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ABSTRACT

ENERGY MANAGEMENT IN PLUG-IN HYBRID
ELECTRIC VEHICLE PENETRATED NETWORKS

Okan Arslan

Ph.D. in Industrial Engineering

Advisor: Oya Karaşan

April 2016

With the introduction of electric vehicles (EVs) and plug-in hybrid electric ve-

hicles (PHEVs) into the transportation system, a new line of research has emerged

in the literature that reconsiders existing problems from the electrified transporta-

tion point of view. In this context, our objective is to understand the challenges

that arise with the emergence of PHEV technology through a series of essays.

Due to their ability to use electricity and gasoline as sources of energy with

di↵erent cost structures and limitations, PHEVs stand as both a challenge and an

opportunity for the existing transportation systems. They provide transportation

cost reductions by utilizing less gasoline, which in turn contribute to the environ-

mental benefits. In this context, we addressed a practically important problem:

‘finding the minimum cost path for PHEVs’. We formally present this problem,

show that it is NP-Complete and propose exact and heuristic solution techniques.

Using these techniques, we investigate impacts of battery characteristics, driver

preferences and road network features on travel costs of a PHEV for long-distance

trips. Through this analysis, the location of charging stations is identified as one

of the critical factors a↵ecting the costs. In this regard, we introduce another

practically important problem: ‘Hybrid charging station location’. Di↵erent than

existing approaches to the charging station location problems, we also consider

PHEVs when locating stations. We propose a Benders Decomposition algorithm

as an exact solution methodology, and accelerate the implementation by generating

nondominated cuts. Finally, we analyze the cost and emission impacts of PHEV

penetration into electricity networks with widespread adoption of distributed en-

ergy resources.
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Approaching PHEVs from a long-distance point of view, we introduced new

problems and solution approaches to the literature. Our results show that by

establishing an adequate level of the intercity charging station infrastructure, well-

studied benefits of electrified transportation in urban regions can be extended to

long-distance trips.

Keywords: Plug-in hybrid electric vehicles, energy management, charging station

location, virtual power plant, Benders decomposition, dynamic programming.



ÖZET

ELEKTRİKLİ HİBRİT ARAÇLARIN BULUNDUĞU
AĞLARDA ENERJİ YÖNETİMİ

Okan Arslan

Endüstri Mühendisliği, Doktora

Tez Danışmanı: Oya Karaşan

Nisan 2016

Elektrikli Araçların (EA) ve Hibrit Elektrikli Araçların (HEA) ulaştırma sistem-

ine duhûlü ile birlikte, literatürde bulunan mevcut ulaştırma problemlerini elek-

trikli araç bakış açısı ile yeniden değerlendiren bir araştırma çizgisi ortaya çıktı.

Bu kapsamda amacımız bir dizi makale vasıtasıyla HEA teknolojisinin ortaya çıkışı

ile birlikte vücut bulan zorlukları anlamaktır.

Farklı maliyet yapıları ve kısıtları olan elektrik ve benzin enerji kaynağını kul-

lanabildiğinden ötürü, HEA’lar mevcut ulaştırma sistemleri için hem zorluklar

hem de fırsatlar sunuyor. Daha az benzin kullanarak ulaştırma maliyetlerini azal-

tan HEA’lar, aynı zamanda dolaylı olarak doğaya fayda sağlıyor. Bu kapsamda,

pratik olarak önem arz eden “HEA’lar için en ucuz yolun bulunması” problemine

değiniyoruz. Formal olarak problemi tanıtıyor, NP-Tam kümesine ait olduğunu

gösteriyor ve tam ve sezgisel çözüm teknikleri öneriyoruz. Bu teknikleri kulla-

narak, batarya karakteristikleri, sürücü tercihleri ve yol ağı özelliklerinin uzun

mesafe yolculuklarında HEA ulaştırma maliyetleri üzerindeki etkilerini inceliyoruz.

Bu analiz ile, şarj istasyonlarının konumlarının maliyetleri etkileyen önemli bir

faktör olduğunu tespit ediyoruz. Bu kapsamda, bir diğer pratik olarak önemli

problem olan “Hibrit şarj istasyonu konumlandırması” problemini tanımlıyoruz.

Şarj istasyonu yerleştirme problemine mevcut yaklaşımlardan farklı olarak, istasy-

onları konumlandırırken aynı zamanda HEA’ları da dikkate alıyoruz. Tam çözüm

tekniği olarak Benders Ayrıştırma Algoritması öneriyor ve domine edilmemiş ke-

siler üreterek uygulamayı hızlandırıyoruz. Son olarak, HEA’ların yaygın bir şekile

dağıtık enerji kaynaklarının kullanıldığı elektrik ağlarına dahil olmaları ile oluşan

maliyet ve emisyon etkilerini inceliyoruz.
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HEA’lara uzun mesafe bakış açısı ile yaklaşarak, literatüre yeni problemler ve

çözüm teknikleri tanıtıyoruz. Sonuçlarımız göstermektedir ki, yeterli seviyede

şehirlerarası şarj istasyonu altyapısının kurulması ile, elektrikli ulaştırmanın iyi

değerlendirilmiş olan şehir içi faydaları, uzun mesafeli yolculuklar için de geçerli

olacaktır.

Anahtar sözcükler : Hibrit elektrikli araçlar, enerji yönetimi, şarj istasyonu

yerleştirmesi, sanal elektrik santrali, Benders ayrışımı, dinamik programlama.
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Chapter 1

Introduction

Volatile gasoline prices, security concerns associated with oil and increasing envi-

ronmental consciousness have fostered cheaper and greener transportation through

the emergence of several new transportation technologies. One such technology,

the electric transportation, is an emerging challenge for the transportation sector

and an opportunity in logistics operations from the environmental and cost per-

spectives. Electric vehicles (EVs) and their variants such as hybrid electric vehicles

(HEVs) or Plug-in Hybrid Electric Vehicles (PHEVs) appeal to more customers

worldwide and a proliferation of these vehicles has been observed on the roads [1].

An EV has an electricity motor and uses its battery as the only source of

energy. An HEV has both an electricity motor and a regular internal combustion

engine (ICE), benefiting from the electricity to increase the e�ciency and reduce

the gasoline usage. Another technology that combines the advantages of EVs and

conventional vehicles (CVs) is the PHEV. It has an electric motor and an ICE as

its power sources. Di↵erent from an HEV, a PHEV can be plugged-in be charge.

It provides reduction in both transportation costs and greenhouse gas emissions

with respect to a comparable CV [2]. It has the capabilities of an EV such as

charging from a regular power outlet and the convenience of a gasoline powered
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CV such as long-distance trips. PHEVs operate in either charge depleting (CD)

mode or charge sustaining (CS) mode. On CD mode, the electric motor generates

the required power and the PHEV uses its batteries as the energy supply. Once

a minimum state-of-charge is reached, the PHEV switches to CS mode, and the

power that propels the vehicle is mainly generated by the ICE using gasoline as

the energy source. Thus, the di↵erence between an EV and a PHEV is the CS

mode drive flexibility of the latter [3–8]. PHEVs can be refueled at regular gasoline

stations similar to CVs, or can be charged en-route in charging stations similar

to EVs [9]. As such, with its unique capabilities, PHEV technology stands as a

major milestone on the road to ‘electrification of the automobile’ [10].

Several parties benefit from the introduction of PHEVs into the transportation

sector. This new technology results in various new opportunities; with increasing

gasoline prices, drivers are more drawn to electric-drive transportation. From the

individual drivers’ perspective, they are an e�cient way of reducing the trans-

portation costs. A reduction in gasoline usage is also a benefit for oil-importing

governments because it implies less foreign dependency and governments are en-

couraging fuel provider fleets to implement petroleum-reduction measures [11].

Using electricity as an energy source also significantly reduces greenhouse gas

(GHG) emissions [12–14]. In addition, investment opportunities emerge with the

introduction of PHEVs into the transportation system; vehicle manufacturers and

infrastructure investors alike may benefit from this new technology. New fast

charging station facilities are being established to provide more charging opportu-

nities. The transportation sector is undergoing a profound transformation. Our

objective in this dissertation is to understand the impacts of PHEV penetration

into the transportation system, identify possible problems and propose solution

approaches. In this context, we concentrate on the long-distance travel of PHEVs.

There are three major problems that are inter-related. Initially, we address the

problem of finding the least cost path for PHEVs in long-distance trips. Then,

we investigate the impacts of battery, driver and road characteristics on the travel

2



costs of PHEVs in these trips. The third problem we deal with is the optimal loca-

tion of charging stations in intercity road network. In a di↵erent context, we also

investigate the cost and emission impacts of virtual power plant (VPP) formation

in PHEV-penetrated electricity networks. With increasing interest in alternative

energy resources and technologies, widespread utilization of distributed energy re-

sources (DERs) are anticipated in the near future. As an aggregation unit, the

VPP is introduced for load management and resource scheduling. As part of our

dissertation, we also develop an energy management model for VPPs and ana-

lyze the cost and emission impacts of VPP formation and PHEV penetration into

electricity network.

1.1 Motivation

Identification of the minimum cost path problem for PHEVs (MCPP-PHEV) is a

fundamental problem for long-distance PHEV trips that possibly require several

refueling/charging stops. As one of the initial steps of renewable energy revolution

in transportation, benefits and shortcomings of PHEVs for the urban (short dis-

tance) trips are well appreciated and investigated. However, as we review in the

related literature below, the long-distance use of PHEVs is not well studied. From

the economic and environmental perspectives, long-distance travel is certainly an

important subject when the potential benefits of these vehicles are considered, and

focusing solely on the short range usage would fail to achieve a complete treatment

of the topic. According to the National Household Travel Survey by the U.S. De-

partment of Transportation [15], the trips by personally owned vehicles that are

longer than 50 miles added up to 575 billion miles in the U.S. in 2009. The role of

the long-distance trips is even more prominent in the logistics. This work is aimed

to be a first attempt to study the long-distance PHEV trips that require several

refueling/charging stops.

MCPP-PHEV is a practically important problem for a broad audience. The

3



first and the foremost subjects of interest are the personal PHEV drivers. A

recent study by Turrentine and Kurani [16] reports that personal vehicle drivers

lack the basic building blocks of knowledge related to transportation costs. When

it comes to PHEVs, the cost components get much more complicated compared to

single energy source vehicles, and decision-support models are needed both for the

routing and refueling/charging decisions. In this respect, this study o↵ers personal

PHEV drivers the possibility of understanding the PHEV economics more clearly.

Furthermore, navigation devices might implement the methodologies in this study

to o↵er a valuable decision support tool for the PHEV drivers.

The second major interest group is the logistics firms with a green logistics per-

spective. Alternative fuel vehicles, and PHEVs in particular, are primarily used by

individuals for personal transportation purposes. Nevertheless, a PHEV, with its

comparatively long driving-range with respect to an EV, is a promising alternative

to be used in logistics. There are di↵erent studies directed towards exploring the

possible usage of EVs and PHEVs in the future transportation fleets [17–20]. U.S.

Department of Energy [21] also prepared a handbook for fleet managers on the

guidelines of incorporating EVs and PHEVs into their fleets. Navigant Research

[22] estimates that fleet purchases of EVs and PHEVs will be more than 291,000

in 2020 worldwide. Production of light, medium and heavy-duty PHEV trucks

by several companies [23–28] is a strong indication of the expected proliferation

of PHEVs in logistics fleets highlighting the practical significance of the problem

investigated in this study.

Thirdly, MCPP-PHEV is also an interesting problem for the governments and

infrastructure investors. With economic, security and environmental motivations,

governments take an active role in promoting EV and PHEV usage. They provide

several incentives and subsidize investments in the infrastructure such as charg-

ing stations. Moreover, new incentives started to emerge targeting specifically

the business use of PHEVs [29–31]. Investigating the long-distance transportation

costs of PHEVs, MCPP-PHEV is a significant tool for the governments to bet-

ter direct their incentive programs and for businesses to assess the opportunities
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and risks regarding their investment decisions. In summary, MCPP-PHEV is an

interesting problem for:

• Personal PHEV drivers who want to learn about the travel costs,

• Firms which want to o↵er navigation systems tailored for PHEV drivers,

• PHEV truck/van fleets that want to minimize the transportation costs,

• Policy makers from both the auto industries and the governments that decide

on the infrastructure establishment incentives,

• Policy makers that decide on the subsidy schemes for PHEVs.

With its electric motor and charging capability, a PHEV o↵ers unique oppor-

tunities to decrease the travel costs and GHG emissions. However, various param-

eters, such as battery characteristics, availability of charging stations and driver

preferences a↵ect the magnitude of these improvements. This motivates the anal-

yses carried out to understand the impacts of these parameters for long-distance

travel costs of PHEVs.

Along with the optimal-path finding problem lies another critical problem: find-

ing the optimal siting of charging stations. As the EVs are infamous for their rather

limited range, their increasing numbers naturally raise the problem of insu�cient

charging stations. Lack of enough infrastructure has been identified as one of the

barriers for the adoption of alternative fuel vehicles [32–36]. However, hybrid vehi-

cles are not embedded into location decisions. Since they also use the same set of

charging stations in long-distance trips, their e↵ect need to be taken into account

as well.

Finally, a PHEV’s battery can also be seen as an energy source from the elec-

tricity network’s point of view. In other words, PHEVs are also regarded as DERs

due to their ability to provide energy for the grid. Mass penetration of PHEVs
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into the electricity grid and widespread utilization of DERs such as microturbines,

fuel cells, photovoltaic systems and wind systems complicate the energy resource

scheduling problem, and aggregating several di↵erent generation units further com-

pounds this challenge. With these changes, energy scheduling is another emerging

subject in the literature.

1.2 Literature Review

Green transportation is an emerging research topic that has made its debut in the

literature in recent years. There are di↵erent studies taking into account the green

perspective in transportation problems such as pollution-routing problem [37–42],

green vehicle routing problem [43–46], optimal routing problems [44, 47–49], green

supply chains [50–53] and location optimization of alternative fuel stations [54–

60]. The main common objective of these studies is to establish the environmental

and cost impacts of alternative fuel vehicles (EVs in particular) from the logistics

perspective. In this respect, Pelletier et al. [61] cover possible research perspectives

for the goods distribution with electrified transportation.

On the PHEV side, several articles deal with PHEV-related subjects, includ-

ing, but not limited to, range requirement analyses [62, 63], PHEV impacts on

the electricity network [64–72], battery capacity analyses [73–75], environmental

impacts [76–78], market analyses [79–82], demand analyses [83–86] and charging

infrastructure [87, 88]. Limiting our literature survey to the problems that we deal

with in this study, the following four sections introduce the optimal path search

literature, PHEV economics literature, charging station location literature and the

virtual power plant literature with the given order.
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1.2.1 Finding the Optimal Path for a PHEV

In the first part of this research e↵ort, we approach PHEVs from a routing per-

spective and investigate their travel costs. A driver of a vehicle may prefer to

minimize total travel distance, total travel time or total travel cost of a trip, and

these problems can basically be modeled as variants of the shortest path problem.

In terms of cost, there are various studies that separately investigate the minimum

cost path problem for CVs (MCPP-CV) and for EVs (MCPP-EV) as we review

below, and polynomial time algorithms are proposed for both problems. We for-

mally present the minimum cost path problem for PHEVs (MCPP-PHEV) and its

solution methodologies.

Several articles address the MCPP-CV in the literature [89–100]. Mixed Integer

Programming (MIP) formulations, heuristic techniques and linear-time algorithms

with dynamic programming approach are proposed as solution methodologies for

both fixed and non-fixed path assumptions. [101] provides interesting complexity

results about several variants of MCPP-CV. On the EV side, the problem of en-

ergy e�cient routing of EVs has been addressed in the literature by considering

limited cruising range and regenerative breaking capabilities of EVs [102–104] and

polynomial time algorithms have been developed. These problems only consider

routing in a network without charging facilities. [105] and [106] further include

battery charging stations in their models and propose heuristic techniques as solu-

tion methodologies. Note that assuming the electricity as a commodity similar to

gasoline, the algorithms mentioned above for MCPP-CV can also be used as so-

lution methodologies for MCPP-EV. Routing in a network with battery switching

stations is also considered in the literature [107]. Even though it is presented in a

di↵erent context, Laporte and Pascoal [108] present a methodology that can also

be customized to solve the MCPP-EV problem in a network with battery switch-

ing stations. In the existing MCPP-EV studies, battery degradation costs are not

considered. Furthermore, all the aforementioned studies consider a single energy

source, either gasoline or electricity. Thus, their solution methodologies cannot be
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directly used for the solution of MCPP-PHEV.

An important problem related to the minimum cost path problems is the short-

est weight-constrained path problem (SWCPP) which is known to be NP-complete

[109, 110]. In SWCPP, there are typically two independent measures such as cost

and time associated with a path (e.g. 111, 112). It can e�ciently be solved by a

shortest path algorithm (i.e. polynomial-time solution algorithms exist) if one of

the measures is disregarded or the two measures are consistent.

1.2.2 PHEV Economics in Long-distance Trips

Table 1.1: Recent literature related to PHEV economics

Authors Subject Driving Data Source
Özdemir and
Hartmann
[113]

Impacts of electricity range and
gasoline price levels on the PHEV
economics

Mobilität in Deutsch-
land

Lunz et al.
[114]

The influence of PHEV charging
strategies on charging and bat-
tery degradation cost

European Energy Ex-
change (EEX)

Neubauer
et al. [115]

The impacts of driving pattern,
electricity range, energy manage-
ment and charge strategies on
PHEV economics

The Puget Sound Re-
gional Council’s 2007
Tra�c Choices Study

Karabasoglu
and Michalek
[116]

PHEV life-cycle cost and emis-
sion benefits for varying ranges
and driving conditions

2009 National House-
hold Travel Survey
(NHTS)

Peterson and
Michalek
[117]

The cost-e↵ectiveness of PHEV
battery capacity and charging in-
frastructure investment

2009 NHTS

Shiau et al.
[118]

The impacts of charging patterns
on PHEV economics

Simulations

A summary of recent studies in the literature related to the economics of PHEVs

is presented in Table 1.1. In particular, Özdemir and Hartmann [113] put forward

that battery prices have a significant e↵ect on PHEV economics. The authors
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analyze how the PHEV electricity range and gasoline price levels a↵ect PHEV

economics. The driving data for their study is obtained from Mobilität in Deutsch-

land. Predicting future use, the authors estimate the driving ranges and battery

sizes for varying oil prices and report the estimated mobility costs and GHG emis-

sions per vehicle kilometer for the year 2030. They conclude that battery prices

have a significant e↵ect on PHEV economics and that an electric-drive range of

12 to 32 kilometers is the optimum value. In a di↵erent study, Lunz et al. [114]

investigate the influence of PHEV charging strategies on charging and battery

degradation cost by taking into account the interaction of a distribution grid with

PHEV batteries. Driving data is obtained from the European Energy Exchange

(EEX). Several researchers identify driving patterns as a significant factor in PHEV

economics and analyze their impacts. In this respect, Neubauer et al. [115] inves-

tigate the impacts of driving pattern, electricity range, energy management and

charge strategies utilizing the Battery Ownership Model developed by the U.S.

National Renewable Energy Laboratory (NREL). Driving data is obtained from

the Puget Sound Regional Council’s 2007 Tra�c Choices Study. The authors

show that the key parameters a↵ecting PHEV economics are driving patterns.

Neubauer et al. [119] conduct a similar study for EVs. Karabasoglu and Michalek

[116] investigate PHEV life-cycle cost and emission benefits for varying ranges and

driving conditions, utilizing the Powertrain Systems Analysis Toolkit (PSAT) de-

veloped by Argonne National Laboratory. Trip data for their study is obtained

from the 2009 National Household Travel Survey (NHTS) conducted by the U.S.

Department of Transportation. The authors argue that fuel economy labels make

an optimistic estimate on the mileage per gallon and customers typically observe

lower fuel economies in reality. They report that driving conditions have a sig-

nificant impact on PHEV economics and environmental benefits, and conclude

that under urban driving conditions, plug-in vehicles cut GHGs up to 60% and

costs up to 20%. Along these lines, another interesting article is presented by

Shiau et al. [118], who investigate the impacts of charging patterns on PHEV

economics. The authors consider PHEV charging frequencies and investigate the

results with respect to how often the vehicles must stop in order to charge their
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batteries. They argue that the best battery capacity choice for PHEVs depends

on this charging frequency and PHEV economics depend largely on charging pat-

terns of the driver. In a di↵erent article, Peterson and Michalek [117] study the

cost-e↵ectiveness of PHEV battery capacity and charging infrastructure invest-

ment for reducing U.S. gasoline consumption. The authors obtain driving pattern

data from the 2009 NHTS and utilize the Department of Energy’s Greenhouse

Gases, Regulated Emissions, and Energy Use in Transportation (GREET) model.

In their study, they analyze three types of charging infrastructure: home charging

only, home and work charging and all stops charging. The authors conclude that

increased PHEV battery capacity results in higher gasoline savings than charging

infrastructure.

Most the aforementioned articles assume exogenous data corresponding to trips

originally traveled by CVs. Some also consider driving data that were actually

traveled by a limited number of PHEVs in experimental surveys. They carry out

analyses by generalizing these results. Davies and Kurani [120] report that these

assumptions may not reflect the real world and must be cautiously made. This

finding has a significant bearing on the point of origin of the current study.

1.2.3 Charging Station Location in Intercity Road Net-

work

As the EVs are infamous for their rather limited range, their increasing num-

bers naturally raise the problem of insu�cient charging stations. Lack of enough

infrastructure has been identified as one of the barriers for the adoption of alter-

native fuel vehicles in a more general setting [32–36]. In this respect, the refueling

station location problem has been touted in the recent literature. There are two

mainstream approaches in AFV refueling station location: maximum-coverage and

set-covering. The cover-maximization approach for refueling station problem has

been considered by Kuby and Lim [34] with the flow refueling location problem
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(FRLP). The objective of the FRLP is to locate p stations in order to maximize the

flow volume that can be refueled respecting the range limitations of the vehicles. A

demand is assumed to be the vehicle flow driving on the shortest path between an

origin and destination (OD) pair on a roundtrip. Satisfying a demand, or in other

words, refueling a flow requires locating stations at a subset of the nodes on the

path such that the vehicles never run out of fuel. Kuby and Lim [34] pregenerate

minimal feasible combinations of facilities to be able to refuel a path, and then

build a mixed integer linear programming (MILP) problem to solve the FRLP.

There are applications of the problem in the literature [121, 122] and di↵erent ex-

tensions to the original problem are considered such as capacitated stations [123],

driver deviations from the shortest paths [124, 125] and locating stations on arcs

[126]. Di↵erent than other studies on FRLM, Kuby et al. [121] consider maximiz-

ing the vehicle-miles-traveled (VMT) on alternative fuel rather than maximizing

the flow volume. The authors use FRLM for the location decisions of hydrogen

stations in Florida, and build a decision support system to investigate strategies

for setting up an initial refueling infrastructure in the metropolitan Orlando and

statewide. Since the pregeneration phase of the method by Kuby and Lim [34]

requires extensive memory and time, several solution enhancements have been

proposed [127–131]. In particular, MirHassani and Ebrazi [130] present an inno-

vative graph transformation and Capar et al. [131] propose a novel modeling logic

for the FRLP problem, depending on the notion of arc-coverage, both of which in-

crease the solution e�ciency of the FRLP drastically. In the set-covering approach

to the refueling station location problem, the objective is to minimize the number

of stations while covering every possible demand in the network [55, 60, 130, 132].

FRLM and flow covering problems in general have recently been referred to

as viable solution techniques and used to locate charging stations [55, 133–137].

Chung and Kwon [133] extended FRLM to model the multi-period charging sta-

tion location problem, and a case study for Korean Expressways is carried out.

The authors proposed a model based on the network transformation by MirHas-

sani and Ebrazi [130] and two heuristics to solve their model. Jochem et al. [134]
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investigated the optimal fast charging station locations in the German autobahn

with a focus on the states Baden-Württemberg and Bavaria. They applied the

formulation proposed by Capar et al. [131]. Hosseini and MirHassani [135] investi-

gated the refueling station location problem for AFVs under uncertainty and used

a modified version of their previous solution technique in MirHassani and Ebrazi

[130] to solve it. They also indicate that their model can also be used for electric

vehicles by using Level 3 fast charging technology. Wang and Lin [55] proposed

a flow-based set covering model for optimally locating refueling stations, such as

battery exchange or hydrogen refueling stations. Later, Wang and Lin [136] gen-

eralized the same formulation with the characteristics of maximum covering and

set covering to locate multiple types of charging stations. Along with the ideas

behind all these applications of flow based models to the charging station location

problem, Nie and Ghamami [138] identified Level 3 fast charging as necessary to

achieve a reasonable level of service in intercity charging station location. A similar

result is also attained in Lin and Greene [139] using the National Household Travel

Survey. Therefore, similar to aforementioned studies, we assume that the charging

stations to be located provide Level 3 service. There are also applications with

a flow based set covering formulation to locate slow charging stations for electric

scooters [137].

In this study, our objective is to embed the PHEVs into the charging station lo-

cation problem. All of the aforementioned studies related to refueling or charging

station location consider single-type-fueled vehicles. However, using dual sources

of energy, PHEVs utilize electricity as well as gasoline for transportation and they

have comparable sales numbers with respect to EVs. According to Center for

Sustainable Energy [140], 66,813 EV rebates and 48,733 PHEV rebates have been

claimed in California State only between March 2010 and August 2015. Simi-

lar to the approach by Kuby et al. [121], we maximize the VMT on electricity

which minimizes the total cost of transportation under the existing cost structure

between electricity and gasoline. Even though maximizing the AFV numbers in

long-distance trips brings environmental benefits, maximizing VMT brings along
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additional value from an environmental point of view; and in essence, it is also

equivalent to minimizing the e↵ects of greenhouse gases. With our approach to the

charging station location problem, the cost and environmental benefits of charging

station location are fully exploited by considering VMT and additionally taking

the PHEVs into account.

1.2.4 Virtual Power Plant Formation in PHEV Penetrated

Networks

Several electricity suppliers and DERs can be brought together to satisfy the de-

mand load. The VPP, a newly introduced aggregation unit, is responsible for load

management and resource scheduling. It obtains energy from the DERs, and con-

tracts with the consumers in order to supply energy to their PHEVs and residential

loads. To this end, it creates economies of scale in a whole new way [141]. VPPs

minimize the total cost while ensuring that the energy generated by the DERs

is e�ciently used. They have no large-scale infrastructure requirements and can

interact with the smallest DERs with higher e�ciencies and more flexibility [142].

This new technology is usually referred to as the ‘Internet of energy’ [141]. Some

real-world examples of VPPs are presented by Nikonowicz and Milewski [143].

The terms VPP and microgrid are usually used interchangeably with a slight

di↵erence that the microgrid can be ‘islanded’ from the grid whereas the VPP

must be connected to the grid [141]. The aggregator centrally controls energy

distribution to a set of consumers with time-elastic (TE) and time-inelastic (TIE)

loads. The latter, such as refrigeration or heating, must be satisfied as soon as

demanded, whereas the former, such as PHEVs, can be scheduled as desired during

the connection period. For instance, the PHEV owner connects the vehicle to the

electricity grid after returning from work in the evening and needs the battery

fully charged by morning. If needed, the aggregator can discharge energy from

the PHEV at any time during the night as long as the battery has reached its
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demanded level by morning.

 

Figure 1.1: Energy scheduling process

Figure 1.1 depicts VPP energy scheduling process. The electricity suppliers and

DERs are referred to as energy providers (EPs) within the context of this study.

Energy transfers between EPs, VPP, the PHEVs and houses, i.e., TIE loads, are

depicted by the arrows.

The problem of microgrid energy scheduling for a forecast load with the objec-

tive of cost minimization is addressed from several di↵erent aspects in the recent

literature [144–160]. Aside from the microgrid energy scheduling literature, di↵er-

ent papers address the energy scheduling problem in PHEV-penetrated networks

[161–168]. Future trends of PHEVs [169–173] and emission impacts [174–176] are

also considered. Even though an energy management methodology and/or market

analysis models are presented, the common drawback is that the cost and emis-

sion impacts are not explicitly put forward. Sioshansi and Denholm [177] analyze

the value of PHEVs as grid resources and model the charge scheduling of PHEV

batteries. This is a unit commitment model of the Electricity Reliability Council

of Texas (ERCOT) electric power system, formulated as a Mixed Integer Linear

Program (MILP). The objective of the model is to minimize the total system cost,

which consists of conventional generator costs and PHEV operation costs. The

study considers the cost and emission impacts in the grid domain, but DERs and

VPP are not considered in this study. A later study by Sioshansi [178] uses the

same model and includes another model to make driving and charging decisions for
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the PHEV owner. Combining the two, the paper examines the incentives for indi-

vidual drivers with di↵erent electricity tari↵s. However, the ability to use PHEV

batteries as storage is not included in the model. Sousa et al. [179] address the

problem of energy scheduling from the VPP perspective, also considering technical

constraints such as bus voltage magnitude and angle limits. The authors schedule

PHEV battery charging and discharging by aggregating PHEVs into units of ten.

The objective function of the model is defined to be cost minimization, but the

charging price for PHEVs is added to the objective function with a negative co-

e�cient. Therefore, the model actually minimizes the cost less the income, which

implies profit maximization. Due to this representation, the objective function ac-

tually drives the solution to schedule PHEV charging at time intervals with higher

costs. The presented objective value is always positive in this study because the

income from TIE loads is not included in the objective function.

1.3 Contributions

We initially introduce a practically important and theoretically challenging prob-

lem: finding the minimum cost path for PHEVs in a network with refueling and

charging stations, considering electricity and gasoline as sources of energy with dif-

ferent cost structures and limitations. We show that this problem is NP-complete

even though its electric vehicle and conventional vehicle special cases are poly-

nomially solvable. We propose three solution techniques: (1) a mixed integer

quadratically constrained program that incorporates non-fuel costs such as vehi-

cle depreciation, battery degradation and stopping, (2) a dynamic programming

based heuristic and (3) a shortest path heuristic. Our study is the first that ad-

dresses the battery degradation in the MCPP context. We conduct extensive com-

putational experiments using both real world road network data and artificially

generated road networks of various sizes. Practical applications of the problem

in transportation and logistics, considering specifically the long-distance trips, are

discussed in detail.
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Next, we analyze long-distance travel costs of PHEVs in terms of real-world

dynamics on three groups of independent factors: battery characteristics, often-

overlooked driver preferences and road network features and compare the results

with hybrid electric and conventional vehicles. We investigate the interactions of

these factors, and rank the contribution of each level of these factors to the total

cost. This analysis provides critical managerial insights which are extremely rele-

vant in shaping future investment decisions about PHEVs and their infrastructure.

In particular, our findings show that increasing the number of charging stations

may not be enough to overcome the range anxiety of the drivers. In addition to the

charging infrastructure availability, a driver’s stopping tolerance arises as another

critical factor a↵ecting the transportation costs. Ultimately, our findings lead to

critical information for policy makers, governments and investors who would like

to fully exploit the opportunities o↵ered by the game changing PHEV technology.

We then introduce the hybrid charging station location problem (HCSLP) as

a generalization of the flow refueling location problem by Kuby and Lim [34]. To

our knowledge, this is the first study to consider the PHEVs in intercity charging

station location decisions. Our objective is to maximize the vehicle-miles-traveled

(VMT) using electricity and thereby minimize the total cost of transportation

under the existing cost structure between electricity and gasoline. This is also

indirectly equivalent to maximizing the environmental benefits. We also address

the topic of multi-class vehicles with di↵erent ranges in our formulations. For the

exact solution of this practically important and theoretically challenging problem,

we present an arc-cover model. To enhance the solution process, we propose a

Benders Decomposition algorithm. We construct subproblem solutions in closed

form expressions to accelerate the algorithm. Furthermore, three di↵erent cut gen-

eration schemes are proposed: singlecut, multicut and Pareto-optimal cut. Using

the special structure of the subproblem and its dual, we construct these three types

of cuts as closed form expressions without having to solve any LPs. The compu-

tational gains with the Pareto-optimal cut generation scheme are significant and

the e�ciency of the decomposition algorithm is increased by orders of magnitude.
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The results of the computational studies show that the proposed algorithm both

accelerates the solution process and e↵ectively handles instances of realistic size.

Finally, we investigate the cost and emission impacts of VPP formation in

PHEV-penetrated networks. We propose a new model that minimizes the total

cost from the VPP viewpoint and we present an integer linear representation of

the model. We conduct a sensitivity analysis on the battery price, the gasoline

price, DER price and capacities, and present extensive insightful results.

In the following chapter, we start o↵ by introducing the minimum cost path

problem for PHEVs. Using the solution methodology, we analyze long-distance

travel costs of PHEVs in Chapter 3. The Hybrid Charging Station Problem and its

solution techniques are introduced in Chapter 4. The VPP Formation in PHEV-

penetrated networks and its impacts on cost and emissions are investigated in

Chapter 5. Finally, we conclude our study in Chapter 6.
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Chapter 2

Minimum Cost Path for Plug-in

Hybrid Electric Vehicles1

2.1 Problem Definition

We provide the basic definitions and assumptions necessary for the formalization of

MCPP-PHEV. Consider a directed transportation graph G = (N,A) and a PHEV

traveling from an origin node s 2 N to a destination node t 2 N . Refueling and/or

charging stations are located at some of the nodes of the graph and pricing may

vary between nodes. Therefore, a PHEV can reduce its travel costs by a proper

choice of refueling and/or charging stations.

Proposition 1. If a PHEV does not refuel or charge its battery when traveling

from node i 2 N to node j 2 N , then the minimum cost path is the shortest path

between nodes i and j.

1An extended version of this chapter is authored by Okan Arslan, Barış Yıldız and Oya
Ekin Karaşan and is published in Transportation Research Part E: Logistics and Transportation
Review, 80:123 141, 2015 [48].
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The proof of Proposition 1 is straightforward. Next, we introduce a graph

transformation which will be useful for the solution methodologies. A similar

construction in a completely di↵erent application setting is provided in [180–182].

Definition 1. Given a weighted graph G = (N,A): let bN = {s, t} [ {i 2 N :

i has a charging and/or refueling station} and bA = {(i, j) : i, j 2 bN and j is

reachable from i if a PHEV at node i with a full tank of gasoline and fully charged

battery can reach node j along a shortest path in G}. Arc (i, j) 2 bA has a distance

equal to the shortest path distance, say d?ij, from i to j in G. The graph bG = ( bN, bA)
is called the meta-network of G.

Proposition 1 implies that an optimal solution of a MCPP on a given graph can

also be obtained by solving the same MCPP instance on its meta-network. Now,

consider nodes B, C and D in graph G in Figure 2.1. Only node C has a refueling

station. The meta-network bG is also shown in the same figure. Observe that the

arc from s to t is redundant and corresponds to traveling on the path s! C ! t.

Since the shortest path from s to t contains a node with a refueling station in the

original graph G, arc (s, t) can be omitted.

Figure 2.1: Graph transformation for MCPP-PHEV

Meta-networks can be very dense due to the combined CD and CS mode ranges.

The size of the graph is a burden on the solution e�ciency, and thus it is useful
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to omit the redundant arcs in the meta-network. We refer to the graph formed by

the omission of redundant arcs as the reduced meta-network denoted by G0 in

Figure 2.1. In particular, the arcs that are present in the reduced meta-network G0

correspond to shortest paths in the original graph G that contain no intermediate

nodes with refueling or charging stations.

Definition 2. A vehicle instance (vehicle) is a vector with 6 entries:

hP , P ,G,G, ", ⇢i where P and P are the battery maximum and minimum energy

capacities, respectively (kWh), G and G are the maximum and minimum tank ca-

pacities, respectively (gallons), " is the average electricity usage (kWh/mile) and

⇢ is the average gasoline usage (gallon/mile).

Definition 3. A network instance (network) is a 7-tuple: hN,A, se, sg, ce, cg, di
where N , A are the sets of nodes and arcs, se : N ! {0, 1} and sg : N ! {0, 1}
are functions indicating whether a charging or refueling station is located at a node,

respectively, ce : N ! R+ is the electricity price function (¢/kWh), cg : N ! R+

is the gasoline price function (¢/gallon) and d : A ! R+ is the length function

(miles).

Definition 4. The Minimum Cost Path Problem for PHEV (MCPP-PHEV) is

defined as finding a path for a vehicle V from a departure node s to a destination

node t in a network, and deciding on how much to refuel and where to charge its

battery on the path. More formally, the decision version of the problem is:

INSTANCE: hV,X, s, t, Ps, Gs, Pt, Gti where V is a vehicle instance, X is a

network instance, nodes s and t are departure and destination nodes, Ps and Gs are

the initial electricity and gasoline storages at node s, Pt and Gt are the minimum

final electricity and gasoline storage requirements at node t, respectively, and a

positive number C.

QUESTION: Is there a path from s to t in network X that can be traveled by

vehicle V with initial electricity and gasoline levels of Ps and Gs and final electricity

and gasoline levels of at least Pt and Gt for a cost less than or equal to C?

20



The solution of the MCPP-PHEV is a triplet h#, e+, g+i where # is the incidence

vector of the optimal path, e+ and g+ are vectors of size |N | representing the

electricity and gasoline purchases that are transferred to PHEV at each node,

respectively.

2.1.1 NP-Completeness

Consider the shortest weight-constrained path problem (SWCPP) for directed

graphs which is known to be NP-Complete [183]:

INSTANCE: A directed graph G = (N,A) with length lij 2 Z+ and weight

wij 2 Z+ for each (i, j) 2 A, specified nodes s, t 2 N and positive integers K and

W .

QUESTION: Is there a path in G from s to t with total length K or less and

total weight W or less?

First, note that multiplying both W and wij 8(i, j) 2 A by a positive constant �

does not change the solution in SWCPP, and the question in the original instance

has a YES answer if and only if the modified instance has a YES answer.

Theorem 1. The MCPP-PHEV is NP-complete.

Proof. Observe that the MCPP-PHEV is in NP: given a solution and a value C, one

can verify in polynomial time if the solution is feasible and the associated cost is at

most C. Given an instance hG, l, w, s, t,K,W i to SWCPP, let lmin = min(i,j)2A lij,

lmax = max(i,j)2A lij, wmax = max(i,j)2A wij, � =
lmin

2⇥ lmax ⇥ wmax
> 0, Ŵ = �⇥W

and ŵij = � ⇥ wij 8(i, j) 2 A. Now, consider an equivalent SWCPP instance

hG, l, ŵ, s, t,K, Ŵ i.

We now transform this SWCPP instance into an MCPP-PHEV instance by the

following polynomial time transformation: we add a node, say node ij, on each arc
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Figure 2.2: Graph transformation to show NP-Completeness

(i, j) 2 A as shown in Figure 2.2. Let N 0 be the set of newly added nodes, A1 be

the set of arcs from node i to node ij, 8(i, j) 2 A with distance equal to ŵij and A2

be the set of arcs from node ij to node j, 8(i, j) 2 A with distance equal to 1 mile.

The graph is then transformed into G0 = (N [ N 0, A1 [ A2). In the transformed

graph, no gasoline or charging station is located at node i 2 N/{s}. We locate

only a refueling station at the source node and the cost of gasoline at this node is

cgs = lmax. We also locate a charging station, but no refueling station, at every node

ij 2 N 0 and the cost of electricity at node ij is ceij = lij�ŵij⇥cgs = lij��⇥wij⇥lmax.

Replacing �, we get cgs > ceij > 0 for all nodes ij 2 N 0 so that traveling on electricity

is always preferable to traveling on gasoline. Let X be this transformed network.

Let V be the vehicle h1, 0, Ŵ , 0, 1, 1i. That is, PHEV V has 1 mile of CD mode

range and Ŵ miles of CS mode range.

Consider the MCPP-PHEV instance hV,X, s, t, 0, 0, 0, 0i, i.e. a PHEV V trav-

els from node s to node t in network X with zero initial and final gasoline and

electricity levels. Let K be the associated cost input. In Figure 2.2, V at node

i with minimum electricity level needs to spend ŵij units of gasoline in order to

arrive at node ij. Since electricity is preferable to gasoline, it charges its battery

fully at node ij and travels to node j on the CD mode. At node j, its battery

depletes and it starts running on CS mode again. The cost of electricity at node ij

and the distance between nodes ij and j are such that the total cost of traversing

this arc is lij � ŵij ⇥ cgs cents. Observe that the vehicle needs to buy the required

level of gasoline at the source node at a cost of ŵij ⇥ cgs in order to travel from
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node i to node j.

Now, it is easy to observe that V has a path from node s to t with cost at most

K if and only if the SWCPP has a path from s to t with length at most K and

weight at most Ŵ .

2.1.2 Extensions

In order to model real world more closely, non-fuel costs such as vehicle depre-

ciation and/or stopping costs need to be taken into account [94]. To this end,

we extend the MCPP-PHEV from three aspects and refer to this problem as the

Extended MCPP-PHEV (E-MCPP-PHEV). The first extension is vehicle de-

preciation cost. A PHEV incurs electricity and gasoline costs while traveling.

Furthermore, it loses its value with increasing mileage. Therefore, it incurs a vehi-

cle depreciation cost for every mile traveled. Unless depreciation cost is included

in the objective function, an optimal path might get much longer than the shortest

path which cannot be tolerated even for the most cost averse driver. Therefore, we

indirectly avoid long trip distances by including the depreciation cost in the model.

In a sense, the depreciation cost can be considered as the cost of tolerating longer

distances, and high depreciation costs would force the E-MCPP-PHEV solutions

to follow the shortest path.

Another cost component of a vehicle trip is the stopping cost. This cost

component can be a measure of the tolerance for stops on the route. That is, for

high enough stopping costs, the optimal solution would be the one with the least

number of stops. Note that by including the stopping cost, we avoid excessive

number of stops on the optimal path which is not tolerable even for the most cost

averse driver.

The battery of a PHEV has a limited lifespan, and its life shortens at each cycle.

Thus, apart from the electricity purchase cost, PHEV owners also incur battery
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Figure 2.3: Cycle life of PHEV batteries as a function of DoD

degradation cost for each battery charge/discharge cycle. The number of cycles

is a nonlinear function of depth of discharge (DoD) as reported by [184] and [185].

A sample cycle life function is presented in Figure 2.3 by dashed lines. The more

the battery is discharged, the less the number of cycles is. For instance, consider

a battery worth $2650 being discharged to 40% DoD throughout its lifetime. The

expected number of cycles at this DoD is approximately 10000. Therefore each

discharging costs the PHEV owner 26.5 ¢ ($2650 ⇥ 1/10000). A sample degrada-

tion cost function for a $2650 battery is presented in Figure 2.3. In our study, we

assume that a cycle is completed each time a battery is charged at a station and a

PHEV owner incurs a battery degradation cost depending on the DoD level upon

arrival to a charging station. We determine this cost by evaluating a quadratic

function of DoD. To the best of our knowledge, [177] are the first to include battery

degradation cost in their energy management model.

Within this context, the cost components of a PHEV trip are the gasoline cost,

the electricity cost, the battery degradation cost, the vehicle depreciation cost and

the stopping cost. For simplicity in representing an E-MCPP-PHEV instance, we

use the MCPP-PHEV instance representation and assume that all cost components

are embedded in the corresponding network instance.
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2.2 Solution Techniques

In this section, we provide a mathematical formulation for the E-MCPP-PHEV.

Then we present a dynamic programming approximation heuristic along with its

extension and a shortest path heuristic.

2.2.1 E-MCPP-PHEV Mathematical Model

The parameters and variables to be used in the formulation of the E-MCPP-PHEV

are presented below. We assume that the parameters are known with certainty,

and the routing decisions are based on the known pricing of electricity and gasoline

at every node of the network.

• Parameters

N,A : Sets of nodes and arcs

s, t : Source and destination nodes

sei , s
g
i : 1 if there is an electricity or refueling station, respectively, at node i, and

0 otherwise

P , P : Battery maximum and minimum energy capacities, respectively (kWh)

G,G : Maximum and minimum tank capacities, respectively (gallons)

Ps, Pt : Initial and final energy stored in battery of the PHEV (kWh),

respectively

Gs, Gt : Initial and final gasoline stored in tank of the PHEV (gallons),

respectively

" : Average electricity usage of the PHEV (kWh/mile)

⇢ : Average gasoline usage of the PHEV (gallon/mile)

dij : Length of arc (i, j) (miles)

cei : Price of electricity at node i (¢/kWh)

cgi : Price of gasoline at node i (¢/gallon)
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csti : Stopping cost at node i (¢)
cdep : Depreciation cost of traveling for a mile (¢/miles)

• V ariables

e↵i , e
�
i : Charge level at node i at arrival and departure, respectively (kWh)

e+i : Net electric energy change at node i (kWh)

g↵i , g
�
i : Gasoline level at node i at arrival and departure, respectively (gallons)

g+i : Gasoline transferred to the PHEV at node i (gallons)

#ij : 1 if arc (i, j) is on the minimum cost path, 0 otherwise

vi : 1 if the PHEV charges battery at node i, and 0 otherwise

ui : 1 if the PHEV refuels and/or charges battery at node i, and 0 otherwise

�i : Depth of Discharge (DoD) at node i at arrival

cbat(�i) : Degradation cost of the PHEV battery at node i

We assume the expected battery replacement cost as a quadratic

function of DoD �, i.e., cbat(�) = a⇥ �2 + b⇥ � where a and b are

coe�cients for a given battery type

dcdij , d
cs
ij : Travel distance in charge-depleting (CD) and charge-sustaining (CS)

mode while traveling on arc (i, j), respectively (miles)

The formulation is as follows:

minimize
X

i2N
c

e
i ⇥ e

+
i +

X

i2N
c

g
i ⇥ g

+
i +

X

i2N
c

bat(�i) +
X

(i,j)2A

dij ⇥ c

dep ⇥ #ij +
X

i2N
c

st
i ⇥ ui

(2.1)
subject to

X

j:(i,j)2A

#ij �
X

j:(j,i)2A

#ji =

8
>>><

>>>:

1, i = s

�1, i = t

0, 8i 2 N/{s, t}

(2.2)

e

�
i = e

↵
i + s

e
i ⇥ e

+
i 8i 2 N (2.3)

M ⇥ (#ij � 1)  e

↵
j � e

�
i + "⇥ d

cd
ij M ⇥ (1� #ij) 8(i, j) 2 A (2.4)
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P  e

↵
i  P 8i 2 N (2.5)

P  e

�
i  P 8i 2 N (2.6)

e

+
i  vi ⇥ P 8i 2 N (2.7)

vi  ui 8i 2 N (2.8)

e

↵
s = Ps (2.9)

e

↵
t � Pt (2.10)

�i =
e

+
i

P

8i 2 N (2.11)

c

bat(�i) � a⇥ (�i)
2 + b⇥ �i �M ⇥ (1� vi) 8i 2 N (2.12)

g

�
i = g

↵
i + s

g
i ⇥ g

+
i 8i 2 N (2.13)

M ⇥ (#ij � 1)  g

↵
j � g

�
i + ⇢⇥ d

cs
ij M ⇥ (1� #ij) 8(i, j) 2 A (2.14)

G  g

↵
i  G 8i 2 N (2.15)

G  g

�
i  G 8i 2 N (2.16)

g

+
i  ui ⇥G 8i 2 N (2.17)

g

↵
s = Gs (2.18)

g

↵
t � Gt (2.19)

d

cs
ij + d

cd
ij = dij 8(i, j) 2 A (2.20)

#ij , vk, uk 2 {0, 1}; dcdij , dcsij , e↵k , e
�
k , e

+
k , g

↵
k , g

�
k , g

+
k ,�

↵
k , c

bat
k � 0

8k 2 N, 8(i, j) 2 A (2.21)

The objective function minimizes the cost of traveling. The cost components

are the cost of obtaining electricity and gasoline, the battery degradation cost, the

depreciation cost and the stopping cost. Constraints (2.2) enforce the solution to

be a path from s to t. Constraints (2.3) are the electricity balance equations for

nodes. The level of electricity upon leaving node i equals the entering electricity

level plus the electricity obtained at node i. Similarly, Constraints (2.4) are the

electricity balance equations for those arcs that are on the path. For the non-

path arcs, the constraints are relaxed with appropriate big-M values. Constraints

(2.5)-(2.6) set the upper and lower bounds for the electricity level when entering
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or leaving a node. Constraints (2.7) assign binary vi variable a value of 1 if battery

is charged at node i. Constraints (2.8) require that ui is set to 1 if vi equals 1 and

therefore a stopping cost is incurred in the objective function if the PHEV stops

to charge its battery. Constraints (2.9)-(2.10) set the electricity level at nodes s

and t, respectively. Constraints (2.11) assign proper depth of discharge values and

Constraints (2.12) calculate the battery degradation for each node if battery is

charged. Constraints (2.13)-(2.19) are the counterparts of constraints (2.3)-(2.9)

for the gasoline case. Constraints (2.20) ensure that the sum of the distances on

CS and CD modes is equal to the arc length if the arc is on the path. Constraints

(2.21) are the domain requirements.

Observe that one can easily extract the following information from the outputs

of the model: the path to travel from node s to node t, how many miles to travel

on CD and CS modes on each arc, where to stop to refuel or charge battery, and

how much to refuel at each refueling stop.

The following lemma presents a valid inequality for the E-MCPP-PHEV for-

mulation.

Lemma 1.
⇣X

i2N

e+i + Ps � Pt

⌘�
"+

⇣X

i2N

g+i +Gs �Gt

⌘�
⇢ �

X

(i,j)2A

#ij ⇥ dij is a

valid inequality to (2.2)-(2.21).

Proof. The inequality simply states that we need to have enough electricity and

gasoline to travel the trip distance.

Computational studies show that the above cut is very e↵ective in improving

the relaxation bound.
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2.2.2 Handling Non-simple Paths in the Model

A directed path is an alternating sequence of nodes (n0, n1, n2, ..., nk) with

(ni, ni+1) 2 A, 8i = 0, . . . , k�1. A directed path is a non-simple path if it repeats

nodes and simple path otherwise. Non-simple paths can occur in transportation

networks and as solutions to the E-MCPP-PHEV. The presented MIQCP formu-

lation constructs a simple path in the input network G = (N,A). The input

network can be the original transportation network, the meta-network or the re-

duced meta network, depending on how the non-simple paths are handled. By

choosing G as the meta-network or as the reduced meta-network of the input

transportation network, a wide group of non-simple paths as potential solutions

can be handled by this formulation. All non-simple path occurrences, including

extremely rare ones, can be taken into account by duplicating the nodes in G and

taking its meta-network at the expense of computational ine�ciency. In this part,

we demonstrate examples of non-simple paths that might appear as the optimal

solutions of the E-MCPP-PHEV problem and present methods to handle these

non-simple paths by the mathematical model.

First, note that all of the non-simple paths can be handled by duplicating every

node in the graph G (as many times as the drivers are willing to revisit the same

node in the same trip or as the number of nodes in the worst case). But this

implies a much larger graph size and brings along computational burden. Thus,

we first present ways to handle those cases by modifying the input graph for the

MIQCP model before resorting to the costly node duplication.

Problem Instance

• We consider the vehicle Instance V = hP = 1, P = 0, G = 9, G = 0, " =

1, ⇢ = 1i. Thus the gasoline range of a PHEV is 9 miles and the electricity

range is 1 mile.

• To illustrate di↵erent cases, we use a di↵erent network instance for each of
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Figure 2.4: Non-simple path examples

the three examples (Figure 2.4). In all three networks, nodes A, B and C

are points on the highway.

• The problem instance is given as hV,X,A,C, 1, 9, 0, 0i where X is the input

network instance. For the sake of simplicity, we also assume that battery

degradation, vehicle depreciation and stopping costs are all zero.

Case-1: Detour from the highway to refuel

We can think of nodes A, B and C as points on the highway, and D is a refueling
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station just one mile away from the highway. Node B is deleted in the meta-network

or reduced meta-network since it does not have a station. The optimal non-simple

path from A to C in G is A ! B ! D ! B ! C and can be attained by using

the reduced meta-network G0 as input to the MIQCP formulation.

Case-2: Detour from the highway to refuel in a cheaper station

The middle figure illustrates a detour from the highway. But this time, there

is a refueling station on the highway (possibly with a more expensive gasoline

price) at which the PHEV can detour and go to node D in order to refuel. In

this case, MIQCP formulation can handle the optimal non-simple path A! B !
D ! B ! C by using meta-network Ĝ as the input graph. Indeed, simple path

A! D ! C in Ĝ will correspond to this solution.

Case-3: Refuel twice in the same station

Now, consider the bottom figure. This time, node B has a charging station and

node D has a refueling station. Observe that there is only one feasible solution

for this problem: A ! B ! D ! B ! C. The PHEV charges battery at node

B, travels to node D to refuel. Then it necessarily returns back to node B and

charges its battery again in order to be able to reach to node C. In this example,

the optimal path is a non-simple path in all three graph types and thus, MIQCP

formulation can only handle such non-simple paths by a node duplication.

Note that this particular instance can be generalized so that more than two

visits to the same node, and hence more than one duplication of the node set,

is necessary. Note also that this is a rather rare occurrence. The emergence

of such non-simple paths is not only due to price di↵erences, but also to range

limitations as well. In the example, node B is reachable from node A, but node D

is not. Considering the combined gasoline and electric range of existing PHEVs,

this example is not very representative of the real network instances under our

scope.
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2.2.3 Discrete Approximation Dynamic Programming

Heuristic

In this section, we introduce a dynamic programming based heuristic algorithm

referred to as DH. We first define a set of states associated with electricity and

gasoline levels at nodes. Then, we present Bellman’s equations [186] that should be

satisfied by minimum cost path lengths in order to facilitate the dynamic program-

ming solution methodology. Lastly, we present a graph transformation by which

the solution of these equations can be computed e�ciently (i.e. in polynomial

time) by solving a shortest path problem on the transformed graph.

Definition 5. A state is a triplet hi, �,�i which represents the arrival at a node

i 2 N with � 2 [P , P ] kWh electricity charge and � 2 [G,G] gallons of gasoline.

We will use the notation !�,�
i to refer to a state and replace this notation with !

or !i when the context does not require specific values of i, � and � to be discerned.

Given an E-MCPP-PHEV instance hV,X, s, t, Ps, Gs, Pt, Gti, a solution

h#, e+, g+i contains a path from s to t which can be extracted from the vector

#. With the specific energy (e+) and gasoline (g+) purchases at the nodes, the

distances to be covered in CD and CS modes on this path can easily be extracted.

Together with Ps and Gs, the vectors #, e+ and g+ induce the levels of state-of-

charge and gasoline at arrival to the nodes on the solution path. So, for every

solution of the E-MCPP-PHEV, there is a unique sequence of states that repre-

sents this solution. Note that in general, the E-MCPP-PHEV has an uncountable

number of feasible solutions. Since each of these solutions maps uniquely to a

sequence of states, the state space is also uncountable. However, this uncountable

state space can be approximated with a finite one which is the main idea behind

the DH.

Let ⇠, ⌧ 2 N be the discretization parameters for the state space. Consider

two sets ⌃ = {�0, �1, . . . , �⇠} and ⇤ = {�0,�1, . . . ,�⌧} where �0 = P ,�0 = G,

�k = �0 + k ⇥ P�P
⇠

8k 2 {1, 2, . . . , ⇠} and �l = �0 + l ⇥ G�G
⌧

8l 2 {1, 2, . . . , ⌧}.
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Every �i represents the interval of electricity levels [�i, �i+1] 8i 2 {0, 1, . . . , ⇠�1}
and �⇠ represents the fully charged battery. The representation for each � is

similar.

For a given E-MCPP-PHEV instance hV,X, s, t, Ps, Gs, Pt, Gti, ⇠ and ⌧ values,

we define the discrete state space ⌦ as:

⌦ = {(!�,�
i |i 2 N � {s, t}, � 2 ⌃,� 2 ⇤} [ {!P

s

,G
s

s ,!P
t

,G
t

t } (2.22)

Observe that the cardinality of the discrete state space ⌦ is bounded by n⇥(⇠+

1)⇥(⌧+1) where n is the number of nodes inX, and is finite. Algorithm DH uses ⌦

and incurs an approximation error on representing the amount of electricity charge

and gasoline left with the PHEV arriving at a node. Obviously this approximation

error can be reduced arbitrarily by choosing ⇠ and ⌧ large enough.

Definition 6. ⇡ : ⌦! R is called the value function and ⇡(!�,�
i ) is defined to be

the optimal solution value of the E-MCPP-PHEV instance hV,X, s, i, Ps, Gs, �,�i.

The minimum cost transition function f : ⌦⇥⌦! R+ takes two states !�,�
i ,!�̄,�̄

j

as its arguments and returns the minimum cost of the transition from node i

starting with � kWh charge and � gallons of gasoline to node j ending with at

least �̄ kWh charge and �̄ gallons of gasoline. When calculating f(!�,�
i ,!�̄,�̄

j ), we

only consider how much to refuel and charge at node i. Four cases as detailed below

should be considered. A feasibility condition is stated for each case. The cost value

is as presented if the feasibility condition is met, and is not finite otherwise. Let

d? represent the shortest path lengths.

• Case 1: No battery charging and no refueling.

Feasibility Condition: The existing electricity charge and gasoline are enough

to travel from node i to node j while satisfying the end-state conditions, i.e.,

� � �̄,� � �̄ and
(� � �̄)

"
+

(�� �̄)

⇢
� d?ij.
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Total Cost: The only cost component to be incurred is the depreciation cost.

Thus, f1(!
�,�
i ,!�̄,�̄

j ) = cdep ⇥ d?ij.

• Case 2: Refueling but no battery charging.

Feasibility Condition: The existing electricity charge and full tank of gasoline

are enough to travel from node i to node j while satisfying the end-state

conditions, i.e.,

sgi = 1, � � �̄ and
(� � �̄)

"
+

(G� �̄)

⇢
� d?ij.

Total Cost: The minimum cost transition requires to use (� � �̄) electricity

charge first. Thus dcdij = min{d?ij,
(���̄)

"
} and dcsij = d?ij � dcdij . On the other

hand, we need to purchase enough gasoline at node i to cover the travel

distance and retain �̄ gallons of gasoline at node j, i.e., g+i = (dcsij⇥⇢+�̄��)+

gallons of gasoline should be purchased at node i. Note that, by the feasibility

condition, we make sure that the purchased gasoline is between the limits,

i.e. 0  g+i  G � �. Since the battery is not charged, only the gasoline

cost, vehicle depreciation cost and stopping cost are included in the total

cost function which is f2(!
�,�
i ,!�̄,�̄

j ) = cgi ⇥ g+i + cdep ⇥ d?ij + csti .

• Case 3: Battery charging but no refueling.

Feasibility Condition: A full battery charge and existing level of gasoline are

jointly enough to travel from node i to node j while satisfying the end-state

conditions, i.e.,

sei = 1,� � �̄ and
(P � �̄)

"
+

(�� �̄)

⇢
� d?ij.

Total Cost: With the analogous arguments presented for the previous case,

we have e+i = (dcdij⇥"+�̄��)+, where dcdij = d?ij�dcsij and dcsij = min{d?ij,
(���̄)

⇢
}.

We do not purchase gasoline in this case. The electricity cost, battery degra-

dation cost, vehicle depreciation cost and stopping cost are included in the
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total cost. Thus the total cost is, f3(!
�,�
i ,!�̄,�̄

j ) = cei ⇥ e+i + cbat(P��
P

)+ cdep⇥
d?ij + csti .

• Case 4: Both battery charging and refueling.

Feasibility Condition: A full battery charge and a full tank of gasoline are

enough to travel from node i to node j, while satisfying the end-state condi-

tions, i.e.,

sei = 1, sgi = 1 and
(P � �̄)

"
+

(G� �̄)

⇢
� d?ij.

Total Cost: We define the excess-distance d̄ij = (d?ij�
(���̄)+

"
� (���̄)+

⇢
) as the

additional mileage that cannot be covered by the existing charge and fuel

levels before charging or refueling at node i. Observe that depending on the

cost of electricity and gasoline at node i, it is cheaper to drive on either CD

or CS mode to cover d̄ij.

– If CD mode is cheaper, i.e. (cei⇥") < (cgi⇥⇢), we check if a fully charged

battery is enough to cover the required distance d̄ij, i.e. (dcdij + d̄ij) <
P��̄
"

. If so, we have e+i = d̄ij ⇥ " + (�̄ � �)+ and g+i = (�̄ � �)+.

Otherwise, e+i = (P � �) and g+i =
�
(d?ij � P��̄

"
)⇥ ⇢+ �̄� �

�+
.

– If CS mode is cheaper, all the calculations to find e+i and g+i values are

just symmetric to the ones presented above and here we skip the details

for the sake of brevity.

Once we find the electricity and gasoline amounts e+i , g+i , we can easily

calculate the total cost f4(!
�,�
i ,!�̄,�̄

j ) = cei ⇥ e+i + cgi ⇥ g+i + cbat(P��
P

)+ cdep⇥
d?ij + csti .

Considering all four cases, the minimum cost transition function is defined as:

f(!, !̄) = min
i2{1,2,3,4}

{fi(!, !̄)} (2.23)
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The following Bellman’s equations are based on the principle of optimality:

⇡(!P
s

,G
s

s ) = 0 (2.24)

⇡(!) = min
!̄2⌦

{⇡(!̄) + f(!̄,!)} 8! 2 ⌦ (2.25)

Definition 7. G̃ = (⌦, Ã) is called the DH-Graph where the node set is the discrete

state space ⌦. The arc set Ã includes an arc between states !i and !j 2 ⌦ with a

cost of f(!i,!j) if this cost is finite.

Once the DH-Graph is obtained, solving the Bellman’s equations, which is the

core of the DH algorithm, reduces to solving the shortest path problem on G̃ from

state !P
s

,G
s

s to the state !P
t

,G
t

t . Observe that arcs on the shortest path contain the

information where the PHEV stops for refueling/charging and how much electricity

charge/gasoline to purchase at those stops. So obtaining the shortest path in G̃ is

su�cient to obtain a solution for the E-MCPP-PHEV instance.

G̃ contains |⌦| nodes and the cardinality of the arc set Ã is bounded by |⌦|2.
Constant time calculation of the transition function f results in O

�
|⌦|2

�
run time

bound for the generation of the DH-Graph. Using Dijkstra’s algorithm to find the

shortest path in G̃, the overall run time complexity of DH becomes O
�
|⌦|2

�
.

2.2.4 Enhancing the DH Heuristic (DHE)

Due to the discrete approximation of the true levels of gasoline and electricity,

DH might not always give the optimal solution in terms of refueling and battery

charging amounts even if the optimal path is correctly identified. To that end, we

provide the enhanced version of DH (DHE) in which we take into account the path

that is given by the algorithm, but not the refueling and battery charging decisions.

Instead, we consider the subgraph that consists of only the path nodes and the

path arcs. Then, we solve the MCPP-PHEV model on this subgraph. Since the

subgraph size is much smaller than the original graph, the solution times of the
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model formulation reduce drastically and we attain improved refueling and battery

charging strategies.

2.2.5 Shortest Path Heuristic (SP)

Minimizing the operating cost on the shortest path is a commonly used solution

technique to solve the minimum cost path problems in the literature. Since well

known polynomial-time algorithms are available for finding shortest paths, such

heuristics are also pervasive in industrial and commercial applications as well. In

this context, we propose to solve MIQCP model considering the shortest path as

the input graph and optimizing only the refueling and charging decisions.

2.3 Computational Study

To test the performances of the proposed solution methodologies and drive in-

sights about the solutions, we conducted extensive numerical experiments using

problem instances that represent various network structures and user behaviors.

The experiments are carried out on a workstation with 2.66 GHz Xeon processor

and 8 GB memory. We present the data and the results related to computational

performances and several measures in the following parts. It is important to note

that with several preliminary experimentations, we have observed that working

with reduced meta-networks is satisfactory in capturing the non-simple paths that

might arise in our instances and opted to using reduced meta-networks throughout

our computational experiments.
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2.3.1 Data

A 2013 Chevrolet Volt PHEV has the following specifications: 16.5 kWh battery

capacity, 9.3 gallon tank capacity, 0.352 kWh per mile and 0.027 gallons per mile

[187] usages. In order to avoid over-charging degradation, we assume 20% and

85% as the minimum and maximum battery charge levels respectively. Hence, the

simulated vehicle has a hard bound of 14 kWh on capacity rather than 16.5 kWh.

The battery cost of PHEV is assumed to be $2650 and the cost function with

respect to depth of discharge is cdep(�) = 79.517 ⇥ �2 + 37.854 ⇥ �, as presented

in Figure 2.3. We also assume that the minimum tank capacity is zero and the

depreciation cost is 1 ¢/mile. Five di↵erent stopping cost values are tested: 0, 50,

100, 200 and 500 ¢.

For the network instances, we consider square mesh shaped networks of node

sizes 6x6, 7x7, 8x8, 9x9 and 10x10. We generate 10 instances of each size. Every

node in a given network is connected with an arc to the next node on the right,

left, top and bottom, if there is one. The source and destination nodes are the

top left and bottom right nodes of the graph, respectively. The arc distances

are random values uniformly distributed between 20 and 40 miles. This is to

simulate the fact that real road networks distances between two points could be

quite di↵erent from Euclidean distances in a plane due to elevation di↵erences,

geographical obstacles etc. A refueling station is located at every node and the

gasoline prices are uniformly generated in $3.5 and $4.1 range. We assume that

battery charging stations are located randomly at 0%, 25%, 50%, 75% and 100%

of the total nodes and the electricity prices at charging stations change uniformly

between 10 ¢ and 12 ¢. In total, we have 250 mesh shaped networks and 5 di↵erent

stopping cost values, i.e. 1250 runs. For each set of parameters, we report the

averages corresponding to 10 network instances.

It is clear that mesh networks cannot fully capture all the aspects of a real

network. Our main motivation in using such networks is to be able to have an
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extensive problem set to conduct our numerical experiments. As a better ap-

proximation of the real world problem instances, we also consider California road

network which will be elaborated in the following parts.

2.3.2 Performances of the Solution Techniques

We present the basic computational performance measures of the solution method-

ologies in Table 2.1. DH is solved with two di↵erent levels of approximation

⇠ = ⌧ = 4 and ⇠ = ⌧ = 1, which we refer to as DH4 and DH1, respectively.

The percentage of the optimal solutions for DH4 (DH1) range in 46.8-54.0% (46.4-

54.0%) for all instances, which is improved by the extended versions of the al-

gorithms to around 89.6-96.8% (83.2-92.8%). An optimal path is found by DH4

(DH1) in around 84.4-94.8% (77.2-91.2%) of all the instances. Since a high per-

centage of the optimal solutions (ranging between 64.8-84.8%) coincide with the

shortest paths, the SP heuristic also performs well in minimum cost path prob-

lems. DHE1 and SP have very similar run times and both can solve very large

problem instances quite fast. However, emphasizing the merits of the proposed

dynamic programming approximation, DHE1 performs at least as good as SP for

the problem instances considered in this study.

We observe that the solution times for the MIQCP start getting prohibitive as

the node number increases. Beyond 100 nodes, there exist problem instances with

more than 60-minute solution times. On the other hand, observe that the average

solution time of the DH1 is less than 0.028 seconds on all network sizes. In fact,

the average runtime of DH1 for problem instances with 900 nodes is only 40.3

seconds which makes it the suitable solution technique for devices with limited

computational capacity. However, since other solution techniques did not scale up

to such dimensions, these results are not presented here.

One important fact to note is that the valid inequality greatly contributes to the

solution times of the MIQCP. The average gap of the LP relaxation solution from
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the optimal solution with and without the cut is 24.89% and 90.02%, respectively.

We also observe that optimal paths of DH4 (DH1) coincide with the shortest paths

on the average 62.4-82.4% (58.0-81.2%) of the instances. On the average, the

deviation from the shortest path changes in the range of 1.21-1.99% (2.34-5.55%)

of the shortest path distance.

Table 2.1: Computational results

Node Solution Opt. sol. Avg opt. Opt. path Is shortest Avg deviation from CPU
Number Technique found (%) gap (%) found (%) path? (%) the shortest path (%) Seconds

6 MIQCP 100.0 0.000 100.0 79.2 0.364 1.828
DH4 54.0 0.688 93.2 80.8 1.212 0.585
DH1 54.0 1.410 90.4 78.8 2.344 0.004
DHE4 95.2 0.009 93.2 80.8 1.212 1.532
DHE1 92.0 0.031 90.4 78.8 2.344 0.928
SP 79.2 0.424 79.2 100.0 0.000 0.858

7 MIQCP 100.0 0.000 100.0 84.8 0.382 2.947
DH4 52.0 0.685 94.8 82.4 1.409 1.277
DH1 52.0 1.499 91.2 81.2 3.030 0.005
DHE4 96.8 0.004 94.8 82.4 1.409 2.327
DHE1 92.8 0.044 91.2 81.2 3.030 1.060
SP 84.8 0.399 84.8 100.0 0.000 1.002

8 MIQCP 100.0 0.000 100.0 69.6 0.350 8.696
DH4 49.6 0.731 89.6 67.6 1.664 2.418
DH1 49.6 1.539 84.0 64.0 5.044 0.010
DHE4 92.8 0.027 89.6 67.6 1.664 3.581
DHE1 86.8 0.058 84.0 64.0 5.044 1.173
SP 69.6 0.562 69.6 100.0 0.000 1.030

9 MIQCP 100.0 0.000 100.0 75.2 0.337 33.105
DH4 50.8 0.726 88.8 74.4 1.542 4.281
DH1 50.4 1.627 82.8 70.8 3.593 0.017
DHE4 91.6 0.030 88.8 74.4 1.542 5.579
DHE1 87.2 0.069 82.8 70.8 3.593 1.325
SP 75.2 0.404 75.2 100.0 0.000 1.196

10 MIQCP 100.0 0.000 100.0 64.8 0.473 184.848
DH4 46.8 0.766 84.4 62.4 1.992 6.916
DH1 46.4 1.683 77.2 58.0 5.554 0.028
DHE4 89.6 0.023 84.4 62.4 1.992 8.284
DHE1 83.2 0.058 77.2 58.0 5.554 1.359
SP 64.8 0.646 64.8 100.0 0.000 1.231

2.3.3 California Road Network

In order to test the performances of the solution techniques in larger problems and

validate the results that we obtained in the randomly generated mesh networks, we
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consider a real-world California road network [188]. After processing this network,

we have 339 nodes and 1234 arcs as depicted in Figure 2.5. It is assumed that there

is a refueling station located on every node, and the nodes on the highway also have

charging stations. The gasoline prices and the electricity prices change uniformly

in $3.5 and $4.1 range and 10 ¢ and 12 ¢ range, respectively. More waiting in the

refueling/charging stations might significantly a↵ect the driver tolerance for the

stops hence change the stopping cost in our model. In order to take this factor

into account and increase the realism of the problem instances we consider varying

stopping costs for the California Road Network problem instances. Since larger

cities inherently mean more time waiting to get a service, we associated stopping

costs with population numbers. For the nodes with an urban population of 50,000

or less according to U.S. Census Bureau [189], the stopping cost is assumed to be

50 ¢. For those nodes with an urban population more than 50,000, the cost ranges

between 50 ¢ and 500 ¢ in proportion with the population numbers. For these

settings, we have obtained the minimum cost path and refueling/charging policies

for each origin-destination pair between 10 randomly selected nodes as depicted

in Figure 2.5.

The results of the average of 45 runs are presented in Table 2.2. For the MIQCP

solutions, 27 of the 45 runs resulted in optimal solutions in 60-minute time limit.

For the remaining 18 runs, the average optimality gap after 60 minutes was 19.69%.

In the table, all the statistics are given with respect to the MIQCP results. This

justifies the negative average gap of DHE4 solution.

Table 2.2: Computational results for California road network

Solution MIQCP sol. Average MIQCP sol. Is shortest Avg deviation from Solution
Technique found (%) gap (%) path found (%) path? (%) the shortest path (%) Time (sec)

MIQCP 100.0 0.000 100.0 77.8 1.537 1684.612
DH4 13.3 1.672 97.8 80.0 1.517 289.142
DH1 13.3 2.314 82.2 77.8 14.858 0.867
DHE4 95.6 -0.010 97.8 80.0 1.517 291.179
DHE1 82.2 0.026 82.2 77.8 14.858 2.628
SP 77.8 0.272 77.8 100.0 0.000 1.684
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Figure 2.5: California network with 339 nodes and 1234 arcs
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Figure 2.6: Cost per mile values for 45 run results in California dataset

Computational performances for the proposed solution techniques were essen-

tially similar to the ones in the previous part. It is noteworthy that, from both

the solution quality and the time perspectives, DHE1 and SP techniques perform

reasonably well in these large problem instances. Not only the computational per-

formances but also practical insights we derive in the mesh network cases remain

intact. Figure 2.6 shows that the cost per mile values decrease with increasing CD

mode travel percentage. This indicates that the results and insights discussed in

this study are quite robust against the changes in the underlying network topology.

Figure 2.6 depicts an interesting plot which shows that for every additional 25%

CD mode trip, approximately 1 cent per mile is saved. Even though this might

not be a significant decrease for individual drivers, it is of great value from the

fleet managers’ and governments’ perspective taking into account the 575 billion

miles long-distance travels in a year [15].
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2.4 Summary

In this chapter, we introduce the minimum cost path problem for plug-in hybrid

electric vehicles. Urban (i.e. short distance) uses of PHEVs have been extensively

investigated with all its expected benefits and shortcomings. However, such a com-

prehensive scientific treatment does not exist for the long-distance trips. As such,

utilization of PHEVs in the long-distance transportation appears as an emerging

trend in the logistics. The dual-energy source flexibility, however, begets theoret-

ical challenges to solve the minimum cost path problem for PHEVs. In fact, we

show that this problem is NP-complete even though there are polynomial time

algorithms to solve its single energy source (electricity or gasoline) special cases.

Fluctuations in fuel/electricity costs, battery degradation issues and scarcity of

charging stations add further challenges to our problem. In our study, we propose

exact and heuristic solution techniques to solve this challenging problem. From a

practical point of view, our unifying approach reveals important results about the

long-distance use of PHEVs both as personal vehicles and business assets.

We conduct extensive computational experiments to test the computational

performance of the proposed solution methodologies. Computational studies show

that the proposed MIQCP formulation can solve problems with realistic sizes. A

dynamic programming based heuristic and a shortest path heuristic methodologies

further extend the sizes of the solvable problems drastically and produce near

optimal solutions.

Our results underline a significant advantage of PHEVs that they are quite

flexible in their use of gasoline and electricity energy. When the cost of electric-

ity is low compared to the gasoline prices, availability of charging infrastructure

and driver tolerance for frequent refueling/charging stops is high, PHEVs increase

the share of CD-mode drive which entails lower costs and higher environmental

benefits. On the other hand, when these conditions are not met, PHEVs mainly

operate in CS mode which enables them to still drive the long-distance trips but
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limits the realization of the potential cost and emission benefits. The contribution

of our study is to present a way to quantify the touted benefits of PHEVs for dif-

ferent scenarios. Therefore, the MCPP-PHEV and the solution methods proposed

in this study can be a very useful decision support tool for the personal vehicle

owners who want to better understand PHEV economics, for the investors who

want to asses the possible benefits of incorporating this new technology in their

fleets and for the governments who want to better direct incentives to facilitate the

transition from the fossil fuels to more economic, secure and environment friendly

energy sources.

The methodologies that we present in this chapter are not only applicable for

PHEVs, but also for all types of hybrid vehicles that run on two types of energy

resources. Note that our solution methodologies naturally encompass single energy

source alternative fuel vehicles such as electric and hydrogen. Our study reveals

one strategic insight about all those alternative energy vehicles: In the literature,

most of the studies related to alternative energy vehicles - EV and PHEV in par-

ticular - discuss the problem of availability of refueling and charging stations as

a barrier to proliferation of those vehicles. However, the limited range of a non-

fossil-fuel-energy drive not only brings the problem of finding charging stations on

the route, but also results in frequent charging stops which may not be preferable

for most of the drivers. Our study shows that this neglected problem can also be

a significant barrier. These are significant results for both infrastructure investors

and governments. Decision makers need to consider the drivers’ tolerance for stop-

ping and more research must be directed towards determining the utility functions

of the drivers’ willingness for making frequent stops.

In the following chapter, we further elaborate the impacts of battery character-

istics, driver preferences and road network features on travel costs of a PHEV for

long-distance trips and compare the results with a similar CV and HEV.
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Chapter 3

Impacts of Battery, Driver and

Road Characteristics on Long

Distance Travel Costs of PHEVs 2

3.1 Problem Definition

With its electric motor and charging capability, a PHEV o↵ers unique opportuni-

ties to decrease the travel costs and GHG emissions. However, various parameters,

such as battery characteristics, availability of charging stations and driver prefer-

ences a↵ect the magnitude of these improvements. Analyzing the e↵ects of these

parameters for long-distance trips is the focal point of this chapter. In this regard,

we do not consider the cost of setting up new fast charging stations, but con-

centrate on the long-distance travel costs of PHEVs that require refueling and/or

charging. Note that inclusion of infrastructure costs might a↵ect the results for

the charging station case as shown by Neubauer and Pesaran [191].

2An extended version of this chapter is authored by Okan Arslan, Barış Yıldız and Oya Ekin
Karaşan and is published in Energy Policy, 74:168 178, 2014 [190].
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Because of the basic di↵erences between PHEVs, HEVs and CVs, trip charac-

teristics of these vehicles can be quite di↵erent. For a simple example, consider

a PHEV and a CV traveling between the same departure and destination points.

Assume that the shortest path between these points has several refueling stations

but no fast charging station and there is an alternative path, only a few miles

longer than the shortest path with several fast charging stations. Obviously, the

CV prefers to travel on the shortest path to minimize travel costs. On the other

hand, assuming price advantage of electricity over the gasoline as a source of en-

ergy, the PHEV travels on the longer path for much less travel cost than that of

CV. Even if PHEV and CV follow the same path, it is possible that PHEV ad-

heres to a di↵erent refueling/charging policy to minimize travel costs. As a result,

depending solely on the CV travel data might not be su�cient to derive policy

conclusions. In this chapter, we address this issue by simulating long-distance trips

in a transportation network with refueling and fast charging stations for drivers

with di↵erent stopping and distance tolerances.

Widespread deployment of fast charging stations are being o↵ered as a possible

remedy for driver’s range anxiety. Some research, including Romm [35] and Wang

and Lin [87], argue that a limited number of refueling/fast charging stations is a

barrier to the proliferation of alternative fuel vehicles. However, a prevalence of

fast charging stations might not solely overcome this concern. Because a PHEV

may only travel a limited mileage in CD mode, it requires frequent stops when

traveling long distances to remain in CD mode. The driver, however, might be

reluctant to stop so often. Therefore, the tolerance of the driver for stopping,

which we refer to as stopping tolerance, is also a key parameter in PHEV travel

costs. Similarly, driver’s tolerance for longer distances, which we refer to as dis-

tance tolerance, is another factor that a↵ects PHEV travel costs. If the driver is

intolerant for longer trips, then he/she might not accept to deviate from the short-

est path to visit a fast charging station and take advantage of the price di↵erence.

As a result, PHEV travel costs would be adversely a↵ected by the distance intol-

erance. Therefore, analyzing PHEV travel costs should be viewed wholistically,
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taking into account battery characteristics as well as driver preferences, and the

location and availability of refueling/fast charging stations. Di↵erent than the ex-

isting literature, we consider the driver and network aspects of the problem when

conducting economics analyses and analyze the path that a PHEV may prefer to

take, which may be di↵erent than that of a CV. We also consider battery degrada-

tion in the analyses, which proves to be a significant component of the overall cost

of a PHEV trip due to rather limited lifespan of a typical battery. In this context,

we analyze long-distance travel costs of PHEVs in terms of real-world dynamics

on three groups of independent factors: battery characteristics, driver preferences

and road network features. We investigate the interactions of these factors, and

rank the contribution of each level of these factors to the total cost. This analysis

provides critical managerial insights which are extremely relevant in shaping fu-

ture investment decisions about PHEVs and their infrastructure. Ultimately, the

findings of this paper hold imperative information for policy makers, governments

and investors who would like to fully exploit the opportunities o↵ered by the game

changing PHEV technology.

3.2 Material and methods

We consider a long-range trip between a departure and a destination point in a

road network with refueling and fast charging stations. We use the road network

of California as the network instance and model long-distance trips between urban

population clusters on this real world example. We utilize the dynamic program-

ming heuristic solution methodology for solving the Minimum Cost Path Problem

for PHEV (MCPP-PHEV) as presented in Chapter 2 to simulate trips for various

types of drivers with di↵erent stopping and distance tolerances. In the following,

we present the basic information related to this methodology and discuss the data

and parameter settings pertinent to the analysis.
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3.2.1 Data

We compare six di↵erent vehicle types: a CV, an HEV and four di↵erent PHEVs

with all-electric range (AER) of 7, 20, 40 and 60 miles. The data pertaining to the

vehicles is depicted in Table 3.1. The battery capacities, electricity and gasoline

usage data are as obtained by [118] using the U.S. Department of Energy PSAT

Vehicle Physics Simulator. The data accounts for the decreasing e�ciency for

additional weight due to battery and its structural support. The AER ranges of 7

to 60 miles span the current PHEV types that are available in the market at the

time of this research, such as Toyota Prius and Chevrolet Volt.

Table 3.1: Vehicle types and specifications
Vehicle Tank Capacity Battery Capacity Gasoline Usage Electricity Usage
Type (gallons) (kWh) (gal/mile) (kWh/mile)
CV 11.9 N/A 0.0353 N/A
HEV 11.9 N/A 0.0193 N/A

PHEV7 10.6 3.0 0.0194 0.179
PHEV20 10.6 8.2 0.02 0.183
PHEV40 10.6 16.8 0.0204 0.188
PHEV60 10.6 26.4 0.0209 0.197

3.2.2 Road Network Features

For the network instance, we use the California road network shown in Figure 3.1

[192] representing the transportation network of California with 1046 nodes and

3312 arcs.

A refueling station is located at every node in the network, and the gasoline

price at any station is assumed to be a random value between a minimum and

maximum level. As an experimental factor, we investigate two scenarios:

• In the base case, the minimum and maximum prices for the gasoline are
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Figure 3.1: California road data with 1046 nodes and 3312 arcs

$3.21 and $4.07, respectively. This is the national average gasoline pricing

range for a given day in 2014 [193].

• For the low gasoline pricing range, the minimum and maximum prices are

$1.61 and $2.04, respectively. These are the figures for November 2008 [193].

Fast charging stations are located randomly at 0%, 25%, 50%, 75% and 100% of

the network nodes. We refer to these percentages as ‘deployment levels’. Similar

to the gasoline prices, we model electricity pricing with two scenarios:
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Figure 3.2: Travel distance distribution

• In the base case, the minimum and maximum prices for the electricity are

11.47¢ and 12.61¢, respectively [194].

• For the high electricity pricing range, the base case prices are doubled with

minimum and maximum prices of 22.94¢ and 25.22¢, respectively.

There are 57 urban clusters in California with 50,000 or more population count

[189] as shown in Figure 3.1. 1345 of the 1596 possible origin-destination pairs

between these 57 urban clusters are 60 or more miles apart from each other. For

our analyses, we randomly choose 30 trips and simulate each trip with all 6 vehicle

types considered in this study. The total travel distance distribution is depicted

in Figure 3.2.
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3.2.3 Driver Preferences

A PHEV driver is characterized with two parameters: stopping tolerance and

distance tolerance. Stopping tolerance represents the monetary value for the in-

convenience of refueling/charging stops. Thus, a lower stopping tolerance value

implies a higher tolerance for stopping and vice versa. In our simulations, we study

stopping tolerance values between 0¢ and 500¢. The rationale behind these levels

is as follows: Consider a PHEV60 that requires the least number of stops among

PHEVs considered in this study. PHEV60 can travel 507 miles on CS mode with

only one refueling stop. On the other hand, the same vehicle needs to stop 9 times

in order to travel the same mileage on CD mode. The travel cost of CS mode trip

is at most 4314¢ when the gasoline price is assumed to be $4.07 (highest possible

value) in all refueling stations. Similarly, the travel cost of CD mode trip is at least

1146¢. Thus, when the stopping cost is above 396¢, it is never profitable to drive

on CD mode because the sum of the 9 stopping tolerance values and the cost of

electricity exceeds the sum of the gasoline cost and one stopping tolerance value.

This limiting value for stopping tolerance changes between 40¢ and 396¢ for the

PHEVs considered in this study. Note that stopping tolerance is a measure of the

inconvenience to the driver. Thus it can even be zero for some drivers. But when it

is above 396¢, gasoline is always preferable, and CS mode drive is always cheaper

than CD mode drive. In order to take into account drivers’ varying tolerances

towards stopping, we consider a wide range of 0¢ (high tolerance) to 500¢ (low tol-

erance) values with increments of 100¢ in our experimental design. Note that the

tolerance levels in parentheses and the tolerance values have an inverse relation.

Assuming a refueling or charging time of 10-40 minutes [195], 0-500¢ stopping cost

value translates to an inconvenience cost of $0-$30 per hour.

The second parameter is the distance tolerance which is the monetary value

of the inconvenience due to each mile traveled. Lower distance tolerance value

implies a higher tolerance for longer trips. We consider a wide range from 0¢ to

50¢ distance tolerance values in our experimental design. For an average speed of
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60 miles per hour, this translates to an inconvenience cost of $0 to $30 for an hour

of driving. Note that when the distance tolerance is above a certain level, the cost

of deviating from the shortest path gets so high that vehicles never detour from

the shortest path.

3.2.4 Battery Characteristics

Battery capacity is an implicit experimental factor in our study. For the PHEV

types considered in this study, battery capacities are 3.0, 8.2, 16.8 and 26.4 kWh as

shown in Table 3.1. The battery cost is also an experimental factor. The battery

costs in 2012 are around $500 per kWh and the Department of Energy set battery

cost targets of $300 per kWh in 2015 and $125 per kWh by 2022 for its sponsored

research program [196]. For this reason, we consider $125/kWh, $300/kWh and

$500/kWh in the experiments.

A PHEV battery has a limited lifespan, and its life shortens at each cycle. It

deteriorates through usage and incurs a battery degradation cost for each battery

charge/discharge cycle. Even though it is an implicit cost, the vehicle owner still

needs to bear this cost when replacing his/her battery or when buying/selling the

vehicle. We assume that the costs are calculated by smart navigation devices that

are widely available for drivers. Hence, the algorithms embedded in the devices

take into account these implicit costs and save the battery life. This, in turn,

minimizes the cost that a driver has to bear. In our study, we assume that a PHEV

owner incurs a battery degradation cost depending on the DoD level upon arrival

at a fast charging station. According to theoretical studies, the number of cycles is

a nonlinear function of depth of discharge (DoD) [177, 184, 185]. We can determine

this cost by evaluating a quadratic function of DoD which depends on the battery

cost. A sample cost function for a PHEV40 vehicle with $300/kWh battery pricing

is depicted in Figure 3.3. The DoD is relative to the usable capacity. Thus, a DoD

value of 1 implies that the battery is completely depleted, and a value of 0 implies
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that the battery is at the highest level of its usable capacity. The quadratic cost

function is cbat(�) = 151.23 ⇥ �2 + 71.995 ⇥ � where � is DoD and cbat(�) is the

battery degradation cost. On the other hand, [197] report that the real world data

shows a linear change of battery life for di↵erent DoDs as depicted in the same

figure. Linear cost function is cbat(�) = 219.13⇥ �. In this study, we investigated

the results for both linear and quadratic modeling techniques.
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Figure 3.3: Quadratic and linear battery degradation cost functions for di↵erent
DoD values

3.2.5 Experimental Design

We define a travel simulation as a trip between an origin-destination pair for a spe-

cific vehicle type, battery cost, battery modeling technique, stopping and distance

tolerance levels, gasoline and electricity pricing levels and fast charging station

deployment level in the road network. 30 origin-destination pairs, 6 vehicle types,

5 deployment levels, 3 battery costs, 2 battery modeling techniques, 6 stopping
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tolerance levels, 5 distance tolerance levels, 2 gasoline pricing levels and 2 electric-

ity pricing levels are considered in this study. In total, there are eight factors with

di↵erent levels in the experiments (as depicted in Table 3.2), and the total number

of trips that are simulated in our experiments is 648,000.

Table 3.2: Experimental factors and their levels to measure the impacts on PHEV
travel costs
Experimental Factor Factor Levels
Vehicle Types {CV, HEV, PHEV7, PHEV20, PHEV40, PHEV60}
Battery Cost ($/kWh) {125, 300, 500}
Stopping Tolerance (¢) {0, 100, 200, 300, 400, 500}
Distance Tolerance (¢) {0, 5, 10, 20, 50}
Deployment Level (%) {0, 25, 50, 75, 100}
Gasoline Prices ($) {(1.61-2.04) (low), (3.21-4.07) (high)}
Electricity Prices (¢) {(11.47-12.61) (low), (22.94-25.22) (high)}
Battery Degradation Model {linear, quadratic}

Base case for battery cost is assumed to be $300/kWh. For the tolerance values,

we assume that the base case values are zero in order to observe the e↵ects more

clearly. With a similar reasoning, the base case for the deployment level is assumed

to be 100%. We conducted all the simulation runs on a 4x16C AMD opteron with

96 GB RAM. IBM ILOG CPLEX Optimization Studio 12.4 was used to solve the

models. We present the data and the results in the following section.

3.2.6 Cost Metrics

The objective function of the MCPP-PHEV model includes electricity cost, gaso-

line cost, battery degradation cost, distance tolerance cost and stopping tolerance

cost. Observe that the tolerances are parameters to model driver preferences and

they do not correspond to an actual cost. For this reason, when comparing a

PHEV with an HEV or a CV, we need to compare the actual cost of travel, which

excludes the tolerance costs. Hence, we use the cost of electricity, gasoline and

battery degradation as cost components for comparison. Furthermore, we use
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distance-normalized cost values to compare trips with di↵erent lengths. Conse-

quently, we refer to the sum of electricity, gasoline and battery degradation cost

components per mile as the ‘levelized cost per mile’ (LCPM) [198]. We define

LCPM as:

LCPM = ce ⇥ e+ + cg ⇥ g+ + cbat

where ce is the electricity pricing (¢/kWh), e+ is the electricity purchase (kWh),

cg is the gasoline pricing (¢/gallon), g+ is the gasoline purchase (gallons) and cbat

is the degradation cost of the PHEV battery corresponding to the electricity load

of e+.

3.3 Results and Discussion

In this section, we present the results with respect to two metrics: distance and

LCPM. Initially, we study the driver’s path preferences, that is, the driving pat-

terns, and analyze di↵erences with respect to the shortest path. Secondly, we

investigate the impacts of factors a↵ecting the LCPM individually and carry out

an in-depth analysis on the factors that are identified as significant. Lastly, we put

forward the relative impacts of each level of the experimental factors and provide

strategic managerial insights.

3.3.1 Driving Pattern Analysis

If refueling and/or charging is not considered in a trip, then the shortest path

between two points is the minimum-cost path for a vehicle. However, the driver

has the opportunity to reduce travel costs by refueling and/or charging at stations

o↵ the shortest path. Out of the 648,000 travel simulations carried out in our
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experiments, 2.49% of drivers prefer traveling on paths that were not the shortest.

The average deviation from the shortest paths is 2.4%. The extra distance traveled

depends on driver preferences and network features.

Table 3.3: Average deviation from the shortest paths versus deployment level for
di↵erent stopping tolerances

0% 25% 50% 75% 100%
CV 2.02 2.02 2.02 2.02 2.02
HEV 2.02 2.02 2.02 2.02 2.02
PHEV7 2.02 3.32 2.37 1.98 1.45
PHEV20 2.02 2.48 1.49 1.23 1.12
PHEV40 2.02 2.81 2.15 1.63 1.15
PHEV60 2.02 2.48 4.04 0.51 0.32

As shown in Table 3.3, the deviation from the shortest path for a CV and an

HEV is not a↵ected by the deployment level of the fast charging stations. Similarly,

the deviation is fixed for all vehicle types when the deployment level is zero, as

expected. For PHEVs, however, the deviation is highest when the deployment level

reaches 25-50% since fast charging stations are sparse in the network. Therefore,

PHEVs detour from the shortest paths more often to reach those stations in order

to travel on cost e↵ective CD mode. Observe that the average deviation from the

shortest path decreases by increasing deployment level beyond 50% because fast

charging stations are encountered on the shortest paths more often.

In the experimental results, all the vehicle types follow the shortest path re-

gardless of the deployment level when the stopping tolerance is above 200¢. A

recent study by Perk et al. [199] reports that the value of travel time might get

well above the range of the tolerance values considered in this study. But, increas-

ing the stopping tolerance above 200¢ only implies that the vehicles will follow the

shortest path and the LCPM values will stay the same.

Even though the deviation changes with respect to di↵erent deployment levels,

the average deviation from the shortest paths is not significant. This is due to

the fact that longer trips require more fuel and/or electricity consumption. Since
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the travel cost is minimized, the detour from the shortest paths is not a high

percentage of the total travel distance.

3.3.2 Levelized Cost Per Mile (LCPM) Component Break-

down

Figure 3.4 plots LCPM for di↵erent fast charging station deployment levels. The

LCPM of CV is 11.93¢ (not shown in the graph), and it does not change by

deployment level since a CV travels solely on gasoline. When there are no fast

charging stations in the network (i.e. zero deployment level), the LCPM values of

PHEVs are higher than those of an HEV. The reason is the decreased fuel e�ciency

of PHEVs due to heavier weights. After the initial deployment of fast charging

stations, PHEVs start to benefit from CD mode travel and there is a gradual

decrease of LCPM with increasing deployment level. The most significant decrease

is for PHEV40 among the PHEVs considered in this study. This interesting result

shows that after a certain minimum AER is reached, PHEVs with lower battery

capacities start to perform better in terms of total travel costs.

Figure 3.5 depicts the breakdown of LCPM components for all vehicle types.

The LCPM of a CV is 11.93¢. The LCPM of a HEV almost halves the cost with

6.52¢. For the PHEVs, the LCPM gradually decreases with increasing AER, but

observe that the decrease in cost is not significant among PHEV types. Again,

PHEV40 gives the least cost. Note also that the percentage of the degradation

cost is notable among the other cost components.

Figure 3.6 plots CD mode travel percentage for PHEVs. Observe that the higher

the capacity of the PHEV is, the more the CD mode drive is. This is the result of

increased battery capacity.
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Figure 3.4: Levelized cost per mile change with increasing deployment levels

!

!

"

"

" "

#

#
# #

!"#

$"#

%"#

&#"#

&'"#

!
"
#
$
%&
'
(

!"# $%&'()*+ ,'&-

."# /(+0-1)0)-2",'&-

3"# 4+51%6%-)'*",'&-

!

!

!
! !

" "

#"#

'"#

!"#

() *+) ,*+)- ,*+)'# ,*+)!# ,*+)$#

$%&'()%*+,-%.

Figure 3.5: Breakdown of LCPM components for di↵erent vehicle types
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Figure 3.6: CD and CS mode drive percentages versus deployment level

3.3.3 E↵ects of Experimental Factors on LCPM

The correlation between each experimental factor and the LCPM is used as a way

to understand the significance of the impacts on the LCPM. Spearman’s Rank

Correlation Coe�cients [200] between the experimental factors and the LCPM are

presented in Figure 3.7.

A negative value indicates an inverse relationship. Observe that LCPM de-

creases by increasing stopping tolerance or deployment level, and by decreasing

gasoline prices, battery costs and electricity prices. The distance tolerance has

insignificant e↵ect on LCPM which is due to the fact that the extra mileage re-

quires more gasoline or electricity to be consumed, ultimately increasing the total

cost. Increasing the distance tolerance only results in forcing the drivers to follow

the shortest paths. As we have observed previously, the total trip distances of a

PHEV and CV are very close to each other, and distance tolerance turns out to

have an insignificant e↵ect on LCPM.
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Figure 3.7: Spearman’s rank correlation coe�cients between each experimental
factor and LCPM

Another result is that the battery modeling method, whether linear or

quadratic, does not a↵ect the results. In other words, the results for each bat-

tery model are not statistically di↵erent. This is mainly due to limited AER. The

PHEV usually depletes the battery fully before charging again. Thus, the func-

tion, whether linear or quadratic, gives a close cost value when evaluated at � = 1

(i.e. when the battery is completely depleted).

In the following, we further investigate the factors that have significant corre-

lation with LCPM.
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3.3.4 Stopping Tolerance and Deployment Level Sensitiv-

ity

The impacts of stopping tolerance for the two extreme cases, 0% and 100% deploy-

ment levels, are depicted in Figure 3.8. Each curve in the subfigures corresponds

to a di↵erent vehicle type. On the horizontal axis, higher stopping tolerance values

imply less tolerance for stopping.

Consider 0% deployment level. Increasing the stopping tolerance value results

in increased LCPM, because the drivers make less number of stops to refuel. Note

that the vehicles do not benefit from CD mode trip at 0% deployment level. The

LCPM for PHEV60 is the highest when the deployment level is 0%. The decreased

e�ciency due to additional battery weight is the reason for higher costs. When

the deployment level increases to 100%, the LCPM for PHEV60 is the lowest for

all stopping tolerance values except zero value. Observe that the LCPM is not

changing above a certain tolerance value for all vehicle types for 100% deploy-

ment level. This is due to the preference change of the drivers with increasing

stopping tolerance value. Thus, there is a critical stopping tolerance at which the

driver starts preferring to drive on gasoline rather than electricity; identifying this

tolerance correctly is crucial for infrastructure investors. Observe that increasing

the deployment level has a positive e↵ect on LCPM, but high stopping tolerance

values may hamper this positive impact.

Recall that previously, we had identified PHEV40 as the alternative with the

least travel cost for the base case (i.e. when the stopping tolerance value is zero).

However, we observe now that PHEV40 is the best alternative for long-distance

travels for highly tolerant vehicle drivers. If the driver’s intolerance is above zero

level, then PHEV60 turns out to be the best alternative from the cost minimization

perspective. This is an important result showing that stopping tolerance is a key

factor in long-distance travel costs.

Also note that the critical stopping tolerance value is higher for high capacity
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Figure 3.8: Stopping tolerance versus LCPM for 0% and 100% deployment levels
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PHEVs. PHEV7 has a fixed LCPM above 200¢ stopping tolerance values, however

the critical value is 300¢ for PHEV60. This implies that the higher the mileage

that a PHEV can travel nonstop with its fully charged battery, the less the adverse

a↵ect of driver stopping intolerance.

3.3.5 Electricity and Gasoline Price Sensitivity

LCPM values for di↵erent electricity and gasoline price settings are given in Table

3.4. The low and high price settings for electricity are (11.47¢-12.61¢) and (22.94¢-
25.22¢). Similarly, the high and low settings for gasoline are ($3.21-$4.07) and

($1.61-$2.04), respectively.

Table 3.4: Levelized cost per mile for di↵erent price settings
(Electricity & Gasoline) Prices

(low & low) (high & low) (low & high) (high & high)

CV 5.98 5.98 11.93 11.93
HEV 3.27 3.27 6.52 6.52
PHEV7 3.29 3.29 5.65 6.45
PHEV20 3.39 3.39 4.96 6.49
PHEV40 3.46 3.46 4.66 6.57
PHEV60 3.54 3.54 4.89 6.85

Observe that for the low gasoline price setting, i.e. the (low & low) and (high

& low) columns in Table 3.4, the LCPMs are the same for both low and high

electricity price settings. This clearly indicates that when the gasoline prices are

low enough, it is always preferable for the drivers to travel using gasoline rather

than electricity in order to minimize the costs. Similar results are also obtained in

the literature [118]. When the gasoline price setting is high, PHEV7 performs the

best when the electricity price is also high. When electricity price is low, larger

capacity PHEVs incur less cost and PHEV40 performs the best.
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Figure 3.9: Battery Cost Impacts on LCPM

3.3.6 Battery cost impacts on LCPM

Each curve in Figure 3.9 represents a di↵erent battery cost. Note that zero AER

vehicle is HEV, and the other data points in the figure represent PHEVs with the

respective AER.

Observe that all curves follow a similar trend. When the AER increases from 0

to 20 miles, the LCPM reduces more steeply than when AER increases from 20 to

60 miles. Increasing the AER from 20 to 60 miles has little e↵ect on levelized cost

regardless of battery cost. Again, PHEV40 performs the best for di↵erent battery

costs.
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3.3.7 Environmental Impacts

One of the major benefits of PHEVs is their lower GHG emissions compared to

CVs. In this section, we analyze the impacts of deployment level of fast charging

stations on GHG emissions. In this study, we assume 11.34 kg of carbon dioxide

equivalent (CO2e) emission per gallon of gasoline and 0.730 kg of CO2e emission

per kWh of electricity charge [118]. For the gasoline emission data, combustion and

supply chain emissions are taken into account. For the electricity emission data,

generation at the power plant, transmission and distribution losses are considered.

The included GHG emissions are for vehicle operation. We do not consider the

emissions due to producing the batteries in this study. Figure 3.10 plots the total

CO2e emission of vehicle types per mile in grams for di↵erent deployment levels.

A CV produces 40 grams of CO2e per mile of travel. On the other hand, the

other vehicle types produce at most 23.7 grams of CO2e per mile, mainly due to

increased e�ciency. Deployment level also causes a decrease in emission per mile

due to CD mode travel increase.

Note that in Table 3.4, the electricity pricing does not have a significant impact

on the LCPM values. Similarly, the emissions are not a↵ected significantly by

the electricity prices. However, gasoline pricing has a significant e↵ect on the

emissions. Figure 3.11 plots the CO2e emissions for low and high gasoline price

settings. When the gasoline prices are high, the drivers prefer to drive more on

CD mode and the emission decreases in the range of 17% to 36% for the PHEVs.

3.3.8 Discussion

The results of our extensive simulations provide critical insights into travel costs of

PHEVs in long-distance trips. First of all, results show that driving patterns are

a↵ected by the driver preferences and the network features. The path di↵erence

between a CV, an HEV and a PHEV is the largest when the deployment level is
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Figure 3.10: CO2e Emissions per mile for vehicle types and di↵erent deployment
levels
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Figure 3.11: CO2e emissions per mile for vehicle types and gasoline price settings
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between 25-50%.

Results also show a gradual decrease of LCPM with increasing deployment level.

This is an intuitive result since cost benefit of a PHEV is mainly due to the CD

mode travel and high figures for the deployment level enable more CD mode travel

for all PHEVs with di↵erent AERs. We also observe that the deployment level of

fast charging stations needed for a PHEV to be a better alternative than an HEV

in terms of long-distance travel costs is between 0% and 25%.

The battery degradation cost proves to be a significant contributer of the LCPM,

especially for the PHEVs with longer AER. Numerical experiments also show that

there is not a significant di↵erence between the quadratic and linear battery models

investigated in this study.

One of the major findings of this study is the strong connection between the

stopping tolerance of the driver and the LCPM of a PHEV trip. Stopping in-

tolerance hampers the benefits of PHEVs even for high deployment levels of fast

charging stations. However, higher AER is e↵ective to alleviate the adverse ef-

fects of low stopping tolerance. Results also show that there is a critical stopping

tolerance at which drivers start driving on gasoline rather than electricity, and

identifying this tolerance is crucial to make better infrastructure investment de-

cisions. On the other hand, distance tolerance does not play such an important

role in long-distance travel costs. Finally, note that the impact of both stopping

tolerance and distance tolerance might be related to each other by value of time.

In this research, the results are obtained under some mild assumptions about

the road networks. We assume that fast charging stations are randomly dispersed

in the road network. This is a future research direction and location models can

be combined together with models used in this study to arrive at more accurate

results.
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3.4 Policy Implications

The benefits of PHEVs for short trips are often touted, but their potential benefits

for long distance trips have not attracted much attention. U.S. Department of

Transportation [15] reports that in 2009, more than 575 billion vehicle miles were

traveled in trips of 50 miles and over, by personally owned vehicles. If only 10%

of these vehicles were PHEVs and only an average cost reduction of 2.5¢ per mile

were achieved, 1.44 billion dollars could be saved annually.

This chapter highlights the importance of charging infrastructure on the travel

costs of a PHEV for long-distance trips and reveals several important factors, es-

pecially driver stopping tolerance and AER. In this regard, the deployment level of

charging stations should further be pinpointed for better input to policy decisions.

Furthermore, the importance of consumers’ stopping tolerance is another policy

takeaway; identifying the drivers’ actual willingness to stop is an important factor

to determine the real world impacts of PHEVs for long distance driving.

In this context, we analyze the impacts of battery characteristics, driver prefer-

ences and road network features on PHEV long-distance-travel costs. The existing

literature usually assumes exogenous driving profiles and builds models on this

strong assumption. However, a PHEV is di↵erent from a CV and it might fol-

low di↵erent paths between the same departure and destination points in order to

reduce its travel costs. The travel cost of a PHEV is a↵ected by factors such as

location and availability of refueling/fast charging stations, capacity and cost of

PHEV batteries and driver tolerance for extra mileage and additional stopping.

If infrastructure is not set up to o↵er a widespread network of battery charging

opportunities, or managerial decisions are made without taking into consideration

driver preferences, then drivers’ cost reduction expectations might not be satis-

fied. In this research, we analyze the relative importance of the above factors on

PHEV travel costs for long-distance trips by investigating the actual path and

refueling/fast charging locations that a PHEV may prefer, which may be di↵erent
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from those of a CV or an HEV. Furthermore, we study the environmental impacts

of these factors.

Analyses show that the price of gasoline is the most important factor a↵ecting

the long-distance costs of PHEVs. The availability of fast charging stations is an-

other important factor. Average transportation cost per mile gradually decreases

with increasing fast charging station deployment level in the road network. How-

ever, drivers’ stopping intolerance might hamper this positive impact. There is a

critical stopping tolerance beyond which the drivers prefer not to make frequent

stops to reduce transportation costs, but instead prefer to travel using gasoline.

Having a larger battery capacity decreases the adverse e↵ects of the stopping in-

tolerance.

The results indicate that after an essential initial setup of fast charging stations

in the road network is reached, research must be directed towards battery capacity

expansion. This key result is important for managers and infrastructure investors

alike.

At this point, setting up the initial level of fast charging stations is identified

as a new problem. In the following section, we deal with the charging station

location problem from a di↵erent perspective and take the PHEVs into account

when locating the stations.
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Chapter 4

Hybrid Charging Station

Location Problem3

4.1 Problem Definition

In this section, we discuss the assumptions regarding the common sense in charging

logic, formally introduce the Hybrid Charging Station Location Problem (HSCLP)

and present its complexity status.

4.1.1 Common Sense in Charging Logic

Charging logic and Range of EVs: The AFVs have a limited range and they need

to refuel on their way to the destination before running out of fuel. Taking the

limited range into account, Kuby and Lim [34] extensively discuss the refueling

3An extended version of this chapter is authored by Okan Arslan and Oya Ekin Karaşan. It
is under review for publication.
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logic of AFVs. In their study, the AFVs are assumed to have their tank half-

full at the origin node and they are required to have at least half-full tank when

arriving at the destination node unless a refueling station is located at this node.

This ensures that they can make their trip back to the same refueling station

again in the following trip. The charging logic of EVs is similar to the refueling

logic of AFVs with only one minor di↵erence: they can be charged at their origin

and destination nodes since these nodes represent cities and dense residential areas

where there exist charging opportunities possibly at the drivers’ home, at shopping

malls, parking lots or at charging stations. Hence, we assume that the driver

has fully charged battery at the origin node, and it is allowed to arrive at the

destination node with a depleted battery. When traveling intercity, the EVs require

charging stations on the road to facilitate the trip. In this study, we consider the

location of such intercity charging facilities. Note that this is not a restrictive

assumption from the methodological perspective and our solution methodology

presented in the following section can easily be adapted to model di↵erent charging

logics in di↵erent applications.

Charging logic and Range of PHEVs: Using its internal combustion engine, a

PHEV can travel on gasoline similar to a conventional vehicle. It can also charge

its battery at a charging station and travel using electricity until a minimum state

of charge is reached, similar to an EV. Existing studies suggest that PHEVs ac-

tively search for electricity usage opportunities to avoid the use of gasoline [8, 139].

A recent survey carried out by Axsen and Kurani [201] reveals that early PHEV

consumers are generally enthusiastic about any available opportunity to charge

their batteries [139]. Considering the price e↵ect of the gasoline on the consumer

behavior [202, 203], He et al. [8] also points out that PHEVs benefit from the

available charging opportunities due to the cost di↵erence between gasoline and

electricity. With the sparsely located charging stations especially in the initial

stages of infrastructure establishment, we also assume PHEVs will stop at avail-

able charging stations to decrease transportation costs. Observe that this critical

assumption, similar to the assumption made in He et al. [8], can easily be relaxed

72



in future studies as data become available on the stopping behavior of the drivers,

and a possible upper bound can be considered on the mileage per charging stop.

One-way trip: When considering the connectivity of an origin-destination pair,

similar to FRLP, we consider the shortest path between the OD pairs. Without

loss of generality, only the one-way trip is considered. Note that for EVs, enabling

this trip ensures that the round-trip between the same OD pair is also feasible. On

the PHEV side, consider two consecutive nodes that a PHEV stops for charging.

Regardless of the direction that the PHEV is traveling between these two nodes,

the distance that it can travel on electricity is the same on this connection. Thus,

enabling a one-way trip also ensures the round trip feasibility for PHEVs.

4.1.2 Hybrid Charging Station Location Problem

Definition 8. Let G = (N,E) represent our transportation network where N is

the set of nodes and E is the set of edges. Let A be the set of arcs induced by

edges in E, that is, A = {(i, j) [ (j, i) : {i, j} 2 E}. An EV demand q is a four-

tuple {s(q), t(q), f q
ev, Lev}, where s(q), t(q) 2 N are the origin and the destination

nodes of the demand, respectively; f q
ev is the EV flow traveling on the shortest path

between s(q) and t(q); and Lev is the electric range of the particular EV. A PHEV

demand q = {s(q), t(q), f q
phev, Lphev}, is similarly defined.

The sets of EV and PHEV demands are referred to as Qev and Qphev, respec-

tively. The demand set Q is the union of two sets, i.e., Q = Qev [Qphev.

Definition 9. An HCSLP instance is a four tuple {G,Q,K, p} where G is the

transportation network, Q is the set of demands, K ✓ N is the set of candidate

nodes, and p  |K| is a positive integer. Given such an instance, the HCSLP

problem is defined as finding the set of nodes with cardinality p such that the

distance to be covered on electricity is maximized.
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4.1.3 Complexity

Proposition 2. The hybrid charging station location problem is NP-Complete.

Proof. Given an HCSLP instance, it is easy to check the feasibility of the problem.

Thus, HCSLP is in NP. In order to show that HCSLP is NP-Complete, we now

provide a transformation from the FRLP. Consider an FRLP instance {G,F,K, p},
with network G, demand set F , candidate facility nodes K ✓ N , and the number

of stations to be located p. For the HCSLP instance, let Qphev = ;, and Qev = F

with f q
ev = f q

afv/d
q where dq is the shortest distance between s(q) and t(q). For the

corresponding network G0, we add two dummy nodes s0(q) and t0(q) for each q 2 F ,

and two dummy arcs (s0(q), s(q)) and (t(q), t0(q)) with lengths of Lev/2. Observe

that solving this HCSLP instance is equivalent to solving the corresponding FRLP

instance. Thus, HCSLP is NP-Complete.

4.2 Mathematical Model

In this section, the required notation and the hybrid charging station location

model (HCSLM) are presented. Given an HSCLP instance, let N q ✓ N and

Aq ✓ A be the sets of nodes and arcs, respectively, on the shortest path between

s(q) and t(q), 8q 2 Q. Let da, 8a 2 Aq be the arc distance and dq be the distance

of the shortest path. In other words, dq =
P

a2Aq

da. Now, for a given q 2 Qev,

consider an arc a 2 Aq, and a node i 2 N q appearing on the shortest path prior

to traversing arc a. Observe that if the distance between node i and head node

of arc a on the shortest path between s(q) and t(q) is less than or equal to Lev,

then an EV can charge at node i and traverse arc a completely. In this context,

let Kq
a be the set of nodes i 2 K that enable complete traversal of the directional

arc a 2 Aq by an EV. For a given q 2 Qphev, partial traversal of an arc is also

plausible. Let dqia be the distance on arc a 2 Aq that can be traveled be a PHEV
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using electricity if there exists a charging station at node i 2 N q, and let Rq
a be

the set of candidate sites that enable at least partial traversal of the directional

arc a 2 Aq by a PHEV using electricity. We need the following decision variables:

xk =

8
<

:
1, if a refueling station is located at node k 2 K

0, otherwise

zq =

8
<

:
1, if EV demand q is covered

0, otherwise

yqia =

8
>>><

>>>:

1, if PHEV demand on arc a travels at least partially on electricity

by charging at node i

0, otherwise

HCSLM formulation is as follows:

maximize
X

q2Qev

f q
evd

qzq+
X

q2Qphev

a2Aq

i2Rq

a

f q
phevd

qi
a y

qi
a (4.1)

subject to

yqia  xi 8q 2 Qphev, a 2 Aq, i 2 Rq
a \ s(q) (4.2)

X

i2Rq

a

yqia  1 8q 2 Qphev, a 2 Aq (4.3)

zq 
X

i2Kq

a

xi 8q 2 Qev, a 2 Aq (4.4)

X

k2K

xk = p (4.5)

xk 2 {0, 1} 8k 2 K (4.6)

yqia 2 {0, 1} 8q 2 Qphev, a 2 Aq, i 2 Rq
a (4.7)

zq 2 {0, 1} 8q 2 Qev (4.8)
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The objective function maximizes the distance traveled using electricity by both

EVs and PHEVs. Constraints (4.2) ensure that if the PHEV associated with

demand q travels using electricity on an arc a by refueling at node i, then node

i must have a charging station except when i = s(q) due to the charging logic.

Constraints (4.3) make sure that an arc a is not counted more than once in the

objective function. Constraints (4.4) are for setting zq equal to 1 only if all of the

path between s(q) and t(q) is traversable using electricity by the EV associated

with demand q. These constraints are inherited from the study by Capar et al.

[131]. Constraints (4.5) set the number of open facilities to p. Constraints (4.6)-

(4.8) are domain restrictions.

4.2.1 Variable Relaxation

Proposition 3. The variables yqia and zq necessarily assume binary values in an

extreme point of the polyhedron that is formed by relaxing their integrality require-

ment in the HCSLM formulation.

Proof. Let HCSLM-R be the polyhedron that is formed by relaxing the yqia and

zq variables in the HCSLM formulation. Observe that 0  yqia  1 due to the

relaxation of Constraints (4.7). Now, assume that there exists an extreme point of

HCSLM-R, say ⇠ = (y; z), with some fractional entries in y. For a given q̂ 2 Qphev

and â 2 Aq, let T q̂
â = {i 2 Rq̂

â : 0 < yq̂iâ < 1}. Consider the unit vector ei (of length
|Rq

a \ s(q)| with ith entry equal to 1 and the remaining entries equal to 0), and the

zero vector 0 (of length |Rq
a \ s(q)| with all entries equal to zero). Note that (0;

z), (ei; z) 2 HCSLM-R, 8i 2 T q̂
â due to Constraints (4.2) and (4.3). Observe that

the point ⇠ can be represented as a strict convex combination of (ei; z) and the

zero vector (0; z). Thus ⇠ cannot be an extreme point and y variables necessarily

assume binary values. With a similar reasoning, it is easy to see that the z variables

also assume binary values in a solution of HCSLM-R.
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4.2.2 Variable Elimination

For a given q 2 Q, the set Aq contains all the arcs on the shortest path between

s(q) and t(q) and the number of variables and constraints depends on the size of

this set. However, due to the charging logic of EVs and PHEVs, the size of the

set Aq can be significantly reduced. Let Bq
ev and Bq

phev be the sets of arcs on the

shortest path between s(q) and t(q) that can be completely covered by an EV or

PHEV, respectively, by charging at the origin node (i.e. the distance between the

origin node and the head node of an arc in sets Bq
ev and Bq

phev is less than the

range of EV and PHEV, respectively). Since we assume that the EVs and PHEVs

begin their trip fully charged at the origin node, the arcs in sets Bq
ev and Bq

phev can

always be completely traversed using electricity.

Let Aq
ev and Aq

phev be the sets of arcs on the shortest path between s(q) and t(q)

excluding Bq
ev and Bq

phev, respectively. More formally, Aq
ev = {a 2 Aq : a /2 Bq

ev}
and Aq

phev = {a 2 Aq : a /2 Bq
phev}. By considering these sets rather than the set Aq,

variables yqia , 8q 2 Qphev, a 2 Bq
phev, i 2 Rq

a are eliminated from the formulation,

and the number of Constraints (4.2)-(4.4) are reduced. Then, the final formulation,

which we shall refer to as HCSLM becomes:

maximize
X

q2Qev

f q
evd

qzq+
X

q2Qphev

a2Aq

phev

i2Rq

a

f q
phevd

qi
a y

qi
a +

X

q2Qphev

a2Bq

phev

f q
phevda (4.9)

subject to

yqia  xi 8q 2 Qphev, a 2 Aq
phev, i 2 Rq

a \ s(q) (4.10)
X

i2Rq

a

yqia  1 8q 2 Qphev, a 2 Aq
phev (4.11)

zq 
X

i2Kq

a

xi 8q 2 Qev, a 2 Aq
ev (4.12)
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X

k2K

xk = p (4.13)

zq  1 8q 2 Qev (4.14)

yqia � 0 8q 2 Qphev, a 2 Aq
phev, i 2 Rq

a (4.15)

zq � 0 8q 2 Qev (4.16)

xk 2 {0, 1} 8k 2 K (4.17)

Let F=
P

q2Qphev

a2Bq

phev

f q
phevda, as it appears in the objective function. Since F is

fixed for a given HCSLM instance, we exclude it from the formulations in the

following parts of the paper for conciseness. Note that, a covered arc contributes

to the objective function for the PHEVs, but not for the EVs. Therefore, there

does not exist a fixed term in the objective function related to EVs and the set Bq
ev.

If all of the arcs on a given path of EV demand q̂ 2 Qev can be covered by charging

at the origin, then Constraints (4.12) are eliminated for q̂ in the formulation and

zq̂ variable naturally assumes a value of 1.

4.3 Benders Decomposition

Considering PHEVs beside EVs further compound the challenge in the charging

station location problem. Therefore, we propose a Benders decomposition [204]

algorithm as an exact solution technique. A location problem is a well-fit for

Benders Decomposition, since generally there is a set of binary variables associ-

ated with location decisions and fixing these variables might render the problem

into a relatively easier model from a solution perspective. Thus, there are several

successful implementations in the recent literature [205–217]. In this section, we

propose a Benders Decomposition algorithm as the solution technique and apply

enhancements to improve the solution-time of the algorithm by e�ciently solving

the subproblem and constructing Pareto-optimal cuts in closed form expressions.
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Observe that in our particular case, fixing the location variables x turns the formu-

lation into a linear programming model due to Proposition 3. In our presentation,

we use a similar notation to the study by Üster and Kewcharoenwong [218].

4.3.1 Benders Subproblem

For a given x̂ 2 {0, 1}|K|, the subproblem of the HCSLM, referred to as SP (y, z|x̂)
is presented below:

maximize
X

q2Qev

f q
evd

qzq+
X

q2Qphev

a2Aq

phev

i2Rq

a

f q
phevd

qi
a y

qi
a (4.18)

subject to

yqia  x̂i 8q 2 Qphev, a 2 Aq
phev, i 2 Rq

a \ s(q) (4.19)
X

i2Rq

a

yqia  1 8q 2 Qphev, a 2 Aq
phev (4.20)

zq 
X

i2Kq

a

x̂i 8q 2 Qev, a 2 Aq
ev (4.21)

zq  1 8q 2 Qev (4.22)

yqia � 0 8q 2 Qphev, a 2 Aq
phev, i 2 Rq

a (4.23)

zq � 0 8q 2 Qev (4.24)

Note that setting all the variables equal to zero is a feasible solution to the

subproblem. Therefore, the subproblem is always feasible. Due to Constraints

(4.19)-(4.22), it is also bounded.

Let µ, ⇢, � and � be the dual variables associated with constraints (4.19),

(4.20), (4.21) and (4.22), respectively. Then, the dual subproblem, referred to
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as SPD(µ, ⇢,�, �|x̂), is expressed as follows:

minimize
X

q2Qphev

a2Aq

phev

i2Rq

a

\s(q)

x̂iµ
qi
a +

X

q2Qphev

a2Aq

phev

⇢qa +
X

q2Qev

a2Aq

ev

i2Kq

a

x̂i�
q
a +

X

q2Qev

�q (4.25)

subject to
X

a2Aq

ev

�q
a + �q � f q

evd
q 8q 2 Qev (4.26)

µqi
a + ⇢qa � f q

phevd
qi
a 8q 2 Qphev, a 2 Aq

phev, i 2 Rq
a \ s(q) (4.27)

⇢qa � f q
phevd

qs(q)
a 8q 2 Qphev, a 2 Aq

phev, s(q) 2 Rq
a (4.28)

µqi
a , ⇢

q
a � 0 8q 2 Qphev, a 2 Aq

phev, i 2 Rq
a \ s(q) (4.29)

�q
a, �q � 0 8q 2 Qev, a 2 Aq

ev (4.30)

4.3.2 Benders Master Problem

Let D(SPD) denote the set of extreme points of SPD(µ, ⇢,�, �|x̂). Then, we can
construct the master problem, referred to as MP , as follows:

maximize & (4.31)

subject to

& 
X

q2Qphev

a2Aq

phev

i2Rq

a

\s(q)

xiµ
qi
a +

X

q2Qphev

a2Aq

phev

⇢qa +
X

q2Qev

a2Aq

ev

i2Kq

a

xi�
q
a +

X

q2Qev

�q 8(µ, ⇢,�, �) 2 D(SPD)

(4.32)
X

k2K

xk = p (4.33)

xk 2 {0, 1} 8k 2 K (4.34)
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We have now transformed the HCSLM model into an equivalent mixed integer

programming model with |K| binary and one continuous variables. In order to

handle the exponential number of constraints of the MP model due to the set

D(SPD), we apply a branch and cut approach. Using the dual variable values

obtained from the subproblem, a cut is added to the master problem at each

iteration in the form of an inequality (4.32). Note that since the primal subproblem

is always feasible and bounded, by strong duality, the dual is also feasible and

bounded. Therefore, the cuts added at each iteration are optimality cuts and only

remove solutions that are known not to be optimal.

The classical Benders implementation solves the master problem to optimality

before solving the subproblem. This entails the possibility of unnecessarily revis-

iting the same solutions again in the master problem. Therefore, we solve our

problem in a single branch and bound tree similar to Codato and Fischetti [219].

At every potential incumbent solution encountered in the search tree, we solve the

subproblem and add an optimality cut, if necessary. In our computational stud-

ies, we implement this method using the lazy constraint callback of the CPLEX

Concert Technology.

4.3.3 Subproblem Solution

Observe that the subproblem SP (y, z|x̂) can be decomposed based on the vehicle

type. The first term in the objective function and Constraints (4.21), (4.22) and

(4.24) are related to EVs, while the remaining parts are related to PHEVs. We

refer to the former problem as SP ev(z|x̂), and the latter as SP phev(y|x̂). Observe

that SP ev(z|x̂) can further be decomposed on the basis of demand. For a given

demand q 2 Qev, we refer to the partition which is formulated below as SP ev
q (z|x̂).

maximize f q
evd

qzq (4.35)

subject to
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zq 
X

i2Kq

a

x̂i 8a 2 Aq
ev (4.36)

zq  1 (4.37)

zq � 0 (4.38)

Let K?(x̂) = {k 2 K : x̂k = 1}. Observe that identifying if the path between

s(q) and t(q) can be traveled by an EV without running out of electricity can be

done by checking the existence of an open station to cover every arc on the path.

Hence, the following variable construction is an optimal solution for SP ev
q (z|x̂).

zq =

(
1, if |Kq

a \K?(x̂)| � 1, 8a 2 Aq
ev

0, otherwise
(4.39)

As for the PHEVs, the SP phev(y|x̂) problem can be decomposed on the basis

of demand and arc. For a given demand q 2 Qphev and a 2 Aq
phev, we refer to the

partition which is formulated below as SP phev
qa (y|x̂):

maximize
X

i2Rq

a

f q
phevd

qi
a y

qi
a (4.40)

subject to

yqia  x̂i 8i 2 Rq
a \ s(q) (4.41)

X

i2Rq

a

yqia  1 (4.42)

yqia � 0 8i 2 Rq
a (4.43)

Similar to the case with EVs, the solution can easily be constructed. Observe

that, for the demand q, the distance that can be traveled on the arc a using

electricity is equal to max
j2Rq

a

\(K?(x̂)[s(q))
{dqja } in which case the associated variable
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yqja assumes a value of 1. That is,

yqia =

(
1, if i = argmaxj2Rq

a

\(K?(x̂)[s(q)){dqja }
0, otherwise

(4.44)

4.3.4 Benders Cut Characterization

In the dual subproblem SPD(µ, ⇢,�, �|x̂), variables � and � and Constraints (4.26)

and (4.30) are related to the EVs, while variables µ and ⇢ and Constraints (4.27),

(4.28) and (4.29) are related to PHEVs. Therefore SPD(µ, ⇢,�, �|x̂) problem can

also be decomposed into two: SPDev(�, �|x̂) and SPDphev(µ, ⇢|x̂). Note that the

former problem can also be decomposed on the basis of demand. Let qth partition

of the SPDev(�, �|x̂) problem be defined as SPDev
q (�, �|x̂), which is stated as

follows:

minimize
X

a2Aq

ev

i2Kq

a

x̂i�
q
a + �q (4.45)

subject to
X

a2Aq

ev

�q
a + �q � f q

evd
q (4.46)

�q
a, �q � 0 8a 2 Aq

ev (4.47)

Observe that this is a continuous knapsack problem. Therefore we can construct

the solution of this problem in closed form. Before we proceed, we need some

further definitions. Let Aq
0(x̂) and Aq

1(x̂) be the sets of arcs in Aq
ev, induced by x̂,

that cannot be covered by any of the open stations and that can only be covered

by a single station, respectively. Formally, Aq
0(x̂) = {a 2 Aq

ev : |Kq
a \K?(x̂)| = 0}

and Aq
1(x̂) = {a 2 Aq

ev : |Kq
a \K?(x̂)| = 1}. Note that Aq

1(x̂) might be empty even

if zq = 1, e.g. if all arcs on the path between s(q) and t(q) can be covered by at

least two open stations. But we have a non-empty Aq
0(x̂) set for any q with zq = 0.
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Proposition 4. For a given x̂, and path q̂ 2 Qev, the following is the characteri-

zation of optimal solutions to SPDev
q̂ .

Case (1) If path q̂ is not chargeable (i.e., zq̂ = 0), then:

(a) For all ↵ 2 Aq̂
0(x̂), the following solution is optimal:

- �q̂ = 0

- �q̂
↵ = f q̂

evd
q̂

- �q̂
a = 0, 8a 2 (Aq̂

ev \ ↵).

Case (2) If path q̂ is chargeable (i.e., zq̂ = 1), then:

(a) For all ↵ 2 Aq̂
1(x̂), the following solution is optimal:

- �q̂ = 0

- �q̂
↵ = f q̂

evd
q̂

- �q̂
a = 0, 8a 2 (Aq̂

ev \ ↵)

(b) The following is also an optimal solution:

- �q̂ = f q̂
evd

q̂

- �q̂
a = 0, 8a 2 Aq̂

ev

Proof. All results follow trivially from the fact that SPDev
q (�, �|x̂) is a continuous

knapsack problem.

Note that any convex combination of alternative optimal solutions is also opti-

mal for SPDev
q (�, �|x̂).

The subproblem for PHEVs which we refer to as SPDphev(µ, ⇢|x̂) can be de-

composed on the basis of demand and arc. We refer to the partition of ath arc of

the qth demand as SPDphev
qa (µ, ⇢|x̂), which is stated as follows:

minimize
X

i2Rq

a

\s(q)

x̂iµ
qi
a + ⇢qa (4.48)
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subject to

µqi
a + ⇢qa � f q

phevd
qi
a 8i 2 Rq

a \ s(q) (4.49)

⇢qa � f q
phevd

qs(q)
a s(q) 2 Rq

a (4.50)

µqi
a , ⇢

q
a � 0 8i 2 Rq

a \ s(q) (4.51)

The following result can be attained through complementary slackness condi-

tions:

Proposition 5. For a given path q̂ and arc â 2 Aq̂
phev, the following is the char-

acterization of optimal solutions to SPDphev
q̂â (µ, ⇢|x̂).

Case (1) If
P

i2Rq̂

â

yq̂iâ = 0, then the following solution is optimal:

- ⇢q̂â = 0

- µq̂i
â = f q̂

phevd
q̂i
â , 8i 2 Rq̂

â \ s(q̂)

Case (2) If yq̂s(q̂)â = 1, then the following solution is optimal:

- ⇢q̂â = f q̂
phevd

q̂s(q̂)
â

- µq̂i
â = max{0, f q̂

phevd
q̂i
â � ⇢q̂â}, 8i 2 Rq̂

â \ s(q̂)

Case (3) If yq̂jâ = 1 for j 6= s(q̂), then the following are the conditions for opti-

mality:

- µq̂j
â + ⇢q̂â = f q̂

phevd
q̂j
â ,

- µq̂i
â = 0, and ⇢q̂â � f q̂

phevd
q̂i
â , 8i 2 Rq̂

â : i 2 K?(x̂), i 6= s(q̂), i 6= j,

- µq̂i
â + ⇢q̂â � f q̂

phevd
q̂i
â , 8i 2 Rq̂

â : i /2 K?(x̂), i 6= s(q̂), i 6= j,

- ⇢q̂â � f q̂
phevd

q̂s(q̂)
â , if s(q̂) 2 Rq̂

â,

- µq̂i
â , ⇢

q̂
â � 0, 8i 2 Rq̂

â, i /2 K?(x̂), i 6= s(q̂).

Proof. Since
P

i2Rq̂

â

yq̂iâ = 0, we have yq̂iâ = 0, 8i 2 Rq̂
â. We then have |Rq̂

â \
K?(x̂)| = 0, that is x̂i = 0, 8i 2 Rq

a \ s(q). Therefore, Case (1) follows. When
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P
i2Rq̂

â

yq̂iâ = 1, either y
q̂s(q̂)
â = 1 or yq̂jâ = 1 for j 6= s(q̂). In the former case, we

have d
q̂s(q̂)
â � dq̂iâ , 8i 2 Rq̂

â, i 2 K?(x̂), i 6= s(q̂) since y
q̂s(q̂)
â = 1. Thus, we have

µq̂j
â + ⇢q̂â = f q̂

phevd
q̂j
â . This implies that µq̂i

â = 0, 8i 2 Rq̂
â, i 2 K?(x̂), i 6= s(q̂).

For i 2 Rq̂
â, i /2 K?(x̂), i 6= s(q̂), we have µq̂i

â = max{0, f q̂
phevd

q̂i
â � ⇢q̂â} due to

Constraints (4.49). In the latter case, we have yq̂jâ = 1 for j 6= s(q̂). This implies

that dq̂jâ � dq̂iâ , 8i 2 Rq̂
â, 8i 2 K?(x̂), i 6= s(q̂), i 6= j. Since we have x̂i = 1 for

i 2 Rq̂
â, 8i 2 K?(x̂), i 6= s(q̂), i 6= j, we have the first two conditions as given in

Case (3). Since we can have dq̂jâ < dq̂iâ for i 2 Rq̂
â, i /2 K?(x̂), i 6= s(q̂), i 6= j, we

keep Constraints (4.49) in the third bullet of Case (3). The remaining two bullets

are also inherited from the constraint set of SPDphev
qa (µ, ⇢|x̂). This completes the

proof.

Remark 1. Both Propositions 4 and 5 assume primal feasibility as given, and

present the properties of optimal solutions for their respective problems.

Remark 2. A Benders cut can be constructed by first solving the subproblem using

(4.39) and (4.44), and then by generating the dual variables µ, ⇢, � and � that

satisfy the conditions given in Propositions 4 and 5. The generated cut can be

added to the master problem as an inequality of the form (4.32).

In the following, we propose three di↵erent cut selection schemes. The first one

produces a single cut for each subproblem solved. This cut is used as a benchmark

in the computational study section to compare the e�ciencies of the remaining

two cut selection schemes. The next scheme is multicut generation scheme in

which several cuts are added at each iteration. In the last scheme, we generate a

Pareto-optimal cut.

4.3.5 Cut Selection Scheme 1: Single Cut

For a given x̂, we can construct the primal subproblem solutions zq, 8q 2 Qev

and yqia , 8q 2 Qphev, a 2 Aq
phev, i 2 Rq

a. Consider the corresponding dual solution
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presented in Algorithm 1. Parts of the algorithm that are analogous to cases in

Propositions 4 and 5 are explicitly shown. The dual variables obtained can be

used to construct a single cut to be added to the master problem at each iteration

as an inequality of type (4.32).

4.3.6 Cut Selection Scheme 2: Multicut

Birge and Louveaux [220] considered addition of several cuts in a single itera-

tion in the context of two-stage stochastic linear programs. Multicut version of

Benders Decomposition has successfully been implemented in di↵erent applica-

tions [209, 221–223]. To implement the multicut version, we need to modify our

master problem. For this purpose, let �ev
q and �phevqa be new surrogate variables

associated with SPDev
q (�, �|x̂) and SPDphev

qa (µ, ⇢|x̂), respectively; D(SPDev
q ) and

D(SPDphev
qa ) be the set of extreme points for the respective problems. Then the

modified master problem can be expressed as:

maximize
X

q2Qev

�ev
q +

X

q2Qphev

a2Aq

phev

�phevqa (4.52)

subject to

�ev
q 

X

a2Aq

ev

i2Kq

a

xi�
q
a + �q 8q 2 Qev, (�, �) 2 D(SPDev

q )

(4.53)

�phevqa 
X

i2Rq

a

\s(q)

xiµ
qi
a + ⇢qa 8q 2 Qphev, a 2 Aq

phev, (µ, ⇢) 2 D(SPDphev
qa )

(4.54)
X

k2K

xk = p (4.55)

xk 2 {0, 1} 8k 2 K

(4.56)
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Algorithm 1: Single Cut Construction
Input: x̂
Output: A valid cut

1 foreach q̂ 2 Q

ev do
2 Calculate zq̂ using x̂ and (4.39)
3 if zq̂ = 0 then // Prop.3 - Case(1)

4 �q̂  0

5 �

q̂
↵  f

q̂
evd

q̂ where ↵ 2 Aq̂
0(x̂) is the first uncovered arc on the path

6 �

q̂
a  0, 8a 2 (Aq̂

ev \ ↵)
7 else // Prop.3 - Case(2)

8 �q̂  f

q̂
evd

q̂

9 �

q̂
a  0, 8a 2 A

q̂
ev

10 foreach q̂ 2 Q

phev and â 2 A

q̂
phev do

11 foreach i 2 R

q̂
â do

12 Calculate y

q̂i
â using x̂ and (4.44)

13 if
P

i2Rq̂

â

y

q̂i
â = 0 then // Prop.4 - Case(1)

14 ⇢

q̂
â  0

15 µ

q̂i
â  f

q̂
phevd

q̂i
â , 8i 2 R

q̂
â \ s(q̂)

16 else if
P

i2Rq̂

â

y

q̂i
â = 1 and y

q̂s(q̂)
â = 1 then // Prop.4 - Case(2)

17 ⇢

q̂
â  f

q̂
phevd

q̂s(q̂)
â

18 µ

q̂i
â  max{0, f q̂

phevd
q̂i
â � ⇢

q̂
â}, 8i 2 R

q̂
â \ s(q̂)

19 else // Prop.4 - Case(3)

20 ⇢

q̂
â  f

q̂
phevd

q̂j
â

21 µ

q̂j
â  0

22 µ

q̂i
â  0, 8i 2 R

q̂
â : i 2 K

?(x̂), i 6= s(q̂), i 6= j

23 µ

q̂i
â  max{0, f q̂

phevd
q̂i
â � ⇢

q̂
â}, 8i 2 R

q̂
â : i /2 K

?(x̂), i 6= s(q̂), i 6= j

24

25 return & 
P

q2Qphev

a2Aq

phev

i2Rq

a

\s(q)

xiµ
qi
a +

P
q2Qphev

a2Aq

phev

⇢

q
a +

P
q2Qev

a2Aq

ev

i2Kq

a

xi�
q
a +

P
q2Qev

�q
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For a given x̂, multiple extreme points for each subproblem as presented in

Propositions 4 and 5 exist. By modifying the master problem, we can now use

the information that is available for each subproblem and add a cut corresponding

to each extreme point, as presented in Algorithm 2. In this fashion, a cut pool is

collected at each iteration.

4.3.7 Cut Selection Scheme 3: Pareto-optimal Cut

Reducing the number of Benders iterations is of great value to accelerate the

implementation. However, as we have identified above, conditions in Propositions

4 and 5 imply that several cuts can be generated for a given vector x̂. Out of these

cuts, the simple cut generation scheme selects one cut to be added at each iteration,

and the multicut implementation adds several cuts at once. One other option is

to select a cut that might help us reduce the number of iterations. In this section,

we present the Pareto-optimal cut generation scheme in the sense of the study by

Magnanti and Wong [224]. Let X be the feasible set of the master problem in the

first iteration (i.e. X= {x 2 {0, 1}|K| :
P

k2K xk = p}), opt(P) be the optimal

objective function value of the problem P , and the function C(x, µ, ⇢,�, �) be

defined as the following:

C(x, µ, ⇢,�, �) =
X

q2Qphev

a2Aq

phev

i2Rq

a

\s(q)

xiµ
qi
a +

X

q2Qphev

a2Aq

phev

⇢qa +
X

q2Qev

a2Aq

ev

i2Kq

a

xi�
q
a +

X

q2Qev

�q (4.57)

In their seminal paper, Magnanti and Wong [224] presented the notion of cut

domination in the Benders Decomposition framework. The cut generated by the

dual solution (µ̂, ⇢̂, �̂, �̂) is said to dominate the cut generated by the dual solution

(µ̃, ⇢̃, �̃, �̃), if and only if C(x, µ̂, ⇢̂, �̂, �̂)  C(x, µ̃, ⇢̃, �̃, �̃) for all x 2 X with a strict
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Algorithm 2: Multicut Construction
Input: x̂
Output: Cut pool G

1 foreach q̂ 2 Qev do
2 Calculate z

q̂

using x̂ and (4.39)
3 if z

q̂

= 0 then // Prop.3 - Case(1)

4 foreach ↵ 2 Aq̂

0(x̂) do
5 �

q̂

 0

6 �q̂

↵

 f q̂

ev

dq̂

7 �q̂

a

 0, 8a 2 (Aq̂

ev

\ ↵)

8 G  G [ { �ev

q̂


P

i2K

q̂
↵
x
i

�q̂

↵

}

9 else // Prop.3 - Case(2)

10 foreach ↵ 2 Aq̂

1(x̂) do
11 �

q̂

 0

12 �q̂

↵

 f q̂

ev

dq̂

13 �q̂

a

 0, 8a 2 (Aq̂

ev

\ ↵)

14 G  G [ { �ev

q̂


P

i2K

q̂
↵
x
i

�q̂

↵

}

15 �
q̂

 f q̂

ev

dq̂

16 �q̂

a

 0, 8a 2 Aq̂

ev

17 G  G [ { �ev

q̂

 �
q̂

}

18 foreach q̂ 2 Qphev and â 2 Aq̂

phev

do

19 foreach i 2 Rq̂

â

do

20 Calculate yq̂i
â

using x̂ and (4.44)

21 if
P

i2R

q̂
â
yq̂i
â

= 0 then // Prop.4 - Case(1)

22 ⇢q̂
â

 0

23 µq̂i

â

 f q̂

phev

dq̂i
â

, 8i 2 Rq̂

â

\ s(q̂)

24 G  G [ { �phev
q̂â


P

i2R

q̂
â\s(q̂)

x
i

µq̂i

â

}

25 else if y
q̂s(q̂)
â

= 1 then // Prop.4 - Case(2)

26 ⇢q̂
â

 f q̂

phev

d
q̂s(q̂)
â

27 µq̂i

â

 max{0, f q̂

phev

dq̂i
â

� ⇢q̂
â

}, 8i 2 Rq̂

â

\ s(q̂)

28 G  G [ { �phev
q̂â


P

i2R

q̂
â\s(q̂)

x
i

µq̂i

â

+ ⇢q̂
â

}

29 else // Prop.4 - Case(3)

30 ⇢q̂
â

 f q̂

phev

dq̂j
â

31 µq̂j

â

 0

32 µq̂i

â

 0, 8i 2 Rq̂

â

: i 2 K?(x̂), i 6= s(q̂), i 6= j

33 µq̂i

â

 max{0, f q̂

phev

dq̂i
â

� ⇢q̂
â

}, 8i 2 Rq̂

â

: i /2 K?(x̂), i 6= s(q̂), i 6= j

34 G  G [ { �phev
q̂â


P

i2R

q̂
â\s(q̂)

x
i

µq̂i

â

+ ⇢q̂
â

}

35 ⇢q̂
â

 max{fq

phev

d
qs(q)
a

, max
i2R

q
a\K

?(x̂),i 6=j,i 6=s(q)
{fq

phev

dqi
a

}}

36 µq̂j

â

 0

37 µq̂i

â

 0, 8i 2 Rq̂

â

: i 2 K?(x̂), i 6= s(q̂), i 6= j

38 µq̂i

â

 max{0, f q̂

phev

dq̂i
â

� ⇢q̂
â

}, 8i 2 Rq̂

â

: i /2 K?(x̂), i 6= s(q̂), i 6= j

39 G  G [ { �phev
q̂â


P

i2R

q̂
â\s(q̂)

x
i

µq̂i

â

+ ⇢q̂
â

}

40 return G
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inequality for at least one point. A cut is called Pareto-optimal, if no other cuts

dominate it. To obtain a Pareto-optimal cut induced by x̂, we need to solve the

following linear programming problem:

minimize C(x̄, µ, ⇢,�, �) (4.58)

subject to

(4.26)� (4.30)

C(x̂, µ, ⇢,�, �) = opt(SPD(µ, ⇢,�, �|x̂)) (4.59)

where x̄ 2 ri(X c), a point in the relative interior of the convex hull of the set

X , is called a core point. We refer to this LP as MW (µ, ⇢,�, �|x̂, x̄). Our initial

core point is a vector of length |K| with all entries equal to p
|K| . In the following

Benders iterations, we use the average of the current core point and the active

solution of the MP, similar to [225].

At this point, note that Constraint (4.59) and fractional coe�cients x̄i may

prevent obtaining an e�cient optimal-dual solution, as is the case for the study by

Contreras et al. [210]. However, as we present in the following parts, we can cleverly

exploit the knapsack nature of the subproblems to find the optimal solutions for

the MW problem using Remark (1).

4.3.8 Magnanti-Wong Problem Solution

Similar to the subproblem and the dual of the subproblem, the MW (µ, ⇢,�, �|x̂, x̄)
problem can also be decomposed. The EV problem partition for a given demand

q 2 Qev, which we refer to as MW ev
q (�, �|x̂, x̄) is formulated as:

minimize
X

a2Aq

ev

i2Kq

a

x̄i�
q
a + �q (4.60)

subject to
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X

a2Aq

ev

i2Kq

a

x̂i�
q
a + �q = opt(SPDev

q (�, �|x̂)) (4.61)

X

a2Aq

ev

�q
a + �q � f q

evd
q (4.62)

�q
a, �q � 0 8a 2 Aq

ev (4.63)

Observe that the constraint set enforces the solution to be optimal for the

SPDev
q (�, �|x̂) problem for which we have the optimal solutions presented in

Proposition 3. Therefore we can construct the optimal variable values of the

MW ev
q (�, �|x̂, x̄) in the following proposition:

Proposition 6. The following solution is optimal for MW ev
q (�, �|x̂, x̄).

�q
a =

8
>><

>>:

f q
evd

q, if z(q) = 1, |Aq
1(x̂)| 6= 0, a = argminb2Aq

1(x̂)
{
P

i2Kq

b

x̄i} and
P

i2Kq

a

x̄i  1

f q
evd

q, if z(q) = 0 and a = argminb2Aq

0(x̂)
{
P

i2Kq

b

x̄i}
0, otherwise

(4.64)

�q =

8
>><

>>:

f q
evd

q, if z(q) = 1 and
P

i2Kq

a

x̄i > 1, 8a 2 Aq
1(x̂)

f q
evd

q, if z(q) = 1 and |Aq
1(x̂)| = 0

0, otherwise

(4.65)

Proof. Let P(�, �|x̂) be the set of optimal dual variables for SPDev
q (�, �|x̂) prob-

lem as identified in Proposition 4. Then we can remodel the problem without the

complicating Constraints (4.61) as follows:

minimize
X

a2Aq

ev

i2Kq

a

x̄i�
q
a + �q (4.66)

subject to

(�q,�
q
a) 2 P(�, �|x̂) (4.67)
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Note that we have two conditions in Proposition 4 depending on the optimal

value of z(q).

Case (1) If the path q 2 Q is not chargeable (i.e., zq = 0), then the optimal

solution ofMW ev
q (�, �|x̂, x̄) problem is �q

a = f q
evd

q for a = argminb2Aq

0(x̂)
{
P

i2Kq

b

x̄i}
and all of the remaining variables are equal to zero.

Case (2) If a given path q 2 Qev is chargeable (i.e., zq = 1), then we can find

the optimal solution of the MW ev
q (�, �|x̂, x̄) problem by investigating the tradeo↵

between the objective function coe�cients of � and �. First of all, observe that if

|Aq
1(x̂)| = 0, then the only optimal solution can be attained by letting �q = f q

evd
q

and all of the remaining variables equal to zero. Otherwise, if |Aq
1(x̂)| � 1, then

we check if
P

i2Kq

a

x̄i > 1, 8a 2 Aq
1(x̂) in which case, assigning � = f q

evd
q and

all of the remaining variables equal to zero produces the optimal solution for

MW ev
q (�, �|x̂, x̄). Lastly, if |Aq

1(x̂)| 6= 0 and
P

i2Kq

a

x̄i  1, then we select the arc

with a = argminb2Aq

1(x̂)
{
P

i2Kq

b

x̄i} and assign �q
a = f q

evd
q and all of the remaining

variables equal to zero. We now have the desired result as presented in Proposition

6.

In a similar fashion, we can construct the optimal variable values of the

MW phev
qa (µ, ⇢|x̂, x̄) problem, which is defined as:

minimize
X

i2Rq

a

\s(q)

x̄iµ
qi
a + ⇢qa (4.68)

subject to
X

i2Rq

a

\s(q)

x̂iµ
qi
a + ⇢qa = opt(SPDphev

qa (µ, ⇢|x̂)) (4.69)

µqi
a + ⇢qa � f q

phevd
qi
a 8i 2 Rq

a \ s(q) (4.70)

⇢qa � f q
phevd

qs(q)
a s(q) 2 Rq

a (4.71)

µqi
a , ⇢

q
a � 0 8i 2 Rq

a \ s(q) (4.72)
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Proposition 7. The following solution is optimal for MW phev
qa (µ, ⇢|x̂, x̄).

1) If yq̂jâ = 1 for j 6= s(q̂), then:

⇢qa = argmin�2Sq

a

⇣ X

i2Rq

a

\s(q)
i/2K?(x̂)

�
x̄i max{0, f q

phevd
qi
a � �}

�
+ (1� x̄j)�

⌘

where ⇢max = f q
phevd

qj
a and ⇢min = max{f q

phevd
qs(q)
a , max

i2Rq

a

\K?(x̂),i 6=j,i 6=s(q)
f q
phevd

qi
a }

(Note that ⇢max and ⇢min are constants) and Sq
a = {⇢min, ⇢max} [

{f q
phevd

qi
a : ⇢min  f q

phevd
qi
a  ⇢max and i 2 Rq

a, 8i /2 K?(x̂), i 6= s(q), i 6=
j}

else if y
q̂s(q̂)
â = 1 then, ⇢qa = f q

phevd
qs(q)
a

else ⇢qa = 0.

2) µqi
a = max{0, f q

phevd
qi
a � ⇢qa}, i 2 Rq

a \ s(q)

Proof. Similar to the MW ev
q (�, �|x̂, x̄) problem, MW phev

qa (µ, ⇢|x̂, x̄) can also be

modeled using the conditions in Proposition 5. Note that we have three condi-

tions in Proposition 5 depending on the optimal value of yqia . There is a unique

optimal solution for both Case (1) and Case (2). They are also optimal for the

MW phev
qa (µ, ⇢|x̂, x̄) problem. When we have yqja = 1 for j 6= s(q), that is Case (3),

MW phev
qa (µ, ⇢|x̂, x̄) can be written as:

minimize
X

i2Rq

a

\s(q)

x̄iµ
qi
a + ⇢qa (4.73)

subject to

µqj
a + ⇢qa = f q

phevd
qj
a (4.74)

µqi
a = 0 8i 2 Rq

a, 8i 2 K?(x̂), i 6= s(q), i 6= j (4.75)

⇢qa � f q
phevd

qi
a 8i 2 Rq

a, 8i 2 K?(x̂), i 6= s(q), i 6= j (4.76)

µqi
a + ⇢qa � f q

phevd
qi
a 8i 2 Rq

a, 8i /2 K?(x̂), i 6= s(q), i 6= j (4.77)

⇢qa � f q
phevd

qs(q)
a if s(q) 2 Rq

a (4.78)
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µqi
a , ⇢

q
a � 0 8i 2 Rq

a, i /2 K?(x̂), i 6= s(q) (4.79)

Note that the optimality conditions given in Proposition 5 are simply appended

as constraints to the above model. This ensures that our optimal solution for

MW phev
qa (µ, ⇢|x̂, x̄) is also optimal for SPDphev(µ, ⇢|x̂). In this model, we have

µqj
a = f q

phevd
qj
a � ⇢qa due to Constraints (4.74). Rewriting µqj

a , and letting µqi
a = 0,

8i 2 Rq
a, 8i 2 K?(x̂), i 6= s(q), i 6= j, we have an equivalent model:

x̄jf
q
phevd

qj
a + minimize

X

i2Rq

a

\s(q)
i/2K?(x̂)

x̄iµ
qi
a + (1� x̄j)⇢

q
a (4.80)

subject to

⇢qa � f q
phevd

qi
a 8i 2 Rq

a, i 2 K?(x̂), i 6= s(q), i 6= j (4.81)

µqi
a + ⇢qa � f q

phevd
qi
a 8i 2 Rq

a, 8i /2 K?(x̂), i 6= s(q), i 6= j (4.82)

⇢qa � f q
phevd

qs(q)
a if s(q) 2 Rq

a (4.83)

f q
phevd

qj
a � ⇢qa � 0 (4.84)

µqi
a , ⇢

q
a � 0 8i 2 Rq

a, i /2 K?(x̂), i 6= s(q) (4.85)

Observe that Constraints (4.81), (4.83) and (4.84) can be combined as ⇢max �
⇢qa � ⇢min, where ⇢max = f q

phevd
qj
a and ⇢min = max{f q

phevd
qs(q)
a , max

i2Rq

a

\K?(x̂),i 6=j,i 6=s(q)
f q
phevd

qi
a }.

The model is then:

x̄jf
q
phevd

qj
a + minimize

X

i2Rq

a

\s(q)
i/2K?(x̂)

x̄iµ
qi
a + (1� x̄j)⇢

q
a (4.86)

subject to

µqi
a + ⇢qa � f q

phevd
qi
a 8i 2 Rq

a, 8i /2 K?(x̂), i 6= s(q), i 6= j (4.87)

⇢max � ⇢qa � ⇢min (4.88)

µqi
a � 0 8i 2 Rq

a, i /2 K?(x̂), i 6= s(q) (4.89)
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In this model, we can determine the optimal µ values once we know the optimal

value of ⇢. At this point, note that the set of values that ⇢ can assume are

from the set Sq
a = {⇢min, ⇢max} [ {f q

phevd
qi
a : ⇢min  f q

phevd
qi
a  ⇢max and i 2

Rq
a, 8i /2 K?(x̂), i 6= s(q), i 6= j}. Any other possible value for the ⇢ variable would

either be suboptimal or infeasible. Thus, the following solution is optimal for

MW phev
qa (µ, ⇢|x̂, x̄).

⇢qa = argmin�2Sq

a

⇣ X

i2Rq

a

\s(q)
i/2K?(x̂)

�
x̄i max{0, f q

phevd
qi
a � �}

�
+ (1� x̄j)�

⌘
(4.90)

µqi
a = max{0, f q

phevd
qi
a � ⇢qa} (4.91)

Observe that the solution given in Proposition 7, are the solutions of the models

given in the above cases. This completes the proof.

Remark 3. In a regular MW framework, two di↵erent LP problems are needed to

be solved for every subproblem, one to obtain the optimal value of the the subprob-

lem, and one for the MW problem. However, in our particular case, we are able

to construct the primal subproblem solution, the dual subproblem solution and a

Pareto-optimal cut directly, without any need to build an LP.

4.4 Computational Study

In this section, we present performance analyses of the HCSLM model and the BD

algorithm with three di↵erent cut selection schemes. Note that in all three decom-

position implementations, we only construct one search tree, and solve the master

problem using branch and cut method. In order to compare the computational

performances of the solution techniques, computational studies are carried out on

two datasets. The first one, shown in Figure 4.1, is a 25-node dataset commonly

used in the literature [34, 130, 226]. A second dataset is a real-world representa-

tion of the California (CA) road network as presented in Figure 4.2 [48, 125]. The
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data related to network specifications are presented in Table 4.1.

Table 4.1: Road network features
node degree

network #nodes # OD pair nodes #edges min max mean
25-node 25 300 86 1 6 3.36

California (CA) 339 1167 1234 1 7 3.64

All of the instances are run on a desktop computer with 3.16GHz 2xDuo CPU,

2.00GB RAM. The algorithms are implemented using Java and CPLEX 12.5 [227]

with Concert Technology.

4.4.1 25-node Road Network

In the 25-node road network, all nodes are assumed to be origin and destination

nodes similar to previous studies. Following the convention in the literature, we

assume that the demand between OD pairs is directly proportional with the pop-

ulations of the origin and the destination nodes, and inversely proportional with

the distance between the OD pair, and the calculation of the vehicle flow is due to

gravity model by Hodgson [226]. The ranges considered in the 25-node network in

previous studies are 4, 8, and 12. Since we can handle multiple vehicle types in the

same problem, we consider EVs and PHEVs with ranges 4, 8 and 12 for every OD

pair with equal flows as attained from the gravity model. With these settings, we

solved the problem using the BD algorithm with singlecut, multicut and Pareto-

optimal cut generation schemes. The p value range is from 1 to 25. The results

are presented in Table 4.2. In the table, the second column represents the optimal

solution value. We express this value as the percentage of covered distance with

respect to the total coverable distance. Total coverable distance is defined as the

di↵erence in the objective function value of the HCSLM model when a charging

station is located at all of the nodes in the network and when no charging station

is located in the network. Corresponding to each of the three solution methods,

there are seven columns. # Subproblems shows the number of subproblems solved,
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Figure 4.1: 25-node road network

Figure 4.2: California state road network
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# Cuts is the total number of cuts added, Preprocessing Time, Master Sol.Time

and Subp.Sol.Time show the preprocessing time, master problem solution time

and the subproblem solution time, respectively. Avg.Subp.Sol.Time is the average

solution time of a single subproblem, found by dividing the Subp.Sol.Time by the

# Subproblems. Total Sol.Time column is the total running time, which equals to

the summation of preprocessing, subproblem and master problem solution times.

There are some critical insights regarding the nature of the solution techniques.

BD algorithm with singlecut implementation generally solves the most number of

subproblems while the multicut implementation requires to solve the least number

of subproblems to arrive at the optimal solution. However, the number of cuts

added to the master problem is far more in multicut implementation than the

other two cut implementations. The Pareto-optimal cut implementation solves

more subproblems than the multicut, but the cuts added are far less in number.

On the average, the Pareto-optimal cut generation scheme solves the problems

faster than the other two cut generation techniques. As it will be apparent in the

following parts, similar line of results can be observed in larger sized networks.
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4.4.2 California Road Network

CA dataset is a real world representation of the California road network with 339

nodes and 1234 arcs. 57 centers with a population of 50,000 or above are selected

as the origin and destination nodes. Similar to Yıldız et al. [125], we consider all

pairings of these nodes with a 30 miles or more distance in between. There are

1167 such pairings as presented in Table 4.1. As done in the 25-node network case,

the vehicle flows between pairings are calculated using the gravity model [226].

Related to EV and PHEV sales numbers, Center for Sustainable Energy [140] re-

ports new-vehicle rebates on behalf of the California Air Resource Boards Clean Ve-

hicle Rebate Project (CVRP). We can extract EV and PHEV sales versus brands,

and obtain Tables 4.3 and 4.4. The tables show the EV and PHEV sales in Cal-

ifornia state for vehicles with di↵erent ranges, respectively. 25.43% of the total

EV sales have an extended range of 426 kilometers (265 miles), and 45.13% of

the PHEVs have a range of 61 kilometers (38 miles). Therefore, we have 6 copies

for each of the 1167 OD pairs, three of them representing the EVs with di↵erent

ranges, and the remaining three representing the PHEVs with di↵erent ranges.

Table 4.3: EV sales

Designator Range (km) Percentage in total EV sales (%)
EV-1 426 25.43
EV-2 142 19.58
EV-3 132 54.99

Table 4.4: PHEV sales

Designator Range (km) Percentage in total PHEV sales (%)
PHEV-1 61 45.13
PHEV-2 32 20.46
PHEV-3 19 34.41
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Table 4.6: Summary of computational results
Parameter HCSLM Singlecut Multicut Pareto-optimal
Avg. # Subproblems - 1148.57 7.32 43.96
Avg. # Cuts - 1131.29 89871.18 32.79
Avg. Prep. Sol.Time (s) - 3.03 6.12 3.47
Avg. Master Sol.Time (s) - 786.81 56.43 0.70
Avg. Subp. Sol.Time (s) - 821.05 194.31 53.21
Avg. Subp. Sol. Time (s) - 0.71 26.91 1.14
Avg. Total Sol. Time (s) 874.38 >1610.88 256.87 57.38

Regarding the solution of the California road network instances, the results are

presented in Table 4.5. We present the results for the problem instances ranging

from p = 1, through p = 20 with increments of one. After 20 charging stations

where the coverage reaches to 94.49%, we increased p by 10, through 100, where the

coverage reaches to 100.00%. Optimal solutions could be obtained by the HCSLM

model and the BD algorithm with multicut and Pareto-optimal cut implementa-

tions. However singlecut implementation terminated with an optimality gap of less

than %0.51 for p = 16 to p = 70 within an hour time-limit. The multicut imple-

mentation solution time is much smaller than singlecut implementation, however,

it performs worse than the HCSLM model for instances with p = 50 to p = 90.

Also note that the number of cuts added are, on the average, 89871.18 (Table

4.6). The results indicate that the number of subproblems and the solution time

of the Pareto-optimal cut implementation do not get overwhelmed for increasing

values of p. As seen in Table 4.6, the average number of subproblems is 43.96

with an average solution time of less than one minute, which is on the average

15 times faster than the HCSLM model. Our BD algorithm with Pareto-optimal

cut construction performs much faster than the HCSLM model and the other two

cut construction techniques especially for smaller p values. The average speedup

is nearly 30 times for p  20. For greater p values, the runtime of the HCSLM

model also decreases and gets closer to the runtimes of the Pareto-optimal cut

implementation of the BD algorithm. It is worth noting that even though Benders

Decomposition algorithm is mostly used with the objective of solving problems of
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larger sizes rather than e�ciency concerns, our implementation not only guaran-

tees larger problem sizes (due to decomposition) but also presents promising results

for the solution time reduction as well. To confirm this assertion, we also doubled

the EV and PHEV demands for the CA network. That is, we consider 12 copies of

demand for each OD pair rather than 6. In that case, the results of Pareto-optimal

cut implementation are presented in Table 4.7. The HCSLM model cannot even

write the problem into the memory and results in out-of-memory error for every

instance. However, Benders Decomposition algorithm does not explicitly create

all the variables in the solution and continues to solve these large-scale instances

within reasonable runtimes. Duplicating the demand does not change the number

of binary variables in the HCSLM problem, however the increase in the number of

variables (namely the y and z variables) is drastic. Thus, the HCSLM model fails

to solve the problem. For the BD algorithm, the subproblem solutions and the

cuts are constructed in closed form, and this reduces the requirement for extensive

memory.

Table 4.8 lists the optimal charging station locations for p = 1 through 20.

The first column shows the p value. For a given row, an ‘⇥’ sign shows that the

corresponding node, as depicted in Figure 4.3, is selected. For example, for p =

4, nodes 2, 3, 5 and 6 are the optimal locations of the charging stations. Observe

that the optimal locations of the charging stations are robust in the sense that

a node appearing in one solution shows up again in several di↵erent forthcoming

solutions with increasing p values.

If a node does not show up again, it is generally substituted by other nodes.

For instance, node 1 shows up in most of the optimal solutions for p = 1 through

9. Then, nodes 12 and 13 start showing up in the optimal solutions for p = 10 and

onwards. Looking at Figure 4.3, we observe that these nodes are geographically

right next to each other. The same is also true for di↵erent node combinations as

well. In particular,

• Node 1 leaves and nodes 12 and 13 enter the optimal solution set.
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Table 4.7: California road network results with demand doubled

Problem Pareto-optimal cut implementation
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1 40.84 3 9.85 0.14 75.95 25.32 85.94
2 59.04 8 9.88 0.12 224.42 28.05 234.43
3 66.38 12 9.89 0.13 360.94 30.08 370.96
4 70.27 18 9.88 0.15 578.17 32.12 588.19
5 73.64 24 9.89 0.16 861.42 35.89 871.47
6 76.92 20 9.87 0.15 713.06 35.65 723.09
7 79.47 28 9.90 0.16 1064.44 38.02 1074.50
8 82.02 35 9.89 0.20 1421.13 40.60 1431.22
9 84.27 22 9.90 0.17 876.52 39.84 886.60
10 86.02 28 9.88 0.21 1138.07 40.65 1148.15
11 87.58 24 9.90 0.18 974.51 40.60 984.58
12 89.10 30 9.90 0.22 1275.83 42.53 1285.95
13 90.30 30 9.88 0.17 1244.35 41.48 1254.40
14 91.28 29 9.90 0.18 1209.51 41.71 1219.60
15 91.94 33 9.91 0.19 1422.25 43.10 1432.35
16 92.53 35 9.90 0.37 1523.78 43.54 1534.05
17 93.07 49 9.88 0.24 2210.21 45.11 2220.32
18 93.58 48 9.89 0.41 2197.71 45.79 2208.01
19 94.05 53 9.88 0.34 2429.80 45.85 2440.02
20 94.49 60 9.88 0.32 2866.34 47.77 2876.54
30 97.19 79 9.88 1.28 4000.15 50.63 4011.31
40 98.57 86 9.90 3.83 4545.76 52.86 4559.48
50 99.31 101 9.89 6.66 5388.40 53.35 5404.95
60 99.74 99 9.90 7.06 5317.02 53.71 5333.98
70 99.93 83 9.89 0.60 4411.93 53.16 4422.42
80 99.97 65 9.88 0.42 3427.71 52.73 3438.01
90 99.98 46 9.88 0.31 2413.95 52.48 2424.14
100 100.00 43 9.88 0.20 2248.53 52.29 2258.61
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• Node 7 leaves and nodes 2 and 4 enter the optimal solution set.

• Node 8 leaves and nodes 16 and 17 enter the optimal solution set.

• Node 11 leaves and node 14 enters the optimal solution set.

• Node 14 leaves and node 11 reenters the optimal solution set.

For p = 20, all nodes shown in Figure 4.3 except 1, 7, 8 and 14 are selected

as charging station locations. These 4 nodes, as shown above, are substituted by

other nodes in the network.

Table 4.8: Optimal charging station locations for California road network
p 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

1 ⇥
2 ⇥ ⇥
3 ⇥ ⇥ ⇥
4 ⇥ ⇥ ⇥ ⇥
5 ⇥ ⇥ ⇥ ⇥ ⇥
6 ⇥ ⇥ ⇥ ⇥ ⇥ ⇥
7 ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥
8 ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥
9 ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥
10 ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥
11 ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥
12 ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥
13 ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥
14 ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥
15 ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥
16 ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥
17 ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥
18 ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥
19 ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥
20 ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥ ⇥

The initial charging stations start showing up in the middle regions of the state

on the highway nodes. Then, the selected nodes start spreading over to north and

to the south of the initially selected node. The first 7 charging stations gradually

cover the highway nodes to connect the northern cities to the southern cities. The

8th charging station node connects Los Angeles to San Diego. Similarly, the 9th

selected node connects San Fransisco to Sacramento. According to the results,

initially connecting the northern region to the southern region is critical.
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Figure 4.3: Optimal charging station locations for California road network

107



4.5 Summary

Potential environmental benefits of alternative fuel vehicles (AFVs) such as electric

vehicles (EVs) and plug-in hybrid electric vehicles (PHEVs) are widely discussed in

the existing literature. Maximizing the vehicle flow might be tricky when it comes

to maximizing the environmental benefits, because hybrid vehicles can drive on

both regular gasoline and alternative forms of fuels. Even though they are not

considered in location decisions, they also widely contribute to the environmental

benefits and maximal utilization of alternative-fuels need to be considered as well.

Maximizing the electricity usage in transportation is also equivalent to minimizing

the total cost under the current cost structure between the electricity and the

gasoline.

To this end, we present the hybrid charging station location problem (HCSLP)

as an extension of the flow refueling location problem (FRLP). Di↵erent than pre-

vious studies, we consider hybrid vehicles in addition to single-type fueled vehicles

when locating the charging stations. Rather than considering solely the vehicle

flows, our objective is to maximize the exploitation of the alternative fuels. With

this green viewpoint, we maximize the environmental benefits.

Additionally considering the PHEVs beside EVs complicate the already-di�cult

FRLP problem. In particular, we deal with this challenge by proposing an e↵ective

Benders Decomposition technique. Using the special structure of the formulation,

we are able to construct subproblem solutions and associated cuts without the need

to build and solve LPs. Furthermore, we can cleverly ‘pick’ the Pareto-optimal

cuts among several alternative cuts. We tested alternative cut construction tech-

niques and results indicate that Pareto-optimal cut generation e↵ectively decreases

the solution times in orders of magnitude. Computational studies show that the

Benders Algorithm is capable to solve realistic-sized road network instances.

The scope of our problem and algorithm is not limited with PHEVs. It can

easily be adapted for all types of hybrid vehicles with minor modifications. Future
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research in this area can be directed towards considering capacities of the stations.

As the number of EVs and PHEVs increase, the capacities of the stations may

arise as a critical factor. Furthermore, considering the deviations of the drivers

from the shortest paths might be another research direction.

In a di↵erent context, we approach the energy management problem in PHEV-

penetrated electricity networks in the following chapter.
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Chapter 5

Virtual Power Plant Formation in

PHEV-penetrated Networks4

5.1 Problem Definition

Not only the drivers but also the infrastructure are a↵ected by the introduction

of PHEVs into the transportation system, but also the electricity network needs

to adapt itself to this new technology. In this context, our problem is the energy

management of a VPP in a PHEV-penetrated network. We assume that a group

of people come together to form the VPP in order to minimize the cumulative cost

and to benefit from the economies of scale. In the present setting, this group is

obtaining electricity from the national grid with respect to di↵erent tari↵s. With

the VPP formation, they will become eligible to attain energy from a di↵erent set

of EPs for potential cost reduction. In this context, there are a number of EPs,

including, but not limited to, photovoltaic units, solar and wind farms, fuel cells,

hydrogen fuel cells, biomass units and the national grid. The cost for obtaining

4An extended version of this chapter is authored by Okan Arslan and Oya Ekin Karaşan and
is published in Energy, 60(0): 116-124, 2013 [69].
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energy from EPs varies through time. Each EP has an e�ciency percentage and

a minimum and a maximum power limit. The VPP is responsible for obtaining

the required level of energy from the EPs and delivering the energy to a set of

consumers with TE and TIE loads. If required, the VPP can also obtain energy

from PHEV batteries by discharging them. Preemption (job splitting) is allowed

for PHEV battery charging. The PHEV battery has a charging e�ciency, which

is the percentage of the provided energy that it can actually store. Similarly, the

discharge e�ciency is the percentage of the energy that it can provide to the VPP

from the energy stored in its batteries. Each PHEV has an initial level of charge;

and it charges, discharges and consumes energy throughout the day. PHEVs need

a minimum level of energy and the battery charge level cannot go below this level.

A PHEV travels in a charge-depleting (CD) mode as long as the state-of-charge

of the battery is above the minimum level, and switches to a charge-sustaining

(CS) mode, traveling using gasoline, once the battery reaches the minimum charge

level.

Charge and discharge scheduling is a shared decision between the PHEV owner

and the VPP. The PHEV owner decides when to connect, how long the connection

will last and the mileage to be traveled in each trip. The VPP is responsible for

charge and discharge scheduling decisions and it provides the energy for the PHEV,

taking into account the gasoline and electricity generation costs. The VPP achieves

this responsibility by dispatching the EPs as necessary.

5.2 Modeling the Problem

This section is made up of two subsections: the first introduces the VPP energy

management model, and the second deals with the battery degradation cost mod-

eling.
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5.2.1 VPP Energy Management Model

The objective of the VPP energy management model is to minimize the total cost

of energy in order to satisfy the loads and to generate the charging and discharging

schedules of the PHEVs. The parameters and the variables to be used are presented

below:

• Parameters

V, U, T : Set of PHEVs, EPs and time periods

Iv,t : 1 if PHEV v is available for charging during period t, and 0 otherwise

lTIE
t : Energy demand to meet the TIE loads during period t (kWh)

Gu,t, Gu,t : Maximum and minimum energy supply by EP u during period t,

respectively (kWh)

P v, P v : Battery maximum and minimum energy capacity of PHEV v,

respectively (kWh)

P0v : Initial energy stored in battery of PHEV v (kWh)

⇢+v , ⇢
�
v : Total energy transferable to/from PHEV v during one time period,

respectively (kWh)

⌧+u , ⌧
�
u : Minimum up and down times of EP u

⌘EP
u : E�ciency of EP u due to plant side and transformer losses

⌘+v , ⌘
�
v : Battery charge and discharge e�ciency of PHEV v, respectively

cEP
u,t : Price of obtaining energy from EP u during period t (paid by VPP to

EPs)(¢/kWh)

cgast : Price of gasoline during period t (¢/gallon)
csv : Average gasoline usage of PHEV v (gallon/mile)

dtotalv,t : Total travel distance during period t by PHEV v (miles)

Ev : Energy required to run PHEV v on electricity for one mile (kWh)

• V ariables
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eEP
u,t : Energy supply by EP u during period t (kWh)

ePHEV
v,t : Battery energy level of PHEV v at the end of period t (kWh)

e+v,t, e
�
v,t : Energy transferred to/from PHEV v during period t (kWh)

'v,t : 1 if PHEV v is charged during period t, 0 otherwise

dCD
v,t , d

CS
v,t : Travel distance in charge-depleting (CD) and charge-sustaining

(CS) mode during period t by PHEV v, respectively (miles)

Ereq
v,t : Required energy for PHEV v during period t (kWh)

�v,t : Depth of Discharge (DoD) for PHEV v during period t

cbat(�) : Expected battery replacement cost as a function of DoD

ou,t, su,t, zu,t : 1 if EP u is online, started up or shut down respectively in period

t, 0 otherwise

rv,t : The cost variable of battery deterioration of PHEV v at period t,

(used in battery degradation cost function modeling)

The cost minimization model is as follows:

minimize
X

t2T

"
X

u2U

cEP
u,t ⇥ eEP

u,t +
X

u2U

cSUu ⇥ su,t+

X

v2V

⇣
cgast ⇥ csv ⇥ dCS

v,t +
⇥
cbat(�v,t)� cbat(�v,t�1)

⇤+⌘
#

(5.1)

subject to

P v  ePHEV
v,t  P v; 8v 2 V, 8t 2 T (5.2)

ePHEV
v,t = ePHEV

v,t�1 + ⌘+v ⇥ e+v,t �
1

⌘�v
⇥ e�v,t � Ereq

v,t ; 8v 2 V, 8t 2 T (5.3)

ePHEV
v,0 = P0v; 8v 2 V (5.4)

e+v,t  ⇢+v ⇥ Iv,t ⇥ 'v,t; 8v 2 V, 8t 2 T (5.5)

e�v,t  ⇢�v ⇥ Iv,t ⇥ (1� 'v,t); 8v 2 V, 8t 2 T (5.6)

dCD
v,t  dtotalv,t ; 8v 2 V, 8t 2 T (5.7)

dCD
v,t 

(ePHEV
v,t�1 � P v)

Ev

; 8v 2 V, 8t 2 T (5.8)
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dCS
v,t = dtotalv,t � dCD

v,t ; 8v 2 V, 8t 2 T (5.9)

Ereq
v,t = dCD

v,t ⇥ Ev; 8v 2 V, 8t 2 T (5.10)

�v,t = 1�
ePHEV
v,t

P v

; 8v 2 V, 8t 2 T (5.11)

X

u2U

⌘EP
u ⇥ eEP

u,t +
X

v2V

e�v,t =
X

v2V

e+v,t + lTIE
t ; 8t 2 T (5.12)

ou,t ⇥Gu,t  eEP
u,t  ou,t ⇥Gu,t; 8u 2 U, 8t 2 T (5.13)

ou,t � ou,t�1 = su,t + zu,t; 8u 2 U, 8t 2 T (5.14)
X

y=t�⌧+
u

su,y  ou,t; 8u 2 U, 8t 2 T (5.15)

X

y=t�⌧�
u

zu,y  1� ou,t; 8u 2 U, 8t 2 T (5.16)

'v,t, ou,t, su,t, zu,t 2 {0, 1}; 8u 2 U, 8v 2 V, 8t 2 T (5.17)

eEP
u,t , e

PHEV
v,t , e+v,t, e

�
v,t, E

req
v,t , d

CD
v,t , d

CS
v,t , �v,t � 0; 8t 2 T, 8v 2 V, 8u 2 U (5.18)

The objective function minimizes the cost of satisfying the residential loads

and PHEV travel requirements. The cost components are: cost of energy gener-

ation, startup costs of EPs, gasoline prices and battery degradation cost which is

a function of depth of discharge (DoD). Details of this function are presented in

the following subsection. Constraints (5.2)-(5.11) are related to PHEVs. (5.2) en-

forces the minimum and maximum charge limits for each PHEV. (5.3) is the PHEV

battery storage balance equation between periods. If the battery is charged (dis-

charged), the stored energy level in the battery in the following period is increased

(decreased) accordingly. (5.4) sets the initial battery level of each PHEV. (5.5)

and (5.6) jointly ensure that charging and discharging do not occur simultane-

ously in each period and that either can only occur when the PHEV is connected

to the grid. (5.7) and (5.8) together force the distance traveled in CD mode to

be the minimum of the ‘actual trip distance’ and ‘possible travel distance with

the available energy left in the PHEV battery’. (5.9) sets the CS mode travel dis-

tance. (5.10) calculates the energy required to travel the trip distance and (5.11)
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calculates the DoD for each period. Constraints (5.12)-(5.16) are related to EPs.

(5.12) is the energy balance equation. The sum of the total energy obtained from

EPs and the discharged energy from the batteries equals the supplied energy for

the PHEVs and the TIE loads. (5.13) ensures that the minimum and maximum

capacities of each EP are met, and forces the binary variable ou,t to take value 1

if energy is generated by EP u in period t. (5.14) sets the startup and shutdown

binary variables to correct values. Constraints (5.15) and (5.16) enforce the mini-

mum and maximum up and down times of EPs. Finally, (5.17) defines the binary

variables and (5.18) forces the non-negativity on the variables.

Proposition 8. In an optimal solution of the VPP Energy Management Model,

simultaneous charging and discharging do not occur for any PHEV in any period

when the binary variable 'v,t is omitted from the formulation.

Proof. Assume that charging and discharging simultaneously occur for PHEV w

during period p in an optimal solution of the above formulation when the binary

variable 'v,t is omitted. Let e+w,p = a > 0 and e�w,p = b > 0 . Then the VPP

supplies a units of energy for the PHEV w and receives b units of energy from the

PHEV w. Therefore, the net energy generation required is a � b units. On the

other hand, due to the charging and discharging e�ciencies of the PHEV w, it

actually stores ⌘+w ⇥ a units of energy and loses 1
⌘�
w

⇥ b units of energy back to the

VPP. Then, the net energy stored in the PHEV w battery is c := ⌘+w ⇥ a� 1
⌘�
w

⇥ b.

But c units of energy could be directly provided by only charging 1
⌘+
w

⇥ c units

of energy, which is equal to a � 1
(⌘+

w

⇥⌘�
w

)
⇥ b. Since ⌘+w < 1 and ⌘�w < 1, we have

1
⌘+
w

⇥ c < a� b. Thus, the same level of storage for the battery of PHEV w during

period p could be achieved by generating less energy, which means less cost. This

contradicts that the solution with simultaneous charging and discharging is the

optimal (i.e., the least-cost) solution.

In other words, because the batteries are not 100% e�cient when charging or

discharging, it is less costly to charge the required energy directly rather than first

charging more energy and then discharging the batteries. Note the non-restrictive
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underlying assumption that the more energy obtained from EPs, the more cost

the VPP incurs. As a result of this theorem, binary variable 'v,t can be omitted

from the energy management model.

Solving the above model gives the least cost that can be achieved by the VPP.

Observe that if we solve the model for only a given vehicle v by taking into account

the grid as the single EP, then we obtain the least cost of this PHEV for traveling

the desired trip mileage if it was in the national grid domain.

5.2.2 Modeling the Battery Degradation Cost

In order to model the battery degradation cost, we follow a similar methodology

to that of Sioshansi and Denholm [228]. The battery of the PHEV has a limited

lifespan and it deteriorates through usage. Therefore discharging or depleting the

battery shortens its life; and after enough many times, the battery needs to be

replaced. Therefore the VPP incurs a cost each time a battery is used. The

lifetime of a PHEV battery is inversely proportional with the DoD [229] as shown

in Figure 5.1.

Therefore, the more the energy is discharged, the less the lifespan of the battery

is; and this implies more cost for deeper discharging. The nonlinearity in the bat-

tery deterioration cost as a function of DoD can be approximated with a piecewise

linear function. An example battery degradation function for a battery that costs

$4189 is depicted in Figure 5.2. Approximations by a linear function and a 2-piece

piecewise linear function are also depicted in this figure.

To handle the linearization of the battery degradation cost function, we adopted

the methodology presented in Nemhauser and Wolsey [230]. Consider a piecewise

linear function with K pieces and let aiv be the DoD values at the break points,

and cbat(aiv) be the function values evaluated at each aiv for i 2 {1, . . . , K}. Let

rv,t = [cbat(�v,t)�cbat(�v,t�1)]+ be the cost variable of battery deterioration of PHEV

116



Figure 5.1: Cycle life of PHEV batteries as a function of DoD

v at period t; and ⇡i
v,t and hv,t be the auxiliary variables used in linearization. Then,

in order to deal with [cbat(�v,t) � cbat(�v,t�1)]+ term, we incorporate the following

integer linear program into our model:

minimize
X

t2T

X

v2V

rv,t (5.19)

subject to

rv,t �
KX

i=1

⇡i
v,t ⇥ cbat(aiv)�

KX

i=1

⇡i
v,t�1 ⇥ cbat(aiv); 8v 2 V, 8t 2 T (5.20)

rv,t � 0; 8v 2 V, 8t 2 T (5.21)

�v,t =
KX

i=1

⇡i
v,t ⇥ aiv; 8v 2 V, 8t 2 T (5.22)

⇡1
v,t  h1

v,t; 8v 2 V, 8t 2 T (5.23)

⇡i
v,t  hi

v,t + hi�1
v,t ; 8v 2 V, 8t 2 T, i = 2, ..., K � 1 (5.24)

⇡K
v,t  hK�1

v,t ; 8v 2 V, 8t 2 T (5.25)
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Figure 5.2: Battery degradation cost function and approximating functions

KX

i=1

⇡i
v,t = 1; 8v 2 V, 8t 2 T (5.26)

K�1X

i=1

hi
v,t = 1; 8v 2 V, 8t 2 T (5.27)

⇡i
v,t � 0; 8v 2 V, 8t 2 T (5.28)

hi
v,t 2 {0, 1}; 8v 2 V, 8t 2 T, i = 1, ..., K � 1 (5.29)

If
P

t2T
P

v2V [c
bat(�v,t)�cbat(�v,t�1)]+ term in the objective function of the VPP

energy management model is replaced with
P

t2T
P

v2V rv,t, and constraints (5.20)-

(5.29) are appended to (5.2)-(5.18), we obtain an MILP for the energy management

problem. The higher the number of the pieces, the better the approximation is of

the nonlinear form.
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5.3 Case Study

Our research aim is to analyze the cost and emission impacts of VPP formation in

PHEV-penetrated networks. In order to achieve this goal, we consider a group of

people forming a VPP in the state of California. We compare the cost and emission

values to the case when the group members obtain energy from the national grid

with respect to the individually optimized tari↵s. This way, we are able to measure

the value of VPP formation. Furthermore, we consider the VPP formation with

and without PHEVs so that we evaluate the value of PHEVs in this formation.

We also carry out sensitivity analyses on the gasoline prices, battery prices, energy

prices and generation capacities.

5.3.1 Data

We gathered travel patterns, electricity consumption and pricing data for the state

of California. The travel data is based on the U.S. Department of Transportation’s

National Household Travel Survey [231]. We include 26,408 trips, made by 213

compact cars, mid-size cars, large cars and small SUVs in an urban area in the

case study. Using this data, we study a hypothetical VPP that serves 574 houses

with 213 PHEVs. The data is regarded as a representation of driving patterns for

30 generic days, which accounts to 4.132 di↵erent trips daily for each PHEV. The

gasoline prices for 30 days are assumed to vary between $3.037 and $3.059. Actual
trip distances (dtotalv,t ) are extracted from the trip data. We assume that all PHEVs

and houses are in the VPP’s area of responsibility and that the electricity demand

of the houses and PHEVs is controlled by the VPP.

Hourly electricity demand per household for TIE loads is obtained from Pacific

Gas and Electric Company (PG&E) [232] for 30 days. Hourly TIE load data is

multiplied by 574 to obtain the TIE load data (lTIE
t ). The hourly TIE load for

each of the 30 days changes between the minimum and maximum limits, as shown
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in Figure 5.3. The peak power is 0.967 MW.
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Figure 5.3: Hourly maximum and minimum TIE load data

A day is represented by 24 hourly periods. Similar to previous studies, including

[178], PHEVs that are available for a whole hour are regarded as available for

charging, and Iv,t is set to 1. Average number of PHEVs on road for each time

period is shown in Figure 5.4.
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Figure 5.4: Average number of PHEVs on road versus time periods

Table 5.1 lists the energy requirements per mile (Ev), battery capacities (P v),

battery costs, and the mileage that can be travelled per gallon of gasoline (MPG) in

CS mode for each type of vehicle. Ev values are estimated by the Pacific Northwest

National Laboratory [233]. We calculate the average gasoline usage of a PHEV

(csv) as the reciprocal of MPG. The minimum battery storage level (P v) and the

initial energy stored in batteries (P0v) are assumed to be 10% and 30% of their
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capacities, respectively. Charging and discharging e�ciencies of the batteries (⌘+v
and ⌘�v ) are 90%. The charge and discharge limits per period (⇢+v and ⇢�v ) are

taken as 2.4 kW for all PHEVs.

Table 5.1: Vehicle type specifications
Vehicle Energy Requirement Battery Battery MPG
Class [kWh/mile] Capacity [kWh] Cost [$] in CS-mode

Compact 0.26 8.6 3178 30.2
Mid-Size 0.30 9.9 3377 26.4
Large 0.38 12.5 3776 20.6

Small SUV 0.46 15.2 4189 18

The battery costs shown in Table 5.1 are estimated using the BatPaC 2.1© tool

by Argonne National Laboratory [234] and they are used to estimate the expected

battery replacement cost function (cbat(�)) of the batteries. At this point, we note

that the expected battery replacement cost functions for each vehicle type for the

DoD values between 0 and 1 can be approximated by a single linear function or

2-piece linear function (See Figure 5.2). Solving our model for 30 days with both

linear and piecewise linear models, we observe no statistically significant di↵erences

in results, but longer solution times for piecewise linear models. Thus, we assume

a linear model in the subsequent experimentations in this study.

Thirty-four EPs are included in the case study. The data pertaining to EPs is

extracted from the California Energy Comission DER Guide [235] and the Com-

parative Costs of California Central Station Electricity Generation Report [236]

and is shown in Table 5.2 (Gu,t, cEP
u,t and ⌘EP

u ). For simplicity of the presentation,

the minimum and maximum limits of all EPs are assumed to be time invariant.

However, our model is capable of handling time-variant data provided that proper

data is attainable. The minimum limit (Gu,t) is assumed to be 5 kWh for all

EPs, and the minimum up and down times are assumed to be one period for each

EP. The VPP can also obtain energy from the national grid if the capacity of

the existing EPs is not enough to satisfy the demand load. The startup costs for
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non-dispatchable units such as wind turbines are simply zero. We assume that the

startup cost for dispatchable EPs is the cost of running the unit at full power for

an hour.

Table 5.2: EP data
DER Type Number of Maximum Limit Price EP E�ciency

Units [kWh] [¢/kWh] [%]

Microturbine 2 50 24.43 95.8
Photovoltaics 7 25 26.22 76.0
Wind Turbine 8 50 7.24 99.9

Biomass 5 28 10.83 93.0
Fuel Cell 3 50 26.65 85.0

Small Hydro 5 15 8.65 87.0
Geothermal 4 15 8.31 90.0

We consider 4 di↵erent residential tari↵ structures of PG&E [237]: E1, E6, E7

and E9, from which the consumers can select if they individually obtain energy

from the national grid. The tari↵ structures are presented in Figure 5.5. E1 is a

fixed pricing throughout the day, E6, E7 and E9 are di↵erent time-of-use (ToU)

tari↵s, in which consumers are charged with respect to the time of the day.

Figure 5.5: E1, E6, E7 and E9 tari↵s of PG&E

Conventional (gasoline powered) vehicles and EPs emit nitrogen oxides (NOx)

and carbon dioxide (CO2), both of which are hazardous to human health and

detrimental to nature. The CO2 and NOx emission data in Table 5.3 is obtained
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from U.S. DOE Energy E�ciency and Renewable Energy (EERE) [238, 239] and

U.S. Environmental Protection Agency [240]. Photovoltaics, wind turbine, small

hydro and geothermal are assumed to have insignificant/zero amounts of emission.

Table 5.3: Emission data
Technology CO2 NOx Unit
Microturbine 539.8 0.2223

grams/kWh
Biomass 0 0.034
Fuel Cell 385.6 0.0068

Grid (average) 544.3 2.267
Compact car 291.0 0.07
Mid-size car 335.0 0.07 grams/mile
Large car 395.0 0.07 (in CS mode)
Small SUV 480.0 0.07

We solve the VPP Energy Scheduling Model with di↵erent settings. The model

under consideration has 60,125 (2,625 binary) variables and 118,486 constraints.

We solve the models using IBM’s ILOG CPLEX 12.5 Optimization Studio® on a

computer with 2.00 GHz dual-core processor and 2.00 GB RAM.

5.3.2 Value of VPP and PHEVs

We consider 5 scenarios presented in Table 5.4. In the 1st scenario, all of the vehi-

cles are considered to be running on gasoline, and the grid supplies energy for the

residential loads. The consumers choose one of the following tari↵s individually:

E1, E6, E7, or E9. We assume that they behave rationally and select the tari↵

that gives the least cost. In the 2nd scenario, the vehicles again run on gasoline;

but this time, the VPP manages the energy to minimize the total cost. For each of

the scenarios, we run the optimization model for 30 times with individualized data

pertaining to daily residential loads and driving profiles. The reported cost and

emission values are the averages of these 30 runs. The daily average cost in grid
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domain is $2720.4, which amounts to an average of $142.1 monthly bill per house.

The average cost in the VPP domain reduces to $2045.8 and the cost saving of

VPP formation is $674.6 per day; in other words, an average of $35 saving per

house in the monthly bill. Even though both scenarios supply the same level of

energy for the residential loads, the emission reduction is also drastic when the

VPP is formed, because of the fact that the average emission values of the grid

are much higher than those of renewable energy resources.

Table 5.4: Daily average cost and emission comparison of VPP and the grid
Scenario # Domain PHEV V2G Cost [$] CO2 [kg] NOx [kg]

1 Grid - - 2720.4 10226.8 33.6
2 VPP - - 2045.8 3217.7 4.5
3 Grid + - 2628.7 9648.2 38.0
4 VPP + - 1854.3 2031.3 6.3
5 VPP + + 1850.7 2042.4 6.4

When the PHEVs are introduced in 3rd and 4th scenarios, cost reduction is

attained in both domains, but the cost reduction is less in grid domain. Daily

average cost savings of VPP formation with respect to grid in PHEV-penetrated

network is $774.4, an average of 29.5% cost reduction. This amounts to $40.5
reduction in the monthly bill. Emission is again much less in the VPP domain

when compared with the grid domain. 79% CO2 and 83% NOx emission reductions

are attained as shared benefits of consumers in PHEV-penetrated networks.

PHEVs are running on electricity rather than gasoline in 3rd and 4th scenarios.

Hence, the electricity generation increases with respect to 1st and 2nd scenarios.

Because average electricity generation NOx emission is higher than the PHEV

NOx emission (see Table 5.3), NOx emission is increasing in both domains when

PHEVs are introduced to the network. Note that CO2 reduces in both VPP and

grid domains when PHEVs are introduced into the network.

Besides VPP and PHEVs, we also include the Vehicle-to-grid (V2G) capability

of the PHEV in the 5th scenario (Actually the technology is Vehicle-to-VPP in
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our case). Observe that the cost reduction is not statistically significant. This

is because the electricity cost reduction due to discharging is neutralized by the

increase in the battery degradation cost. Refer to Table 5.5 for the breakdown of

cost, distance and emission values. The energy generation is slightly more in the

5th scenario with respect to the 4th scenario due to charge and discharge cycles

and therefore the emissions increase with V2G accordingly. Though cost and

emission gains seem to be insignificant, Sioshansi and Denholm [228] show that

the spinning reserve cost reduction can be very rewarding in the grid domain when

V2G capability is included.

Table 5.5 lists daily average distance, cost and emission breakdowns for the

considered 19 scenarios. The daily average trip distance, 6463.6 miles for each

scenario, is traveled either in CS or CD mode. The cost values correspond to

the total of battery deterioration cost, electricity cost and gasoline cost. The

emissions are categorized by the source: tailpipe emissions (T.P.) and emissions

due to electricity generation by EPs (Gen.).

Table 5.5: Daily average generation, distance, cost and emission breakdowns
Scn. Generation Distance [miles] Costs [$] CO2 [kg] NO

x

[kg]
# [MW] CD CS Bat. Elec. Gas. T.P. Gen. T.P. Gen.

1 14.92 0 6463.5 0 1934.3 786.1 2268.7 7958.2 0.5 33.2
2 15.04 0 6463.5 0 1259.6 786.1 2268.7 949.0 0.5 4.0
3 16.73 4956.5 1507.0 227.5 2213.2 188.0 542.6 9105.6 0.1 37.9
4 16.92 4923.4 1540.2 226.0 1436.4 191.9 554 1477.4 0.1 6.2
5 16.95 4922.9 1540.6 241.8 1416.9 192.0 554.2 1488.2 0.1 6.2
6 15.08 1.1 6462.5 15.4 1238.6 386.6 2268.3 887.5 0.5 3.7
7 15.47 713.1 5750.4 54.1 1272.3 438.3 1934.4 923.1 0.4 3.9
8 16.91 4813.6 1649.9 236.8 1410.3 168.0 591.5 1466.9 0.1 6.2
9 16.95 4922.9 1540.6 241.8 1416.9 192.0 554.2 1488.2 0.1 6.2
10 16.96 4955.3 1508.2 244.9 1418.4 246.8 543 1495.4 0.1 6.3
11 16.95 4922.9 1540.6 241.8 1416.9 192.0 554.2 1488.2 0.1 6.2
12 16.96 4954.0 1509.5 175.0 1418.2 188.3 543.6 1497.5 0.1 6.3
13 16.96 4956.5 1507.0 105.1 1418.3 188.0 542.6 1499.6 0.1 6.3
14 17.08 4956.5 1507.0 0 1398.0 188.0 542.6 1678.4 0.1 7
15 16.95 4922.9 1540.6 241.8 1416.9 192.0 554.2 1488.2 0.1 6.2
16 22.78 4955.9 1507.6 227.8 792.8 188.1 542.8 589.3 0.1 1.6
17 22.75 4956.5 1507.0 227.5 543.0 188.0 542.6 623.4 0.1 0.7
18 16.95 4922.9 1540.6 241.8 1416.9 192.0 554.2 1488.2 0.1 6.2
19 22.75 4956.3 1507.3 227.5 1191.1 188.0 542.7 0 0.1 0
20 16.95 4887.6 1575.9 249.5 1422.9 196.3 566.5 1233.5 0.1 5.2
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5.3.3 Sensitivity to Gasoline Prices

In scenarios 6-10, the gasoline price changes between $1.5 and $4.0. Even though

the cost values in Table 5.6 change almost linearly with the gasoline prices, the

three cost components in Table 5.5 react di↵erently. As gasoline prices increase

from $1.5 to $4.0, the gasoline cost decreases from $386.6 to $246.8, the electricity
cost increases from $1238.6 to $1418.4 and the battery degradation cost increases

from $15.4 to $244.9. The reason is that when the gasoline prices increase, the

PHEV owners prefer to travel more on the CD mode. Observe that the decrease

in gasoline cost cannot compensate for the electricity and battery cost increases.

Therefore, the cost increases as gasoline prices increase.

The CD mode distances in 6th and 7th scenarios in Table 5.5 are much less than

the distances in 8th, 9th and 10th scenarios. Observe that there is a break-even

price between $2.0 and $2.5. For gasoline costs higher than the break-even price,

CD mode driving is more profitable than CS mode driving in almost every trip.

Note that this break-even price is specific only for this scenario and would change

in di↵erent combination of EPs and/or PHEVs.

Table 5.6: Sensitivity of daily average cost and emission to gasoline prices
Scenario # Gas Price [$] Cost [$] CO2 [kg] NOx [kg]

6 1.5 1640.6 3155.9 4.2
7 2.0 1764.7 2857.5 4.3
8 2.5 1815.1 2058.4 6.3
9 3.0 1850.7 2042.4 6.4
10 4.0 1910.0 2038.5 6.4

5.3.4 Sensitivity to Battery Prices

In scenarios 11-14, we analyze the e↵ect of the battery price change (Table 5.7).

In the 11th scenario, the battery prices for each PHEV type are as presented in
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Table 5.1. In the 12th and 13th scenarios, we assume a price reduction of $1000
and $2000 for each PHEV battery, respectively. In the 14th scenario, we simply

do not consider the battery prices to see how the results are a↵ected.

Table 5.7: Sensitivity of daily average cost and emission to battery prices
Scenario # Battery Price Change [$] Cost [$] CO2 [kg] NOx [kg]

11 0 (as is) 1850.7 2042.6 6.4
12 -1000 1781.6 2041.0 6.4
13 -2000 1711.4 2042.2 6.4
14 No battery cost 1586.0 2221.0 7.1

In the 12th and 13th scenarios, we benefit $69.1 and $139.3 battery degradation

cost reduction with respect to the 11th scenario, which amounts to $9.7 and $19.6
monthly cost reduction per PHEV. Note that the trip distances on CD and CS

modes in 13th and 14th scenarios are exactly the same in Table 5.5. Therefore one

would expect that the electricity generation costs need to be the same, since the

electricity requirements for both CD mode traveling and residential loads are the

same. But the electricity costs are not the same as seen in Table 5.5. The reason

is that, the battery has no cost in the 14th scenario. Therefore discharging occurs

more and this creates cost savings.

5.3.5 Sensitivity to Energy Prices

In the 15th, 16th and 17th scenarios, we consider di↵erent EP prices. 15th scenario

uses the pricing data presented in Table 5.2. 16th and 17th scenarios assume half

and one third of these prices for each EP (excluding the grid), respectively. Results

in Table 5.8 show that the VPP obtains the energy for cheaper with decreasing

prices, as expected. Note that the 15th and 16thscenarios have almost identical

CD mileages in Table 5.5. Thus, similar levels of electricity are generated in both

scenarios. However, the emission values di↵er significantly. The reason is that

when the prices decrease, more renewable EPs are used to generate the electricity,
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and the emissions reduce accordingly.

Table 5.8: Sensitivity of daily average cost and emission to DER prices
Scenario # DER Price Change [$] Cost [$] CO2 [kg] NOx [kg]

15 ⇥ 1 1850.7 2042.4 6.4
16 ⇥ 1/2 1208.8 1132.1 1.7
17 ⇥ 1/3 958.5 1166.0 0.8

5.3.6 Sensitivity to Generation Capacity

In this analysis, we consider doubling the EP capacities that are presented in Table

5.2. In the 19th scenario, capacity expansion results in more DERs being used to

generate the required energy. Thus the cost as well as emissions reduce accordingly.

When there is enough capacity of renewable EPs to satisfy the demand load, the

emission due to generation decreases to insignificant amounts, virtually zero as it

is in the 19th scenario (see Table 5.5).

Table 5.9: Sensitivity of daily average cost and emission to DER total capacity
Scenario # DER Capacity Change [$] Cost [$] CO2 [kg] NOx [kg]

18 ⇥ 1 1850.7 2042.4 6.4
19 ⇥ 2 1606.6 542.6 1.1

5.3.7 Sensitivity to Hourly Energy Availability

Though in our illustrative example, we took generation limits as time-invariant,

in reality, photovoltaics and wind turbines are technologies which by nature have

limitations throughout the day. In the 20th scenario, the wind follows a fore-

casted distribution within the day and photovoltaics are available depending on

the sun angle over the horizon. We have obtained the distribution of production

by photovoltaics and wind turbines from CAISO Renewables Watch [241]. The

128



photovoltaics generate electricity from 7 a.m. until 7 p.m. peaking at noon and

the average generation is 25 kWh. The wind generate energy throughout the day

peaking at midnight and the average generation is 50 kWh. Solving the energy

management model for 30 days, the average daily cost is $ 1868.62, the average

CO2 and NOx emissions are 1931.33 kg and 5.84 kg, respectively. With current set-

tings, the cost increases from the VPP scenario with V2G capability (5th scenario)

by $25.75 and average CO2 and NOx emissions decrease by 111.07 kg and 0.46 kg,

respectively. The increase in cost is due to the fact that wind turbines generate

less electricity in peak times and energy is provided from more expensive resources

instead. On the other hand, the discharging occurs more in peak times in order to

compensate for the energy production reduction by wind turbines. This, in turn,

reduce the emissions, since discharging leads to less energy being generated.

5.4 Summary

In this chapter, we consider a group of people forming a VPP in a PHEV-

penetrated electricity network in order to reduce total electricity spendings through

economies of scale. We assume that the VPP obtains energy from several renewable

energy resources. To compare the cases with and without VPP and/or PHEVs,

we first developed a new model that schedules the dispatch of EPs and the charg-

ing and discharging of PHEV batteries. Solving the model for several di↵erent

settings, we obtained insightful results.

First and the foremost, this chapter highlights the cost and emission benefits of

VPP formation and PHEV penetration into the network. Additionally, sensitivity

of these benefits to di↵erent changes in the system is analyzed. The results show

that the benefits of VPP formation can flourish if energy generation costs of re-

newable energy resources decrease or the capacities of the contracted EPs increase.

For the scenarios considered in this paper, an average of 29.5% cost reduction and

79% CO2 and 83% NOx emission reductions are attained as shared benefits of con-

sumers in PHEV-penetrated networks. The benefits of VPP formation are even
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more significant when PHEV battery costs decrease and uncertainty in gasoline

prices persists. Results are illustrative of opportunities that VPP formation can

provide for the community.

In addition, we show that charging and discharging do not simultaneously occur

in the solutions and hence the binary variables that are traditionally included in

energy management models can be excluded.

There are several challenges that the electricity market needs to tackle in the

near future including volatile prices, threats of supply shortages and capacity ex-

pansion requirements of the regular electricity grid with increasing population. In

the meantime, there are some real world applications of VPPs emerging all around

the world [143], which could be a fundamental solution to these challenges. To-

gether with the cost and emission benefits presented in this study, we expect that

the upward trend towards VPPs will continue, especially with the introduction of

new technologies such as Smart Grid.

As possible future research areas, the uncertainties associated with the whole

system can be taken into account for more robust schedules. Also we assumed no

pricing between the consumers and the VPP. Even though we have shown the cost

reduction of VPP formation, how to share this cost reduction fairly among the

parties can further be investigated.
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Chapter 6

Conclusions

Uncertainty associated with gasoline prices and environmental impacts of fossil

fuels have led to alternative forms of energy to be used in transportation sector.

One of the most predominant forms of alternative energy has been the electricity.

Therefore, the electrified transportation appeal to more people worldwide. Besides

using electricity as an energy resource similar to EVs, PHEVs also eliminate the

range-anxiety of the drivers in long-distance trips. Therefore, they have attracted

significant attention in the market. With increasing number of PHEVs on the

road, there has been new challenges to be faced both by the drivers and by the

governments and/or investors. In this thesis e↵ort, we investigated those challenges

that arise with the introduction of PHEVs into the transportation system.

The practical importance of the problems associated with the electrified trans-

portation, accompanied by computational complexity in solving them, have made

these problems attractive in areas of recent research. In this context, we have iden-

tified two new problems pertinent to long-distance usage of PHEVs: ‘finding the

minimum cost path for PHEVs’ and ‘hybrid charging station location’ and intro-

duced solution approaches to the literature. Our results show that by establishing
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an adequate level of the intercity charging station infrastructure, well-studied ben-

efits of PHEVs in urban regions can be extended to long-distance trips. In the

following part, we show some directions that current research might be extended.

In the minimum cost path problem, we considered finding optimal paths for

PHEVs considering the total cost of transportation without putting any limit on

the environmental impacts. However, one of the major reasons people are more

drawn to electrified transportation is the environmental concerns. Therefore, some

drivers might consider the level of carbon emission when driving. Minimizing the

total emission might be the objective of the transportation for them, or it could

simply be a constraint with an upper bound per mile. Another factor that might

be taken into account is the time. In this respect, one needs to consider the speed

of the vehicle, the speed limits on the roads, the slope of the roads etc. This

not only a↵ects the problem at hand from the timing perspective, but also the

comsumption of the energy might create additional complications. Because the

consumption rate of electricity is di↵erent than that of gasoline, taking them into

account will bring in non-linearities to the routing problem.

We assumed that the prices are known with certainty before solving the min-

imum cost path problem. However, especially the electricity prices vary signifi-

cantly during peak-hours. Therefore pricing at charging stations might be only

approximations when we consider long-distance transportation. Research might

be directed towards hedging against inherent uncertainties in this routing problem.

We only consider one way when planning a trip. The return trip can also be

taken into account. In this regard, relaxing the assumption that the vehicle is fully

charged at the origin and destination nodes might be required.

Further research in this green-transportation research topic can be directed

towards vehicle routing problems taking a mixed fleet of vehicles with CVs, PHEVs

and EVs into account. This emerging topic of electrified transportation has a wide

range of applicability to existing transportation problems. In this context, use of
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PHEVs in future transportation fleets might be investigated by considering the

hub location and the vehicle routing problems simultaneously.

A sub-objective of our study is to compare di↵erent technologies by considering

long-distance transportation costs. This comparison could be part of a larger

research incentive to investigate the lifetime economics of PHEVs versus CVs. For

this purpose, initial purchase prices and urban region transportation costs need to

be further taken into account.

We have identified that the drivers’ tolerance towards additional stops or addi-

tional mileage could a↵ect the level of electricity usage and transportation costs.

Therefore new research need to be directed towards exploring the drivers’ behavior

which could show di↵erences in di↵erent parts of the world.

Looking at the charging station location problem, additional factors can still

be taken into account such as capacities. Possible congestions at these stations

and varying electricity prices in time are additional complications for the location

problem. Furthermore, the investment decisions and the associated funds for the

charging stations do not usually arrive at one point in time, but rather, these

decisions are spread over a time horizon. Therefore multi-period nature of the

charging station location problem is a possible future research area. The uncertain

nature of release of funds can also be taken into account as a future research topic.

In a similar fashion, uncertainty of the demand might be considered in the charging

station location problem. In the minimum cost path problem, we also assumed

that the electricity and gasoline prices are fixed and known with certainty. This

assumption can be relaxed in future studies, because these prices are subject to

change in time.

For the energy management in virtual power plants and microgrids, we consid-

ered minimizing the total cost to satisfy a given demand. However the cost sharing

problem among participants is another critical problem that needs to be addressed.

The system must be designed so as to promote the people to participate in the
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microgrid incentive. One idea could be to use game-theoretic approaches to share

the cost among participants.

From the solution perspective, our approach in solving the large-scale hybrid

charging station problem might be implemented to di↵erent flow capturing prob-

lems such as flow-evading facility location problem, another newly introduced prob-

lem to the literature. Also a path-segment formulation can be implemented for

the minimum cost path problem.
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[144] Hugo Morais, Pèter Kàdàr, Pedro Faria, Zita A. Vale, and H.M. Khodr.

Optimal scheduling of a renewable micro-grid in an isolated load area using

mixed-integer linear programming. Renew. Energy, 35(1):151–156, 2010.

ISSN 0960-1481.

151



[145] H.M. Khodr, N. El Halabi, and M. Garćıa-Gracia. Intelligent renewable
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