced 

gasoline spending of about $800 per year per PHEV. However, additional rewards could 

be provided by the timely selling of some PHEV energy back to the grid through V2G 

services. Kempton and Tomić [19] estimate as much as $2000 per year per PHEV.  

Any cost-benefit analysis should include ownership costs over the vehicle lifetime 

including the initial purchase price and energy consumption expense. Simpson [20] 

estimates that, for these two specific costs, a PHEV exceeds that of a conventional 

vehicle in the range of $8,000-$11,000. When one includes the rewards from V2G 
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services, the estimated payback or ―break-even‖ period could range from 2.5 to 4 years. 

Advances in efficient platform physics could result in reduced battery size and a lower 

payback period. 

Ignoring V2G services, Simpson [6] compares conventional vehicles (CVs), HEVs 

and PHEVs where all vehicles are assumed to travel 15,000 miles per year.  Gasoline 

costs are set to $3/gal and $5/gal for projected short and long-term scenarios and retail 

electricity costs are set at $0.09/kWh. For the short term scenario, HEVs break even with 

CVs in about a decade; PHEVs were more expensive than both CVs and HEVs. 

However, for the long-term scenario HEVs break even with CVs after about 4 years 

while PHEVs break even with HEVs after about 12 years. This analysis was very 

sensitive to the prices of gasoline, vehicle retail costs, and price of electricity.  

Previous studies do not conclusively establish a strong economic case for PHEVs. 

However, they do not consider the reward potential of V2G services. For this reason, the 

research effort documented in this dissertation corrects that oversight by developing a 

PHEV charging infrastructure and operational schemes in the light of emerging use of 

V2G services and the potential use of PHEVs as home backup energy.  

2.2.1.3 Benefits to utility companies 

PHEVs offer utilities benefits in terms of increased off-peak power sales and the 

potential to use the energy stored in PHEV batteries for ancillary services or demand 

response (V2G services) [22]. Case studies such as [13] indicate that charging energy 

required by a PHEV fleet market penetration of approximately 50 percent would be 
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approximately 10 to 20 percent of regional electricity generation, thus offering increased 

revenue for utilities. The use of PHEVs as mobile storage devices has the potential to 

significantly change a utility‘s load shape from being unpredictably random to being 

flattened. Studies such as [19] conclude that this extra storage capacity could reduce 

generation costs by providing flexibility that further improves system performance as the 

stored power can be utilized during peak demand periods. This would reduce the need to 

both ramp up inefficient peak time generation in the short term, and overbuild base load 

capacity in the long term. Another benefit, which might dominate other projected 

benefits, is that storage capabilities of PHEVs could help balance the normal fluctuations 

of demand and intermittent renewable supply [10]. In particular, wind power and solar 

power have the highest potential to benefit from distributed storage such as V2G. 

Kempton and Dhanju [22] establish that, under predicted market penetration, the storage 

capacity of a PHEV fleet would be sufficient to cover demand for periods when wind 

farms and/or solar farms are not operating at or near their rated capacities. However, in 

order to realize such benefits, the development of better utility management strategies, 

one part of the research documented here, would be required. 

2.2.2 GRID IMPACT STUDIES  

The impact of PHEVs on the grid has been traditionally calculated in the context of 

the equilibrium between power demand and power generation. In general, grid impact 

studies identify a base case and at least one PHEV case [4]. While calculating the 

requirement for a PHEV fleet, the typical pattern is to consider the extent of PHEV power 
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demand (a function of PHEV market share and charging requirements) and timing for the 

PHEV fleet. Because of uncertainties in battery and vehicle development, vehicle costs, 

fuel costs, and other determinants of market share, the results of such studies are at best 

speculative and provide detailed insight only for the specific scenarios that are studied. 

None of the previous grid impact studies in the literature consider flexible PHEV 

charging, another part of the research documented here.  

Lemoine et al. [35] study the capability of existing generators that would be 

required for PHEV charging in the California Independent System Operator (CAISO) 

region. They conclude that the current grid mix is more than capable of supporting a 

future PHEV fleet. The estimated outputs were number of vehicles that could be 

economically charged at various gasoline price levels ranging from $0.50 to $3.00 per 

gallon. Three charging scenarios were considered: charging at times of minimum 

demand, evening charging, and twice-per-day charging. Peak day time charging or other 

flexible charging schemes were not considered. Miller [36] presents a limited analysis of 

a possible correlation between nuclear generation and PHEV charging and concludes that 

for the Ontario region, if the current coal capacity is totally replaced by nuclear power, 

the new nuclear generation would be sufficient to satisfy PHEV needs during off peak 

hours. Given that all-nuclear-power is impractical, the relevance of the study is extremely 

limited. Duval et al. [37] consider the grid mix and its environmental impacts for the 

PHEV inclusion.  The study considered high, medium, and low PHEV market-shares 

under future generation mixes that are high, medium, and low with respect to carbon 

emissions. Similar limitations of considering only night time off peak charging limit the 
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scope of this study. Kintner-Meyer et al. [38] estimate the maximum PHEV fleet size 

while considering off-peak charging in 12 North American Electric Reliability 

Corporation (NERC)-based regions. The analysis concludes that as much as 73% of U.S. 

light-duty vehicle miles traveled could be supported by the existing electric power 

infrastructure, with an overall reduction in net GHG emissions. They conclude that new 

generation capacity would be required in order to cope with the demand imposed by the 

projected PHEV fleet. Again, the calculations are for off peak charging only.  

A more complete study was performed by Hadley and Tsvetkova [3] who 

considered both the distribution and use of PHEVs based on region-specific projection of 

PHEV sales. The study estimates the mix of regional generation capacity for projected 

2020 and 2030 PHEV penetration. The charging load for the vehicles is met by an 

expanded generation inventory. Six scenarios are studied combining three different 

charge rates (1.4 kW, 2 kW, and 6 kW) and two charging plans (evening and night).  

 All the previous grid impact studies in the literature were limited to off peak 

charging scenarios. In this dissertation, the study of a flexible charging scenario and its 

associated impacts is documented. 

2.3 Metaheuristics, Tabu Search & Its Applications 

2.3.1 METAHEURISTICS 

Metaheuristics are a class of algorithms that can successfully attack complex 

optimization problems which cannot be solved to optimality by traditional optimization 
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tools within reasonable amount of time. Such algorithms are essential when the set of 

feasible solutions increases exponentially with an increase in problem size. Since these 

algorithms make use of problem specific solution representation and associated domain 

knowledge for each problem, they are able to avoid computationally complex repeated 

function valuations, while constantly trying to improve solution quality.  Most 

metaheuristics are structured to start with an initial solution that is either previously 

known or can be generated using pre-established methods often leveraging the existing 

knowledge about the problem. The algorithm iterates through various solutions, with 

each iteration starting with a new incumbent solution, which generally is the solution that 

was selected in the previous iteration. The incumbent is associated with a set of 

neighborhood solutions. From the solutions available in the neighborhood, the algorithm 

chooses the next incumbent solution based on various problem specific criteria, often 

including the best objective function value. The procedure iterates until some stopping 

criterion, such as maximum number of iterations, is met. At this point, the search reports 

the best solution or a set of best solutions, depending upon the context.  

2.3.2 TABU SEARCH 

Using the MASTS framework, TS is the metaheuristic that was employed in the 

research documented in this dissertation. Earlier metaheuristics, such as genetic 

algorithms [84] and simulated annealing [83] use randomized search elements and very 

limited or no information from previous search iterations. Although such algorithms have 
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had enjoyed some success in solving complex optimization problems, their randomized 

search elements compromise the repeatability of algorithmic performance [71]. 

TS has gained increased attention and use in the past two decades, primarily 

because of the speed and quality of solutions it renders, along with providing inherent 

repeatability and avoiding random behavior. TS algorithms are usually strictly 

deterministic [76] and keep track of various properties (such as move attributes) utilized 

in the search through a tabu memory structure. While searching the neighborhood, 

neighbors which exhibit attributes stored in the tabu memory structure are forbidden (i.e. 

tabu) and may not be selected as the next incumbent solution. Thus, TS employs such 

features that reduce cycling among recently visited solutions and promote diversification 

strategies. At each iteration, TS selects the best neighborhood solution which is not tabu. 

The selected solution may be inferior to the incumbent solution. This allows TS to escape 

from local optima and continue the search for better solutions.  

As documented in the literature, researchers have enhanced the basic TS 

methodology and its effectiveness. The enhancements related to the tabu memory 

structure include (1) adaptive TS [85] which dynamically adjusts the tabu tenure value 

depending upon the intensification and diversification strategy adopted for the search (2) 

reactive TS [86] which detects when the search is trapped in chaotic attractor basin, i.e., 

when it is non-uniformly cycling through solutions, and implements escape procedure to 

diversify search to other regions And (3) group theoretic tabu search (GTTS) [87] which 
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uses concepts from group theory in TS while comparing solution attributes and moving 

through the search space.  

2.3.3 TS APPLICATIONS 

TS has been remarkably successful over a wide range of combinatorial optimization 

problems. TS was introduced by Glover with initial applications for scheduling 

employees to duty rosters [88] and in more generic context of solving the traveling 

salesperson problem (TSP) [90], which was based on his previous work on surrogate 

constraints on integer programming problems [89]. A generic overview of the algorithm 

was first presented in a two-part journal article [91, 92]. The first article introduced the 

algorithm and reviewed its initial applications, while the second article focused on 

advanced topics and related open areas of research. Knox and Glover [93] present the 

application of initial TS algorithm on a benchmark set of TSPs.  

Barnes et al. [94] successfully applied TS to the single machine scheduling by 

developing an algorithm that employs both swap and insert moves. Earlier, Spearman and 

Woodruff [95] solved single machine scheduling problem using TS with insertion moves 

and strategic oscillation in order to allow solutions beyond feasible regions. Barnes and 

Laguna [96] solved a multiple machine weighted flow time problem using a TS that used 

an initial solution generated by a one pass constriction heuristic, while using both swap 

and insert moves. The TS method was shown to be superior to the best-known branch and 

bound algorithmic results in terms of both run time and solution quality.  



 28 

Using the reactive TS (RTS) developed by Battiti and Tecchiolli [86], Barnes and 

Carlton [76] created a very effective and efficient algorithm for solving the vehicle 

routing problem with time windows (VRPTW). Important contributions of their RTS 

were the utilization of open hashing structures and customer insertions.  

In the field of disruption management, Anderson [98] developed a TS for aircraft 

recovery problem which proved superior to the Lagrangian based heuristic and a Dantzig-

Wolfe based method. In a leap from combinatorial optimization problems, Hedar and 

Fukushima [99] successfully applied TS with context specific variations to continuous 

nonlinear global optimization problems. Barnes et al. [100] solved aircraft refueling 

problem by developing GTTS, which was later used by Kinney [101] to solve unicost set 

covering problem. The results outperformed classical methods on several popular sets of 

benchmark problems.  

In a major advancement, Ciarleglio [32] introduced an abstract, flexible and 

extensible Java based Tabu Search (TS) framework, MASTS, for the specific purpose of 

helping researchers and practitioners to develop advanced TS applications for a broad 

spectrum of application domains. MASTS is discussed in some detail in Section 2.4.  

2.4 Philosophy and Development of MASTS 

TS is a robust and reliable metaheuristic for solving complex optimization 

problems. Surprisingly, prior to MASTS, attempts to develop generalized reusable TS 

―core‖ software had not been implemented to an acceptably mature state [31].  In the 

absence of practical ―re-usability‖, ―flexibility‖ and ―simplicity‖, previously existing TS 
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―packages‖ that had been designed to provide excellent solutions to general 

combinatorial optimization problems, such as those provided by OpenTS and OptTek, 

have been inadequate [32]. Fortunately, MASTS [31, 32], an abstract, flexible and 

extensible Java based Tabu Search (TS) framework has been developed for the specific 

purpose of helping researchers and practitioners to develop advanced TS applications for 

a broad spectrum of application domains. As documented in [32], MASTS goes well 

beyond a powerful generalized search framework and provides its clients with a flexible 

and inclusive architecture to build applications with user friendly graphical user 

interfaces (GUIs) that embrace such things as user transparent multithreaded capability, 

persistence, and solution archiving. In addition, MASTS enables the highly desired 

features of rule based objectives (RBOs) and dynamic neighborhood selection (DNS) to 

greatly facilitate implementation in a multicriteria decision making environment. For 

clarity and focus, the remaining discussion is divided into considerations of (1) Inherent 

Design Features and (2) Innovative Search Paradigms.  

2.4.1 INHERENT DESIGN FEATURES  

Abstraction: MASTS provides the basic architecture for the development of 

advanced TS strategies. However, a software developer must artfully exploit its abstract 

features and provide specific code as required by a particular problem. Every specific 

practical problem embodies its own objectives, representations and constraint 

specifications. For this reason, MASTS proper abstraction empowers users to adapt to 

any problem type. Every TS element of the search, such as Solution Representation, 

Neighborhoods, Moves, Tabu Memory Structures, Search Objectives, and Search 
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Strategies have been fully abstracted while maintaining the simplicity and intuitive 

understanding of the search and the capability to adapt the framework to any complex 

combinatorial optimization problem [31]. The MASTS abstraction can be classified into 

three main categories (Figure 2.1):  

 

Figure 2.1 Abstraction Levels in MASTS 

1. Abstract Problem Elements: Regardless of the search strategy used, any 

problem addressed requires a method of data input, a solution representation, 

and a method to clearly present the solution to the user. Such elements must be 
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kept at the top level of abstraction and are essential to enable clients to adapt 

MASTS to solve their specific problem.  

2. Abstract Search Elements: Once the problem architecture is defined, the client 

must define other necessary constructs such as the decision variable structure, 

neighborhood definition, move definition, tabu memory structure, and the 

search objectives. These search elements work hand in hand with the abstract 

problem elements to guide the search.  

3. Abstract Search Strategies: The Search Strategy interface extends the basic 

TS strategy by incorporating such things as Dynamic Neighborhood Selection 

and RTS, as desired by the user. Further, under this abstraction, various 

strategies can also be added and tested without affecting any other part of the 

existing code.   

 Once these abstractions are instantiated with the clients‘ specifications, an 

extremely powerful custom made search engine is created that can not only handle simple 

objectives, but can easily manage multiple criteria. Solution archiving, which we discuss 

later, is also immediately available.  

As fully explained in [31], MASTS also transparently provides multithreading, a 

Model View Controller Pattern, and persistence.  

2.4.2 INNOVATIVE SEARCH PARADIGMS 

Not only does MASTS embody good design practices, it contains some highly 

desirable innovations that further aid its strengths.  
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2.4.2.1 Dynamic Neighborhood Selection (DNS) and Adaptive Learning 

The desire and necessity to solve increasingly complex problems in the least 

possible time and with the least effort has strongly indicated that metaheuristic searches 

require a well constructed DNS strategy that can enhance the search and augment the use 

of intensification (―mining out‖ promising regions of solutions) and diversification 

(moving away from regions of solutions that are not promising) methods. In TS, the 

number of available moves at each iteration is often overwhelming. A well constructed 

DNS strategy can help identify the most promising subset of moves for the next iteration. 

A complex optimization problem is likely to involve many neighborhoods for different 

types of variables and moves. In such cases, the decision of selecting the appropriate 

neighborhood for the next iteration becomes a crucial decision. DNS is the process of 

strategically choosing the ―best‖ neighborhood for the next iteration. 

For classical TS, Glover and Laguna [71] recommend reducing large neighborhoods 

by selecting a smaller pool of candidate solutions from the entire neighborhood. Early 

DNS concepts were employed by (1) Porter et al. [102] who used problem specific 

knowledge to identify high priority moves and used them to diversify search and (2) 

Harwig et al. [103] who used various properties of a bin packing problem along with a 

defined search trajectory to identify the next neighborhood type. The Variable 

Neighborhood Selection developed by Hansen and Mladanovic [104] may also be viewed 

as a predecessor to DNS. Ciarleglio [32], and Ciarleglio et al. [33] define a more generic 

DNS approach as a component of MASTS and successfully implement it for two 

complex problems – conservation planning and ground water management.  
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MASTS provides powerful support for implementing DNS strategies.  With 

MASTS, a client can define different neighborhoods perceived to be crucial to the search 

and can define the criteria to evaluate the effectiveness of different neighborhoods and 

monitor their performance in real time while the search is proceeding. Thus, 

neighborhood selection strategies can be adaptively changed, incorporating a dynamic 

human-machine interaction. The next subsection reviews basics and historical evolution 

of DNS.  

2.4.2.2 Rule Based Objectives 

In past research, optimization and search methods have usually relied on a single 

numeric score, the objective function value, to characterize the relative superiority of a 

particular solution.  This score is often a composite of different aspects of the solution, 

sometimes combined together in ann arbitrary manner. Although decision makers are 

able to approximately characterize numeric weights in regard to the relative importance 

of two or more solution aspects, these weights are usually not sufficiently precise. Thus, 

the optimization strategy based on such weights might lead to solutions that are markedly 

different from what the associated decision makers actually desire. In addition, there are 

multi-criteria situations where it may be undesirable or difficult to work exclusively with 

numeric scores. Indeed, such a use of numeric scores may even be completely misleading 

when two or more criteria represent different value systems. TS need not rely upon the 

comparison of the numeric scores of objectives to move in its search of the solution space 

from one incumbent solution to the next; rather only an ordinal ranking is actually 

required. Using this fact, MASTS‘ RBO component allows a client to naturally express a 
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precise ordering of alternatives through a logical programmatic structure. This capability 

differentiates MASTS from other approaches as a new paradigm in search methodology.  

2.4.2.3 Multiple Objectives 

In MASTS, users have the capability to build their multi-criteria objective functions 

while the program is running.  There may be two users who are optimizing for 

completely different criteria.  In each case, the neighborhoods used for intensification and 

diversification will be different; however, the search learns which neighborhoods 

complement each objective function.  This adaptive approach allows MASTS to succeed 

in an environment where the objectives may be numerous and poorly defined when the 

search is underway. 

MASTS is a generalized advanced TS application builder framework that not only 

offers adaptability, flexibility and simplicity, but also provides a viable decision aid tool 

that adapts to managerial preferences and dynamically controls the search strategy.  As 

discussed later, these capabilities proved to be very useful when dealing with complex 

multiple criteria that constrained the placement of PHEV charging stations with and 

without solar shades over parking lots. In the following subsection we review basic 

governing concepts and applications of multiobjective optimization.  

2.5  Multiobjective Optimization 

Decision making is often related to spectrum of viewpoints which can roughly be 

characterized as criteria [23]. However, for many years, the only way to state a decision 

problem was considered to be the definition of a single criterion, which amalgamates the 
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multidimensional aspects of the decision situation into a single scale of measure [24]. 

However, projects involving multistakeholders often yield compromise solutions that 

balance lesser monetary gain against improvements in other criteria of importance.  

Multicriteria perspectives are rapidly becoming more popular. Proponents of multicriteria 

analysis suggest that taking one criteria into account is very reductive, and in some sense, 

also an unnatural way to look at decision problems. The approach, termed as Multicriteria 

Decision Analysis (MCDA) explicitly takes into account the advantages and 

disadvantages associated with a diverse set of perspectives. MCDA is often treated as a 

discipline [25] aimed at supporting decision makers who are faced with making 

numerous and conflicting evaluations. MCDA attempts to highlight these conflicts and to 

derive transparent processes that yield compromise solutions. MCDA includes many 

different types of procedures, such as AHP [70] and outranking methods [26]. Energy 

planning is a field that is inherently appropriate for MCDA methods because of the 

numerous sources of uncertainty, long time frames and huge capital investments [27]. 

This often includes the presence of conflicting criteria and multistakeholders [28]. 

Unfortunately, most of the initial energy planning and management studies were based 

only on cost minimization [29]. The 1980s witnessed the application of environmental 

considerations in energy planning [30]. Similar to other energy planning problems, the 

infrastructure development as well as daily operations of a PHEV fleet pose similar 

multicriteria objectives.  

There are many approaches in the literature that are available to approach such 

multicriteria optimization problems. Hwang et al. [51] concludes that the multiobjective 
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optimization problem (MOOP) can be handled in four different ways depending on when 

the decision-maker articulates his preference concerning different objectives –  

No articulation of preference information: Such methods do not include any 

preference information and the overall optimization is over one aggregated objective. 

MinMax formulations [68] are examples of such strategy.  

A-priori aggregation of preference information: Characteristically, in these 

methods different objectives are aggregated to one overall objective function. 

Optimization is then conducted resulting in one optimal solution. The result is then 

strongly dependent on how the objectives were aggregated. Various approaches in this 

field have been proposed, such as weighted sum [52], utility theory [53], acceptability 

functions [54, 55], goal programming [56-58], non-linear combination [59, 60], and fuzzy 

logic [61-63]. 

Progressive articulation of preference information: This approach is an iterative 

process where the decision-makers progressively articulate their preferences on different 

objectives. The underlying assumption is that once the search for an optimal solution has 

started and the decision-makers have been presented with some alternatives, they will be 

better equipped to value the objectives. Some prominent strategies include the ―Guided 

Dominance Scheme‖ [64], the ―Biased Crowding Technique‖ [65], ε-dominance coupled 

with a multiobjective evolutionary algorithm [66] and the preferability operator [67].  

Posteriori articulation of preference information: Under such strategies, 

optimization is conducted without the decision-maker articulating any preferences among 
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the objectives. The outcome is a set of Pareto optimal solutions [77], i.e., solutions for 

which any improvement in one objective can only take place if at least one other 

objective deteriorates. The decision-maker then has to weigh objectives against one 

another in order to select the final solution. The evaluation line [69] is one of the recent 

approaches for implementing such strategies.  

For the application documented in this dissertation, we identified multi-criteria 

analysis (MCA) methods that provide original ranking of alternatives as they are 

incorporated seamlessly with the Rule Based Objectives (RBO) concept inherent to 

MASTS. Since TS inherently compares two alternatives at a time, many MCA methods 

founded on pairwise comparison operators, such as Regime [105] and the multiplicative 

AHP (mAHP) [106, 108, 109] are applicable. This dissertation uses the MCA method 

based on mAHP, detail later in this dissertation, in order to rank order a set of best 

solutions we get from the software.  

2.6 Summary 

This Chapter surveyed key ideas involved with the research documented in this 

dissertation. We discussed origins of the problems by documenting concept of PHEVs 

and their benefits including reduces GHG emissions; profitability for consumers in terms 

of potential gasoline savings and revenue through V2G services; and, profitability for 

utility companies by providing potentially more balanced grid load and opportunity to 

rationally utilize the renewable energy. However, we noted that prior to successfully 
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realizing a healthy mix of PHEVs in current vehicle fleet, the two problems presented in 

this dissertation need to be solved.  

Since we successfully used TS metaheuristic in this dissertation, we also review the 

concepts of metaheuristics in general and TS in particular. We also documented 

successful TS applications from literature. As we used MASTS to develop TS software 

application, the section reviewed philosophy, development and successful applications of 

MASTS. We also reviewed multiobjective optimization literature as it formed basis for 

handling multiple objectives in our MASTS based TS software.  

In the Chapter we formally define and mathematically model the PHEV charging 

infrastructure planning problem. We solved modest sized problems with CPLEX based 

traditional optimization and present the results.   



 39 

CHAPTER 3: THE PHEV CHARGING INFRASTRUCTURE 

PLANNING (PCIP) PROBLEM 

 

3.1 Overview 

This Chapter introduces first of the two problems modeled and solved by the 

research documented in this dissertation, the PHEV Charging Infrastructure Planning 

(PCIP) problem [73]. As stated earlier, a daytime PHEV charging infrastructure at 

commercial facilities is essential for an economically and environmentally beneficial 

integration of PHEVs into the vehicle fleet. Providing such a daytime charging 

infrastructure reduces the range anxiety among the PHEV owners and creates realistic 

options for utility companies to balance grid load as well as to judiciously utilize 

available renewable energy. This Chapter formally presents the key components and the 

mathematical model for the PCIP problem documents the solution of a modest sized case 

study for Oak Ridge National Laboratory (ORNL) campus using classical mathematical 

optimization methods.   

Section 3.2 describes the problem architecture and basic assumptions. The 

component characteristics of the problem are introduced, including Parking Lots, Work 

Places, Charging Stations, and the Electric Grid Interface. The required decisions and 

primary constraints for the optimization problem are highlighted and two associated 

conflicting objectives are introduced.  
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Since the mathematical model for the PCIP problem is similar to the capacitated 

facility location problem (CFLP), Section 3.3 reviews the characteristics and the 

mathematical model for the CFLP.  

Extending the CFLP, Section 3.4 discusses the mathematical model for the PCIP 

problem with two perspectives: (1) assuming a fixed cost for connection to the grid and 

(2) explicitly considering grid connection variables and constraints. The second 

perspective yields a more complex problem formulation. 

Section 3.5 presents a case study performed for the ORNL campus, details the 

data characteristics for ORNL and presents relevant computational results using a 

CPLEX based traditional optimization approach.  

Section 3.6 present the ORNL case study optimization results and notes the 

inability of traditional optimization approaches to efficiently and effectively attack 

practical sized PCIP problems. This inability provides conclusive justification for the 

development of a sophisticated MASTS based TS software to solve large practical sized 

problems. 

3.2 Problem Architecture 

When we consider large organization perspective, such as that of a National 

Laboratory with thousands of employees, the associated campus will have various 

scattered workspace facilities. In order to accommodate the employees‘ and 

organization‘s vehicles, the campus will have strategically located parking lots to 

enhance employee convenience. 



 41 

We assume that the organization manages its own electrical grid. Hence, an 

additional decision is whether to create a new substation for these parking lots or whether 

to provide electricity from existing substations or transformers. In the latter case, the 

selection from a pool of substations/transformers would depend upon the connection 

costs as well as existing capacity constraints. Note that although we start modeling with 

the perspective of providing charging infrastructure for large organizations, the 

mathematical model developed below is general, i.e., it can be seamlessly scaled to the 

municipal or larger PCIP problems.  

3.2.1 COMPONENT CHARACTERISTICS 

The PCIP problem setup consists of various components such as parking lots, 

work places, charging stations, and grid connections. Before developing the formal 

mathematical model for the problem, we introduce the PCIP problem characteristics as 

follows:  

1. Parking Lots: We consider all parking lots located within the organization‘s 

physical boundaries which are available as candidates for charging station 

installation. The walking distances from these lots to all campus buildings and the 

distances to various grid connection components such as substations and 

transformers are known. Each parking lot‘s specified capacity is an upper bound 

on the number of charging stations that can be installed in the lot.  

2. Work Places: Employees typically park their vehicles in the nearest parking lot 

to their work place. While deciding the locations for installing charging stations, 
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the employee walking distance from such stations to the work places is an 

important criterion. When we extend the problem to muncipal, places of public 

concentration may be interpreted as work places and the same model may be 

utilized.  

3. PHEV Charging Stations: PHEV initial interest was due to the fact that a PHEV 

can be plugged into any normal outlet and be charged. However, the requirement 

of smart grid enabled control and fast paced charging demand for a specific 

charging station installation adds the considerations discussed above. The 

preferred and greatest number of currently available charging options are Level 1 

(120 V @ 12 Amp) or Level 2 (208/240 V @ 32 Amp), with power ratings 

ranging from 1.4 kW to 7.7 kW [5]. Such charging stations can be installed in 

parking lots and/or near roadside parking spaces, depending upon the context of 

the problem.  

4. Electric Grid Interfaces: A single charging station requires minimal 

infrastructure including a dedicated plug-in line with the grid. However, a group 

of charging stations placed within close proximity to one another requires special 

infrastructure. The major components of an electric distribution system [40] are 

high voltage transmission lines (ranging upward to hundreds of kilo-volts) and 

substations (interfaces between "transmission" and "distribution") consisting of 

transformers, buses, circuit breakers and switches. An organization managing its 

own grid would have multiple substations and small transformers placed at 

different locations serving electricity needs for various facilities. Substations and 
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transformers are often called ―grid nodes‖ and are characterized by their power 

capacity and output voltage rating. A parking lot‘s power requirement depends 

upon the number of charging stations installed and must be satisfied either from 

an existing or a new grid node.  This decision depends on the current grid node 

usage level and the cost of constructing a new node. 

3.2.2 OBJECTIVES OF THE PROBLEM 

A number of different criteria can be considered objective function candidates for 

the PCIP problem, such as:  

1. Installation and Connection costs which include the cost of installing 

charging stations in parking lots and the connection costs to grid. The 

connection cost can be distance dependent (for the hardware cost of physically 

connecting the parking lot to the grid), or fixed (a fixed cost for installing a 

basic infrastructure in the parking lot as well as for the grid node, if the grid 

node or the parking lot is chosen for the process). The objective would be to 

minimize such costs. If we choose to have solar shades on the charging 

stations, their costs would be included in the cost of a charging station.  

2. Employee Convenience is measured in terms of employee walking distance 

between the parking place and work place. The objective is to achieve 

maximum employee convenience by minimizing walking distance. Note that 

this objective would likely conflict with the previous criterion which ideally 
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would select all the charging stations to be installed in one place to minimize 

installation and connection costs.  

Other criteria of possible importance include the number of chosen parking lots, 

and the number of grid connections used. However, properly managing such 

simultaneous criteria requires the specialized multicriteria analysis techniques developed 

to work with the MASTS based TS software detailed in Chapter 5. In the interest of 

simplicity and clarity, for the development of a formal mathematical model using the 

CPLEX based traditional optimization methods, we simply combine the objective criteria 

1 and 2 into a single weighted numerical score. 

3.2.3 DECISIONS AND MAJOR CONSTRAINTS 

The PCIP problem requires that the following decisions to be made:  

1. Assignment of charging stations to parking lots. This decision is preceded by 

the decision to choose the parking lots which would be utilized for charging 

station installation.  

2. Assignment of grid nodes to parking lots with charging stations. This 

assignment considers the available load on the grid node and its connection 

cost to the parking lot.  

3. Determination of the number of PHEVs from each work facility served by 

each lot with charging stations.  

In addition, the increasingly popular concept of solar shaded charging stations 

[39] can be considered. This would convert the parking areas into solar recharging 
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stations for the PHEVs. If solar shaded parking is considered, the decisions about the 

choice of parking lot, number of charging stations and grid connections would be 

impacted. As a further extension, if any other type of on-site renewable electricity 

generation is considered (such as wind turbines and independent solar arrays), decisions 

associated with these new sources would impact all the above decisions. 

These decisions aim to achieve the objectives defined earlier while satisfying the 

various constraints on the problem. The primary constraints for the PCIP problem are:  

1. Allowable Employee Inconvenience which is measured in terms of the 

maximum walking distance for an employee from the assigned charging 

station enabled parking lot to his/her workplace 

2. Required Service Level which defines minimum number of charging stations 

required for each work facility based on number of PHEV owners stationed in 

the facility and the desired service level for the facility.  

3. Parking Lot Capacity which requires the allotment of charging stations to be 

constrained by available capacity of parking lot.  

4. Grid Node Capacities: We cannot join a parking lot to a grid node if it does 

not have enough power supply to feed all assigned charging stations. This 

may be interpreted as a soft constraint where multiple grid nodes can satisfy 

the power requirements of a particular parking lot.  

5. Other Assignment Constraints which include the requirement that each 

PHEV owner must be assigned a parking lot with charging stations and the 
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requirement that each parking station with charging stations must be 

connected to appropriately powered grid nodes.  

Other structural constraints can be present depending on the scenario under study. 

3.3 The Capacitated Facility Location Problem (CFLP) 

  In the CFLP [41], the objective is to optimally locate, among a given set of 

potential sites, capacitated facilities that minimize the sum of the fixed costs of opening 

the facilities and the costs of supplying customers assigned to the facilities. The CFLP is 

strongly NP-hard [16, 18] and has been extensively studied in the operations research 

(OR) literature.  

 

The CFLP can be formulated as a mixed integer linear programming problem as 

follows: There are n potential facilities, i = 1, …, n, and m customers, j = 1, …, m. Let 

     , be the demand of customer j,      ,  be the capacity of facility i, cij be the total 

cost of transportation from facility i to serve customer j,  fi be the fixed cost associated 

with opening the facility i, xij be the fraction of the demand of customer j supplied from 

facility i         ;  , yi = 0 or 1, depending on whether facility i  is closed or open, 

respectively, I = {1 . . . . . n} be the set of potential locations and J = {1,..., m}be the set 

of customers.  

 

 

 



 47 

Given the above notation, the CFLP problem is modeled as follows:  
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The PCIP and CFLP problems are similar. In the PCIP problem, parking lots 

selected for charging station installation are analogous to open facilities and the number 

of PHEVs assigned to the parking lots from different work facilities are analogous to the 

demand of customers that must be met by the open facilities. However, the PCIP problem 

is more complex : (a) because the supply variables (xij) must be integer which causes the 

removal of constraint sets (3.2) and (3.6) with appropriate modification of other 

constraints; (b) because of the added presence of supply level constraints; and (c) because  

of the additional required constraints associated with the connections to appropriate grid 

nodes. In the next subsection, we present the model for the PCIP problem. 
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3.4 New Mathematical Formulations of the PCIP 

The following two models of the PCIP problem are extensions of the current 

literature with the second model yielding a more complex formulation than the first:  

1. PCIP-1: The PCIP problem is modeled without explicitly considering the grid 

connections and a fixed cost of connection to the grid for all parking lots 

selected for charging stations is imposed. This model would be used by 

organizations where self-management of internal energy grid is not possible 

and such an endeavor must consider new connection extension costs with 

utility companies.    

2. PCIP-2: The PCIP problem is modeled where the organization manages the 

electric transmission grid within its physical boundaries, explicitly 

considering grid connection variables and constraints. This model is consistent 

with the practical considerations of large entities which manage their own 

grid. 

In the following two subsections, the two models are presented in detail:   

3.4.1 PCIP-1  

Let there be NP available parking lots and NF available facilities where I = {1... 

NP} and F = {1… NF} represent the sets of potential parking lots and work facilities, 

respectively. Let       be the capacity of parking lot i;       be the distance of 

facility f from parking lot i; d
MAX

 be the maximum allowable walking distance for 

employees;   be the fraction of PHEVs assigned to a parking lot that are assured a 
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charging station (corresponding to a service level defining the minimum number of 

PHEVs guaranteed to be served at any given time); Pf be the number of PHEVs 

associated with facility f ; c
S

 be cost of installing one unit of solar shade over the PHEV 

charging station; c
CS

 be cost of installing a PHEV charging station; and,   
  be fixed cost 

of connecting parking lot i to the electric grid. Given the above notation, the PCIP 

problem is modeled as follows:  

Variables:  

    otherwise 0,  selected; is lot  parking if  ,1 i  

   Integer number of Charging stations in lot i  

    

 

Integer Number of facility f  PHEV‘s assigned to parking lot i  
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where, w1 and w2 are the weights for the two objectives discussed in Section 3.2.2. 

Constraints (8) allow charging stations to be installed only if the parking lot is chosen. 

Constraints (9) are service level constraints, which ensure that at least a fraction   of all 

the PHEVs allocated to the parking lot may be charged simultaneously. Constraints (10) 

ensure that all PHEVs are assigned a parking lot. Constraints (11) prevent parking lot 

allocations beyond a maximal distance and constraints (12) are to enforce required 

integrality restrictions. 

 3.4.2 PCIP-2  

Model PCIP-1 is incomplete from a practical perspective because it excludes 

connection concerns. Grid connections are important because of their cumulative effects 

on the total required capital investment. Let us assume that the charging stations to be 

installed are identical with capacity cap
CS

 (kW). The grid will have various potential grid 

nodes for connection to each parking lot. The current drawn from such nodes varies with 

the power drawn, which is bounded above by its power rating or capacity. Solving the 

PCIP problem with explicit grid node connections requires knowledge of all potential 

grid nodes and the power that can be drawn from the each node given its current usage 

level, i.e. the node‘s residual capacity. The cost of connecting the parking lot to a grid 

node depends on the distance between the node and the lot, and the connection cost 

which varies according to the node type. For example, nodes with a higher voltage rating 

are more costly because they require appropriate step-down transformers in addition to 

other essential electrical components.  
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Let NG be the number of grid nodes under consideration, N = {1… NG } be the set 

of grid nodes, RCn (kW) be node n‘s residual capacity, cap
S
 be the capacity (in kW) of 

solar shade over the charging station,    
  be the distance of parking lot i to grid node n; 

   
  be the fixed cost of connecting node n to lot i; and    

  be distance dependent cost of 

connecting node n to the parking lot i.  

 

A new variable is introduced to PCIP 1formulation of  which determines the 

connecting node,  
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where, the first component of the objective represents the cost of connections and 

charging station installation and the second component represents the walking distance 

based employee inconvenience cost. In particular, ∑           
  
    represents the cost 

of charging station installation; ∑   
   

  
    represents the fixed infrastructure cost of 

connecting the parking lots to grid; ∑ ∑     
         

    
       

   
  
    represents the sum of 

the fixed and distance dependent costs of connecting the selected grid node to the parking 

lot. In the constraint set, M is a number greater than any potential power required by any 

parking lot. Constraints (  14)-(   17), (  20) are copied from PCIP-1. Constraints (  18) 

ensure that any node connected to a lot will have sufficient residual capacity for the 
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assigned charging stations. Constraints (  19) ensure that each parking lot is connected to 

only one node. Multiple lots may share one node if their total power requirement is less 

than the residual capacity of the node. 

The above model is a mixed integer linear programming (MILP) formulation that 

can be solved using mixed integer programming (MIP) solver provided by CPLEX for  

limited sized problems only. 

 

3.5 A Case Study for the Campus of Oak Ridge National Laboratory 

(ORNL) 

3.5.1 DATA CHARACTERISTICS 

We performed a case study of the PCIP problem for the Oak Ridge National 

Laboratory (ORNL) campus. In order to establish the requirement for daytime PHEV 

charging on the campus, we reviewed the driving profile of ORNL employees (based 

upon an internal transportation survey). Table 3.1 presents the distance covered by 

employees while traveling to and from campus. Note that daily travel distance of 65.6% 

of the employees is more than 30 miles. Since the currently available and expected 

PHEVs in the market have all electric miles capabilities in the range of 20-40 miles, most 

of the employees would need day time charging in order to completely avoid using 

gasoline.  
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Table 3.1: Daily travel distance of employees to and from campus 

Travel Distance Percentage of Employees 

0-15 miles 2.20% 

15-30 miles 32.20% 

31-45 miles 41.70% 

46-60 miles 17.60% 

61-75 miles 2.70% 

76-100 miles 2.20% 

101-150 miles 1.10% 

 

 

Twenty-seven campus buildings have sufficient ORNL staff (32 to 508) to be of 

concern in the solution of the ORNL campus PCIP problem. There are 10 major campus 

parking lots with 80 or more parking spaces. The walking distances between these lots 

and buildings ranged from 345 feet to 6557 feet. The maximum walking distance (d
MAX

) 

was set to 4500 feet. Table 3.2 presents the distance matrix for facilities and parking lots. 

Parking Lots are represented P1 through P10 and facilities are represented F1 through 

F27. The shaded row below the parking lot represents their capacity and the shaded 

column next to facility represents projected PHEV owners in them. Empty columns 

represent no practical existence of walking path between the parking lot and facility pair.  
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Table 3.2: Distance Matrix between Facilities and Parking Lots 

 

 

After studying the number of campus vehicles and assuming a likely 5% penetration 

level [42], the number of PHEVs for the base case study was set at 149 with the PHEVs 

associated with the 27 buildings ranging from 2 to 21. The service level was set at 95%, 

i.e., at least 95% of the PHEVs allocated to any parking lot will be able to charge 

simultaneously. 

The ORNL campus acts as a single customer to the campus electric energy provider. 

ORNL manages its own distribution system which contains several major substations and 

P1 P2 P3 P4 P5 P6 P7 P8 P9 P10

406 336 80 93 197 203 324 250 154 92

F1 1 … 1207 1407 2175 1854 … … … … 1964

F2 1 … 1367 1022 1714 1531 … … … … 1822

F3 1 2119 1862 2163 2835 1927 844 1118 1432 2017 …

F4 2 3011 1684 369 1159 845 2892 3058 3349 3518 2442

F5 2 2001 118 1008 1381 1098 2187 2352 2681 2960 2736

F6 2 6133 2379 3845 4611 4205 5144 4400 5900 … 710

F7 2 4668 1781 1604 2232 2088 4381 4894 5418 5030 2133

F8 2 5722 2109 3093 3819 3467 5231 5398 5870 … 70

F9 2 2119 1862 2163 2835 1927 844 1118 1432 2017 …

F10 2 4902 1392 2559 3351 2980 4334 4424 4846 … 538

F11 3 4180 2325 526 770 1605 3781 3976 4304 4522 3032

F12 3 2166 3372 3185 3892 3561 446 735 623 884 …

F13 3 1537 3418 2237 2942 2923 1254 1602 1418 1062 …

F14 3 1801 3631 2775 3519 3173 1063 1358 1119 891 …

F15 4 1953 3784 2828 3622 3326 837 1191 923 554 …

F16 4 3024 664 706 1487 1165 2390 2559 2901 3477 2333

F17 4 1264 2791 1903 2682 2320 1689 1852 2275 1993 …

F18 5 1209 2653 1789 2409 2199 707 1126 902 1350 …

F19 5 3084 920 1381 2001 1692 1963 2106 2426 2868 2989

F20 5 3236 920 1529 2160 1828 1963 2106 2426 3549 3460

F21 6 2008 4242 3283 4078 3784 1148 1418 1254 0 …

F22 7 5987 2163 3599 4375 3988 4901 4170 5659 … 477

F23 13 1136 3155 1504 1592 490 5021 4290 5779 2149 …

F24 13 1209 2653 1789 2409 2199 707 1126 902 1350 …

F25 16 2092 1152 1502 1001 1718 1580 1790 2167 2257 …

F26 18 1209 2653 1789 2409 2199 707 1126 902 1350 …

F27 21 1761 1395 1275 1591 1260 1542 1757 2149 2201 …
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other small transformers. We chose 10 grid nodes, with voltage ratings from 2.1kV to 

240V, to be included in our case study and estimated their distances to all 10 parking lots. 

Expert opinions were used to appropriately estimate the residual power capacity of each 

selected grid node and the various costs associated with the case study.   

In accordance with the estimates provided in [5] the cost of unit PHEV charging 

station installation with level 2 charging was assumed to be $2146. The cost of installing 

a solar panel shade for any charging station was set at $20,000. Our analysis included 

scenarios with and without inclusion of solar shades. Grid connection costs ranged from 

$2/feet to $5/feet with higher prices for connecting to a node with a higher voltage rating. 

Fixed costs of connection ranged from $2000 to $5000 with higher costs corresponding 

to high voltage node connections. 

3.5.2 CASE STUDY RESULTS  

The PCIP models described in section 3.4 were applied to the ORNL campus PCIP 

problem in two stages: excluding grid connectivity decisions (PCIP-1) and including grid 

connectivity decisions (PCIP-2). CPLEX 10.0 was used to optimize all problem scenarios 

using a Pentium IV 2.1 GHz dual core machine with 3GB RAM.  

3.5.2.1 PHEV Penetration vs Time to Optimality 

 Figure 3.1 presents the time required for the CPLEX runs, varying PHEV penetration 

levels from 1% to 10%  and including/not including the grid connection constraints.  The 

blue bars indicate that the optimum was obtained and the grey bars denote the time at 

which CPLEX terminated due to insufficient memory. 
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Figure 3,1: (a) PHEV Penetration vs. Time to Terminate (PCIP-1 model) 

 

Figure 3,1: (b) PHEV Penetration vs. Time to Terminate (PCIP-2 model) 

   

For Figure 3.1, the objective weights for cost and employee convenience were equal. 

CPLEX could not solve the problems with PHEV penetration levels of 5% and beyond. 
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The addition of grid node constraints increased the termination time. In cases of 5% and 

10% penetration, we can compare the CPLEX optimality gaps. For PCIP-1, the 5% and 

10% penetration levels yielded 0.027% and 0.045% gaps and PCIP-2 yielded 0.11% and 

0.6% optimality gaps, respectively. The addition of grid constraints appears to make the 

problem more difficult to solve.  

Figure 3.2 presents results from a similar analysis where the emphasis on employee 

convenience was greatly reduced (w1=0.99, and w2 = 0.01). Optimality was achieved in 

for 5% PHEV penetration and the time to optimality was significantly decreased. The 

CPLEX optimality gap found with 10% penetration level for PCIP-1 and PCIP-2 models 

were 0.028% and 0.037%, respectively. Although these results are encouraging, our 

major goal is to solve the PCIP problem with more emphasis on employee convenience, 

which is deemed to be very important by management.  

 

Figure 3.2 : (a) PHEV Penetration vs. Time to Terminate (PCIP-1 model) 
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Figure 3,2:  (b) PHEV Penetration vs. Time to Terminate (PCIP-2 model) 

3.5.2.2 Additional Effects of varying emphasis on employee convenience  

For this analysis, the PHEV penetration level was held at 5% and w2 was set to 0.5, 

0.1 and 0.01, respectively. Table 3.3 and Table 3.4 present the results for 6 metrics 

obtained for the two models, PCIP-1 and PCIP-2. For both models, decreasing emphasis 

on convenience increases walking distances, tends to decrease the lots and grid nodes 

used and tends to make the problem easier to solve.  

For PCIP-1, the maximum number of charging stations allocated to any parking lot 

does not change because the biggest parking lot still caters to the same PHEV owners. 

For PCIP-2 with w2 = 0.01, the use of one less lot causes an increase in charging stations 

in the biggest parking lot. 

 

0

5

10

15

20

25

30

1% 2% 3% 5% 10%

Ti
m

e
 t

o
 T

e
rm

in
at

e
(m

in
) 

PHEV penetration 
(b) 

Time to Terminate 
(PCIP-2, w1=.99, w2=0.01) 



 60 

Table 3.3: Varying Emphasis on Employee Convenience (PCIP-1, 5% Penetration) 

 w1 = 0.5 
w2 =0.5 

w1 = 0.9 
w2 =0.1 

w1 = 0.99 
w2 =0.01 

Max. Walking Distance 2757 5366 5837 

Max. Charging Stations for a Parking Lot 57 57 57 

Min. Charging Stations for a Parking Lot 6 6 10 

Number of Parking Lots Chosen 5 4 4 

Optimality Gap 0.025% 0.015% 0 

Table 3.4: Varying Emphasis on Employee Convenience (PCIP-2, 5% Penetration) 

 w1 = 0.5 
w2 =0.5 

w1 = 0.9 
w2 =0.1 

w1 = 0.99 
w2 =0.01 

Max. Walking Distance 2534 4576 5711 

Max. Charging Stations for a Parking Lot 60 58 70 

Min. Charging Stations for a Parking Lot 3 6 6 

Number of Parking Lots Chosen 4 4 3 

Number of Grid Nodes used 4 3 2 

Optimality Gap 0.45% 0.32% 0 

We performed additional computational investigations while maintaining the number 

of chosen parking lots at 4, the PHEV penetration level at 5% and setting w2 at 0.5, 0.1 

and 0.01. The results are shown in Table 3.5. For PCIP-1, it was observed that maximum 

walking distance does not vary much (5347 feet to 5837 feet). However, once we 

introduce the grid constraints into the model and solve PCIP-2, a marked difference in the 
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maximum walking distance was observed, growing from 2534 feet to 4674 feet. We 

further discovered that number of grid nodes utilized decreased from four to three when 

we decrease w2 from 0.5 to 0.1. The effect of the associated decease in grid connection 

costs offset the associated increase in employee convenience cost, which was reflected in 

an increased maximum walking distance. 

Table 3.4: Results with fixed number, n=4, of Parking Lots (PCIP-1)  

 w1 = 0.5 
w2 =0.5 

w1 = 0.9 
w2 =0.1 

w1 = 0.99 
w2 =0.01 

Max. Walking Distance 5347 5366 5837 

Max. Charging Stations for a Parking Lot 57 57 57 

Min. Charging Stations for a Parking Lot 8 6 10 

Optimality Gap 0.028% 0.015% 0 

 

Table 3.5: Results with fixed number, n=4, of Parking Lots (PCIP-2)  

 w1 = 0.5 
w2 =0.5 

w1 = 0.9 
w2 =0.1 

w1 = 0.99 
w2 =0.01 

Max. Walking Distance 2534 4576 4674 

Max. Charging Stations for a Parking Lot 60 58 70 

Min. Charging Stations for a Parking Lot 3 6 8 

Number of Grid Nodes used 4 3 3 

Optimality Gap 0.45% 0.32% 0 
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3.6 Summary  
 

This chapter introduced a new MILP model to solve the optimal inclusion of PHEVs 

into a vehicle fleet. In particular, it established the importance of considering the 

infrastructure planning problem for the PHEV charging station installations. Since 

daytime charging would be required for the majority of PHEV owners, various large 

organizations managing their own campuses, electric distribution grid and employee 

parking will face this problem. Due to the lack of previous research in this arena, we 

introduced the problem with two perspectives: (1) a scenario where the organization does 

not manage its grid, but is interested in optimally placing the charging stations around the 

parking lots it manages and (2) a scenario where the organization manages the electric 

transmission grid within the physical boundaries of its campus. The study of the PCIP 

problem for the modest sized ORNL campus produced encouraging results and 

confirmed the viability of the model. The study results established the importance of 

considering both employee convenience and appropriate grid connections.  

However, the results also reveal the limitation of the traditional optimization in 

solving both PCIP models to optimality. Even for the ORNL campus, CPLEX could not 

solve the problem when a realistic mix of PHEVs was considered in the vehicle fleet. 

Since our ultimate goal is to develop an optimization methodology that could solve larger 

problems with data representative of a size of a municipality, Chapter 5 develops novel 

MASTS based TS software capable of efficiently and effectively attacking bigger and 

more realistically sized problems.  
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Once the charging infrastructure is in place, the immediate problem is to judiciously 

manage this on a daily basis. In Chapter 4, we formally develop daily the energy 

management problem faced by an organization and present results of a case study 

performed for ORNL campus.  
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CHAPTER 4: THE TS ALGORITHM FOR THE PCIP PROBLEMS  

Two models of the PCIP problem, PCIP1 and PCIP2, have been presented and 

solved in Chapter 3 using classical mathematical programming methods embedded in the 

CPLEX solver. Unfortunately, these methods do not scale up well to larger practical 

problems as evidenced by the fact that such methods were unable to obtain a provably 

optimal solution beyond a 5% PHEV penetration level on the ORNL campus. In order to 

effectively and efficiently attack larger PCIP problems, we now present a new MASTS 

based TS approach, PCIP-TS, to solve both the PCIP1 and PCIP2 with acceptable 

amounts of effort and computational time.  

 

4.1 Overview  

In this chapter, we describe the primary constructs and attributes of the MASTS-

TS approach to the PCIP problems, PCIP-TS.  

Section 4.2 presents the basic definitions for the decision variable, moves, 

neighborhoods, tabu memory structure, and objective functions. As a client of MASTS, 

powerful strategies such as adaptive tabu search (ATS), reactive tabu search (RTS), and 

dynamic neighborhood selection (DNS) are readily available. . This section introduces a 

DNS strategy specifically designed for solving the PCIP problem and details the 

embedded multi-criteria analysis strategy. 

Section 4.3 presents results for computational experiments with the ORNL case 

study data and with simulated data for a municipal sized problem and presents insights 

into the simulated data development and its key aspects. This section establishes that 
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PCIP-TS is superior to the CPLEX based method both in terms of solution quality and 

computational effort. Section 4.4 summarizes the Chapter.  

 

4.2 The Basic TS and MASTS Components 

In the development of PCIP-TS, the basic TS elements must be constructed. TS 

elements are presented from the perspective of solving PCIP-2. The same construct is 

used for PCIP-1 with appropriately reduced complexity due to exclusion of grid 

connectivity constraints.  

4.2.1 DECISION VARIABLES 

In MASTS, decision variables can be flexibly defined in context of the problem. 

For PCIP-2, the major decisions are assigning charging stations to parking lots, assigning 

grid nodes to parking lots with charging stations and assigning PHEV owners 

(employees) to parking lots. In the PCIP context, each selected Parking Lot acts as a bin 

that contains elements including charging stations, assigned employees, and assigned grid 

connecting nodes.  

Before defining the bin based decision variable, we consider its elements which 

consist of (1) charging stations, (2) employees and (3) grid nodes which can be moved 

among the bins. Each bin has an equivalence id (EID) that specifies its unique 

characteristics.  Additionally, each element of a bin possesses separate EID that uniquely 

identifies it. Employees from the same facility are assigned a facility ID (FID) as their 

EID and charging stations with the same power and cost characteristics are assigned the 

same EID. Each grid node has unique features and a unique geographical location and is 

assigned a unique EID.  
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4.2.1.1 The ParkingLotBins Decision Variable 

To enhance the clarity of the PCIP solution representation, a sophisticated 

decision variable, ParkingLotBinsDv, was constructed which contains a list of all bins 

available for charging station installation plus an extra trash bin which holds any unused 

elements while the search is in progress. Employees are never in the trash bin because 

they must be assigned to a parking lot.  

To enhance computational efficiency, each ParkingLotBin maintains its list of 

employees, charging stations and grid nodes. An empty list implies that the parking lot is 

not active in the solution. Figure 4.1 schematically presents the ParkingLotBinsDv.  

  

Figure 4.1: ParkingLotBinsDv schematic for a complete PCIP solution. 

 

The ParkingLotBinsDv is a complete PCIP solution representation designed for 

efficient computation. Since grid connections are not specifically required in PCIP1, no 
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grid nodes are present either in the solution representation or in the search neighborhoods 

used. 

4.2.2 NEIGHBORHOODS AND MOVES 

The performance of a TS algorithm depends heavily on well-constructed moves 

and neighborhoods. Constructing a new solution from the current one can be achieved in 

many ways, such as changing the allocation of charging stations, grid nodes or employees 

among the different parking lot bins, including the trash bin. The neighborhood defines a 

set of solutions which can be reached from the current solution in a single iteration. 

In the following subsections, we discuss the neighborhoods used in PCIP-TS for 

PCIP2. The neighborhood selection strategy, employed at each iteration, is discussed in 

detail in section 4.2.3. 

4.2.2.1 The Employee-Charging Station (E-CS) Insert Neighborhood 

In any good solution, the number of charging stations allocated to a parking lot 

should not exceed the number of employees assigned to that lot. Fewer charging stations 

than employees may be present in a parking lot if they adequately satisfy service level 

constraints.  

The Move: The E-CS insert move removes one employee and its associated CS 

from a selected parking lot and inserts them another parking lot. Only moves resulting in 

feasible solutions are allowed.  

The Neighborhood: This neighborhood, consisting of all feasible unique E-CS 

neighbors of the current solution, is especially capable of refining the search and aids 

intensification by not drastically changing the solution structure. The neighborhood 

evaluation and new solution selection are easily computed.  
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The nE-CS Insert Move and Neighborhood: We experimented with variants of 

the E-CS move by inserting n employees sharing same EID, along with their charging 

stations from a source parking lot to a destination parking lot. Such variants may be used 

within the dynamic neighborhood selection process for search diversification. When such 

a move empties the source parking lot, the new solution can be very different both in 

terms of structure and objective score. Multiple E-CS insertions could possibly require 

extra grid nodes to comply with power requirements. Such moves are prohibited. Other 

specialized neighborhoods are used to investigate changes in allocations of grid node 

connections.   

4.2.2.2 The Employee-Charging Station (E-CS) Swap Neighborhood 

The Move: The E-CS swap move is uniquely defined by the two bins along with 

the two E-CS EIDs to be swapped, i.e., each E-CS is moved to the other bin previously 

occupied by the other E-CS. This move always yields a feasible solution to the PCIP 

problem.  

The Neighborhood: This intensification neighborhood consists of all possible 

unique E-CS swap solutions generated from the current solution and is easily and quickly 

evaluated based on knowledge of the current solution‘s objective function structure.  

The nE-CS Rearrangement Neighborhood: Similar to variants in E-CS insert 

move, we consider n E-CSs (n>2) changing their parking lot bin memberships within a 

defined set of bins of cardinality n. This move has no effect on the number of chosen 

parking lots or grid connections in the solution.  
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4.2.2.3 The Grid Node Insert and Swap Neighborhoods 

The Grid Node Insert Move: This removes a specific grid node from its current 

parking lot and inserts into another parking lot, possibly a parking lot not included in the 

current solution. 

The Grid Node Insert Neighborhood: This neighborhood includes all possible 

unique neighborhood solutions yielded by the insertion of a single assigned grid node to 

any other parking lot (with or without any grid connections). This diversification 

neighborhood can explore new solutions by increasing or decreasing the number of 

selected parking lots by inserting a grid node into an empty parking lot or by moving a 

grid node from a lot that contains only one grid node; this forces an appropriate 

reassignment of that lot‘s elements into other lots and decrements the solution‘s number 

of parking lots. The receiving parking lot can provide power to more charging stations 

while the source parking lot has a reduced power supply and lesser capacity to service 

employees and charging stations.  

The Grid Node Swap Move: This exchanges grid node connections for two 

parking lots, thereby possibly changing the capacities of the two parking lots.  

The Grid Node Swap Neighborhood: This consists of all possible unique solutions 

generated by all possible grid node swap moves among the grid connected parking lots 

present in the current solution. While this neighborhood cannot change the connectivity 

status of the lots, it can change the lots‘ power capacities and prepares the search to 

explore diversified solutions in forthcoming iterations. A parking lot power capacity 

reduction forces appropriate modifications to keep the lot‘s number of allocated charging 

stations and employees within permissible limits.  
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4.2.2.4 The Grid Node Trash/Untrash Neighborhoods 

The Moves: The grid node trash and untrash moves either disconnect or connect a 

grid node associated with the designated parking lot. Grid nodes not connected to any 

parking lot reside in the trash bin. These moves can add a new lot to the chosen lots or 

remove a chosen lot from the solution.  

The Neighborhoods: These diversification neighborhoods consist of all possible 

unique solutions generated by all possible grid node trash and untrash moves. Because of 

their highly diversifying effect, these neighborhoods are not frequently used.  

4.2.2.5 The Charging Station Trash/Untrash Neighborhoods 

The Moves: These either remove a charging station from a lot, placing it in the 

trash bin, or insert a charging station from the trash bin to a lot.  

The Neighborhoods: These consist of all possible unique solutions generated by 

all possible charging station trash and untrash moves.  They include appropriate 

adjustments for obtaining cost effective solutions while maintaining the service level 

feasibility of the solution. These neighborhoods are used for refining the current solution 

and developing new search arenas. 

  4.2.3 A DYNAMIC NEIGHBORHOOD SELECTION (DNS) STRATEGY FOR THE PCIP 

The neighborhoods presented in Section 4.2.2 are classified into two categories: 

general and special neighborhoods. General neighborhoods are used more frequently, 

while special neighborhoods fulfill specific tasks depending upon state of the search. The 

general neighborhoods have lesser impact on the overall solution structure and are 

primarily used to intensify the search. While intensification is essential to a successful 

search, their exclusive use will inevitably cause the search to stall. Special use 
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neighborhoods can aid in both intensification and diversification. The next subsection 

describes the strategic implementation of our DNS strategy for PCIP. 

4.2.3.1 The Search Modes and Neighborhood Statistics 

In selecting the neighborhood for next iteration, we first determine the preferred 

search mode - intensification or diversification. Mode selection is not a simple Boolean 

decision.  Rather, a spectrum of different intensification levels is possible. The search 

mode‘s primary use is to monitor search progress and provide statistics which assist in 

determining the best neighborhood to use in the next iteration.  

After each iteration, the PCIP-TS algorithm reviews the search history to 

determine the current state of the search. One such state is stagnation, invoked by 

passage of an unacceptable number of search iterations without finding a new best 

solution. Many measures related to the overall search performance were found useful for 

an efficient DNS, such as:  

1. The proportion of solutions in a neighborhood that have already been visited 

by the search. It quantifies the diversification capabilities of the neighborhood. 

2. The number of consecutive improving or non-improving iterations, relative to 

the previous solution, by the search. 

3. The number of consecutive iterations without finding a new best solution 

found in the search. Such iterations may be improving for their respective 

incumbent solutions.  

4. The proportion of improving or nonimproving moves in a neighborhood, 

relative to the previous solution, when it was previously used.  

These statistics have been systematically used to develop different mathematical 

scores that allowed updating the neighborhood priority list, an ordered list of 
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neighborhoods used by the search to select a neighborhood for the next iteration.  The 

Objective Score, being the common measure of performance associated with all moves 

and neighborhoods, was used to identify improving and non-improving moves and 

neighborhoods. To determine the appropriate place for each neighborhood in the priority 

list, the following metrics specific to each neighborhood were used:  

1. The Long Term Performance which counts the number of times each 

neighborhood has resulted in an improving or non-improving move relative to 

the previous solution. 

2. The Most Recent Use which tracks the most recent iteration that each 

neighborhood was selected. It is desirable to provide each neighborhood a fair 

chance to perform and explore new regions of search space.  

3. The number of Consecutive Improvements and Non-Improvements counts the 

consecutive times that each neighborhood returned an improving or non 

improving solution relative to the previous incumbent solution.  However, 

when a neighborhood returns several consecutive improving moves, this, 

alone, does not necessarily justify its selection. In experimental studies, use of 

this measure alone was found to yield inferior results for the PCIP-TS. 

4.2.3.2 Neighborhood Selection  

Several of the very large number of DNS strategies were investigated. This 

section presents a neighborhood selection strategy that has been very successful in the 

application of PCIP-TS. This strategy was inspired by the neighborhood selection 

strategy developed by Ciarleglio [32] for solving Conservation Area Planning problem. It 

involved appropriately ranking and selecting one among many general and special 

neighborhoods for the next iteration.   
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The general neighborhoods, E-CS Insert, E-CS Swap and CS Trash/Untrash, were 

extensively employed for the purpose of intensification. The special neighborhoods, Grid 

Node Trash/Untrash and Grid Node Swap neighborhoods, were used only in special 

circumstances. The DNS strategy uses a priority list, ordered according to the 

neighborhood score, to select the general neighborhoods. When appropriate search 

history events trigger the use of special neighborhoods, they are used preemptively in lieu 

of the general neighborhoods.  

 

General Neighborhoods 

Every general neighborhood has a ―fair chance‖ to be selected, but preference is 

given to neighborhoods that have recently been shown to generate better quality 

solutions. Each general neighborhood is assigned a score based on: (1) quality, a moving 

average of the number of improving moves observed in the neighborhood, and (2) 

recency,  the number of iterations (ri) that have passed since the neighborhood i was last 

used. 

Only non-tabu moves were considered to calculate number of neighborhood 

improving moves. This strategy prevents the DNS from inappropriately raising a 

neighborhood‘s priority due to improving moves which were tabu. For the quality 

calculation, less emphasis was placed on previous iterations as compared to the current 

one. Similar to the strategy developed by Ciarleglio [32], a weight (        ) was 

assigned to the historic performance of neighborhood quality. Whenever neighborhood i 

was used, the associated quality index qi was updated as follows 

                                                                   

where, N
NTIM

 is the number of non-tabu improving moves when the neighborhood was 

last used.  
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The overall neighborhood priority score (PSi) is a weighted sum of both 

normalized quality and recency:  

      

  

   
 

  
                                                           

where wq and wr are weights for the quality and recency scores, respectively.  The 

neighborhood with the highest priority score was chosen for the next iteration. 

Special Neighborhoods 

Special neighborhoods are used when a specified level of search stagnation 

occurs. The number of consecutive globally nonimproving iterations measures the 

stagnation level. Globally nonimproving iterations are iterations that do not improve the 

best solution found to that point in the search.  

Special neighborhoods were divided into two severity categories, S1 and S2, 

according to their perceived disruption effects on the current solution, i.e., the amount of 

substantial change the new solution evidences relative to the structure of the incumbent 

solution. These disruption effects have the capability to dramatically alter the future 

search trajectory. The grid swap neighborhood is the sole member of S1. The other special 

neighborhoods are members of S2 which are kept in a sorted priority list using a method 

similar to that for the general neighborhoods, i.e., the two neighborhoods in S2 had their  

priority scores computed using Eq. 4.2 with special neighborhood weight. Compared to 

general neighborhoods, the recency score has a greater weight due to their less frequent 

use in the search.  

Triggers t1 and t2, were defined for S1 and S2, respectively. If the search stagnates 

for t1 iterations, the DNS selects the grid swap neighborhood. If the search remains in 

stagnation for a total of t2 iterations, the DNS invokes the highest priority neighborhood 

from S2. From experiments, it was observed that for N
PHEV

 number of PHEV owners in 
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the experiment, the values (0.02N
PHEV

, 0.05N
PHEV

) for t1 and t2, respectively, work well 

with a variety of settings; hence, used for the results reported in section 4.3.  

  4.2.4 OBJECTIVES 

The PCIP-TS is developed to work with two different categories of objectives - 

the predefined objective and user defined multi-criteria objectives. The predefined 

objective is the default objective that drives the search in absence of any external 

objectives. The objective defined in Chapter 3, Eq. (3.13), was used as the default search 

objective.   

To provide more flexibility, the PCIP-TS allows users to define simple 

multicriteria objectives through the MASTS GUI. Such objectives, when thoughtfully 

crafted, can be used for more precise guidance of the search towards one or more 

decision makers preferred solution characteristics. When creating a new objective with 

the GUI, users are allowed to choose from one of the four attributes: (1) the Cost of 

Charging Station Installation and Grid Connections, (2) the Employee Walking Distance, 

(3) the Number of parking lots chosen and (4) the Number of Grid Nodes chosen. User 

defined objectives are managed with the multi-criteria strategy described in section 

4.2.4.1.  

4.2.4.1 A Multi-Criteria Analysis for the PCIP  

To combine different criteria into a multi-criteria objective, a strategy inspired 

from previously researched, generalized multi-criteria analysis [32] which is an improved 

version of Moffet‘s modified analytical hierarchy process (mAHP) [108]. Our PCIP 

strategy assigns weights to the individual criteria using the AHP method presented in [70] 

where the criteria are defined such that they can be assigned an unambiguous quantitative 

score, fij, which describes relative performance of alternative j with respect to criterion i. 
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The first requirement for the application of mAHP is the definition of linearization 

function (fi) for each criterion i. Such function should be able to measure scores from all 

criteria on the same scale. Additionally, for each criterion, the mode of optimization, 

either minimization or maximization, must be specified and a minimum (fi
min

) and 

maximum (fi
max

) value must be specified. The function fi is then defined as a normalized 

score of fij between fi
min

 and maximum fi
max

.  
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For successful and accurate application of this technique, we are required to 

assume that the relative importance of each criterion can be evaluated on a ratio scale 

which allows us to assign individual weights wi to each criterion. The overall score of 

each alternative j is evaluated as a weighted sum of individual criterion scores defined in 

eq. (4.1) and eq. (4.2). Conventionally, higher scores are given preference when ranking 

the alternatives.  

Theoretically, such a score is very accurate if the criteria are mutually difference 

independent [70], which is very difficult to establish. Additionally, anticipated maximum 

and minimum values are required even though their precise values cannot be accurately 

found.  Despite such limitations, our experiments showed that this strategy was consistent 

and worked well as an alternative solution ranking method for the PCIP-TS.  
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4.2.5 TABU MEMORY STRUCTURE AND INITIAL SOLUTION GENERATION 

4.2.5.1 Tabu Memory Structure 

The governing idea for TS is the incorporation of adaptive memory and 

responsive exploration [91, 92] into an associated tabu memory structure. TS explores a 

alternate solutions in a defined neighborhood at every iteration, many of which may be 

considered ineligible due to the tabu memory structure restrictions which are a set of 

rules that declare a subset of possible neighboring solutions to be forbidden (tabu). The 

rules that define a neighboring solution to be ―tabu‖ or ―not tabu‖ are generally subjective 

and depend upon insight into the problem structure.  

For the PCIP-TS, separate memory structures are used to manage parking lots, 

employees and grid nodes in a manner that can efficiently identify tabu solutions. The 

following rules were defined for these memory structures:  

1. If a parking lot has been a source once (either in E-CS swap or insert moves), 

it cannot do so for the next tabu tenure iterations.  

2. If a parking lot bin has been used for grid node trash/untrash once, it cannot 

do for the next tabu tenure iterations.  

3. If an employee has been removed from a parking lot, it cannot be inserted 

into the same lot for the next tabu tenure iterations. 

4. If an employee has been moved for n consecutive iterations, it cannot move 

for the next tabu tenure iterations, where n is predefined number.  
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The value of tenure was allowed to take on any integer value in the interval 

[tenure
min

, tenure
max

]. The actual value was set by adaptive strategy […] embedded 

within PCIP-TS. Extensive experiments revealed that values 0.0125*N
PHEV

 and 

0.0375*N
PHEV

 for tenure
min

 and tenure
max

, respectively, work best in a variety of 

situations; thus, used for experiments in section 4.3.  

4.2.5.2 Initial Solution  

A greedy heuristic was used to generate a feasible initial solution. We first decide 

the number of parking lots which should contain charging stations in the solution. This 

can be a number determined by user‘s understanding of the problem, or by earlier ―cold‖ 

runs for the problem, defined as application of TS procedure for a predetermined number 

of iterations, using a random starting point.  

Once the number of chosen parking lots has been set, the costs of connecting grid 

nodes to each parking lot were calculated. The cheapest grid connections were assigned 

to each parking lot.  

Next, employees were allocated to their nearest parking lots. One charging station 

is allocated per employee to the respective parking lots. In doing so, if the grid 

connections did not allow allocating all the assigned employees, the number of grid 

connected parking lots was increased by assigning a new grid connection to the least 

costly available parking lot.  
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Experiments verified that this strategy worked well for the PCIP-TS. However, 

the initial solution builder component of the PCIP-TS allows future inclusion of other 

heuristic based initial solution generation algorithms.  

4.3 Results and Analysis 

In this section, results from the PCIP-TS are presented for two problem categories 

– (1) variants of the ORNL campus problem; (2) simulated practical sized problems. 

These results establish the comparative supremacy of PCIP-TS over both traditional 

CPLEX based mathematical optimization and a linearization based strategy.  

4.3.1 ORNL CASE STUDY RESULTS 

To enhance the comparative analysis, results were also obtained from a partial 

linearization strategy detailed below.  

4.3.1.1 Partial Linearization Strategy:  

Often, in cases where traditional optimization fails to achieve optimal results, 

relaxing the integer restrictions over few variables is considered.to be more tractable. 

Such solutions are likely to be non-integer for the relaxed variables, which requires that 

they be set to integer values.  

This strategy was implemented by relaxing the variables that assign employees to 

parking lots (zip) which complement the zif variables, i.e., the percentage of facility f 

employees assigned to lot i. After solving the relaxed problem with CPLEX, all non-

integer zip were appropriately rounded off and a feasible solution to the problem was 

developed.  
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4.3.1.2 The PHEV Penetration versus Time to Optimality 

For a fair comparison, all the results were obtained using a Pentium IV 2.1 GHz dual 

core machine with 3GB RAM.  

PCIP-1 Results 

Tables 4.1(a) through (e) present the results obtained for PHEV penetration levels 

from 1% to 10% for the PCIP-1 for the PSIP-TS, CPLEX and linearization methods. For 

CPLEX, we report time to find and verify optimal solutions when achieved; otherwise, 

we report the time to termination. For TS we report time to find the best solution and 

iterations required to achieve that solution (I
BEST

). Since the quality of the Linearization 

strategy solutions was not comparable, those run times are not reported.  

 

Table 4.1 also presents the solutions relative optimality gaps from the lower bound of 

the problem reported by CPLEX. An ‗*‘ indicates cases where CPLEX could not achieve 

provable optimality.  

Table 4.1 (a) Comparative Results for PCIP-1 (w1 = 0.01; w2 = 0.99) 

 CPU Time (min) 

I
BEST

 

Optimality Gap 

PHEV 

Penetration 

PCIP-TS CPLEX TS CPLEX Linearization 

1% 0.7 1.6 1025 0% 0% 0.3% 

2% 0.9 4.7 1472 0% 0% 1.2% 

3% 2.1 8.4 2389 0% 0% 2.3% 

5% 4.2 29.2* 5943 0.13% 0.13% 1.8% 

10% 6.1 32.3* 7629 0.27% 0.27% 2.7% 
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Table 4.1 (b) Comparative Results for PCIP-1 (w1 = 0.1; w2 = 0.9) 

 CPU Time (min) 

I
BEST

 

Optimality Gap 

PHEV 

Penetration 

PCIP-TS CPLEX TS CPLEX Linearization 

1% 0.4 1.9 592 0% 0% 0.5% 

2% 1.7 4.5 2185 0% 0% 2.1% 

3% 2.3 5.3 2636 0% 0% 2.7% 

5% 3.9 24.1* 5148 0.032% 0.032% 1.3% 

10% 5.6 29.3* 6934 0.049% 0.049% 3.3% 

 

Table 4.1 (c) Comparative Results for PCIP-1 (w1 = 0.5; w2 = 0.5) 

 CPU Time (min) 

I
BEST

 

Optimality Gap 

PHEV 

Penetration 

PCIP-TS CPLEX TS CPLEX Linearization 

1% 0.5 0.2 708 0% 0% 0.15% 

2% 0.8 2.5 1330 0% 0% 1.2% 

3% 1.5 4.1 2053 0% 0% 0.8% 

5% 4.3 30.3* 6049 0.027% 0.027% 2% 

10% 5.7 25.8* 7178 0.045% 0.045% 3.1% 

 

 

 

Table 4.1 (d) Comparative Results for PCIP-1 (w1 = 0.9; w2 = 0.1) 

 CPU Time (min) 

I
BEST

 

Optimality Gap 

PHEV 

Penetration 

PCIP-TS CPLEX TS CPLEX Linearization 

1% 0.2 0.9 341 0% 0% 0.9% 

2% 0.6 2.1 974 0% 0% 1.2% 

3% 1.5 3.2 2186 0% 0% 2.1% 

5% 3.1 31.2* 3801 0.03% 0.03% 1.3% 

10% 3.9 27.1* 5056 0.049% 0.049% 4.2% 

 



 82 

Table 4.1 (e) Comparative Results for PCIP-1 (w1 = 0.99; w2 = 0.01) 

 CPU Time (min) 

I
BEST

 

Optimality Gap 

PHEV 

Penetration 

PCIP-TS CPLEX TS CPLEX Linearization 

1% 0.3 0.5 485 0% 0% 0.3% 

2% 0.8 1.7 1130 0% 0% 1.3% 

3% 1.3 2.5 1649 0% 0% 1.8% 

5% 2.9 11.3 3302 0% 0% 2.1% 

10% 4.3 25.2* 5378 0.039% 0.039% 2.9% 

 

Notably, the PCIP-TS consistently matched the best CPLEX results with considerably 

reduced computational effort. The linearization strategy performed poorly on all the test 

instances. The results also indicate that the problem becomes much more difficult when 

the emphasis on the walking distance criterion (w2) is increased in the objective function.  

 

PCIP –2 Results 

Table 4.2 (a) through (e) present the results for a similar analysis for the PCIP-2 

model.  

Table 4.2 (a) Comparative Results for PCIP-2 (w1 = 0.01; w2 = 0.99) 

 CPU Time (min) 

I
BEST

 

Optimality Gap 

PHEV 

Penetration 

PCIP-TS CPLEX TS CPLEX Linearization 

1% 1.3 2.8 1256 0% 0% 1.7% 

2% 1.8 4.6 2404 0% 0% 3.1% 

3% 2.3 7.3 3389 0% 0%         2.2% 

5% 4.1 26.4* 6018 0.48% 0.48% 1.8% 

10% 5.8 31.3* 7931 1.3% 1.3% 2.6% 
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Table 4.2 (b) Comparative Results for PCIP-2 (w1 = 0.1; w2 = 0.9) 

 CPU Time (min) 

I
BEST

 

Optimality Gap 

PHEV 

Penetration 

PCIP-TS CPLEX TS CPLEX Linearization 

1% 0.9        2.7 1056 0% 0% 1.8% 

2%      1.2        4.7 1623 0% 0% 0.9% 

3% 1.9 6.3 3146 0% 0% 3.8% 

5% 3.8 31.2* 5975 0.23% 0.23% 2.9% 

10% 4.9 29.1* 7038 0.86% 0.86% 3.6% 

 

 

Table 4.2 (c) Comparative Results for PCIP-2 (w1 = 0.5; w2 = 0.5) 

 CPU Time (min) 

I
BEST

 

Optimality Gap 

PHEV 

Penetration 

PCIP-TS CPLEX TS CPLEX Linearization 

1% 0.3 2.1 428 0% 0% 2.1% 

2% 0.9 2.9 1540 0% 0% 1.3% 

3% 2.1 5.0 3958 0% 0% 3.1% 

5% 3.2 20.3* 4793 0.11% 0.11% 2.9% 

10% 5.7 25.7* 7449 0.6% 0.6% 4.1% 

 

Table 4.2 (d) Comparative Results for PCIP-2 (w1 = 0.9; w2 = 0.1) 

 CPU Time (min) 

I
BEST

 

Optimality Gap 

PHEV 

Penetration 

PCIP-TS CPLEX TS CPLEX Linearization 

1% 0.4 0.8 501 0% 0% 2.1% 

2% 1.3 3.1 1853 0% 0% 0.9% 

3% 1.8 5.3 2917 0% 0% 1.8% 

5% 2.9 34.5* 4235 0.18% 0.18% 2.6% 

10% 4.1 28.3* 6520 0.73% 0.73% 3.5% 
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Table 4.2 (e) Comparative Results for PCIP-2 (w1 = 0.99; w2 = 0.01) 

 CPU Time (min) 

I
BEST

 

Optimality Gap 

PHEV 

Penetration 

PCIP-TS CPLEX TS CPLEX Linearization 

1% 0.3 0.6 419 0% 0% 0.8% 

2% 0.9 2.7 1520 0% 0% 1.8% 

3% 1.3 4.7 2304 0% 0% 2.1% 

5% 3.2 15.0 4729 0.0% 0.0% 2.2% 

10% 4.8 27* 6943 0.63% 0.63% 2.9% 

 

The results for PCIP-2 instances exhibit similar characteristics to those obtained 

for PCIP-1. The computational times increase reflecting the greater problem complexity. 

In all instances TS matched the solution quality of CPLEX in much less computational 

effort. Once more, the linearization strategy failed to provide comparable solutions and is 

excluded from further analysis.  

In addition to obtaining single best solution, our PCIP-TS generates a pool of 

equivalent solutions (multiple optimal solutions), which are very useful in practical 

circumstances when some solutions might not be deployable because of various reasons 

beyond the control of model.  When we let our TS run for an equivalent time to CPLEX, 

multiple best solutions were obtained whose numbers ranged from 18 through 37.  

4.3.1.3Some Insights Observed from a sample PCIP-TS run for PCIP-2 

Figure 4.2 presents a plot of the best objective function value against the number 

of iterations for a sample run of the PCIP-TS for PCIP-2 with a 5% PHEV penetration 

and equal values of w1 and w2. TS was allowed to run until the best solution was not 

improved for 3000 iterations. The average time taken by the algorithm per 1000 iterations 
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was 1 minute 4 seconds. The algorithm terminated after searching for nearly 8000 

iterations, while the best solution was obtained at iteration number 4793 at time 3.2 

seconds. Although the search started with slow improvements, the DNS strategy helped 

the search considerably faster later in the search by consistently choosing potentially 

improving neighborhoods.   

 

 

Figure 4.2: Sample TS run for PCIP-2 

 

4.3.2 THE EXTENDED SIZED PROBLEMS 

4.3.2.1 Data Characteristics 

Section 4.3.1 detailed results for the PCIP-TS with two variants of ORNL campus 

problem. In this section, we develop problem scenarios for larger, more practical sized 

PCIP problems.  
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Specifically, the downtown sector of Austin, Texas was chosen as base reference 

for simulated data generation. The data for vehicles, residents, employees, facilities and 

parking lots was obtained from Austin‘s official web site [107]. The data used in this 

experiment was only representative of such practical sized problems.   

The area within a 1 mile radius of the intersection of 6th street and Congress 

Avenue, which represents core of the downtown, was considered as the baseline for the 

problem setup. Since any mass level PHEV charging infrastructure installation is likely to 

begin with the centers of major cities, the simulated scenarios were representative of the 

problems expected to be faced by planners.  Approximately 90,000 employees work in 

this area [107]. Additionally, in 2009, 10,931 residents lived within this area. Considering 

a ratio of 90% for vehicles per capita for employees and 80% for vehicles per capita for 

residents, the estimated total daytime vehicle owners in the area was 89,728. Experiments 

were performed with PHEV penetration ranging from 1% through 5% (897 through 4486 

PHEVs).  

Both commercial and residential facility lists on the Austin website [107] were 

used to generate the data for facility occupancy and locations. For the analysis, location 

data for seven large residential facilities and thirty four large commercial facilities (with a 

total floor space of over 50,000 square feet) was used. PHEV owners were allocated to 

each facility based upon its area occupied relative to the total area occupied by all 

facilities. For 5% PHEV penetration, the PHEV owner distribution to the facilities ranged 

from 15 to 329.  
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We also obtained information about the available parking lots within the area 

under consideration. Twenty nine parking lots were considered which were composed of 

both surface and garage lots with capacities ranging from 50 to 500.  

The charging station installation cost structure was identical to the ORNL case study. 

Due to lack of any tangible information about the grid node that might be available for 

connection, data for 30 grid node connections was strategically developed with voltage 

ratings from 2.1kV to 240V. Grid connection costs ranged from $2/feet to $5/feet with 

higher prices for connecting to a node with a higher voltage rating. Fixed costs of 

connection ranged from $2000 to $5000 with higher costs corresponding to high voltage 

node connections. Detailed data for facilities, parking lots and grid nodes has been 

included in Appendix A.  

4.3.2.2 Experimental Results 

Computational experiments were performed for the simulated problem data 

described above. The problem size for this data was considerably larger than the ORNL 

campus problem. Even for 1% PHEV penetration the problem involved decisions about 

900 charging station installations as compared to only 150 charging station installations 

for ORNL campus problem with a higher 5% PHEV penetration.  The lower bounds  

provided by CPLEX were used to compare the solutions quality. PCIP-TS was allowed to 

run for 2 hrs and the time when best solution was obtained was reported.  

PCIP-1 was solved for varying PHEV penetration levels ranging from 1% through 

5%. Tables 4.3 (a) and (b) present the results for two cases – (1) with equal weights 

assigned to walking distance (w2) and cost related objective components (w1); and (2) 

when the emphasis on employee convenience was greatly reduced (w1=0.99, and w2 = 
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0.01).  PCIP-TS found a better solution in one scenario and matched the CPLEX solution 

quality in the other seven scenarios. Further, it always required much less time than 

CPLEX.   

Table 4.3 (a) Comparative Results for PCIP-1 (w1 = 0.5; w2 = 0.5): Large Sized 

Problem  

PHRV 

Penetration 

Number of 

PHEVs 

CPU Time (min) Optimality Gap 

PCIP-TS CPLEX PCIP-TS CPLEX 

1% 897 7.3 14.6 0.53% 0.53 

2% 1794 9.4 19.4 2.7% 2.7% 

3% 2691 10.3 29.5 1.8% 1.8% 

5% 4486 12.7 38.4 2.1% 2.3% 

Table 4.3 (a) Comparative Results for PCIP-1 (w1 = 0.99; w2 = 0.01): Large Sized 

Problem  

PHEV 

Penetration 

Number of 

PHEVs 

CPU Time (min) Optimality Gap 

PCIP-TS CPLEX  PCIP-TS CPLEX 

1% 897 5.7 13.9 0.65% 0.65% 

2% 1794 7.3 17.8 1.9% 1.9% 

3% 2691 9.6 26.5 2.5% 2.5% 

5% 4486 10.5 35.4 1.8% 1.8% 

Next, a similar analysis was performed for PCIP-2. Tables 4.4 (a) and (b) present 

the results.  

Table 4.4 (a) Comparative Results for PCIP-2 (w1 = 0.5; w2 = 0.5): Large Sized 

Problem  

PHEV 

Penetration 

Number of 

PHEVs 

CPU Time (min) Optimality Gap 

PCIP-TS CPLEX PCIP-TS CPLEX 

1% 897 8.5 15.3 0.93% 0.93% 

2% 1794 9.6 23.5 2.7% 2.7% 

3% 2691 11.3 30.7 2.3% 2.9% 

5% 4486 13.2 41.9 3.2% 3.2% 
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Table 4.4 (b) Comparative Results for PCIP-2 (w1 = 0.99; w2 = 0.01): Large Sized 

Problem  

PHEV 

Penetration 

Number of 

PHEVs 

CPU Time (min) Optimality Gap 

PCIP-TS CPLEX PCIP-TS  CPLEX 

1% 897 6.4 13.7 0.65% 0.65% 

2% 1794 7.9 21.3 2.5% 2.5% 

3% 2691 10.1 28.9 2.1% 2.6% 

5% 4486 11.6 39.1 2.8% 2.8% 

In the PCIP-2 instances, PCIP-TS also always required much less time than 

CPLEX . In two scenarios PCIP-TS yielded superior objective function values. In the 

other eight scenarios, PCIP-TS equaled the CPLEX values.  

4.3.2.3 Algorithm Scalability 

To gauge the scalability of PCIP-TS with increasing problem complexity, Figure 

4.3 plots the time required by TS to reach best solution  versus the PHEV penetration 

level PHEV penetration level is directly correlated to the complexity and a linear increase 

in such penetration level causes exponential increase in the size of optimization problem 

to be solved.  

 

 

Figure 4.3 Time to reach best solution vs. PHEV Penetration 
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While the problem complexity increases exponentially, Figure 4.3 indicates that 

the time required by PCIP-TS increases approximately linearly. This is an encouraging 

result for future work where much larger problems would need to be solved.  

4.3.2.4 Pareto Frontier 

The PCIP-TS incorporates an MCA technique that allows users to efficiently rank 

solutions depending upon relative weights assigned to various objective criteria. Since all 

solutions visited during the search are automatically stored, decision makers have the 

flexibility to change the objectives and construct new scores leveraging the stored 

solutions, and start the new search from the best objective in the list.  

Figure 4.4 presents the Pareto frontier [77] explored by the search using different 

weights on w1 and w2 for the problem with 5% PHEV penetration. Each point represents 

the best solution from a different PCIP-TS run corresponding to the objective weights 

marked by the points on the chart.  

 

 

Figure 4.4 Pareto Frontier 
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An archive of good solutions should greatly assist decision makers in achieving a 

better consensus based decision while requiring much less time and effort.  

4.4 Summary 

This Chapter detailed the PCIP-TS software, providing discussions about various 

TS components, such as decision variable, neighborhood, moves, DNS and objectives.  

The MCA strategy developed within our software framework was also introduced.  

The main aim of PCIP-TS was to achieve excellent solutions for the PCIP 

problem within a reasonable amount of computational effort. The experiments were 

divided in two categories: (1) Comparative analysis for ORNL Campus problem and (2) 

Comparative analysis for larger sized problems.  

Our analysis for the ORNL campus included results from CPLEX, PCIP-TS and a 

linearization strategy. The results established the supremacy of PCIP-TS both in terms of 

solution quality and computational time.  

 

Additional experiments were performed with simulated data representative of a 

problems faced by small municipalities. PCIP-TS outperformed CPLEX for all cases 

studied. Once the charging infrastructure is in place, the immediate problem is to 

judiciously manage it on a daily basis. In Chapter 5, we formally develop the daily 

energy management problem and present the results of a case study performed for ORNL 

campus.  
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 CHAPTER 5: THE DAILY ENERGY MANAGEMENT PROBLEM 

5.1 Overview 

Once the daytime charging infrastructure is established, the immediate decisions 

involve deciding how to use and allocate these resources on a daily basis. If the 

organization or the utility company has direct control over a set of PHEVs parked at 

charging stations, for an extended amount of time (typically a work-day), we should 

develop charging/dis-charging (i.e. using V2G services) strategies which would optimize 

the time based utility pricing, on-site energy generation and controlled charging 

capabilities of smart chargers in order to balance the local grid node and reduce the 

monthly electricity costs.  

We address the problem from the perspective of a large organization acting as 

single node customer of an electricity utility which manages its own electrical grid. The 

organization also manages its electricity demand and supply needs through day-ahead 

bilateral contracts with an electricity utility by using on-site renewable electricity 

generation facilities (such as solar arrays and wind turbines) and by appropriately 

charging/discharging on-site storage devices and PHEV batteries. Such model can be 

seamlessly used by large entities such as municipalities, if mass level PHEV fleet control 

becomes a reality.  

In this Chapter, we discuss key features of the daily energy management problem. 

We formally develop the nonlinear mathematical model for the problem and present a 
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realistic linearization method that allows solution of the problem for a sample case study 

from ORNL.  

Section 5.2 describes various components of the problem including the 

considerations for on-site renewable energy generation and use of storage units; time 

based pricing strategies used by utilities for such organizations; and the V2G 

considerations for PHEVs. We discuss several costs, such as charging costs, battery 

replacement costs, and gasoline equivalent costs that are incurred while using the V2G 

technology.  

In section 5.3, we present a new mathematical model for the problem with two 

variations – first, with the requirement that all PHEVs must be fully charged by the time 

they leave, and second with the option undercharging the PHEVs and paying owners for 

the gasoline use if the benefits of using the battery charge overwhelm the cost of 

gasoline. The models developed are necessarily nonlinear in nature, which presents 

significant obstacles for traditional optimization techniques. Hence, we also develop and 

present appropriate model linearizations so that the best available classical optimization 

software for solving such problems could be applied.  

Section 5.4 illustrates the data characteristics of the ORNL campus electric grid 

operations and discusses the assumptions made while solving the problem. The section 

also contains information about the assumptions made for the available PHEV fleet and 

characteristics of those PHEVs. It also discusses vehicle profile data used for the case 

study.  
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Section 5.5 presents the results obtained for the ORNL campus case study. We 

report the results for a experimental simulation setup that validates the significance of the 

results. Significant improvements in grid load and reductions in monthly electricity bills 

may be achieved by utilizing the model developed in the research documented here.  

Section 5.6 summarizes the problem development and results obtained in a 

practical context. Runtime limitations are likely to be encountered when larger practical 

sized problems are addressed since optimal strategies are required within few minutes for 

practical decision making scenarios. These limitations lead to the required development 

of the MASTS based TS software detailed in Chapter 6.  

5.2 Problem Components 

This energy management problem assumes that we already have an established 

PHEV charging infrastructure. It should be noted that the daily energy management 

problem would always have to be solved irrespective of whether the charging 

infrastructure has been optimized or not. The two problems would be required to be 

solved simultaneously only when the PCIP is solved considering the long term effects of 

infrastructure planning. For daily electricity requirements, the organization is assumed to 

be acting as single node customer of an electricity utility. In addition, we assume that the 

organization stations may possess on-site renewable energy generation and storage 

facilities. The organization is responsible for daily demand-supply balance by sensibly 

managing its charging/discharging decisions regarding the PHEV fleet and storage 



 95 

facilities. The next section presents some key features of this type of energy management 

problem. 

5.1.1 RENEWABLE ENERGY GENERATION AND STORAGE FACILITY 

We assume: (1) a daily energy production forecast for each energy source is 

known, (2) the organization‘s renewable energy generation facilities have limited 

uncertain capacities incapable of satisfying the organization's total demand at all times, 

(3) the costs of operating and transferring power to and from each storage unit are known, 

(4) all storage unit energy loss efficiency factors are known and (5) the costs of 

generating renewable energy are independent of any changes in the energy management 

strategy.  When demand is very low (such as during off-peak midnight hours), the 

renewable generation may exceed demand. Such excess energy can either be sold to the 

utility or stored in limited capacity storage facilities managed by the organization.   

5.1.2 TIME BASED PRICING 

We assume that the organization‘s electric utility employs a time-of-use (TOU) 

pricing scheme with critical peak pricing (CPP). With this scheme, the organization pays 

different prices at different times of the day according to fixed price schedule based on 

the current yearly season, the day of the week, and the time of day. The 24-hour day-

ahead bilateral contract is divided into time periods of common specific length such as 1 

hour or ½ hour. The cost of electricity is then computed based on the total (or average) 

amount of power consumed during each period. At the end of each day, the organization 

must present its buying/selling schedule for each time segment for the next day under 
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consideration. Due to significantly higher electricity prices during peak consumption time 

periods, the organization naturally prefers to lower utility-provided electricity during 

those periods. This may be achieved by using power from on-site storage facilities and 

available PHEV batteries which requires the organization to schedule their charging 

intervals at other times.  

The inherent uncertainty associated with the organization‘s energy demand and 

renewable energy generation causes any forecast to be imperfect. Hence, energy 

consumption may exceed or diminish beyond permissible standards within any time 

period. Any extra electricity required, beyond the permissible standard, costs more and 

any similar extra power sold accrues less than the contracted price.   

5.1.3 V2G CONSIDERATIONS FOR PHEVS 

For the initial miles of a PHEV trip, during the charge depleting (CD) operation 

mode, until a minimum state of charge (SOC) for the battery is reached, a PHEV uses 

battery power as its primary energy source while gasoline provides occasional 

supplemental power for quick accelerations. After the CD mode is exhausted, the vehicle 

operates in the charge sustaining (CS) mode which uses a gasoline powered internal 

combustion engine while maintaining a minimum SOC for the battery. 

5.1.3.1 Operating Assumptions for V2G technology  

We assume the following for the daily V2G operations:  

1. The arrival-departure time, i.e., the availability period, for each PHEV is 

known once it arrives at its charging station at the organization's site. 
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2. As recommended by PHEV manufacturers [2], vehicles are driven in CD 

mode until the SOC reaches 20% of batteries‘ maximum storage capacity; 

thereafter it is driven in CS mode. 

3. Batteries can only be charged to a prescribed maximum SOC (typically 

90%) relative to the actual maximum charge.  

4. There are two V2G dispatch constraints for PHEVs [19] – limited battery 

storage, and the power dispatch capacity which is the lesser of the PHEV 

power rating and that of charging station plug.  

5. A fixed fraction of energy is assumed lost during PHEV charging and 

discharging operations.  

6. The number of available PHEVs for V2G operations is known for every 

time segment under consideration.  

5.1.3.2 Operating Costs for V2G technology  

The charging and V2G services from PHEVs yield the following costs to the 

organization:  

a) Charging Costs which vary depending upon the amount of energy charged 

and the time of charge. The organization can either choose to collect some 

revenue from PHEV owners for such charging or may provide free charging 

as an incentive to encourage PHEV use.  

b) Battery Replacement Cost (BRC) Equivalent: All batteries deteriorate in 

operation. The cycle life of lithium ion PHEV batteries can be represented 

as a function of the change in the ―depth of discharge‖ (DOD) [46], the 
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percentage of full battery capacity that has been withdrawn. Figure 5.1 

presents the non-linear relationship between battery life cycle and DOD 

used for the analysis. Each V2G use would impose indirect costs on PHEV 

owners due to shortened battery life. In order to reach an agreement with 

PHEV owners, they should be reimbursed appropriately, otherwise the 

skepticism about a potential future loss might lead them to not allow their 

vehicles to be used for V2G.  

 

Figure 5.1: Battery Lifetime Cycles as a Function of DOD [46] 

The BRC is determined as follows: For a given DOD ( ), the curve in 

Figure 5.1 can provide the number of lifetime charge-discharge cycles 

      , which along with a given battery cost (        ) provides a per 

discharge BRC equivalent as 
        

    . This results in a piecewise linear BRC 

function,       . 
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c) Gasoline Cost: When the organization uses V2G services during the peak 

hours, it must recharge the vehicles at other times. However, if a full charge 

is not required when a PHEV departs, a lower total organization cost may 

be achieved by undercharging some PHEVs (i.e. using their batteries for 

extended periods during peak demand hours) and reimbursing undercharged 

vehicle owners for any associated gasoline costs. We assume that we know 

the return home distance for each PHEV owner.  

We now formally develop the mathematical model for the daily energy 

management problem.  

5.3 New Mathematical Models for the Daily Energy 

Management Problem 

We model the daily energy management problem from two perspectives: All 

PHEVs (I) must ((II) need not) be fully charged at departure. The notation common to 

either perspective is as follows:  

5.3.1 COMMON NOTATION 

 

 H = {1, 2 … h … NH} - the set of time periods considered in a 24 hour day 

 V = {1, 2 … v … NV} - the set of PHEV‘s 

 S = {1, 2 … s … NS} - the set of storage facilities on campus 

 R = {1, 2 … r … NR} - the set of renewable energy sources 
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      - the total demand (KWh) in h 

      = 1 (0) if vehicle v is present (absent) in h  

           - distance traveled by v during h (v is absent in h if DISTv,h > 0) 

   
  -  the h within which v first becomes available for charging 

   
  -  the h within which v becomes unavailable for charging (departs)  

     
    - the amount of charge (KWh) in v when vehicle becomes available for 

                     charging 

   
      - the battery capacity (KWh) of v 

   
      - the capacity (KW) of v‘s charging station 

     
            

       - the minimum (maximum) allowable charge for v 

         - the charging and discharging battery efficiencies for all v 

   
      - the per unit energy cost in h 

   
     - the per unit energy revenue in h  

       - the per unit peak demand energy cost  

       - the per unit energy cost of charging in h for all v 

       - the gasoline cost per gallon 

    
    - the average gasoline used (per mile) in CS mode for all v 

    
    - the average energy use (per mile) in CD mode for all v 

        - the battery lifetime (Figure 1) as a function of DOD. ( is approximated   

                 by a piecewise linear function : (        ),    {     } 

     
    - the forecasted production from r in h 
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       - the energy stored in s at h=0 

   
     0 - the energy storage capacity for s 

   
      - the minimum energy storage required for  s 

   
    

    - the charging and discharging efficiencies, respectively, for s 

        - the capacity of charge-discharge plug (KW) for s 

Finally, for all S, the per unit cost for charging or discharging is      to the 

organization.  

5.3.2 DEM-1  

For DEM-1, a full battery charge is guaranteed when any PHEV departs. To 

promote employee PHEV use, organizations are likely to use such a strategy in the initial 

years of the infrastructure installation. This requires that any PHEV will be available for 

a sufficient time to allow full charging.  

The major decisions for the problem include deciding, for each time segment, 

how much charge should be given to each PHEV or how much charge should be 

extracted from each PHEV and how much charge should be given to or extracted from 

each storage unit. The following decision variables are used for DEM-1. 

5.3.2.1 Variables: 

      - the KWh purchased in h 

      - the KWh sold in h 

        - the KWh extracted from v in h 

        - the KWh charged into v in h 
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     {   }  - where 1 implies v is charging (discharging) in h 

        - the SOC of v at the end of h 

        - the DOD for v at the end of  h 

 peak - the maximum total KWh purchased in any h 

     
  - the KWh stored in s in h 

     
  - the KWh extracted from s in h 

     
  - the KWh inserted into s in h.  

 

5.3.2.2 Objective Function 

The objective is to minimize total energy costs for the organization.  The 

following components are summed to form the objective function: 

 

A: Cost of buying energy from grid:    ∑   
        

B: Peak demand cost:                  

C: Amount given to vehicle owners as BRC: ∑ ∑ [ (    )   (      )]
 

       

D: Revenue from selling energy to utility:   ∑   
        

E: Revenue from charge to vehicles  ∑ ∑    (         )
 

        

F: Cost of storage unit operations  ∑ ∑        
      

          

 

 

Therefore, the objective function is  
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There is inherent non-linearity in C and E due to positivity stipulations and the 

presence of the piecewise linear BRC function. Later, we detail their linearization that 

yields a valid mixed integer linear programming (MILP) model. 

5.3.2.3 Constraints 

The following constraints are present in the model: 

C1: Supply Demand Balance: The total supply for any time segment h (sum of energy 

purchased from the utility, total renewable energy generation and total energy extracted 

from PHEVs and storage units) should at least be equal to the total demand for the time 

segment (sum of energy requirements for the organization, total energy charged into 

PHEVs, total energy charged into storage units and total energy sold to utility).  

   ∑    
 

   

   
 ∑    

 

   

                                                                         

 ∑ [       
    

  
]

   

 
∑     

 
   

  
                                        

 

C2: Peak Demand  

                                                                                              

 

C3: Charging and Discharging Control: These constraints restrict any particular 

PHEV from simultaneously charging or discharging during the same time segment. They 

also restrict maximum energy that can be charged during a time segment.  
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C4: State of Charge (SOC) Balance for PHEV batteries 

     {
    

                                      
      

                          
         

                                     

  

    
             

                                                                        

C5: Full Charge at the time of departure  

   
        

                                                                                      

C6: Depth of Discharge (DOD) calculations 

       
         

   

    
        

   
                                                              

C7: Charge balance for storage units 

    
                                                                                                                     

    
         

      
      

                                                { }                   
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The model defined by equations (5.1) through (5.15) is a mixed integer non-linear 

program. We now linearize C and E. The piecewise linear function,      , specified by 

points (        ),    {     }  is linearized by using the classic SOS2 approach [47] 

with the           that satisfy the following constraints:   

     ∑        

 

   

           (    )  ∑           

 

   

                                         

where 

∑      

 

   

                                 {     }                                   

Further, the SOS2 constraints which state that: 

          At most 2       ’s can be positive, and those 2 must be consecutive  (   8) 

Constraints (5.18) are enforced by introducing binary variables           {     } 

along with following constraints 

                                                                                               

 

                                      {     }                           

 

                                                                                                

 

                                      {     }                            
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∑         

   

   

                                                                                           

We must also linearize the positivity requirements present in C and E. We define 

new variables     
      and        to be used in C and E, respectively, and redefine 

them (along with additional constraints on new variables) as follows.  

       ∑ ∑     
   

      

                                                                                   

    
    [∑           

 

   

 ∑             

 

   

]                                                       

        ∑ ∑        

      

                                                                                  

     (         )                                                                                                   

The model defined by equations (5.1) through (5.25) is a valid mixed integer 

linear program (MILP), which properly models the first form of the daily energy 

management problem.  

 5.3.3 DEM-2   

On days when there is high predicted peak demand, it can be economically 

advantageous to use PHEV batteries for an extended amount of time even if this prohibits 

a full charge for available PHEVs by their departure time. This is allowable because of a 

PHEV‘s ability to use gasoline instead of stored electricity. PHEV owners will be more 

amenable to this when they are assured of appropriate reimbursement for any additional 

gasoline cost (G).  
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In order to calculate G, we define additional variables     
               

   

  which represent distance traveled by vehicle v in h under either CD or CS mode, 

respectively. G is added to the objective function, along with two appropriate constraints 

being added to the model, as follows:  

          ∑ * ∑         
      

   

        
 

+

   

                                                 

subject to  

    
            [       

         
   

   
 

]

 

                 
                   

    
       

                                                                          
                    

 

We linearize equations (5.27) by defining new variables        and replacing 

(5.27) with the following constraints:  

 

    
                                                                               

                   

              [       
         

   

   
 

]                   
                    

The new model, defined by equations (5.1) through (5.30) (excluding equations 

5.11 and 5.27), is a valid MILP formulation for DEM-2.  
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5.4 Daily Energy Management Operations for the ORNL Grid 

This section documents the case study of daily energy management for the Oak 

Ridge National Laboratory (ORNL) campus. In the near future, ORNL management 

plans to install both a solar shaded PHEV charging infrastructure in its employee parking 

lots and energy storage facilities around its campus in an effort to save on electricity costs 

and make its renewable energy sources more reliable. We now discuss the data 

characteristics of the problem. 

5.4.1 DATA CHARACTERISTICS 

5.4.1.2 Cost Data 

Currently ORNL buys its electricity from Tennessee Valley Authority (TVA) in 

accordance with two component rate structures – (1) a monthly peak demand component 

(                      )) and (2) an overall usage component. Monthly peak 

demand is calculated as the maximum average energy use over all 48 thirty-minute time 

periods per day during the billing period. For the overall energy usage TVA applies a flat 

rate (  
   = $32.93 / MWh). Authoritative sources stated that energy could be sold back 

to the supplier at no less than   
          . We assumed cost the of storage unit 

operations to be c
S
 = $1/MWh. The gasoline price was assumed to be c

G
 = $2.5/gal.  

Since ORNL management plans to provide free day time charging (i.e.,      ), 

any possible revenue from PHEV charging is disregarded. 
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5.4.1.2 Campus Energy Demand and Generation Facility 

We obtained the monthly energy demand data (  ) for August 2008 from the 

Facility and Operations division of ORNL. The energy demand was divided into 30 

minute time segments with an average energy demand of 14,023 MWh. 

ORNL intends to initiate a near-term shift towards renewable energy by the 

expansion of its relatively small solar power facility. Discussions with appropriate ORNL 

management led to a predicted 86KW solar facility contributing towards the campus 

energy needs. Similar discussions led to a predicted 800KWh storage facility that would 

function with 95% charging and discharging efficiencies. 

5.4.1.3 PHEV Data 

For our baseline study, we assumed a 5% PHEV penetration implying the 

presence of 140 PHEVs on the ORNL campus. We also conducted a series of 

experiments with varying PHEV penetration levels from 50 to 1500 PHEVs (2% to 50%) 

in the vehicle mix.   

Organizational transportation survey data was used to determine the time 

segments in which the PHEVs are driven, the total distance traveled in those time 

segments, and those in which they are grid-connected ( available) for battery charging or 

discharging using V2G technology. A PHEV is available for a time segment only if it is 

present for the entire time segment.  

From the organizational perspective, we are only concerned with distance traveled 

by vehicles while traveling to and from campus. To properly account for such vehicle 

driving distances, we used the driving profile of ORNL employees as presented in Table 

3.1 (based upon an ORNL transportation survey). To emulate arrival and departure times 

for the PHEVs, we used the ORNL employee arrival and departure distribution given in 

Table 5.1, taken from an ORNL transportation survey. 
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Table 5.1: Employee Arrival and Departure Distribution  

Time Segment Arrival 

Distribution 

Time Segment Departure 

Distribution 

4:00 AM - 4:30 AM 0.38% 2:00 PM - 2:30 PM 0.34% 

4:30 AM - 5:00 AM 0.38% 2:30 PM - 3:00 PM 0.34% 

5:00 AM - 5:30 AM 1.49% 3:00 PM - 3:30 PM 8.09% 

5:30 AM - 6:00 AM 1.49% 3:30 PM - 4:00 PM 8.09% 

6:00 AM - 6:30 AM 11.52% 4:00 PM - 4:30 PM 16.70% 

6:30 AM - 7:00 AM 11.52% 4:30 PM - 5:00 PM 16.70% 

7:00 AM - 7:30 AM 18.07% 5:00 PM - 5:30 PM 19.39% 

7:30 AM - 8:00 AM 18.07% 5:30 PM - 6:00 PM 19.39% 

8:00 AM - 8:30 AM 16.50% 6:00 PM - 6:30 PM 5.05% 

8:30 AM - 9:00 AM 16.50% 6:30 PM - 7:00 PM 5.05% 

9:00 AM - 9:30 AM 2.04% 7:00 PM - 7:30 PM 0.43% 

9:30 AM - 10:00 AM 2.04% 7:30 PM - 8:00 PM 0.43% 

 

Utilizing Table 3.1 and Table 5.1 as probability distributions, we simulated the 

driving profile for each of the PHEVs. The driving profiles comprise information about 

the time segments in which PHEVs are driven, the distance traveled in those time 

segments, their SOCs at arrival and their availabilities for both charging and V2G 

services.  

To achieve a balanced mix of vehicle types, we used PHEV type and battery cost 

data similar to that in [44] and [48], respectively. For the case study, we used four types 

of PHEV‘s with battery capacities as shown in Table 5.2. We assumed a battery operating 
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range varying between 20%-90% SOC. Similar to [44], we set the average gasoline use in 

the CS mode to be    
                             ; and, average energy use in CD 

mode as    
                   . We used a four piece linearized BRC function and a 

charging station power capacity of 5 KWh which is representative of the Level 1 and 

Level 2 charging stations prevalent in current market [4]. 

Table 5.2: PHEV characteristics used in the study 

PHEV Type 

Battery 

Capacity 

(KW-h) 

              
Battery Cost 

($) 

1 3 0.6 2.7 2500 

2 8 1.6 7.2 4000 

3 16.1 3.22 14.49 7000 

4 24.4 4.88 21.96 10000 

5.4.2 CASE STUDY RESULTS 

Variants of Models I and II were applied to the daily operations management 

problem for the ORNL grid. The MILP formulations were implemented using CPLEX 

10.0 on a Pentium IV 2.1 GHz dual core machine with 3GB RAM. In the following 

sections, we discuss the results of those optimization runs. To demonstrate the effect of 

these models for day to day operations, we first present the results from a representative 

day from the August 2008 data set. ORNL‘s typical yearly energy consumption costs is 

several million $USD. We analyze the effects of our strategy in various terms such as 

monthly electric costs with the current pricing scheme, with load balancing and with 

changes due to the TOU pricing scheme. Since ORNL management is also considering 
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promoting the use and sales of the ―Leaf‖, the recent advanced PHEV from Nissan, we 

performed additional tests by forcing all PHEVs to be Leafs.   

Next, we present the results from optimization runs for a month of data with 

newly simulated vehicle profiles for every day. Finally, we present average results from 

those runs. The benefits of using Models I and II are promising and do not depend upon 

the peculiarities of any particular data set.  

5.4.2.1 Results for Representative Day   

A. Change in Monthly Electricity Costs 

For this comparative analysis, we used energy demand data from a representative 

day of August 2008 as the base load. The results from four scenarios that were considered 

are now summarized.  

A.1 PHEV load under uncontrolled charging: We first calculated ORNL‘s 

increase in monthly electricity costs when PHEV owners start charging their vehicles as 

soon as they are parked. (Storage units, renewable generation and V2G were excluded.) 

As shown in Figure 5.1, this yields a cost increase of up to 1% from the base load.  

 A.2 Optimized PHEV charging (No V2G): We controlled the PHEV charging 

times to minimize cost. (Storage units, renewable generation and V2G are excluded.) 

Figure 5.1 shows that the incremental effect of added PHEV load for either model would 

be negligible. DEM-1 produces a marginally higher cost due to the full PHEV charge 

requirement. However, on days when optimized charging times collide with the monthly 
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peak, it can be beneficial to undercharge the PHEVs and reimburse equivalent gasoline 

use. DEM-2 exploits such situations and produces lesser costs. 

 A.3 Optimized PHEV charging with V2G services: If, in addition to controlled 

charging, we utilize V2G services (storage units and renewable generation are excluded), 

the costs are decreased by about 1% (for DEM-2) even after providing free charging. 

Even with its full charging constraint, DEM-1 yields a cost reduction ranging from 0.5-

1%. This provides a compelling case for PHEV promotion.  

A.4 Optimized PHEV fleet and storage facility operations with renewable 

energy generation: When the optimized charging/discharging of planned storage 

facilities on campus along with renewable energy generation were added to the models, 

not surprisingly, the cost savings were even greater. 

 

Figure 5.1: Percentage Change in monthly electricity costs of ORNL 
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Figure 5.2: Percentage Change in monthly electricity costs of ORNL with Nissan Leaf 

option (DEM-1 results) 

We also performed the cost analysis by replacing all PHEVs with Nissan Leaf 

which does not have a gasoline engine but has extended battery capacity. Hence, we only 

used DEM-1 for these evaluations. Figure 5.2 presents the analysis‘ results. If all PHEVs 

are Nissan Leafs, their extended battery capacity yields a greater reduction in monthly 

electricity costs.  

Our Models could greatly assist in the calculation of long term benefits and return 

on investment for the expansion of renewable energy generation and storage facilities at 

ORNL.  

B. Load Balancing Effects 

To further assess the effect of adding PHEVs, storage facilities and renewable 

energy generation capability, we again used the base load of a typical day from August 

2008. Figure 5.3 presents the DEM-1 results for energy purchased from the utility for the 
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base load and three cases discussed in A.2 through A.4. Since the visual difference 

between the results for DEM 1 and 2 is negligible, the DEM-2 results are not presented. 

Optimized PHEV charging (without V2G services) keeps the peak usage at the 

base case level (thereby avoiding high peak prices) and shifts charging to other times 

during the day. When V2G services are included, available energy from PHEV batteries 

(including BRC costs) is used during peak time periods, while recharging is shifted to 

other less costly times. Similar but stronger effects are observed when storage devices 

and renewable energy generation are present.  

 

  

Figure 5.3: Energy Purchased from Utility vs. Time Segment of Day 
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The most striking effect is that of very effective load balancing when V2G 

services and storage facilities are present. A more balanced load would be quite 

beneficial both for the supplying electric utility and the organization that manages its 

timely energy consumption. 

When we repeated the experiments using only Nissan Leafs, the load balancing 

effects were even more promising, primarily due to extended battery capacity. Figure 5.4 

compares the load for three scenarios – for the base case; base case with general PHEV 

mix and V2G services; and base case with Nissan Leaf and V2G services.  

 

Figure 5.4: Energy Purchased from Utility vs. Time Segment of Day (comparative results 

with Nissan Leaf scenario) 

We note that the load balancing effects are more prominent with all Nissan Leafs. 

Since the batteries have more capacity, we utilized more power during the peak hours and 

charged them in subsequent hours. From these results, combined with cost results, we 



 117 

conclude that the potential of having a good PHEV mix would prove to be beneficial for 

ORNL.  

C. Vehicle Charging Discharging patters 

Figure 5.5 presents number of PHEVs charging and discharging in each time 

segment of the day for the cases with a general PHEV mix.  

 

 

Figure 5.5: Number of vehicles charging/discharging vs time-segment of the day 

Note that we extract the energy during the peak hours of the day and recharge 

them fully by the time they leave.  

D. The effect of introducing elaborate TOU pricing  

 Although the current energy pricing structure for ORNL does not vary according 

to the time of use, we analyzed the effect caused by presence of such a scheme. Instead of 
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the rate structure designed for single peak price, i.e.      , we introduced a varying 

price according to time period of the day by setting peak time prices as high as $40/MWh 

while setting off-peak pricing to as low as $20/MWh. Figure 5.6 presents percentage 

change in monthly energy bill from the base case bill under TOU pricing. Note that 

increase in monthly electricity bill by optimized charging strategies for PHEV fleet is still 

negligible. However, the introduction of V2G services produces higher savings in 

percentage terms as compared to results given in 5.4.2.1 A. When we introduced storage 

facilities and renewable energy generation to the model, we witnessed marked additional 

increases in savings. This is because the storage facilities were charged during lesser 

priced off-peak hours, while the stored energy was used in the peak hours reducing 

purchases of higher priced energy.  

 

 

Figure 5.6: Percentage Change in monthly electricity bill of ORNL under TOU pricing 
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E. Time to Optimality  

To study the effect of problem size over the performance of optimization strategy, 

we conducted further experiments for DEM-1 and DEM-2 by varying PHEV fleet size 

from 50 to 1500. Figure 5.7 presents time required by the CPLEX solver to achieve 

optimality under varying number of PHEVs present on campus. As we observe, the time 

to achieve optimality apparently increases exponentially with increasing number of 

PHEVs. Although the current solution strategy is able to get optimal solutions for the 

scenarios considered, the exponential trend suggests unreasonable time requirements 

when solving daily energy management problem from the perspective of utility 

companies.   

 

 

Figure 5.7: Time to Optimality vs Number of PHEVs 
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5.4.2.1 Results for monthly data set  

To investigate the impact of inherent randomness of the problem data, we 

performed optimization runs for the each day of the sample month. One might argue 

about the effects of different vehicle profiles, and whether the benefits are observed in all 

cases. Hence, for each day, we simulate new vehicle profiles for each day of the sample 

month using the previously defined arrival-departure distribution, and the distribution of 

distance traveled. We present the results for DEM-1, which is more likely to be adopted 

by ORNL in the initial phases.  

A. Average Daily Energy costs: Table 5.3 summarizes results for average daily 

costs both with and without V2G capabilities compared to the base case, i.e. 

current costs without any PHEVs.  

 

Table 5.3: Average Daily Energy Costs  

Number of PHEVs Base Case PHEVs with No V2G PHEVs with V2G 

50 39,413 39,420 39,326 

150 
39,413 

39,448 39,158 

500 
39,413 

39,550 38,673 

1000 
39,413 

39,670 37,734 

1500 
39,413 

39,796 36,987 

We note that average savings are more alluring when we increase number of 

PHEVs in the mix. However, even if we do not have V2G services on offer, 

our optimized policy restricts monthly energy costs to rise sharply.  
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B. Variability in simulated results: Table 5.4 presents 95% confidence interval 

on percentage daily cost improvements that we observed using our optimized 

policy.  

Table 5.4: 95% Confidence Interval for percentage daily cost improvements  

Number of PHEVs PHEVs with No V2G PHEVs with V2G 

50 [0.021-0.037]% -[0.24-0.47]% 

150 [0.046-0.084]% -[0.78-0.97]% 

500 [0.29-0.43]% -[1.76-2.13]% 

1000 [0.65-0.86]% -[4.03-5.09]% 

1500 [1.1-1.55]% -[6.12-7.33]% 

Even if variations in the demand data and vehicle profiles are introduced, the 

percentage improvements are always substantial. We conclude the results in 

previous sections were justified and ORNL would benefit from the models 

developed, even with markedly different demand patterns.  

 

5.5 Significant Conclusions 

This chapter introduced a new MILP approach for modeling the optimal daily 

energy management problem from the perspective of a large customer characterized by 

the presence of an on-campus PHEV fleet, storage facilities and limited renewable energy 

generation. In particular, we have established the importance of : (1) controlled charging 

for day time charging of PHEVs; (2) benefits of V2G services for the managing 

organization; and (3) on campus storage facilities. Since daytime charging would be 
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required for the majority of PHEV owners, various large organizations managing their 

own campuses, electric distribution grid and employee parking will face this problem. 

Considering possible organizational incentives that could be provided to PHEV owners, 

we considered the problem from two perspectives: (1) assuming all PHEVs are required 

to be fully charged by their departure time, which would be an incentive to own a PHEV; 

and, (2) assuming that PHEV owners are flexible in regard to their charging requirements 

at departure (i.e., they can accept undercharge provided that they are appropriately 

reimbursed for any additional gasoline costs). The study of the problem for the modest 

sized ORNL campus, as described in the case study, has produced encouraging results 

and confirmed the viability of the model.  

However, the runtime of the model dramatically increases with the increase in 

problem size. The model requires 5 to 10 minutes for 1000 to 1500 PHEVs. This is 

unacceptable in practical settings when the strategies would have to be developed within 

few minutes at maximum, so that they can be employed concurrently. If the model is to 

be viable for a municipal sized problem, we need a quicker methodology that can provide 

good results in much less time. We will discuss the MASTS based TS software in 

Chapter 6 that delivers good quality solutions in considerably less time.  
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CHAPTER 6: A TS ALGORITHM FOR DEM-1 AND DEM-2  

Chapter 5 presented and solved DEM-1 and DEM-2 using the CPLEX solver. In 

spite of being optimal, the solver required unacceptable computational times for larger 

problems. Since DEM strategies have to be developed and deployed very quickly, a new 

MASTS -TS approach, DEM-TS, for the DEM was developed to yield excellent solutions 

within acceptable computational times.  

 

6.1 Overview 

In this chapter, the primary constructs and attributes of DEM-TS are presented. 

Section 6.2 defines the decision variable, moves, neighborhoods, tabu memory structure, 

and objective function for the DEM-TS. Once again, powerful strategies such as dynamic 

neighborhood selection (DNS) and Multi Criteria Analysis (MCA), readily available in 

from MASTS, are exploited. Section 6.2 also presents a DNS specifically designed for 

solving DEM-1 and DEM-2.  

Section 6.3 presents the results for the ORNL computational experiments 

presented in Chapter 5 and for larger problems with simulated energy demand and 

vehicle profile data. Insights into the simulated data development and its key aspects are 

also detailed. When compared to CPLEX solver, Section 6.3 establishes that DEM-TS 

achieves optimal solutions with greatly reduced computational effort. Section 6.4 

summarizes the Chapter.   
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6.2  The Basic TS and MASTS Components for DEM-TS 

DEM-TS required construction of the basic TS elements within the MASTS 

framework. TS elements are presented from the DEM-2 perspective. The same construct 

is used for DEM-1, with appropriate changes to moves and neighborhoods appropriate 

for that model.  

6.2.1 DECISION VARIABLES 

For DEM-2 we need to determine, for each PHEV and for each storage facility, 

whether it would be charged, discharged or remain idle during each time segment under 

consideration. Other dependent decisions that must be quantified include: (1) determining 

the energy to be purchased from or sold to the utility during each time segment, and (2) 

the energy provided to or discharged from each PHEV or storage unit during each time 

segment. The values of associated dependent variables are easily computed once the 

PHEV and storage unit decisions are made. Two separate integer arrays are maintained 

for the DEM,       and   , where ―+1‖, ―0‖ and ―-1‖ indicate charging, idle or 

discharging decisions, respectively.  

Figure 6.1 schematically presents a small example of the integer array based 

decision variable with only four time segments. The cardinality of      is       

         where N
PHEV 

and N
T
 are the number of PHEVs and time segments, 

respectively. Similarly, the cardinality of    is         , where
 

N
S 

represents 

number of storage units.  
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Figure 6.1: Schematic of the DEM-TS decision variable with 4 time segments. 

When PHEVs are grid connected, the corresponding       cells are kept ―free‖ 

(+1 or -1) while others are ―locked‖ with value ―0‖.  No DEM-TS moves allow changing 

―locked‖ cells.  

Charging PHEVs and storage units have their amount of charge set to the 

minimum of: (1) the charge required by the battery (SOC
MAX

 - SOC) or (2) the 

infrastructure‘s charging capacity. The discharge amount is the minimum of: (1) the 

charge available in the battery (SOC – SOC
MIN

) or (2) the infrastructure‘s discharging 

capacity.  

The projected energy demand and total energy charged/discharged is used to 

calculate the energy purchased or sold to the utility during each time period. If the 

demand (the sum of organization‘s energy demand and the total charging requirements 

for PHEVS and storage units) is more than the supply ( the sum of total renewable energy 

generation and total energy discharged from PHEVs and storage units), the difference 

energy is purchased from the utility. When the supply is greater than the demand, the 

surplus  is sold to the utility.  
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6.2.2  THE NEIGHBORHOODS AND MOVES  

Construction of a new solution from the current solution requires the application 

of one of several possible moves, each generating their associated neighborhoods.  Any 

process causing a change in the solution values (1, 0 or -1) is  a DEM move. A DEM 

neighborhood consists of all possible unique solutions that may be generated by such a 

move definition.  

In the following subsections, the DEM moves and neighborhoods are presented. 

The DNS, employed at each iteration, is discussed in detail in section 6.2.3.  

6.2.2.1 The DEM-TS Moves 

DEM-TS has five moves – (1) Element Swap; (2) Element Insert; (3) Forward 

Charge Mode Change (FCMC); (4) Backward Charge Mode Change (BCMC); and (5) 

Block Shift. Each DEM neighborhood uses one or more of these moves to generate the 

associated solution neighborhood.  

1. The Element Swap Move is uniquely defined by the two source/destination 

cells to be swapped and the target array id (           ). This move swaps 

elements from cells belonging to the same PHEV or storage unit and always 

results in a feasible solution. 

2. The Element Insert Move moves an element from one cell  and to another 

while appropriately managing other cells within the same PHEV or storage 

unit. 

3. The FCMC Move can introduce new elements into the existing solution 

structure. This move replaces the target cell‘s value with the next element the 

set, [-1, 0, +1] in forward cyclic order, changing the charging mode of that 

cell. 
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4. The BCMC Move, analogous to the FCMC move, replaces the target cell‘s 

value with the next element of set, [-1, 0, +1], in backward cyclic order. 

5. The Block Invert Move operates on a contiguous block of cells,.reversing  

the order of block elements. Mild diversification occurs when few 

PHEV/storage unit cells are reversed. Severe diversification when more (may 

be entire section representing a PHEV/storage unit) PHEV/storage unit cells 

are reversed. 

These moves, singly or in combination, generate the various DEM-TS 

neighborhoods.  Like the PCIP-TS, the DEM-TS neighborhoods are classified into  

general and special neighborhoods.  

6.2.2.2 The General Neighborhoods 

General neighborhoods are used more frequently, have lesser impact on the 

overall solution structure and are used to intensify the search. Instead of designing a large 

neighborhood for each move type, DEM-TS uses multiple small neighborhoods. In 

addition to reducing per iteration computational effort, this strategy joined with the DNS 

strategy helps identify attractive solution space areas.  

1. The Element Swap Neighborhoods use element swap moves.  N
Swap

 neighborhoods 

are used by DEM-TS. One neighborhood is associated with the storage units and all 

others,  N
Swap

-1,  neighborhoods, are associated with a separate group of PHEVs.      

2. The Element Insert Neighborhoods use element insert moves. Like the element 

swap neighborhoods, one neighborhood is defined for storage units, while the others 

operate on separate group of PHEVs.  
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3. The FCMC Neighborhoods use the FCMC move to create N
FCMC

 neighborhoods, 

operating on separate group of time segments. These are applied to both    and 

     .  

4. The BCMC Neighborhoods use the same time segment grouping as the FCMC 

neighborhoods.  

6.2.2.3 Special Neighborhoods 

Special use neighborhoods, used less frequently, aid in both intensification and 

diversification. Exclusive use of small general neighborhoods will inevitably cause 

myopic, inefficient choices to be made that can adversely accumulate and hinder solution 

quality. Special neighborhoods help correct such search myopia. DEM-TS employs four 

special use neighborhoods:  

1. The Exhaustive Charge Mode Change (ECMC) Neighborhood is used for 

intensification by generating all possible unique solutions from all possible FCMC 

and BCMC moves for all the cells in    and      . This computationally costly, 

very large neighborhood can overcome the myopia associated with the use of smaller 

general neighborhoods The DNS discussed in Section 6.2.3 invokes this 

neighborhood when intensification is triggered.  

2. The Block Invert Neighborhood-1 (BIN-1) causes low intensity diversification. For 

a given input block width, this neighborhood consists of all unique solutions 

generated by all possible block invert moves within the cell limits of each PHEV and 

storage unit. All the inversions are feasible for DEM-1, but for DEM-2, only those 

moves would be generated that are feasible for full charging requirement constraints.  

3. The Block Invert Neighborhood-2(BIN-2) has a greater diversification effect than 

BIN-1 because consists of all possible unique solutions generated by all possible 
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block invert moves for the specified block width, ignoring any PHEV or storage unit 

boundaries in    and      . It is used rarely by DNS, i.e., only when the search 

mode triggers a diversification of level 2.  

4. The Drastic Shakeup Neighborhood causes major diversification and is invoked 

when the search has stalled for a prolonged period. It consists of one solution that is 

obtained by changing values of all the cells within    and      . When this 

neighborhood is triggered all tabu restrictions are ignored. 

6.2.3  THE DEM-TS  DNS  

The DNS strategy within DEM-TS is similar to the PCIP-TS DNS strategy. In 

selecting the neighborhood for the next iteration, we first determine the preferred search 

mode which has five levels: (1) normal, (2) intensification, (3) diversification level 1, (4) 

diversification level 2, and (5) shakeup. The search mode monitors search progress and 

provides statistics which assist in determining the best neighborhood to use in the next 

iteration.  

After each iteration, DEM-TS reviews the search history to determine the current 

search state and the required search mode for next iteration. We collect the same statistics 

for DNS as defined in Section 5.3.2.1, and use them in a manner appropriate for the 

search mode and neighborhood selection.  

These statistics have been systematically used to develop different mathematical 

scores that allow updating the neighborhood priority list, an ordered list of 

neighborhoods used by search to select a neighborhood. As discussed in Section 5.2.3, 

after each iteration, the DEM-TS algorithm computes the mathematical scores specific to 

each neighborhood: (1) Long Term Performance, (2) Most Recent Use, and (3) 

Consecutive Improvements and Non-Improvements.  



 130 

6.2.3.1 Neighborhood Selection 

The DNS strategy uses the priority list, ordered according to the neighborhood 

score, to select from the general neighborhoods. When appropriate events trigger the use 

of special neighborhoods, they are used in lieu of the priority list. 

General Neighborhoods 

DEM-TS has four general neighborhoods, the element insert, the element swap 

neighborhoods, the FCMC and the BCMC neighborhoods, which require a ―fair chance‖ 

to be selected, giving preference those that have recently been promising. Using 

Equations (5.1) and (5.2), each general neighborhood is assigned a score based on quality 

and recency. The neighborhood with the highest priority score was chosen for the next 

iteration. 

Special Neighborhoods 

Special neighborhoods are used only if triggered by change in search mode to 

anything other than normal. Four triggers – t1, t2, t3 and t4 have been defined for the 

search modes intensification, diversification level 1, diversification level 2 and shakeup, 

respectively.  

If the search is not stalled, but the relative improvement in the objective for past t1 

iterations is               , then the search mode is set to intensification and the ECMC 

Neighborhood is invoked for next    iterations. 

When the search does not find an improvement in the best solution for t2 

consecutive iterations, the search mode is set to diversification level 1 and BIN-1 is 

invoked. Subsequently, if the search still cannot find improvement in the best solution for 

t3 consecutive iterations, the search mode is set to diversification level 2 and BIN-2 is 

invoked. These diversification levels aid the search to escape from nonimproving regions 

of the solution space.  
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If, after use of the three special neighborhoods described above, the search still 

cannot improve the best solution for t4 iterations, DEM-TS concludes that the region in 

the vicinity of current solution has been thoroughly explored. Hence, the drastic shakeup 

neighborhood is invoked that tries to move the search away from the current solution. 

This neighborhood enables search to explore a distinctly different part of the solution 

space in the hope of finding better solutions. These triggers act for cumulative non-

improving iterations. However, once t4 is achieved, the counting of non-improving 

iterations set to start from zero. From extensive experiments, we found that the values 

(0.01, 0.02*N
PHEV

, 0.0125N
PHEV

, 0.05N
PHEV

, 0.1N
PHEV

, 0.25N
PHEV

) for   ,   , t1, t2, t3 

and t4, respectively, work best for variety of settings, thus used for the results 

documented in this chapter.  

6.2.4 OBJECTIVES AND TABU MEMORY STRUCTURE 

Since DEM problem is driven from cost, we used a predefined default objective to 

drive the search. For the DEM-TS, the objective defined in Equation 5.1 was used as the 

default search objective for DEM-1, while the joint objective from Equations 5.1 and 

5.21 was used as the default objective for DEM-2. 

 DEM-TS incorporates adaptive memory and responsive exploration into its tabu 

memory structure. DEM-TS explores a large number of alternate solutions in the chosen 

neighborhood at each iteration. Many neighboring solutions are defined to be tabu by the 

tabu memory structures. For DEM-TS, we use two separate memory structures to 
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efficiently identify tabu solutions. The following rules were defined for these memory 

structures:  

1. If a PHEV has changed its charging state for a particular time segment, it 

cannot be changed again for        iterations.  

2. If a storage unit has changed its charging state for a particular time segment, it 

cannot be changed again for            iterations.  

Depending on the trajectory of the search we allow tenure to take on any integer 

value in the interval [tenure
min

, tenure
max

]. The actual value was set by adaptive strategy 

[103] embedded within DEM-TS. Our experiments with variety of data set have shown 

that a lower bound of 0.0125*N
PHEV

 and an upper bound of 0.0375*N
PHEV 

work best in a 

variety of situations.  

6.2.5   THE INITIAL SOLUTION GENERATION 

A greedy heuristic was developed to generate a feasible initial solution to DEM-1 

and Dem-2. The arrival/departure time and the power required for a full charge for each 

PHEV is known. The heuristic begins by placing an appropriate number of ―+1‖s in 

      so that each PHEV will receive a full charge. These ―+1‖s are placed as near to 

the departure time as possible.  

Next, the energy demand curve is examined to determine peak demand time 

segment, T
PEAK

. We desire to reduce the peak demand by discharging PHEVs around the 

peak time. For the 50% of the PHEVs possessing the highest charge at their arrival times, 

―-1‖s are placed in two time segments, T
PEAK

 and T
PEAK

 -1. For the remaining 50% 
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PHEVs, ―-1‖s are placed in two time segments, T
PEAK

 and T
PEAK

 +1. To compensate for 

the discharge of the latter set of PHEVs, two extra ―+1‖s are introduced as near to the 

arrival time as possible. The goal is to assure feasibility while performing these 

operations. A ―0‖ is placed in the remaining time segments  

For   , a sufficient number of ―+1‖s are placed during the night time segments to 

assure that each storage unit is fully charged. Further, an appropriate number of ―-1‖s are 

placed around T
PEAK

 to assure that each storage unit is fully discharged.  

Several experiments verified that this strategy worked well for the DEM-TS. The 

initial solution builder component of the DEM-TS is designed to allow future 

improvements to the initial solution module.  

6.3  Results and Analysis 

To measure the performance of our DEM-TS algorithm, two problem categories 

were studied: (1) variants of the ORNL campus problem and (2) simulated realistic sized 

problems. These studies established the comparative supremacy of the DEM-TS 

approach when compared to the CPLEX based optimization in terms of greatly reduced 

computational effort, equivalent solution quality and the ability to produce a pool of 

alternate optimal solutions.  

6.3.1 RESULTS FOR THE ORNL CAMPUS PROBLEM 

This analysis used the data provided in Section 5.4.1. All the results were 

obtained using a Pentium IV 2.1 GHz dual core machine with 3GB RAM. Results were 
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obtained by varying the number of PHEVs from 50 to 1500. The MIP solver embedded in 

CPLEX achieved optimal solutions but with unacceptable amounts of computational time 

for large problems. In contrast, our DEM-TS algorithm always found the optimal solution 

with greatly reduced computational effort. 

We now present results obtained for DEM-1 and DEM-2. The results document 

the time in which DEM-TS obtained the best solution. For additional reults, we let DEM-

TS run as long as the MIP solver embedded in CPLEX required. In doing so, our 

approach generated a pool of alternate optimal solutions that are readily available to user. 

Conventionally, CPLEX terminates as soon as it finds an optimal solution to an 

optimization problem. It does not attempt to find alternate optimal solutions. Many times, 

the optimization model cannot incorporate temporary real time constraints which would 

make the current solution non-deployable. In such cases, users require quick access to 

alternative solutions of the same quality.  DEM-TS‘s embedded capabilities to store a 

pool of highly desirable solutions and present them in ranked order make it more 

attractive for users.  

6.3.2.1 The ORNL DEM-1 results 

Table 6.1 documents results obtained for the ORNL DEM-1 scenarios that have 

strict full charge constraints. The table presents: (1) the time required by CPLEX to reach 

optimal solution (      ), (2) the time required by DEM-TS to obtain first optimal 

solution (   ,(3) the iterations required by DEM-TS to reach the first optimal solution 
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(  ); and (4) the number of alternate optimal solutions (    ) found by DEM-TS in 

      seconds.  

Table 6.1 Comparative results for DEM-1 using CPLEX and DEM-TS* 

Number of 

PHEVs 

CPLEX 

Time (      ) 

DEM-TS 

   Iterations (  )      
50 1.2 0.9 53 13 

150 6.7 2.8 210 23 

500 75.9 16.5 697 36 

1000 277.9 39.1 1267 29 

1500 431 60.7 1753 39 

* All reported times are in seconds.  

DEM-TS found the optimal solution much faster than CPLEX. It also produced a 

sizeable pool of alternate optimal solutions that could be very useful in practical 

situations.  

 

6.3.2.3 The ORNL DEM-2 results 

Table 6.2 presents results obtained for the ORNL DEM-2 scenarios (where the 

full-charge constraints were relaxed). The results document similar runtime 

characteristics as reported in section 6.3.2.1. Compared to DEM-1, DEM-2 required 

increased computational effort as the effective solution space is increased by relaxation of 

full charging constraints. 
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Table 6.2 Comparative results for DEM-2 using CPLEX and DEM-TS* 

Number of 

PHEVs 

CPLEX 

Time (      ) 

DEM-TS 

   Iterations (  )      

50 1.21 1.1 65 5 

150 7.93 3.5 248 18 

500 78.459 19.3 763 24 

1000 260.335 36.1 1154 15 

1500 470.83 63.7 1805 24 

* All reported times are in seconds.  

6.3.2.3 DNS characteristics for DEM-TS 

For the ORNL campus data set , there were 48 time segments for each day. We 

used six groups of these time segments (N
FCMC 

= N
BCMC 

= 6), thus using six FCMC and 

six BCMC neighborhoods. Each FCMC and BCMC neighborhood was associated with 

the decision variable cell corresponding to their time segment. Table 6.3 presents the time 

period of the day assigned to each group.  

Table 6.3 Time segment groups for FCMC and BCMC neighborhoods 

Group Time period 

1 12:00AM-4:00AM 

2 4:00AM-8:00AM 

3 8:00AM-12:00PM 

4 12:00PM-4:00PM 

5 4:00PM-8:00PM 

6 8:00PM-12:00AM 
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Figure 6.4 presents the percentage of iterations that used the FCMC or BCMC 

neighborhoods. Notably, the FCMC neighborhoods are more prominently used during the 

afternoon and evening hours when the algorithm tries to charge the PHEV batteries in an 

attempt to reduce gasoline equivalent cost component of the objective function. The 

BCMC neighborhoods are used more in the peak demand hours to reduce the peak 

demand objective component by extracting charge from PHEVs and storage units.  

  

 

Figure 6.2: Comparative analysis of FCMC and BCMC Neighborhoods 

From the perspective of overall algorithm performance, we collected statistics 

about the uses of all general and special neighborhoods. Table 6.4 presents percentage of 
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Table 6.4: % Iterations for DEM-TS neighborhoods for solving ORNL Campus 

problem.  

DEM-TS Neighborhoods % Iterations 

The Element Swap 24.5% 

The Element Insert 22.0% 

The FCMC 23.5% 

The BCMC 22.0% 

Exhaustive Charge Mode Change 

(ECMC) 4.0% 

BIN-1 2.5% 

BIN-2 1.5% 

Drastic Shakeup 0.1% 

Since drastic shakeup neighborhood is very disruptive of the current solution 

structure, it is rarely used during the search. Other special neighborhoods are also used 

only when the search requires either to escape from an unproductive region or to intensify 

the search.  

6.3.2  THE EXTENDED PRACTICAL SIZED PROBLEMS  

This section develops problem scenarios that will reflect the complexity of real 

problems faced by a small city, such as one described in section 5.3.2.  

6.3.2.1 Data Characteristics 

We developed five scenarios with varying number of PHEVs ranging from 897 

through 4486. The problem described in section 5.3.2 had vehicles belonging to: (1) 

employees living in downtown Austin and (2) residential vehicles. For generating 
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simulated vehicle profiles for commuting employees, we used traveling distribution 

presented in Tables 3.1 and 5.1. Each PHEV was assigned one of the four types with 

associated characteristics from Table 5.2.  

It was assumed that residential PHEVs are available for charging/recharging 

operations whenever they are not driving, i.e., during the day hours and the night hours as 

well. For generating vehicle traveling profiles for residential PHEVs, we used travel 

distribution from Household Travel Survey conducted by EWGCC [81]. Figure 6.3 

presents the distribution of percentage of vehicles in use during each hour of the day. 

Residential vehicle profiles were simulated with an assumption that such vehicles do not 

take longer trips. Hence, if the vehicle profile designates a vehicle to be in use during a 

particular time segment, it is assumed to travel a distance from a normal distribution with 

mean=6 miles and standard deviation =1.5 miles.  

 

Figure 6.3: Residential Vehicle travel distribution. 
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For these experiments, we used 5 storage units of 1 MW each. The renewable 

energy generation was not used in these experiments.  

The energy demand data for Austin downtown could not be officially obtained. 

The data was simulated as follows. First, the official hourly energy demand data of 

January 2009 for North Central Texas region was obtained from the ERCOT website 

(http://www.ercot.com/gridinfo/load/). From an extensive literature search, it was 

concluded that Austin contributes approximately 3% of this load. Hence, energy demand 

data was developed appropriately. Figure 6.4 presents the demand data used from the first 

30 days of the month. The maximum and minimum load on each day has been marked by 

dark vertical bars. Figure 6.5 presents the maximum and minimum demand per day for 

this data. We used the same cost data as used in Chapter 5. 

 

 

Figure 6.4: 30 day energy demand data used in the study. 

Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7 Day 8 Day 9 Day 10

Day 11 Day 12 Day 13 Day 14 Day 15 Day 16 Day 17 Day 18 Day 19 Day 20

Day 21 Day 22 Day 23 Day 24 Day 25 Day 26 Day 27 Day 28 Day 29 Day 30

http://www.ercot.com/gridinfo/load/
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Figure 6.5: Maximum and Minimum demand per day. 

6.3.2.1 Results 

Experiments were performed with PHEV penetration ranging from 1% through 

5%  (897 through 4486 PHEVs).  The model used for this data set was a combination of 

DEM-1 and DEM-2. For daily commuting employee vehicles, we included full charge 

requirements (DEM-1) by the time they depart. However, for residential vehicles, we 

used relaxed full charge constraints, as they are assumed to be available for grid 

operations throughout the period of 24 hours when they are not driving. Whenever 

batteries of these vehicles were discharged, they were paid battery replacement costs and 

gasoline equivalent costs for the deficit.  

Table 6.5 presents the comparative results for the CPLEX based MIP solver and 
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iterations required by DEM-TS to reach first optimal solution (  ); and, (4) the number of 

optimal solutions (    ) found by DEM-TS when it was allowed to run for 

      seconds.  

Table 6.5: Comparative results for simulated data set 

 

Number of 

PHEVs 

CPLEX 

Time 

(      ) 

DEM-TS 

PHEV 

Penetration 
   Iterations (  )      

1% 897 246.2 32.5 1052 35 

2% 1794 603.7 77.3 1940 21 

3% 2691 1153.4 129.8 3164 46 

5% 4486 2405 205.1 4962 44 

The DEM-TS algorithm always found the optimal solution with an order of 

magnitude reduction in computation effort. Notably, each problem has multiple optimal 

solutions, many of which are found by the DEM-TS. In order to test the limits of CPLEX 

based MIP strategy we used bigger problem with 10,000 PHEVs and let both CPLEX and 

TS run for 2hrs. CPLEX could not find the optimal solution within this time period, 

whereas TS found a better solution in 11 min.  

Figure 6.6 presents the resulting energy demand for the monthly data set with for 

the most complex scenario with 4486 PHEVs. Figure 6.7 presents the comparative 

minimum and maximum energy demand for each day with and without application of 

DEM-TS. The maximum and minimum loads for each day have been colored with green 

and red, respectively.  The optimization always reduced the peak load while adjusting the 

charging demands to the time intervals with lesser load. Thus, the gap between minimum 
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and maximum load is reduced by DEM-TS. Additionally, the DEM-TS appears to 

balance the load throughout the month, as evident from thick green and red regions in the 

figure. 

  

 

Figure 6.6: Energy demand profile after application of DEM-TS (Red color denotes 

minimum and Green denotes maximum) 

 

Figure 6.7: Minimum and Maximum energy demand before and after application of 
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6.4  Summary 

This Chapter presented a detailed disccussion of the DEM-TS approach, with 

discussions about various TS components, such as decision variable, neighborhood, 

moves, DNS and objectives.   

The main aim of DEM-TS was to generate a pool of optimal solutions for the 

DEM problem within practically relevant computational effort. The experiments were 

divided in two categories: (1) Comparative analysis for ORNL Campus problem and (2) 

Comparative analysis for larger sized problems.  

The results for ORNL campus data set proved superior, dominant computational 

efficiency of DEM-TS. Some insight into the working of DNS was also provided. For the 

extended sized problems, we simulated a new energy demand and vehicle profile data set 

that resembled the complexity of a problem faced by a small city. The results proved that 

DEM-TS not only achieved an optimal solution, but also produced a pool of alternate 

optimal solutions.  
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CHAPTER 7: CONCLUSIONS AND FUTURE RESEARCH 

7.1 Conclusions 

This dissertation modeled and solved two problems essential for mass integration 

of environmentally efficient PHEVs into existing vehicle fleet: (1) the Plug-in Charging 

Infrastructure Planning (PCIP) and (2) the Daily Energy Management (DEM). 

Chapter 3 focused on developing two models for the PCIP, PCIP-1 and PCIP-2. 

We presented the problem architecture including component characteristics, objectives, 

major decisions and constraints. Next, the capacitated facility location problem (CFLP) 

was introduced indicating its similarities to the PCIP. Two new mathematical 

formulations for the PCIP were developed: (1) without explicit grid connection 

constraints (PCIP-1) and  (2) with grid connection constraints (PCIP-2). A case study was 

performed for the ORNL campus. The chapter detailed data characteristics for this 

problem and presented results for the two PCIP models using a CPLEX based MIP 

solver. Application of the two models on the modest sized ORNL campus problems 

produced encouraging results and confirmed the viability of the model. However, the 

results also unveiled the limitation of the traditional optimization in solving both PCIP 

models to optimality.  

Since the ultimate goal of the dissertation was to develop an optimization 

methodology that could solve larger sized PCIP problems with data representative of a 

municipality or a city, Chapter 4 developed novel MASTS based TS software, PCIP-TS 
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capable of solving bigger and more realistically sized problems. We began by describing 

the basic TS and MASTS components that were required. A new Parking Lot Bin based 

decision variable was introduced that contained elements such as charging stations, 

employees and grid nodes. Various neighborhoods and moves were developed that were 

capable of both intensification and diversification as required by the search. The chapter 

also described a DNS strategy for selecting a neighborhood for the next iteration. The 

DNS strategy categorized neighborhoods into two categories –general neighborhoods and 

special neighborhoods, according to their frequency of use by the PCIP-TS. The chapter 

also introduced a multicriteria analysis strategy, the tabu memory structures and an initial 

solution generation strategy used by PCIP-TS. Computational results were presented for 

the ORNL campus problem using CPLEX solver, PCIP-TS and a linearization strategy. 

The results established the dominant supremacy of the PCIP-TS method both in terms of 

solution quality and computational time. Additional experiments were performed with 

simulated data representative of a problem that might be faced by a small city. PCIP-TS 

outperformed CPLEX based optimization for all the problem variants.  

Once the charging infrastructure is in place, the immediate problem is to 

judiciously manage this system  on a daily basis. Chapter 5 formally developed the daily 

the energy management problem (DEM) faced by an organization and presented results 

of a case study performed for ORNL campus. We began by introducing a new MILP 

approach for modeling the DEM from the perspective of a large customer characterized 

by the presence of an on-campus PHEV fleet, storage facilities and limited renewable 

energy generation. The problem was modeled from two perspectives: (1) assuming all 
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PHEVs are required to be fully charged by their departure time (DEM-1); and, (2) 

assuming that PHEV owners are flexible in regard to their charging requirements at 

departure (DEM-2). Results were presented for a case study for the ORNL campus. Case 

study results using CPLEX solver were encouraging and confirmed the viability of the 

model. However, the runtime of the model dramatically increased with an increase in 

problem size. Although optimal solutions could be obtained, the solver required 

practically unacceptable computational times for larger problems.  

Chapter 6 presented a new MASTS based TS algorithm, DEM-TS, for the DEM 

models developed in chapter 5. We began by describing the basic TS and MASTS 

components for the DEM. The chapter described various moves and neighborhoods 

specifically designed for solving the DEM. Neighborhoods were categorized as general 

and special neighborhoods. A DNS strategy was detailed for selecting a neighborhood for 

the next iteration. Computational experiments were divided in two categories: (1) 

Comparative analysis for ORNL Campus problem and (2) Comparative analysis for 

larger sized problems. Results for ORNL campus data set proved the dominant 

computational efficiency of the DEM-TS as compared to the CPLEX solver. The results 

provided insight into the working of DNS. For the extended sized problems, we 

simulated a new energy demand and a vehicle profile data set was simulated that 

resembled the complexity of a problem faced by a small city. The results proved that 

DEM-T not only achieved optimality in all instances, but also produced a sets of multiple 

alternate optimal solutions. These could be very helpful in practical settings when 
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alternate solutions are necessary because some solutions may not be deployable due to 

unforeseen circumstances.  

The main contributions of this dissertation are twofold: First, we introduced a new 

class of optimization problems necessary for successfully managing PHEV penetration 

into the current vehicle mix. The PCIP models concentrated on developing effective and 

efficient charging infrastructure for PHEVs. Another set of models (DEM) assumed the 

existence of such a charging infrastructure and concentrated on developing 

charging/discharging schedules for PHEVs and storage units. All of the models were 

inspired by existing real-world problems faced by planners, and thus their practical 

application can be immediately recognized. Second, we developed two MASTS based 

sophisticated TS algorithms which exploit the special structures of our problems and 

provide optimal or near-optimal solutions within practically efficient computational 

requirements. The two specialized methods, PCIP-TS and DEM-TS, outperformed 

classical optimization strategies both in terms of solution quality and computational time.  

In the absence of any previous documented models for solving PCIP and DEM 

problems considering PHEV fleet integration, the efforts and achievements documented 

in this dissertation are significant contributions from the perspective of the Operations 

Research and Management Science (ORMS) community, transportation policymakers, 

environmental scientists and the energy generation and distribution community.  
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7.2 Future Research 

Future research plans include conducting more experiments for solving even 

larger sized real problems. We also plan to model and develop an advanced long term 

planning tool that will aid the development of an efficient PHEV charging infrastructure, 

storage facilities and renewable energy generation in the context of long term energy 

management. This planning tool would consider capital investment as one of the 

objectives to be minimized under the scenario that considers long term efficient use of 

such resources. Such long term planning strategy would inevitably require appropriate 

integration of the PCIP and DEM models developed in this dissertation.  

Additionally, the PCIP models could incorporate decisions about solar cell and 

wind turbine location planning. It would be interesting to investigate various models for 

such complex joint decisions. The DEM models could also be generalized by introducing 

real time energy distribution and management, where, in addition to accounting for the 

total demand and supply, we would have to decide how this energy would be distributed 

through various nodes in the grid.  
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APPENDICES A 

Facilities, Parking Lots and Grids used in extended sized problems 

(Section 4.3.2) 
 

* For x and y coordinates, 1 unit ~1500ft. (origin: W. 1
st
 St. & B. R. Reynolds Dr , with x 

axis parallel to W. 1
st
 St along east side) 

1. Facilities:  

Commercial 

Facility 

Phev 

Owners 

(5%) 

x y Residential 

Facility 

Phev 

Owners 

(5%) 

x y 

1 253 24 3 1 43 14 17.5 

2 15 27 21.5 2 112 12 8 

3 60 28 21 3 78 20.5 3.5 

4 18 22 10 4 93 17 5.5 

5 280 19 14 5 101 23 2 

6 257 26 5.5 6 54 29.5 8.5 

7 194 19 15.5 7 93 17 8.5 

8 22 30 18.5 x x x x 

9 267 25 17 x x x x 

10 112 26 18 x x x x 

11 40 25 19 x x x x 

12 222 29 15 x x x x 

13 161 26 11.5 x x x x 

14 106 27 17 x x x x 

15 101 25 20.5 x x x x 

16 111 30 19.5 x x x x 

17 240 21 12.5 x x x x 

18 22 20 28.5 x x x x 

19 329 26 9 x x x x 

20 73 29 11 x x x x 

21 67 26 12.5 x x x x 

22 30 30 23 x x x x 

23 75 23 14.5 x x x x 

24 322 24 13 x x x x 

25 319 27 3 x x x x 

26 81 28 15.5 x x x x 

27 252 31 0.5 x x x x 

28 80 24 11.5 x x x x 

29 111 30 14 x x x x 

30 74 17 31.5 x x x x 

31 19 21 27.5 x x x x 

32 114 26 19 x x x x 

33 173 29 18 x x x x 

34 62 17 34 x x x x 
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2. Parking Lots and Grid Nodes:  

*Type     (1 = 240V, 2 = 480 V, 3 = 2.4kV) 

Parking 

Lot 

Type Capacity x y Grid 

Node 

Type * x y 

1 Surface Lot 50 21 24 1 1 23 10.5 

2 Garage 500 21 23.5 2 2 28 10.5 

3 Garage 400 23 22 3 3 33 11 

4 Garage 500 23 21.5 4 2 33 13 

5 Surface Lot 70 27 22 5 3 28 13 

6 Surface Lot 100 26 21.5 6 1 23 13 

7 Surface Lot 60 32 23.5 7 3 19 13.5 

8 Surface Lot 60 24 18.5 8 2 19.5 15.5 

9 
Surface Lot/ 

Garage 
100 27 16 9 1 22.5 15.5 

10 
Surface Lot/ 

Garage 
100 34 18 10 2 28 15.5 

11 Garage 500 36 18 11 2 32.5 16 

12 Garage 400 27 15.5 12 3 32.5 18 

13 Garage 500 32 15.5 13 3 28 17.5 

14 Garage 500 33 16 14 2 23 18 

15 Garage 400 36 17 15 1 19.5 17.5 

16 Garage 300 36 17 16 3 19 20 

17 Garage 300 35 16 17 2 22.5 19.5 

18 Garage 300 34 15 18 3 28 19.5 

19 Surface Lot 50 21 14 19 2 33 20 

20 Garage 400 22 13.5 20 2 33 22.5 

21 Garage 400 26 14 21 1 28 22.5 

22 Surface Lot 70 27 11.5 22 3 22.5 22.5 

23 Surface Lot 60 34 14 23 2 19.5 22 

24 Garage 300 32 14 24 1 19 26 

25 Surface Lot 60 21 10.5 25 2 19 28.5 

26 Surface Lot 50 22 11 26 2 15 13 

27 Surface Lot 70 28 11 27 3 16 15 

28 Garage 500 30 14 28 1 14 17 

29 Surface Lot 70 28 13.5 29 2 14.5 19 

x x x x x 30 1 14.5 22.5 
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