
www.manaraa.com

Mississippi State University Mississippi State University 

Scholars Junction Scholars Junction 

Theses and Dissertations Theses and Dissertations 

1-1-2014 

Models for a Carbon Constrained, Reliable Biofuel Supply Chain Models for a Carbon Constrained, Reliable Biofuel Supply Chain 

Network Design and Management Network Design and Management 

Mohammad Marufuzzaman 

Follow this and additional works at: https://scholarsjunction.msstate.edu/td 

Recommended Citation Recommended Citation 
Marufuzzaman, Mohammad, "Models for a Carbon Constrained, Reliable Biofuel Supply Chain Network 
Design and Management" (2014). Theses and Dissertations. 3164. 
https://scholarsjunction.msstate.edu/td/3164 

This Dissertation - Open Access is brought to you for free and open access by the Theses and Dissertations at 
Scholars Junction. It has been accepted for inclusion in Theses and Dissertations by an authorized administrator of 
Scholars Junction. For more information, please contact scholcomm@msstate.libanswers.com. 

https://scholarsjunction.msstate.edu/
https://scholarsjunction.msstate.edu/td
https://scholarsjunction.msstate.edu/theses-dissertations
https://scholarsjunction.msstate.edu/td?utm_source=scholarsjunction.msstate.edu%2Ftd%2F3164&utm_medium=PDF&utm_campaign=PDFCoverPages
https://scholarsjunction.msstate.edu/td/3164?utm_source=scholarsjunction.msstate.edu%2Ftd%2F3164&utm_medium=PDF&utm_campaign=PDFCoverPages
mailto:scholcomm@msstate.libanswers.com


www.manaraa.com

Models for a carbon constrained, reliable biofuel supply chain network design and

management

By

Mohammad Marufuzzaman

A Thesis
Submitted to the Faculty of
Mississippi State University

in Partial Fulfillment of the Requirements
for the Degree of Doctor of Philosophy
in Industrial and Systems Engineering

in the Department of Industrial and Systems Engineering

Mississippi State, Mississippi

August 2014



www.manaraa.com

Copyright by

Mohammad Marufuzzaman

2014



www.manaraa.com

Models for a carbon constrained, reliable biofuel supply chain network design and

management

By

Mohammad Marufuzzaman

Approved:

Sandra D. Eksioglu
(Major Professor)

Burak Eksioglu
(Committee Member)

Hugh R. Medal
(Committee Member)

Xiaopeng Li
(Committee Member)

Kari Babski-Reeves
(Graduate Coordinator)

Jason M. Keith
Interim Dean

Bagley College of Engineering



www.manaraa.com

Name: Mohammad Marufuzzaman

Date of Degree: August 15, 2014

Institution: Mississippi State University

Major Field: Industrial and Systems Engineering

Major Professor: Dr. Sandra D. Eksioglu

Title of Study: Models for a carbon constrained, reliable biofuel supply chain network
design and management

Pages of Study: 170

Candidate for Degree of Doctor of Philosophy

This dissertation studies two important problems in the field of biomass supply chain

network. In the first part of the dissertation, we study the impact of different carbon reg-

ulatory policies such as carbon cap, carbon tax, carbon cap-and-trade and carbon offset-

mechanism on the design and management of a biofuel supply chain network under both

deterministic and stochastic settings. These mathematical models identify locations and

production capacities for biocrude production plants by exploring the trade-offs that exist

between transportations costs, facility investment costs and emissions. The model is solved

using a modified L-shaped algorithm. We used the state of Mississippi as a testing ground

for our model. A number of observations are made about the impact of each policy on the

biofuel supply chain network.

In the second part of the dissertation, we study the impact of intermodal hub disruption

on a biofuel supply chain network. We present mathematical model that designs multi-

modal transportation network for a biofuel supply chain system, where intermodal hubs
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are subject to site-dependent probabilistic disruptions. The disruption probabilities of in-

termodal hubs are estimated by using a probabilistic model which is developed using real

world data. We further extend this model to develop a mixed integer nonlinear program

that allocates intermodal hub dynamically to cope with biomass supply fluctuations and to

hedge against natural disasters. We developed a rolling horizon based Benders decompo-

sition algorithm to solve this challenging NP-hard problem. Numerical experiments show

that this proposed algorithm can solve large scale problem instances to a near optimal

solution in a reasonable time. We applied the models to a case study using data from the

southeast region of U.S. Finally, a number of managerial insights are drawn into the impact

of intermodal-related risk on the supply chain performance.

Keywords: Biofuel supply chain, carbon emission, carbon regulatory policies, inter-

modal hub disruption, Benders decomposition
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CHAPTER 1

INTRODUCTION

1.1 Introduction

There is growing concern worldwide about the impact of greenhouse gases (GHG) on

the environment. A number of studies indicate that global warming is mainly due to the

increase in GHG emissions, such as, carbon dioxide, methane and nitrous oxide [106].

Freight transportation and other supply chain-related activities are major contributors to

GHG emissions. International Energy Agency (IEA) [65] states that 19% of the energy

consumption, and almost a quarter of the energy-related carbon dioxide emissions world-

wide are due to transportation. In the USA, transportation contributes 28% of the total

energy consumption [34].

Companies such as Walmart, Tesco, and Hewlett Packard [61] are responding to these

concerns by taking steps toward reorganizing their supply chain, using fuel efficient vehi-

cles, or modifying their operations. These companies have come to realize that reductions

in GHG emissions help to strengthen their brand image and to develop competitive ad-

vantage. The expectation is that other companies will join this trend, and work to update

their supply chain design and management strategies in order to reduce the final products

carbon footprint. In this research we present mathematical models which minimize trans-

portation costs, and at the same time, account for carbon emissions due to supply chain

1



www.manaraa.com

related activities. Through these models we provide insights on the impacts that potential

carbon regulatory policies, such as carbon cap, carbon tax, carbon cap-and-trade and car-

bon offset, will have on transportation mode selection decisions. The mathematical models

we propose helped us make some interesting observations with respect to the tradeoffs that

exist between costs and emissions.

In the last few years there has been an increasing interest in the production of second

generation biofuels. The sources of biomass feedstock used for production of second gen-

eration biofuels are agricultural residues, forest residues, energy crops, industrial waste,

etc. The reason for such an interest is twofold. First, these types of biomass are secured at

low or no cost. Second, the production of this biomass does not interfere with the produc-

tion of food. However, a big challenge with the production of second generation biofuels is

the high production costs, and biomass transportation costs. Biomass transportation costs

are high due to the fact that these products are bulky in nature, and have a low ratio of

energy per unit of mass. These challenges have been a great motivation for researchers to

identify novel methods of producing second generations biofuels. Also, there is a number

of articles which address biomass transportation, and other biomass supply chain and logis-

tics related issues. Following this stream of research, we use a case study to demonstrate

the role that the mathematical models we propose will have on reducing transportation

costs, and transportation-related carbon emissions in this new and promising industry.

In Chapter 2, we present a two-stage stochastic programming model used to design and

manage biodiesel supply chains. This is a mixed-integer linear program and an extension

of the classical two-stage stochastic location-transportation model. The proposed model

2
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optimizes not only costs but also emissions in the supply chain. The model captures: the

impact of biomass supply and technology uncertainty on supply chain-related decisions;

the tradeoffs that exist between location and transportation decisions; and the tradeoffs

between costs and emissions in the supply chain. The objective function and model con-

straints reflect the impact of different carbon regulatory policies, such as carbon cap, car-

bon tax, carbon cap-and-trade, and carbon offset mechanisms on supply chain decisions.

We solve this problem using algorithms that combine Lagrangian relaxation and L-shaped

solution methods, and we develop a case study using data from the state of Mississippi.

The results from the computational analysis point to important observations about the im-

pacts of carbon regulatory mechanisms as well as the uncertainties on the performance of

biocrude supply chains.

Transportation infrastructures, particularly those bearing intermodal traffic, may be

vulnerable to various disruption risks, such as natural disasters ([93], [144] e.g., 2005

Hurricane Katrina, 2008 China and 2009 Haiti Earthquakes) and human-caused disasters

([97], [102] e.g., 2003 U.S. Northeast blackout, 2010 Gulf of Mexico Oil Spill). Hence,

proper redundancy needs to be deployed among the biofuel supply chain to enhance the

system reliability against infrastructure disruptions. This indicates that thee is a need to

develop a modeling framework for reliable design of a biofuel supply chain network. Such

a design shall not only efficiently transport biomass under the normal scenario (when every

intermodal hub is functioning normally), but also hedge against possible losses due to un-

expected infrastructure disruptions. To address this need Chapter 3 presents a mathematical

model that designs a reliable multi-modal transportation network for a biofuel supply chain

3
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system, where intermodal hubs are subject to site-dependent probabilistic disruptions. The

disruption probabilities of intermodal hubs are estimated by using a probabilistic model

which is developed using real world data. We developed an accelerated Benders decompo-

sition algorithm to solve this challengingNP-hard problem. Numerical analysis show that

the model selects to use intermodal hubs located in areas with low disruption probabilities.

In case of a disaster, the reliable solution results in 6.21% savings over the minimum cost

solution.

In Chapter 4, we further extend the model presented in Chapter 3 to a mixed inte-

ger nonlinear programming model that allocates intermodal hub dynamically to cope with

biomass supply fluctuations and to hedge against natural disasters. Biomass supply is

highly seasonal, but the high production seasons for biomass in the Southeast USA often

coincide with or are followed by hurricanes, and drought seasons, both of which impact

transportation. The dynamic intermodal hub location model this chapter presents enables

this supply chain to cope with biomass supply fluctuations and to hedge against natural

disasters. The mixed integer nonlinear programming model proposed is anNP-hard prob-

lem, and we develop an accelerated Benders decomposition algorithm and a hybrid rolling

horizon algorithm to solve this problem. We tested the performance of the algorithm on a

case study using data from the Southeast USA. The numerical experiments show that this

proposed algorithm can solve large scale problem instances to a near optimal solution in a

reasonable time. Numerical analyses indicate that, under normal conditions, the minimum

cost model outperforms the reliable models. However, under disaster scenarios, the min-

imum cost model is 2.65% to 9.20% more expensive than the reliable and static model;

4
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and 6.28% to 17.73% more expensive than the reliable and dynamic model. Thus, the

reliable and dynamic intermodal hub-and-spoke supply chain for biomass can aid supply

chain management decisions, especially when considering the potential impacts of natural

disasters.

In summary, our study provides models and algorithms for reliable and environmen-

tally friendly biofuel supply chain network. We have conducted a number of real life

experiments that will help the investors to make location and routing decisions to ensure

long-term success in terms of cost, reliability and emission perspectives.

5
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CHAPTER 2

A TWO-STAGE STOCHASTIC PROGRAMMING MODEL FOR DESIGNING A

CARBON CONSTRAINED BIOFUEL SUPPLY CHAIN NETWORK UNDER

UNCERTAINTY

2.1 Introduction

In the past few years there has been a growing interest in the production of second-

generation biofuels. The raw materials for these biofuels include agricultural residues,

forest residues, energy crops, industrial waste, etc. The reasons why second-generation

biofuels are gaining traction over first-generation biofuels are manifold. The foremost

reason is that they do not interfere with the production of food. Other benefits of using

second generation biofuels include their availability at low or almost no cost and their

contribution to reducing transportation-related Green House Gas (GHG) emissions [5].

However, a big challenge with second-generation biofuels is the high cost of production

and transportation. Biomass transportation costs are high because these products are bulky

in nature and have a low ratio of energy per unit of mass [88]. This also suggest that the

carbon footprint of biofuels is high. These challenges motivate researchers to identify cost-

efficient biofuel supply chain designs with a small carbon footprint for second-generation

biofuels.

6
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There is a growing concern in our society about the increased levels of GHG emissions.

Many governments across the world are taking actions in response to these concerns, in-

cluding the Kyoto Protocol [134], the European Union Emission Trading System (EU ETS)

[44], among others. For example, the EU ETS limits the amount of carbon allowances a

company can use to perform day-to-day activities. Based on this system, a company can

sell unconsumed allowances on the market and make a profit. When in need, the company

can purchase additional allowances at a cost. These legislations force companies to change

the way they make their decisions and manage their supply chains. For example, compa-

nies may invest in energy efficient equipments, facilities, and vehicles. This chapter shows

that great reductions in GHG emissions come at a small cost when companies modify their

business rules and operations [61].

This chapter focuses on the supply chain of biodiesel when produced by treating wastew-

ater (see Figure 2.1). The raw material for production of biodiesel is biocrude which

is produced via wastewater sludge generated from wastewater treatment (WWT) plants,

pulp and paper mills, poultry slaughtering and processing plants, fresh and frozen fish

processing plants, fats and oils from animal and marine plants and meat packing plants.

Some WWT facilities apply microbiological processes to treat domestic and/or industrial

wastewater and generate a semi-solid, nutrient and organic rich by-product commonly

known as sludge. Municipal and industrial wastewater sludge is considered an attrac-

tive option to produce biocrude for a number of reasons. Firstly, significant amounts of

wastewater sludge are available in the U.S. For example, municipal WWT facilities in the

U.S. produce approximately 6.2 million dry metric tons of sludge annually. This amount is
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expected to increase in the near future due to expected growth in urbanization and industri-

alization [148]. Secondly, municipal sewage sludge contains high concentration of lipids

[69] which fall in the range between C10 to C18. These fatty acids are considered necessary

for the production of biodiesel. Finally, using municipal sewage sludge has the potential

to solve some environmental issues associated with sludge treatment and disposal. For

example, the EPA estimates that the cost of disposing sludge in the U.S. is roughly $2

billion/year. Therefore, making use of the wastewater sludge to produce biodiesel reduces

environmental impacts and costs associated with sludge treatment and disposal.

Biocrude production is subject to biomass and technology development uncertainties.

For example, the amount of sludge generated in Mississippi has fluctuated from 2006-

2010 (see Table 2.1). These fluctuations were due to a number of unpredictable events.

For example, the 2010 Gulf of Mexico oil spill damaged the marine and wildlife habitants

over 491 miles of coastline in Louisiana, Mississippi, Alabama and Florida. This disas-

ter negatively impacted the Gulf’s fishing and tourism industries [102]. Consequently, the

amount of sludge generated from fish processing plants and animal and marine plants de-

creased. Another important factor which impacts the yield of sludge supply is population

growth. Due to Mississippi’s population growth, the amount of wastewater, and eventually

the amount of sludge generated, is projected to increase in the near future [132]. However,

the distribution of population and the expected growth rate is uncertain.

The second-generation biofuel industry is new, and therefore, the existing technologies

are still in the development phases. Changes and improvements in these technologies will

impact conversion rates of biomass to biofuel, and consequently will impact total system

8
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Table 2.1

Input Data: Sludge Supply in Mississippi

No. of Amount generated (tons/year)

Sludge suppliers suppliers 2006 2007 2008 2009 2010

WWT plants 64 859,598 1,064,146 835,571 1,031,986 980,385

Pulp & paper mills 8 100,011 85,934 90,345 103,332 98,165

Poultry slaughtering & processing plants 11 150,415 133,042 148,322 161,487 153,410

Fresh and frozen fish processing plants 9 9,379 9,722 9,040 10,524 9,996

Fat & oil from animal and marine plants 1 678 790 869 875 831

Meat packing plants 1 254 416 376 392 372

Total 94 1,120,335 1,294,050 1,084,523 1,308,596 1,243,159

costs and biofuel production. For example, the technology that we rely on in this study

converts wastewater sludge to biodiesel. The existing conversion rate of sludge to biocrude

has proven valid in laboratory settings [37, 88]. However, that rate may vary in a large-

scale production plant. In 2012 a pilot plant was built in order to test this technology on a

larger scale [125, 126].

This chapter proposes mathematical formulations to design and manage the supply

chain of biodiesel when produced through wastewater treatment. These models capture

the stochastic nature of biomass supply and technology development. These models are

extensions of the classical two-stage stochastic location-transportation model [13]. These

models integrate location, transportation and production-related decisions in the supply

chain. The models capture the tradeoffs that exists between costs and emissions in the sup-

ply chain. More specifically, the models proposed minimize transportation and production

costs, and at the same time, minimize the carbon emissions due to supply chain related

activities. We use these models to understand the impacts that potential carbon regulatory

policies such as carbon cap, carbon tax, carbon cap-and-trade, and carbon offset mecha-

9
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nism, will have on supply chain designs and operation decisions. We note that currently,

there is no federal regulation in the U.S. that restricts carbon emissions resulting from

transportation, except for electrically powered transport [59]. However, in the near future,

companies will probably be faced with regulations which restricting emissions originat-

ing from transportation and other supply chain-related activities. Some regulations have

already been enacted. For example, policies articulated by executive order in California

set statewide GHG emission-reduction targets for 2010, 2020, and 2050. The policy mak-

ers also set goals for in-state biofuel production and electricity generation from biomass,

and they established a goal to reduce the carbon intensity of transportation fuels, which

include development of a low carbon fuel standard (LCFS) [151]. These regulations force

companies to seek additional opportunities to select less environmentally impactful modes

of transportation or increase fuel efficiency of existing vehicles. This chapter’s numerical

analysis provides interesting observations with respect to the tradeoffs that exist between

costs and emissions under different regulatory mechanisms.

In summary, this chapter’s main contribution is proposing two-stage, location trans-

portation stochastic programming models for biofuels which account for costs and emis-

sions in the supply chain. These models address several issues which are not well-discussed

in biofuel supply chain literature (see Section 2.2). In addition to the modeling approach,

another contribution of this chapter is it’s solution algorithms developed to solve the two-

stage stochastic programming models. Last but not least, this study develops a case study

using real-life data from the state of Mississippi. The numerical analysis provides several

managerial insights to aid companies in making sustainable supply chain-related decisions.

10
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2.2 Literature Review

In the last few years researchers have developed a growing interest in biofuels supply

chain and logistics management. This section presents a review of the literature which is

most relevant to the problem addressed in this work.

2.2.1 Biofuel Supply Chains Under Uncertainty

There are a few papers in the literature on deterministic models which take an integrated

view of plant location, production, and transportation decision of biofuel supply chains

[38, 63, 156, 3]. The main drawback of the models listed above is that they assume the

problem parameters are known in advance. However, biofuel supply chains are subject to

a number of uncertainties related to supply, demand, price, and technology development,

so building models which account for these uncertainties results in meaningful solutions.

Awudu and Zhang [5] provide an extensive review of papers incorporating uncertainty and

sustainability issues in models for biofuel supply chains. The authors point out that there

are a limited number of research papers that consider uncertainty and sustainability in the

design and management of biofuel supply chains. Other related papers considering biofuel

supply chain uncertainties include research by Cundiff et al. [31], Kim et al. [71], Chen

and Fan [22], and Gebreslassie et al. [47].

The work conducted by Cundiff et al. [31] is one of the first that discusses the impact of

supply uncertainties in the biofuel supply chain, such as, the impact of weather conditions

on biomass yields. The modeling effort is devoted to the design of an efficient biomass

delivery system. Chen and Fan [22] introduce a two-stage stochastic programming model
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that identifies refinery and terminal sizes and locations, a feedstock resource allocation

strategy, an ethanol production and transportation plan under feedstock biomass supply

and biofuel demand uncertainties. Gebreslassie et al. [47] propose a bi-criterion, multi-

period, stochastic mixed integer linear programming model to address the optimal design

of hydrocarbon biorefinery supply chains under supply and demand uncertainties. The

aim of this study is to reduce expected annualized total system costs and financial risks

simultaneously. Kim et al. [71] propose a mixed integer linear program to determine the

processing locations, volumes, supply networks, and the logistics of transporting forest

waste to conversion facilities, and from conversion to the market. Their model captures the

impact of system uncertainties on profits to maximize the overall expected profit.

In addition to stochastic programming and related optimization models, simulation

models have also been used to model biofuel supply chains under uncertainty ([40], [75],

[42]).

2.2.2 Carbon Emissions in the Supply Chain

Most of the work on GHG emissions focuses on analyzing pricing mechanisms, or mar-

ket design implications for different carbon regulatory policies [124, 53, 17, 149]. Bonney

and Jeber [14] examine the environmental consequences of common operational activities

in the supply chain, and they suggest that all functions within the product life cycle, in-

cluding inventory planning and control, should be looked at from an environmental point

of view. The study conducted by Benjaafar et al. [10] is one of the first papers that proposes

including carbon emissions-related costs and constraints in some of the traditional inven-
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tory management models, such as, the Economic Lot-Size and Economic Order Quantity

models. The authors examine the impact of different carbon regulatory policies on opera-

tional decisions in the supply chain. Hua et al. [62] also investigate the impact of carbon

emissions trading mechanisms on inventory management and consequently on the final

product’s carbon footprint. Cholette and Venkat [23] calculate the energy consumed and

carbon emitted during transportation and inventory holding in the wine industry. The au-

thors show that energy consumption and carbon emissions are influenced by the structure

of the supply chain.

Freight transport is a major contributor to GHG emissions. Bouer et al. [8] address the

issue of incorporating environmentally related costs into freight transportation planning.

They propose an integer linear programming formulation that minimizes GHG emissions

due to transportation activities. Hoen et al. [60] investigate the impact of two carbon

regulatory policies on transportation mode selection decisions. Recent studies by [56, 101]

use multi-criteria optimization models to address the relationship that exists between cost

and environmental variables. The authors use environmental criteria to identify biorefinery

locations. Zamboni et al. [155] propose a multi-objective optimization model to address

the impacts of GHG emissions on a corn-based bioethanol supply chain. The authors

adopted a well-to-tank (WTT) approach to evaluate the impacts of supply chain operations

on global warming during the entire product life cycle. Giarola et al. [51] extend this

model by considering second-generation bioethanol production technologies.
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2.2.3 Solution Algorithms

Efficient solution approaches have been developed for solving two-stage stochastic

mixed integer programming problems. Some of the approaches use variations of branch-

and-bound algorithm to solve the problem, or, when appropriate, use extensions of Ben-

ders decomposition algorithm. Escudero et al. [43] provide an efficient branch-and-fix

coordination method for solving large-scale, two-stage stochastic problems with mixed

0-1 first stage variables. Ahmed et al. [2] developed a branch-and-bound algorithm for

solving two-stage stochastic integer programs with mixed-integer first-stage variables, and

pure-integer second-stage variables. Sherali and Fraticelli [119], Sen and Higle [115] and

Ntaimo and Sen [95] propose branch-and-cut algorithms for solving two-stage stochastic

programs having first stage pure 0-1 variables and 0-1 mixed-integer recourse variables.

Caroe and Tind [21] propose a generalized Benders decomposition algorithm to solve

two-stage stochastic programming problems that contain 0-1 mixed-integer recourse vari-

ables, which are either pure continuous or pure first stage 0-1 variables. Sen and Sherali

[116] and Sherali and Zhu [118] propose a modified Benders decomposition algorithm

where the integer sub-problems are solved using a branch-and-cut decomposition algo-

rithm. Caroe and Schultz [20] and Hemmecke and Schultz [57] present a branch-and-

bound algorithm for solving stochastic programming problems with mixed-integer vari-

ables in both stages. Instead of finding an optimal solution, the authors focused on ob-

taining high quality feasible solutions using a Lagrangian relaxation approach. Takriti and

Birge [127] extended these works by developing a Lagrangian relaxation solution method.
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This method incorporates a Progressive Hedging algorithm [105] which updates the La-

grange multipliers.

Most recently, Rawls and Turnquist [103] propose a Lagrangian based L-shaped algo-

rithm that can solve large scale problem instances in a reasonable amount of time. The

general idea behind this extension is to develop an algorithm for finding feasible solutions

for the integer variables of the master problem. This is important when the master problem

is considered difficult to solve. The Lagrangian based L-shaped algorithm proposed in this

paper is an extension of the algorithm proposed in [103]. We have improved the perfor-

mance of the algorithm by adding valid cuts into the master problem. The computational

experience with the biocrude supply chain network model indicates that the algorithm pro-

vides high quality solutions.

2.2.4 Our Contribution to the Existing Literature

Our work, although related, is different from the papers discussed above. The main

contribution of our work is investigating the biodiesel supply chain under biomass supply

and technology development uncertainties. These models identify supply chain designs

that minimize the delivery cost of biodiesel and its carbon footprint. The paper analyzes the

impact of four carbon regulatory mechanisms on production planning, inventory control,

transportation mode selection and facility location decisions.

Another important contribution to the literature is developing the L-shaped based algo-

rithm to solve model proposed. The development of this algorithm was inspired and reflects

characteristics of the problem on-hand. Within the L-shaped algorithm we incorporates a
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Lagrangean-relaxation model to solve the master problem. We develop valid inequities to

improve the performance of the Lagrangean-relaxation algorithm. Numerical experiments

show that the algorithm provides high quality solutions in a reasonable amount of time.

2.3 Problem Description and Model Formulation

The main objective of this chapter is to build models that aid the design and manage-

ment of biodiesel supply chains while taking uncertainties into account. We propose an

extension of the two-stage location-transportation stochastic programming model in order

to capture the tradeoffs that exist between location and transportation costs; the tradeoffs

that exist between cost and emission in this supply chain; and the uncertain nature of

sludge supply and technology development. The model we propose identifies locations for

biocrude plants, selects one or a combination of transportation modes for delivering sludge,

and finally identifies transportation quantities between different stages of the supply chain.

Figure 2.1 presents the structure of the biodiesel supply chain consisting of three sludge

suppliers, two potential locations for biocrude plants, two diesel production plants, and

three customers.

The Biodiesel Supply Chain Network (BSCN) for production of biodiesel consists of

a set of nodes N and a set of arcs A. The set of nodes consists of subset K representing

sludge supply nodes, subset J representing potential biocrude plant locations, subset I

representing diesel plants, and subset G representing customer locations. In this network,

nodes in K have a sludge supply which could be used to produce biocrude and eventually

biodiesel. Existing diesel plants process biocrude into biodiesel. The demand in each node
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Figure 2.1

Network representation of Biodiesel Supply Chain (BSCN)

of G represents a customer’s demand for biodiesel. Nodes in J and I are transshipment

nodes.

Three different products flow along the arcs of this network: sludge flows from supply

to biocrude plant nodes; biocrude flows from biocrude plants to diesel plant nodes; and

biodiesel flows from diesel plants to customer nodes. There are three arcs between each

supply and biocrude plant nodes. We use these arcs to represent the fact that three different

modes of transportation could be used to ship sludge: pipeline, facility owned truck, and

rented truck. A single transportation arc exists between each biocrude plant and diesel

plant node and between diesel plant and customer node, which represent the use of rented

trucks for shipment of biodiesel and diesel. We consider additional transportation modes

are used for shipping sludge when the transportation volume is high.

The transportation cost function for facility owned trucks and pipelines consists of

a fixed and a variable component. The fixed cost component for facility owned trucks

consists of the annual sales tax, insurance cost, management cost, and overhead cost. These
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costs are not a function of the distance traveled or quantity shipped, and this is why we

consider them to be fixed. The variable costs include the fuel, labor, tire, maintenance and

repair costs. The fixed costs for pipeline transportation represent the cost of establishing a

pipeline of a particular capacity, and the variable cost represents the cost of operating the

pipeline. Transportation costs for rented trucks have only a variable component (given in

$/(mile*ton)) which represents a fixed $ amount typically charged by third-party service

providers per mile and per ton shipped [22, 85].

Let νpm be the fixed transportation cost ($ per full-truck load) for product p (p ∈ P)

when using transportation mode m (m = Facility owned truck, Rented truck). Let, βp
m

be the variable transportation cost ($/mile per full-truck load) for product p when using

transportation mode m, and ξpm transportation capacity of mode m to ship product p. Let

αf be the variable unit cost for operating a pipeline of capacity f , dij distance from node i

to node j.

Equation (2.1) presents the unit cost ($/ton) for transporting sludge from a supply node

k ∈ K to a biocrude plant j ∈ J .

c1kjm =



β1
1∗dkj
ξ11

for m = Rented truck,

ν12+β1
2∗dkj
ξ12

for m = Facility-owned truck,

αf ∗ dkj for m = Pipeline; f = 1, . . . ,F .

(2.1)

Equations (2.2) and (2.3) present unit transportation costs ($/gallon) for a rented truck

when used for biocrude and biodiesel shipments.
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c2ji =
ν22 + β2

2 ∗ dji
ξ22

for j ∈ J , i ∈ I. (2.2)

c3ig =
ν32 + β3

2 ∗ dig
ξ32

for i ∈ I, g ∈ G. (2.3)

With each arc of the network we associate not only transportation costs but also trans-

portation related emissions. Let e1kjm denote emissions (kg of CO2) due to shipping 1 ton

of sludge from location k ∈ K to j ∈ J using transportation mode m. Let, e2ji denote

emissions due to shipping 1 gallon of biocrude from j ∈ J to i ∈ I using trucks, and

let e3ig denote emissions due to shipping 1 gallon of biodiesel from i ∈ I to g ∈ G using

trucks. Equations (2.4) to (2.7) are used to calculate emissions along the transportation

arcs. These equations were developed in a recent work by [82]. Appendix A presents the

formulas we use to calculate emissions for each mode of transportation.

e1kjm = ζ1m + τ 1m ∗ dkj

for m = Facility owned, Rented truck (2.4)

e1kjm = (0.746 ∗ Pp ∗ πh ∗ Ee ∗ nkj)/Υp ∗ Cp

for m = Pipeline (2.5)

e2ji = ζ22 + τ 22 ∗ dji (2.6)

e3ig = ζ32 + τ 32 ∗ dig (2.7)

In these equations, ζpm and τ pm denote the fixed (kg/ton) and variable (kg/(ton*mile))

emissions. Fixed emissions are a function of the power requirements and the efficiency of
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the pump used during loading and unloading of a truck or a pipeline. For truck transporta-

tion, variable emissions depend on the distance traveled and the type of truck used. The

definition of variable emissions for pipeline transportation is somewhat different because

emissions are a function of capacity and length of the pipeline. For pipeline transportation,

variable emissions depend on the power of the pump used Pp (hp), pump efficiency Υp,

number of operating hours per year πh (hr/year), number of booster pumps required from

origin k to destination j, nkj , pipeline capacity Cp (tons/year), and the amount of CO2

emitted per kWh of electricity generated Ee (kg/kWh).

2.3.1 Formulation of the Two-Stage Stochastic Programming Model without Car-
bon Emissions Considerations

The two-stage stochastic programming model we present below allows us to capture the

impact of the stochastic nature of sludge supply on location and transportation decisions

in the supply chain; it also allows us to capture the timing of decisions in the supply

chain. Facility location decisions, pipeline establishment decisions, and decisions about

the number of trucks to purchase are long-term decisions made prior to observing the

realization of biomass supply. These are the first-stage decisions in our model, which

define the structure of the supply chain. Once these decisions are made, then, based on

the availability of biomass supply -the realization of supply - the operational decisions

related to biocrude and biodiesel production and transportation are made. For simplicity,

the formulation below only captures sludge supply uncertainties.

The first-stage decision variables for our model are Xlj which is a binary variable that

takes the value 1 if a biocrude plant of capacity l ∈ L is located at site j ∈ J , and 0
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otherwise; Zfkj which is a binary variable that takes the value 1 if a pipeline of capacity

f ∈ F is installed between supplier k ∈ K and biocrude plant j ∈ J , and 0 otherwise; Vj

which is the total number of trucks purchased for shipping sludge to biocrude plant j ∈ J .

Due to the physical characteristics of sludge and biocrude, the same trucks cannot be used

to ship both products.

The investment cost for a biocrude plant of capacity l ∈ L is denoted by ψl. The

investment costs for establishing a pipeline of capacity f ∈ F are denoted by ϑf . The

purchase cost of a truck is denoted by v11 . Let sk(ω) denote the amount of sludge available

at site k ∈ K under scenario ω ∈ Ω. The model considers a fixed number of scenarios

(|Ω|), each of which represents a particular realization of biomass supply in each supply

node. There is a positive probability (prob(ω)) associated with each scenario.

Here are the second stage decision variables. The amount of sludge available for pro-

duction of biodiesel at node k ∈ K under each scenario ω affects the amount of sludge

transported to biocrude plant j ∈ J . This amount in our model is represented by the de-

cision variable Y 1
kjm(ω). Sludge availability under a particular scenario ω also impacts the

values of the following decision variables: Wlj(ω) which is the amount of biocrude pro-

duced at plant j ∈ J of capacity l ∈ L; Y 2
ji(ω) which is the amount of biocrude shipped

from plant j ∈ J to diesel refinery i ∈ I; Y 3
ig(ω) which is the amount of biodiesel shipped

from diesel refinery i ∈ I to customer g ∈ G; and Ug(ω) which is the amount of biodiesel

shortage at customer g. The decision variables introduced in this paragraph are scenario-

specific and are known as the second-stage or recourse variables. We assume that there

are substitute products (such as, soybean-, canola-, sunflower-, palm- or coconut oil-based
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biodiesels) which can be used to satisfy customers’ demand for biodiesel. The best market

price for a substitute product is denoted by ρ. This price, which is exogenously determined,

equivalently represents the penalty paid for not satisfying customers’ demand. The value

of this penalty serves as a threshold level for the unit cost of delivering biodiesel to the

market since there is no point in producing a product at a cost higher than the existing

market price.

Other parameters that we use in the model formulation are ϕ which is the conversion

rate (tons/gallon) of sludge to biocrude; γ which is the conversion rate (gallon/gallon) of

biocrude to biodiesel; p1l which is the unit production cost at a biocrude plant of capacity

l ∈ L; p2i which is the unit production cost of biodiesel at diesel refinery i ∈ I; bg which

is the demand for biodiesel at customer g ∈ G; and qi which is production capacity of

biodiesel plant i ∈ I.

The objective function of the biocrude supply chain network (BSCN) design model we

propose minimizes the expected annual costs of the supply chain. This objective totals

the first-stage costs and the expected second-stage costs. The first-stage costs comprise the

annual equivalent investment costs to locate biocrude plants, to install pipelines, and to pur-

chase trucks at biocrude plants. The second stage costs comprise the expected production,

transportation, and penalty costs. The following is our model formulation.

(BSCN): Minimize z=
∑
j∈J

∑
l∈L

ψlXlj+
∑
f∈F

∑
k∈K

∑
j∈J

ϑfZfkj+
∑
j∈J

v11Vj+Eω{
∑
k∈K

∑
j∈J

∑
m∈M

c1kjmY
1
kjm(ω)+

∑
j∈J

∑
i∈I

c2jiY
2
ji(ω)+

∑
i∈I

∑
g∈G

(c3ig+p
2
i )Y

3
ig(ω)+

∑
l∈L

∑
j∈J

p1lWlj(ω)+
∑
g∈G

ρUg(ω)}
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Subject to

∑
l∈L

Xlj ≤ 1 ∀j ∈ J (2.8)∑
j∈J

∑
m∈M

Y 1
kjm(ω) ≤ sk(ω) ∀k ∈ K, ω ∈ Ω (2.9)

Y 1
kjm(ω)− ξ11tkjVj ≤ 0 ∀k ∈ K, j ∈ J , ω ∈ Ω,m = Fcl. own. truck(2.10)

Y 1
kjm(ω)−

∑
f∈F

f ∗ Zfkj ≤ 0 ∀k ∈ K, j ∈ J , ω ∈ Ω,m = Pipeline (2.11)

Wlj(ω) ≤ l ∗Xlj ∀l ∈ L, j ∈ J , ω ∈ Ω (2.12)∑
k∈K

∑
m∈M

ϕY 1
kjm(ω) =

∑
l∈L

Wlj(ω) ∀j ∈ J , ω ∈ Ω (2.13)∑
i∈I

Y 2
ji(ω) =

∑
l∈L

Wlj(ω) ∀j ∈ J , ω ∈ Ω (2.14)∑
j∈J

γY 2
ji(ω) =

∑
g∈G

Y 3
ig(ω) ∀i ∈ I, ω ∈ Ω (2.15)∑

g∈G

Y 3
ig(ω) ≤ qi ∀i ∈ I, ω ∈ Ω (2.16)∑

i∈I

Y 3
ig(ω) + Ug(ω) = bg ∀g ∈ G, ω ∈ Ω (2.17)

Xlj ∈ {0, 1} ∀l ∈ L, j ∈ J (2.18)

Zfkj ∈ {0, 1} ∀f ∈ F , k ∈ K, j ∈ J (2.19)

Vj ∈ Z+ ∀j ∈ J (2.20)

Y 1
kjm(ω) ≥ 0 ∀k ∈ K, j ∈ J ,m ∈M, ω ∈ Ω (2.21)

Y 2
ji(ω) ≥ 0 ∀j ∈ J , i ∈ I, ω ∈ Ω (2.22)

Y 3
ig(ω) ≥ 0 ∀i ∈ I, g ∈ G, ω ∈ Ω (2.23)

Wlj(ω) ≥ 0 ∀l ∈ L, j ∈ J , ω ∈ Ω (2.24)

Ug(ω) ≥ 0 ∀g ∈ G, ω ∈ Ω (2.25)
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Constraints (4.3) ensure that at most one biocrude plant of capacity l ∈ L is operating

at a particular location j ∈ J . Constraints (4.5) ensure that the amount of sludge shipped

from supplier k ∈ K is less than or equal to the amount of sludge available under scenario

ω. Constraints (4.6) limit the amount of sludge transported by facility owned trucks at

plant j ∈ J . This amount depends on the number of trucks purchased, truck capacity,

and the number of trips between supplier k and plant j (denoted by parameter tjk). Con-

straints (4.7) show that the maximum amount of sludge transported by pipeline is limited

by pipeline capacity. Note that in our model we assumed that the number of available

rented trucks is not limited; therefore, we did not impose any capacity constraints for the

rented trucks. Constraints (4.8) connect the binary biocrude facility location variables with

the continuous biocrude production variables. These constraints also show that the total

amount of biocrude produced is limited by production capacity of the plant. Constraints

(4.9) calculate the total amount of biocrude produced from sludge at plant j ∈ J under

scenario ω. Constraints (4.10) are the flow balance constraints at biocrude plant j ∈ J .

Constraints (4.12) are the flow balance constraints at diesel refinery i ∈ I. Constraints

(4.13) show that the total amount of biodiesel shipped from a diesel refinery is limited by

its production capacity. Constraints(4.14) are the flow conservation constraints at customer

g ∈ G. These constraints indicate that customers’ demand for biodiesel will be fulfilled

either by using biocrude or other substitute products. Constraints (4.15) and (4.16) are

binary constraints, and constraints (4.17) are the integrity constraints. Finally, (4.18) to

(4.22) are the nonnegativity constraints.
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2.4 Model Extension with Carbon Emission Considerations

This section presents four extensions of the (BSCN) model formulation to capture the

impact that different carbon regulatory policies have on the supply chain design and man-

agement decisions. These policies include carbon cap, carbon tax, carbon cap-and-trade,

and carbon offset. These extensions were inspired by recent work from Benjaafar et al.

[10] who explores the impact of those carbon-regulatory policies on supply chain oper-

ations. The authors also provide similar extensions for the classical economic lot-sizing

problem.

In this chapter we focus only on CO2 emissions due to production and transportation in

the supply chain since they contribute more than 95% of the total GHG emissions. The goal

is to show later on in the computational results that certain modifications to production and

transportation-related decisions (such as transportation mode selection, production sched-

ule, and shipment schedule) can significantly reduce system-wide emissions at minimum

cost.

2.4.1 Model Formulation of Carbon Cap Policy

Under a carbon cap policy, a company has a limited amount of carbon allowances to

use, which is referred to as the carbon cap and denoted by ccap. The World Resources

Institute (WRI) has developed tools which support consistent and transparent public re-

porting of corporate value chain emissions [152]. Based on these standards, companies

should account for emissions within their facility as well as emissions due to related up-

stream and downstream activities. That means, a biocrude plant should also be counting
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emissions due to in-bound and out-bound supply chain activities. In order to present this

limitation posed on the supply chain operations due to the carbon cap policy, we add the

following constraints to (BSCN) model formulation. We refer to this new formulation as

(BSCN-Cap) model.

∑
k∈K

∑
j∈J

∑
m∈M

e1kjmY
1
kjm(ω) +

∑
l∈L

∑
j∈J

e4ljWlj(ω) +
∑
j∈J

∑
i∈I

e2jiY
2
ji(ω)

+
∑
i∈I

∑
g∈G

(e3ig + e5ig)Y
3
ig(ω) ≤ ccap ∀ω ∈ Ω (2.26)

Here, e4lj denotes emissions per gallon of biocrude produced at a facility of capacity l ∈ L,

and e5ig denotes emissions due to biodiesel production at a diesel refinery.

2.4.2 Model Formulation of Carbon Tax Policy

A carbon tax policy imposes a financial penalty per unit of CO2 emitted. Such a mech-

anism sets no limit on CO2 emissions in the supply chain. This formulation assumes a

linear relationship between emissions and carbon taxes. Let ctx be the amount of tax paid

per unit ofCO2 emitted. The objective function of the (BSCN) model is updated as follows

to account for these taxes. We refer to this new formulation as (BSCN-Tax) model.

Minimize z=
∑
j∈J

∑
l∈L

ψlXlj+
∑
f∈F

∑
k∈K

∑
j∈J

ϑfZfkj+
∑
j∈J

v11Vj+Eω{
∑
k∈K

∑
j∈J

∑
m∈M

(c1kjm+

ctxe1kjm)Y
1
kjm(ω)+

∑
j∈J

∑
i∈I

(c2ji+c
txe2ji)Y

2
ji(ω)+

∑
i∈I

∑
g∈G

(c3ig+p
2
i+c

tx(e3ig+e
5
ig))Y

3
ig(ω)+∑

l∈L

∑
j∈J

(p1l + ctxe4lj)Wlj(ω) +
∑
g∈G

ρUg(ω)}
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2.4.3 Model Formulation of Carbon Cap-and-Trade Policy

A carbon cap-and-trade policy imposes a carbon cap on supply chain operations. How-

ever, a carbon market exists where companies can trade their carbon allowances. A com-

pany can sell unused carbon allowances, or it can purchase additional carbon allowances

to maintain supply chain operations. We make the following reasonable assumptions to

reformulate the (BSCN) model under a carbon cap-and-trade policy: (a) carbon selling

and purchasing prices are equal; (b) there is no limit on the amount of carbon allowances

sold/purchased, and carbon trading decisions of this supply chain do not impact the mar-

ket price; (c) the total cost/benfit function due to purchasing/selling carbon allowances is

linear.

Let, cp denote the market price per unit (kg) of carbon traded, and ct+(ω) and ct−(ω)

denote the amount of carbon allowance purchased and sold under scenario ω. We propose

the following formulation for this problem which we refer to as the (BSCN-CAT) model.

Minimize z=
∑
j∈J

∑
l∈L

ψlXlj+
∑
f∈F

∑
k∈K

∑
j∈J

ϑfZfkj+
∑
j∈J

v11Vj+Eω{
∑
k∈K

∑
j∈J

∑
m∈M

c1kjmY
1
kjm(ω)

+
∑
j∈J

∑
i∈I

c2jiY
2
ji(ω)+

∑
i∈I

∑
g∈G

(c3ig+p
2
i )Y

3
ig(ω)+

∑
l∈L

∑
j∈J

p1lWlj(ω)+
∑
g∈G

ρUg(ω)

+cp(ct+(ω)− ct−(ω))}

subject to: (4.3)-(4.22)

∑
k∈K

∑
j∈J

∑
m∈M

e1kjmY
1
kjm(ω) +

∑
l∈L

∑
j∈J

e4ljWlj(ω) +
∑
j∈J

∑
i∈I

e2jiY
2
ji(ω) +∑

i∈I

∑
g∈G

(e3ig + e5ig)Y
3
ig(ω) + ct−(ω) ≤ ccap + ct+(ω) ∀ω ∈ Ω (2.27)

ct+(ω), ct−(ω) ≥ 0 ∀ω ∈ Ω (2.28)
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2.4.4 Model Formulation of Carbon Offset Policy

A carbon offset policy works like a carbon cap-and-trade policy. This policy imposes a

carbon cap. A carbon market exists where additional carbon allowances can be purchased,

if necessary, to maintain operations. However, unused carbon allowances cannot be sold.

This implies that the supply chain of a product does not benefit from emitting less carbon

than the corresponding cap.

Let, co be the unit price of carbon offset and ct+(ω) denote the amount of carbon al-

lowance purchased under scenario ω. We propose the following formulation for this prob-

lem which we refer to as (BSCN-CO) model.

Min. z=
∑
j∈J

∑
l∈L

ψlXlj+
∑
f∈F

∑
k∈K

∑
j∈J

ϑfZfkj+
∑
j∈J

v11Vj+Eω{
∑
k∈K

∑
j∈J

∑
m∈M

c1kjmY
1
kjm(ω)

+
∑
j∈J

∑
i∈I

c2jiY
2
ji(ω)+

∑
i∈I

∑
g∈G

(c3ig+p
2
i )Y

3
ig(ω)+

∑
l∈L

∑
j∈J

p1lWlj(ω)+
∑
g∈G

ρUg(ω)+c
oct+(ω)}

subject to: (4.3)-(4.22)

∑
k∈K

∑
j∈J

∑
m∈M

e1kjmY
1
kjm(ω) +

∑
l∈L

∑
j∈J

e4ljWlj(ω) +
∑
j∈J

∑
i∈I

e2jiY
2
ji(ω) +∑

i∈I

∑
g∈G

(e3ig + e5ig)Y
3
ig(ω) ≤ ccap + ct+(ω) ∀ω ∈ Ω (2.29)

ct+(ω) ≥ 0 ∀ω ∈ Ω (2.30)

2.5 Algorithmic Approaches

The computational challenges faced when solving the models presented above moti-

vated the development of a number of solution approaches discussed in this section. These
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computational challenges were inevitable since they represent a special case of the de-

terministic uncapacitated facility location problem, which has been shown to be NP-hard

[28].

In this two-stage stochastic programming model, the first-stage decision variables are

integer, but the second-stage decision variables are continuous. Laporte and Louveaux [74]

present an algorithm to solve problems which include integer variables in the first-stage.

The solutions algorithms we develop rely on and are extensions of the L-shaped method

developed by Laporte and Louveaux.

2.5.1 L-Shaped Algorithm

Let Θ(X,Z, V ) denote the expected value of the second-stage sub-problem of (BSCN)

for the given values in the first-stage variables. The following is the deterministic equiva-

lent formulation of (BSCN), referred to as (D-BSCN).

(D-BSCN) Minimize z=
∑
j∈J

∑
l∈L

ψlXlj+
∑
f∈F

∑
k∈K

∑
j∈J

ϑfZfkj+
∑
j∈J

v11Vj+Θ(X,Z, V )

subject to:

∑
l∈L

Xlj ≤ 1 ∀j ∈ J (2.31)

Xlj ∈ {0, 1} ∀l ∈ L, j ∈ J (2.32)

Zfkj ∈ {0, 1} ∀f ∈ F , k ∈ K, j ∈ J (2.33)

Vj ∈ Z+ ∀j ∈ J (2.34)

The L-shaped algorithm is an iterative method. In each iteration, the problem solved is

a relaxation of (D-BSCN), which instead of minimizing Θ(X,Z, V ), minimizes an outer
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approximation of Θ(X,Z, V ). Birge and Louveaux [13] show that Θ(X,Z, V ) is a piece-

wise linear convex function when the number of scenarios considered |Ω| is finite. Thus,

the linear functions generated by the algorithm lie on or below Θ(X,Z, V ). Iteratively,

the algorithm improves this approximation till an optimal solution is found. Laport and

Louveaux [74] show that the L-shaped method converges to an optimal solution in a finite

number of steps when the optimality and feasibility cuts added are valid; and when for a

given set of first stage variables, the value of Θ(X,Z, V ) can be computed.

The performance of the L-shaped algorithm relies on its ability to approximate Θ(X,Z, V ).

The following formulation (M-BSCN) is an approximation of model (D-BSCN). This for-

mulation is solved iteratively, and Φn is the objective function value obtained at iteration

n.

(M-BSCN) Φn := Minimize
∑
j∈J

∑
l∈L

ψlXlj+
∑
f∈F

∑
k∈K

∑
j∈J

ϑfZfkj+
∑
j∈J

v11Vj+θ

subject to: (2.31)-(2.34)

Vj ≤
∑
l∈L

NT
l Xlj ∀j ∈ J (2.35)∑

k∈K

∑
f∈F

Zfkj ≤
∑
l∈L

Xlj ∀j ∈ J (2.36)

θ ≥ θn +
∑
j∈J

{
∑
l∈L

λnlj(Xlj −Xn
lj) +

∑
f∈F

∑
k∈K

δnfkj(Zfkj − Zn
fkj)

+Υn
j (V

n
j − Vj)} ∀n = 1, . . . , N (2.37)

Constraints (2.35) and (4.34) are valid inequalities for problem (BSCN). Constraints

(2.35) set an upper bound on the number of trucks (denoted NT
l ) that can be purchased by

30



www.manaraa.com

a facility of capacity l ∈ L. These two sets of constraints allow investments on purchasing

trucks and building pipelines to those locations where facilities are located. Computa-

tional performance indicates that adding these constraints improves the running time of the

algorithm.

Let N represents the number of iterations the algorithm has performed so far. In each

iteration, (M-BSCN) is solved and the values for (X,Z, V ) are obtained. These values

become an input for the scenario-based problems (S-BSCN(ω)). The solutions obtained

from solving these problems are used to calculate the value for Θ(X,Z, V ). Each scenario-

based problem is a linear, capacitated minimum cost network flow problem. The following

is the formulation for the scenario-based problem ω during the n − th iteration of the

L-shaped algorithm.

(S-BSCN(ω)) θn(Xlj, Zfkj, Vj, ω) := Minimize{
∑
k∈K

∑
j∈J

∑
m∈M

c1kjmY
1
kjm(ω)+

∑
j∈J

∑
i∈I

c2jiY
2
ji(ω) +

∑
i∈I

∑
g∈G

(c3ig + p2i )Y
3
ig(ω) +

∑
l∈L

∑
j∈J

p1lWlj(ω) +
∑
g∈G

ρUg(ω)}

subject to: (4.5)-(4.14) and (4.18)-(4.22)

Xlj = Xn
lj : Λn

lj(ω) ∀l ∈ L, j ∈ J (2.38)

Zfkj = Zn
fkj : ∆n

fkj(ω) ∀f ∈ F , k ∈ K, j ∈ J (2.39)

Vj = V n
j : Υn

j (ω) ∀j ∈ J (2.40)

The linear equations (2.37) are constructed for specific sets of values for (X,Z, V ).

The generation of the n − th linear equation is based on the value of partial derivatives
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of Θ(X,Z, V ) for changes in X , Z, and V . These values are in fact the dual variables

from constraints (4.36), (4.37) and (4.38). Let Λn
lj(ω), ∆

n
fkj(ω) and Υn

j (ω) denote the

dual variables for the ω scenario-based problem during the n− th iteration of the L-shape

algorithm, then the slope coefficients used in the linear equation (2.37) are computed as:

Λn
lj =

∑
ω∈Ω

prob(ω)Λn
lj(ω) (2.41)

∆n
fkj =

∑
ω∈Ω

prob(ω)∆n
fkj(ω) (2.42)

Υn
j =

∑
ω∈Ω

prob(ω)Υn
j (ω) (2.43)

The intercept term is:

θn =
∑
ω∈Ω

prob(ω)θn(ω). (2.44)

For any given set of values in first-stage decision variables, problems (S-BSCN(ω)) are

always feasible. The feasibility of these problems is always maintained because of con-

straints (4.14). These constraints enforce customer demand to be satisfied either through

production, or through substitute products available in the market. Thus, even in the case

when the value of all the first-stage variables is zero, customer demand is still satisfied.

The objective function value of problem (M-BSCN) is a lower bound for (D-BSCN)

[13]. This is because (M-BSCN) minimizes instead an outer approximation of the convex

function Θ(X,Z, V ). For a given set of first stage variables, the scenario based prob-

lems are used to calculate the actual value of Θ(X,Z, V ). At each iteration, a solution

of the master problem and its subproblem provides an upper bound for the original prob-
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lem (BSCN). The L-shaped algorithm terminates when the relative error gap between the

generated lower and upper bounds is less than ϵ.

Table 2.2 describes the L-shaped algorithm. We use CPLEX to solve (M-BSCN) and

(S-BSCN(ω)) for all ω ∈ Ω. The computational efficiency of this algorithm depends

mainly on the computational efforts required to solve (M-BSCN). The algorithms dis-

cussed next aim to reduce the running time of this algorithm.

2.5.2 Multi-cut L-Shaped Algorithm

The L-shaped algorithm adds a single optimality cut in each iteration of the master

problem (M-BSCN). This cut aims to approximate the solution space of the scenario-based

subproblems (S-BSCN(ω)). Instead, in every iteration of the multi-cut L-shaped algorithm,

|Ω| linear equations are added to the first stage problem. These additional constraints are

generated by disaggregating the single cut (2.37) used in the L-shaped algorithm. The

following (MC-BSCN) is the first stage problem solved when using this algorithm.

(MC-BSCN) Φn := Min.
∑
j∈J

∑
l∈L

ψlXlj+
∑
f∈F

∑
k∈K

∑
j∈J

ϑfZfkj+
∑
j∈J

v11Vj+
∑
ω∈Ω

prob(ω)θω

Subject to: (2.31)-(2.34)

θω ≥ θnω +
∑
l∈L

∑
j∈J

Λn
ljω(Xlj −Xn

lj) +
∑
f∈F

∑
k∈K

∑
j∈J

∆n
fkjω(Zfkj − Zn

fkj)

+
∑
j∈J

Υn
jω(V

n
j − Vj) ∀n = 1, . . . , N, ω ∈ Ω (2.45)

To solve this problem we slightly adjust the algorithm presented in Table 2.2. These

modifications are: STEP 3 is not executed, and STEP 4 solves (MC-BSCN) instead.
33



www.manaraa.com

The multi-cut L-shaped algorithm was introduced by Birge and Louveaux [12] to en-

hance the convergence of the L-shaped algorithm. The algorithm is expected to take fewer

number of iterations to reach optimality. However, each iteration is likely to take longer

due to the larger set of constraints in (MC-BSCN). This is particularly true when the re-

stricted master problem is a mixed integer program.

2.5.3 Lagrangian Relaxation with L-Shaped Algorithm

We developed a problem-specific, Lagrangian relaxation-based algorithm to solve (M-

BSCN) problem within the L-shaped algorithm. We relax constraints (2.31) and obtain the

following Lagrangian relaxation problem. (LR-BSCN) L(Ξ) =

min
∑
j∈J

∑
l∈L

ψlXlj+
∑
f∈F

∑
k∈K

∑
j∈J

ϑfZfkj+
∑
j∈J

v11Vj+θ+
∑
j∈J

Ξj(
∑
l∈L

Xlj−1)

subject to: (2.32)-(2.37).

Ξj are the Lagrangian multipliers where Ξj ≥ 0; ∀j ∈ J . We use a subgradient method

[94] to solve the Lagrangian dual problem. Table 2.3 provides the details of the Lagrangian

relaxation algorithm. Within the L-shaped algorithm presented in Table 2.2, this algorithm

is used instead of STEP 1.

The algorithm starts by initializing the decision variables, iteration number (r), and a

threshold value of the error gap (εLR). The purpose of initializing the decision variables is

to start the algorithm with an upper bound value which is better than some arbitrarily high

value. We use a simple procedure that opens the minimum number of facilities to ensure

that the expected customer demand is satisfied. Next, the algorithm calculates a minimum

number of trucks to purchase to ensure the delivery of biomass supply to each facility.
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Formulation (LR-BSCN) is then solved using CPLEX. The solution to this relaxation is

a lower bound for (M-BSCN). Thus, it is also a lower bound for model (BSCN). When

the relative gap between the lower and the upper bounds generated is smaller than the

threshold value εLR, the algorithm stops. Otherwise, the values of Lagrangian multipliers

are updated, and problem (LR-BSCN) is resolved.We refer the readers to a recent study by

Rawls and Turnquist [103] for details about the convergence and computation performance

of this heuristic approach.

2.5.4 Lagrangian Relaxation with Multi-cut L-Shaped Algorithm

The Lagrangian relaxation algorithm is also used with the Multi-cut L-shaped algo-

rithm to solve the first-stage problem. The following is the corresponding Lagrangian

relaxation problem obtained by relaxing constraints (2.31).

(LR-M-BSCN) L(Ξ) =

min
∑
j∈J

∑
l∈L

ψlXlj+
∑
f∈F

∑
k∈K

∑
j∈J

ϑfZfkj+
∑
j∈J

v11Vj+
∑
ω∈Ω

prob(ω)θω+
∑
j∈J

Ξj(
∑
l∈L

Xlj−1)

subject to: (2.32)-(4.34), and (4.39)

Ξj ≥ 0 ∀j ∈ J .

Similar to the Lagrangian-relaxation algorithm in Table 2.3, the algorithm developed

to solve L(Ξ) relies on using the subgradient algorithm to determine the value of the La-

grange multipliers. We follow the same steps as explained in Algorithms 1 and 2. Algo-

rithm 2 finds lower bounds to (BSCN) by solving the (LR-M-BSCN) formulation using

the Lagrangian relaxation algorithm.
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2.6 Computational Study and Managerial Insights

This section presents the results of our computational study and provides some man-

agerial insights suggested by solving (BSCN). We use the state of Mississippi as the test-

ing grounds for our models. The following subsections describe the data used, present

the results from the experimental study, and compare the performances of the L-shaped

algorithms developed.

2.6.1 Data Description

The major suppliers of sludge are municipal WWT facilities. Other suppliers are in-

dustrial facilities such as pulp and paper plants, poultry slaughtering and processing plants,

fresh and frozen fish processing plants, etc. This study considers a total of 94 WWT facili-

ties and industrial plants located in Mississippi. Figure ?? presents the distribution of these

plants, which is highly correlated with the distribution of population. The largest plants are

located in highly populated areas, such as, the capital of the state (in the center) and the

Gulf Coast (in the South).

2.6.1.1 Biodiesel Demand

Our study assumes that the biodiesel produced will be used to satisfy fuel needs in

Mississippi. The population distribution is a good indicator of the demand distribution for

biodiesel. Therefore, we used the relative size of a county’s population- as compared to

the whole state - to identify what percent of biodiesel produced would be delivered there.

Of the total 82 counties, we selected 52 as customer locations. The criterion used to select
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these counties is their population size. We use the centroid of the county as the point to

which biodiesel is to be delivered.

We set the overall demand for biocrude to the constant value of 96 million gallons a

year (MGY). This value corresponds to the total amount of biocrude that could be produced

using the amount of sludge available in the state. The total fuel consumption in Mississippi

in 2005 was 1,700 MGY [87]. Note that, if 10% of this fuel is substituted by biofuels,

then, a total of 170 MGY of biofuel would be consumed annually in Mississippi. The U.S.

Energy Information Administration reports that, each year, Mississippi produces around

54.0 MGY [133] of ethanol but consumes around 94.94 MGY [96] of ethanol. Therefore,

a need clearly exists to explore additional renewable energy sources to meet the in-state

demand for ethanol.

2.6.1.2 Investment Costs

The cost of transporting sludge is relatively high due to its high water content and low

yield. Therefore, it makes sense to co-locate biocrude plants with large capacity WWT

facilities and industrial plants. We use a threshold value of 1,000 tons of sludge gener-

ated per year to identify facilities which could potentially co-locate with a biocrude plant.

Additionally, we eliminated from our list a few small size facilities which were located

in remote areas and far from other WWT facilities. This procedure identified a set of 26

facilities considered to be potential locations for biocrude plants.

The data about investment and operating costs of a biocrude plant came from a research

paper by Mondala et al. [88]. We consider three potential biocrude plant sizes: 5 MGY, 10
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MGY, and 20 MGY. The estimated investment costs are $9.45M, $17.84M and $31.6M,

respectively.

Our study assumes that biocrude would be shipped for further processing to one of

the 10 diesel refineries located in Mississippi and its neighboring states. It is expected

that biocrude will displace the use of fossil fuels for diesel production, and therefore, no

additional investments in capacity are required at these plants.

Based on the availability of sludge in Mississippi, the maximum capacity of a pipeline

is expected to be 150 tons per day (TPD). Other potential capacities considered are 90

TPD and 120 TPD. Investment costs for building pipelines with capacities 90 TPD, 120

TPD and 150 TPD are estimated to be $65,398, $77,480 and $88,569 correspondingly. We

refer the readers to a recent work by Marufuzzaman et al. [85] for details about pipeline

installation and operating costs.

2.6.1.3 Transportation Costs

We consider that three different modes of transportation are available for shipping

sludge: facility-owned trucks, rented trucks, and pipelines. The associated transportation

costs are shown in Table 2.4. Truck transportation costs are calculated for a single trailer

truck with a load capacity of 30 tons and average traveling speed of 40 miles per hour.

Pipeline transportation costs are estimated for one-way PVC plastic pipeline. The solid

content of sludge is 5%. Table 2.5 summarizes the key financial and operational param-

eters used to estimate pipeline transportation costs. Details about pipeline transportation

costs and design considerations can be found at [85].
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Figure 2.2

Locations and yields of sludge generating facilities

39



www.manaraa.com

We consider that trucks with a load capacity of 8,000 gallons are used to transport

biocrude and biodiesel. The corresponding cost components are listed in Table 2.4. We

assume that a shipment is moved from its origin to its destination using the corresponding

shortest path. We used Arc GIS Desktop 10 to create a transportation network, and used

this network to identify the shortest paths. The network includes local, rural, and urban

roads, along with the major highways in Mississippi.

2.6.1.4 Scenario Definitions and Probability of Occurrence

We generate a total of 10 scenarios to capture fluctuations in sludge supply at different

locations. Five of these scenarios are based on historical data from 2006 to 2010 (Table

2.1). We assign a probability of 15% to each of these five scenarios. Table 2.6 provides

descriptions about the remaining scenarios and the corresponding probabilities. Scenarios

9 and 10 consider an increase/decrease of activities in the two industries that contribute the

most to generating sludge in Mississippi. The assignment of these probabilities for each

scenario was determined from discussions with experts.

In addition to investigating the impact of biomass supply fluctuations on biodiesel

production and costs, we also investigate the impact of the technology used to generate

biocrude on production and costs. A prior study by Eksioglu et al. [40] used a conversion

rate of 0.26. This rate means 0.26 tons of biocrude are produced from one ton of sludge.

This value came from studies conducted in small scale at a laboratory. The chances are

that the conversion rates to be observed in a large production plant will probably be dif-

ferent. Another related study by Marufuzzaman et al. [82] notes that fluctuations of the
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conversion rate have a great impact on costs and production quantity. These observations

are a motivation for creating a total of five different scenarios. The highest probability

is assigned to the conversion rate, which has been identified from laboratory studies. Ta-

ble 2.7 summarizes the scenario definitions with the associated probabilities. Note that,

the two scenario sets are used independently in order to capture the feedstock supply and

technology uncertainties.

2.6.2 Experimental Results

This section discusses the results of our computational study. All the algorithms are

coded in GAMS 24.2.1 [48] on a desktop with Intel Pentium Centrino Dual computer with

2.80 GHz processor and 1.0 GB RAM. The optimization solver used is ILOG CPLEX 12.6.

Computational analysis of (BSCN-Cap) : Figure 2.3 shows the impact of varying emis-

sions caps on total system costs and biodiesel production. Each graph has two lines, one

that presents the results from the stochastic solution for model (BSCN-Cap) and the other

that presents the results of the corresponding expected value solution. In order to generate

these results, we consider only supply uncertainties. Figure 2.3 presents the relationship

between the carbon cap and total system costs. Comparing the stochastic and expected

value lines shows that the stochastic solution outperforms the expected value solutions.

The stochastic models identify solutions which result in, on average, savings of $2.99 mil-

lion per year and an average increase of production by 3.08 MGY.

The results indicate that biodiesel production decreases and total system costs increase

as the carbon cap gets tighter. However, note the stepwise shape of the graphs as the carbon
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Figure 2.3

Carbon cap vs. costs under supply uncertainty

cap decreases. This shape indicates that the decrease in production and increase in costs is

not smooth with the decrease of the carbon cap. A carbon cap is a hard constraint for the

system and directly impacts its emissions. As the cap gets tighter, the system design and

management is adjusted to meet emissions requirements at a slight increase in costs. For

example, reducing the carbon cap from 3,200 tons/year to 2,900 tons/year does not impact

biocrude production, but it does impact costs. Total systems cost increases from $314

million to $317 million. The 9.7% reduction in emissions, due to the change on the carbon

cap, results in a 0.96% increase in the total system costs. This indicates the potential to

reduce carbon emissions in the supply chain through changes in supply chain operations at

minimum cost.

Note that, we assume the fuel efficiency of trucks remains unchanged despite the de-

crease in the carbon cap or increase in the carbon tax and carbon market price. A related
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study [81] depicts the positive impact on improvements in truck’s fuel efficiency that is

reducing supply chain-related emissions.

Computational analysis of (BSCN-Tax): Figure 2.4 presents the impact of the carbon

tax on biodiesel production and total unit costs. Figure 2.4 indicates that increasing the

carbon tax directly (linearly) increases total unit costs. However, biodiesel production

is not impacted when the tax rate is less than $3/kg (or equivalently $3,000/ton) of CO2

because the unit delivery cost of biodiesel is less than $3/gallon. The increase in tax beyond

$3/kg of CO2 increases the unit cost of biodiesel beyond $3/gallon, and therefore, other

substitute products are used instead. The graphs also indicate that the stochastic model

outperforms the expected value solution. The average cost savings from the stochastic

solutions are $3.16 million/year and the average production increase is 3.05 MGY.
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Figure 2.4

Carbon tax vs. costs under supply uncertainty
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A recent survey conducted by the Intergovernmental Panel on Climate Change (IPCC)

found that an optimal carbon tax rate would be between $3 and $95 per metric ton. 100

related studies were used to estimate a range for the optimal tax rate [86]. The values of

tax rates we use in our analysis are very high. We used such values in order to identify the

level of tax rate which impacts decisions about supply chain design and management.

Computational analysis of (BSCN-CAT):
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Figure 2.5

Carbon price versus costs under a carbon cap-and-trade policy

Figure 2.5 represents the relationship between carbon cap, and unit cost at different

carbon market prices. The figure indicates that an increase in the carbon market price

would result in lower supply chain costs when the cap is loose and higher costs when the

cap is tight. This is because at low cap and at high carbon price, there is an incentive

for companies to sell carbon credits which are considered an additional source of income.
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However, as the cap becomes tighter, it costs more to buy additional credits and results in

higher supply chain costs. In all the experiments we performed, biodiesel production was

maintained because the unit cost of biodiesel is less than the $3/gallon, which is assumed

to be the market price for substitute products.

Computational analysis of (BSCN-CO): Figure 2.6 shows the effect of a carbon off-

set mechanism on total system cost and on the amount of carbon credits purchased. We

consider three different carbon offset prices co ($/ton) ∈ {5, 10, 20}. The motivation for

selecting these values was the observation that in the last few years the carbon offset price

has varied from $2.75/ton-$12/ton (Chicago Climate Exchange). Decreasing the carbon

cap implies that the amount of carbon credits available to maintain supply chain activities

is decreasing. Thus, in order to maintain its operations, this supply chain is faced with these

decisions: (a) reduce production; (b) purchase additional carbon credits in the market; or

(c) modify supply chain operations.

The focus of regulatory mechanisms such as the ones discusses here is to curb the

total carbon emissions in the supply chain of a particular region, or a county, or the whole

world. The parameters used in the calculations will differ, but, the mathematical models

we propose and the methods we use to calculate emissions can easily adopted to other

regions.
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Figure 2.6

Carbon price vs. costs under carbon offset policy

2.6.3 Analyzing the Performance of Solution Algorithms

This section describes our computational experiences related to the algorithms pro-

posed in Section 2.5 when solving the biodiesel supply chain problem. The dimensions of

the deterministic equivalent problem are presented in Table 2.8.

Table 2.9 summarizes the results of the algorithms proposed. We use the following

terminating criteria for these algorithms: (a) ε = 0.01 (b) timemax = 36, 000 seconds

and, (c) itermax = 1, 000. The first column of Table 2.9 presents the number of scenarios

studied, followed by the solution method used, the corresponding objective function value

found, error gap, number of iterations, and running time. The error gap is calculated as

follows: Error (in %) = 100 ∗ (UB − LB)/UB.

Our computational experience in solving the problem using (BSCN-ML) and (BSCN-

LR-ML) algorithms has been very good. The algorithm finds high quality feasible solu-
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tions for the master problem in all problem instances. This impacts the quality of solu-

tion of the subproblem, and consequently the quality of the overall solution. Algorithms

(BSCN-ML) and (BSCN-LR-ML) outperform (BSCN-L) and (BSCN-LR-L) since the

multiple optimality cuts added in each iteration do a better job in approximating Θ(X,Z, V ).

Both (BSCN-ML) and (BSCN-LR-ML) algorithms provide solutions within 1% error gap

in a reasonable amount of time. The other algorithms stop because of the time limit or

iteration limit.

We observed that during the initial iterations of the algorithm, the master problem did

not receive enough information from the subproblem and therefore, the quality of solutions

was poor. We were able to find feasible solutions to the master problem as the number of

the optimality cuts increased. Thus, in order to reduce the running time of the Lagrangean-

relaxation during the initial iterations of the L-shaped algorithm, we set the error gap for

the Lagrangian relaxation algorithm (εLR) to 0.05. This error gap is dynamically adjusted

to 0.01 as the algorithm progresses and the gap between upper and lower bound of the L-

shaped algorithm improves. Often, during the initial iterations of the L-shaped algorithm,

the Lagrangian-relaxation algorithm did not converge to the pre-specified error gap. This is

why we terminate the Lagrangian-relaxation algorithm when one of the following criteria

is met: (i) the improvement on the lower bound after r consecutive iterations is below a

threshold value; or (ii) the maximum number of iterations is reached. We proceed solving

the subproblem by using the best known feasible solution of the master problem obtained

so far.

47



www.manaraa.com

When solving problems of large size, the chances are that the optimality gap of Lagrangian-

relaxation algorithm may still be greater than zero. In this case the readers are encouraged

to apply well-known techniques, such as, branch and bound [24], variable fixing [121] and

reduction tests [24] to reduce this optimality gap.

Note that, CPLEX also emerges as a good tool to solve the problem within 1% error

gap for all the instances studied. However, the running time of CPLEX is, on average, 3.3

and 25.7 times higher as compared to (BSCN-ML) and (BSCN-LR-ML).

2.6.4 Performance evaluation of stochastic solutions

This section evaluates the performance of the stochastic programming models devel-

oped to capture supply and technology development uncertainties. For this purpose, we

calculate the expected value of perfect information (EV PI) and the value of stochastic so-

lution (V SS). EV PI measures the value of knowing the future with certainty [13]. Thus,

EV PI represents the difference between the wait and see solution (WSS) and the objec-

tive function value from solving (BSCN). V SS measures the value of stochastic solution

and it is calculated as the difference between the objective function value of (BSCN) and

the expected value solution (EEV ). A summary of these results is reported in Tables 2.10

and 2.11.

EV PI is calculated using the results listed in Table 2.10. The WSS for each scenario

are calculated by solving (BSCN) assuming in the future we face this single scenario only.

Then, we use these results to calculate WSS = ($316.77M + $287.10M + $319.67M +

$284.02M + $298.66M) ∗ 0.15 + ($269.15M + $338.22M + $276.45M + $304.57M +
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$287.69M)∗0.05 = $299.73M . Therefore,EV PI = $310.9M−$299.73M = $11.17M .

This means, if it were possible to know perfectly the future of annual sludge supply, then

the total system costs would only be $299.73M. However, since no one can predict the

future, by solving the stochastic programming model, we identify a supply chain with total

costs of $310.9M. The value of EV PI - $11.17M - indicates how much is worth knowing

the future with certainty.

In order to calculate V SS we first need to calculate EEV . Calculating EEV requires

two simple steps. We first solve the deterministic version of (BSCN) by using expected val-

ues of biomass supply instead. Next, we use this solution to set the values of the first-stage

variables in formulation (BSCN) and then resolve. The corresponding objective function

value is EEV . Then, V SS = EEV - $310.90M = $314.15M - $310.90M = $3.25M.

Therefore, $3.25M represents the savings realized by solving the stochastic model for-

mulation (BSCN) rather than solving the corresponding deterministic formulation of our

problem.

Similarly, we use the data in Table 2.11 to calculate EV PI and V SS for the case

when we solve (BSCN) under technology development uncertainty. In this case, WSS =

$303.32M , and the corresponding EV PI = $3.70M . This means, the value of know-

ing perfectly the future of technological innovations is $3.70M. The value of EEV =

$309.25M , and V SS = $2.23M . Thus, $2.23M are the total savings which can result

from modeling and solving this supply chain problem as a two-stage stochastic program,

rather than solving the corresponding deterministic model.
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Tables 2.10 and 2.11 also present the amount of biodiesel produced under each sce-

nario. The results of Table 2.11 indicate that, as the conversion rate increases, the amount

of biodiesel produced increases.

In summary, the performance of supply chain is impacted by uncertainties in sludge

supply and technology development. Therefore, it is worthwhile to adopt stochastic pro-

gramming modeling to design and manage biodiesel supply chains. Experimental results

indicate that total cost savings result when a stochastic approach is used to solve the prob-

lem as opposed to an expected value approach.

2.7 Conclusion

This chapter discusses a two-stage stochastic programming model to design and man-

age a biodiesel supply chain under feedstock and technology development uncertainties.

The technology we rely on in this study uses wastewater sludge to produce biocrude, which

is further processed into biodiesel. The main sources of wastewater sludge are WWT

plants, pulp and paper mills, poultry slaughtering and processing plants, fresh and frozen

fish processing plants, fat and oil from animal and marine plants, and meat packing plants.

Based on the models proposed, the expected delivery cost of biodiesel is $2.72/gallon. We

have extended our model in order to account for CO2 emissions due to supply chain ac-

tivities. We model the impact of different carbon regulatory mechanisms, such as carbon

cap, carbon tax, carbon cap and trade, and carbon offset on the design and management of

supply chains for biofuels.

50



www.manaraa.com

We propose four solution algorithms to solve the two-stage stochastic programming

model. These algorithms are the L-shaped algorithm (BSCN-L); the Multi-cut L-shaped

algorithm (BSCN-ML); the Lagrangian relaxation with L-shaped algorithm (BSCN-LR-

L); and the Lagrangian relaxation with Multi-cut L-shaped algorithm (BSCN-LR-ML).

Computational results showed that all four algorithms performed well for moderately sized

problems. However, as the problem size increases, we observe that the multi-cut L-shaped

algorithms (BSCN-ML) and (BSCN-LR-ML) outperform the rest.

The computational analyses provide some insightful results about the impact of carbon

regulatory mechanisms on supply chain costs and emissions. Based on the results, the

carbon cap mechanism imposes a hard constraint on the amount of CO2 emitted in the

supply chain. Thus, emissions are the lowest under this mechanism. The other mechanisms

provide more flexibility. Results indicate that a carbon cap-and-trade mechanism is more

efficient than a carbon offset mechanism since a carbon cap-and-trade motivates companies

to emit less CO2 even when the carbon cap is loose and not restrictive. This is due to the

existence of a market where unused carbon credits can be sold for a profit.

We compare the stochastic and expected value solutions in several scenarios. The

stochastic solutions are consistently better in respect to costs and emissions. This justi-

fies the use of stochastic programming approach to solve this supply chain problem.
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Table 2.2

Algorithm 1: L-shaped algorithm for BSCN problem (BSCN-L)

STEP 0:
Initialize, ε. Set, n← 1, LB ← −∞, UB ← +∞

STEP 1:
Solve (M-BSCN) to obtain Φn, Xn

lj , Zn
fkj , V n

j

If (Φn > LB) Then
LB ← Φn

End If
STEP 2:

For all ω ∈ Ω Do
Solve (S-BSCN(ω)) to obtain θnω,Λ

n
lj(ω),∆

n
fkj(ω),Υ

n
j (ω)

End for
Calculate θn using (2.44)
ϱn ← θn +

∑
j∈J

∑
l∈L ψlXlj +

∑
f∈F

∑
k∈K

∑
j∈J

ϑfZfkj +
∑

j∈J v
1
1Vj

If (ϱn < UB) Then
UB ← ϱn

End If
STEP 3:

Calculate Λn
lj ,∆

n
fkj ,Υ

n
j using (2.41), (2.42), (2.43)

STEP 4:
If ((UB − LB)/UB < ε) Then STOP
Else

Add to (M-BSCN):
θ ≥ θn +

∑
l∈L

∑
j∈J Λn

lj(Xlj −Xn
lj) +

∑
f∈F

∑
k∈K∑

j∈J ∆n
fkj(Zfkj − Zn

fkj) +
∑

j∈J Υn
j (V

n
j − Vj)

n← n+ 1; GoTo STEP 1
End If
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Table 2.3

Algorithm 2: Lagrangian relaxation algorithm

STEP 1
Initialize, εLR, X lj , Zfkj , V j .
Set, r ← 1, stop← False, Ξr

j ≥ 0, noimpr ← 0, ηr ← 2,
ss ← 0

While (stop = False) Do
Solve (LR-BSCN) to obtain L(Ξ)r, Xr

lj , Zr
fkj , V r

j

If (L(Ξ)r > LB) Then
LB ← L(Ξ)r

noimpr ← 0
Else

noimpr ← noimpr + 1
If(noimpr > 5) Then

ηr+1 ← ηr/2
noimpr ← 0

End If
End If
UB =min{UB,

∑
j∈J

∑
l∈L ΨlX lj +

∑
f∈F

∑
k∈K∑

j∈J ϑfZfkj +
∑

j∈J ν
1
1V j}

If ((UB − LB)/UB ≤ εLR) Then
stop← True

Else
ss ← ηr UB−LB∑

j∈J (
∑

l∈L Xlj−1)2

Ξr+1
j = max{0, Ξr

j + ss(
∑

l∈LXlj − 1)}
End If
r ← r + 1

End While

Table 2.4

Unit transportation cost for truck and pipeline

Costs Parameters Value Unit
Sludge transportation:
Fixed cost-rented truck ν12 4.56 $/ton
Variable cost-rented truck β1

2 0.072 $/ton/mile
Variable cost-owned truck β1

1 0.058 $/ton/mile
Variable cost-pipeline@150tons/day αf 0.186 $/ton/mile
Biocrude & Biodiesel transportation:
Loading/unloading ν22 , ν32 0.02 $/gallon
Time dependent β2

2 , β3
2 32.0 $/hr/trucload

Distance dependent β2
2 , β3

2 1.30 $/mile/trucload
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Table 2.5

Parameters required to calculate pipeline transportation costs

Parameter Value Unit
Pipeline operating life 30 Years
Pipeline operating days 350 Days
Slurry design velocity 2.7 ms−1

Pump efficiency 80 %
Discount rate 10 %
Labor cost 29.20 h−1

Labor hour requirement 8,400 hyear−1

Electricity cost 60.0 $ MWh−1

Pipeline maintenance cost 0.5 % of its capital cost
Pump station maintenance cost 3.0 % of its capital cost
Contingency 10 % of its capital cost

Table 2.6

Scenario definitions under feedstock supply uncertainty

Scenario Explanation Probability
1-5 Historical data collected from previous five years 0.75
6 Sludge supply of every facility is increased by 20% 0.05
7 Sludge supply of every facility is decreased by 20% 0.05
8 The change of sludge supply at a WWT plant is equal to the

average change of population in Mississippi in the last 10 years 0.05
9 Sludge supply from pulp & paper decreased by 20% 0.05
10 Sludge supply from poultry production increased by 20%. 0.05

Table 2.7

Scenario definitions under technology uncertainty

Scenario Explanation Probability
1 1 ton of sludge generates 0.20 tons of biocrude 0.05
2 1 ton of sludge generates 0.24 tons of biocrude 0.10
3 1 ton of sludge generates 0.26 tons of biocrude 0.70
4 1 ton of sludge generates 0.28 tons of biocrude 0.10
5 1 ton of sludge generates 0.32 tons of biocrude 0.05

Table 2.8

Problem size of the deterministic equivalent of the model
| K | | J | | I | | G | | M | | L | | F | No. of binary No. of integer No. of continuous No. of

variables variables variables constraints
94 26 10 52 3 3 3 104 7,332 8,243 7,732
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Table 2.9

Comparison of solution quality
Solution Obj. Val. Error No. of CPU time

|Ω| Method ($ M) (%) iter. (sec)
5 CPLEX 311.5 0.91 N/A 3,487.1

BSCN-L 312.4 3.09 1,000 3,541.8
BSCN-ML 312.3 0.90 97 974.7
BSCN-LR-L 313.3 3.46 1,000 2,812.3
BSCN-LR-ML 312.4 0.97 43 192.4

6 CPLEX 309.9 0.97 N/A 4,712.4
BSCN-L 311.9 3.42 1,000 8,816.8
BSCN-ML 311.4 0.94 194 1,214.9
BSCN-LR-L 312.8 3.48 1,000 4,221.7
BSCN-LR-ML 311.5 0.90 47 201.9

7 CPLEX 312.9 0.94 N/A 5,489.7
BSCN-L 316.8 3.95 1,000 9,845.7
BSCN-ML 314.5 0.92 210 1,411.1
BSCN-LR-L 317.6 4.18 1,000 4,301.4
BSCN-LR-ML 315.0 0.95 56 248.6

8 CPLEX 310.4 0.93 N/A 6,626.5
BSCN-L 313.9 3.66 1,000 11,341.2
BSCN-ML 313.4 0.86 256 2,089.1
BSCN-LR-L 316.8 4.13 1,000 6,097.6
BSCN-LR-ML 313.8 0.96 68 281.8

9 CPLEX 311.4 0.87 N/A 8,478.9
BSCN-L 315.6 2.76 1,000 14,749.1
BSCN-ML 313.2 0.89 281 3,161.2
BSCN-LR-L 316.9 5.05 1,000 6,229.4
BSCN-LR-ML 313.4 0.96 82 303.9

10 CPLEX 310.6 0.98 N/A 13,247.4
BSCN-L 315.2 4.27 1,000 21,779.1
BSCN-ML 312.4 0.92 344 3,881.5
BSCN-LR-L 315.9 4.44 1,000 7,582.8
BSCN-LR-ML 313.0 0.93 126 409.3

Table 2.10

Stochastic vs. deterministic solutions under feedstock supply uncertainty

Strategies Value Biodiesel Production
($M) (MGY)

Stochastic programming 310.9 75.83

Wait and see solutions
Scenario-1 316.77 69.98
Scenario-2 287.10 80.34
Scenario-3 319.67 67.74
Scenario-4 284.02 81.62
Scenario-5 298.66 77.56
Scenario-6 269.15 90.71
Scenario-7 338.22 60.48
Scenario-8 276.45 83.96
Scenario-9 304.57 74.40
Scenario-10 287.69 80.25

Expected value solution 314.15 72.71
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Table 2.11

Stochastic vs. deterministic solutions under technology uncertainty

Strategies Value Biodiesel Production
($M) (MGY)

Stochastic programming 307.02 74.62

Wait and see solutions
Scenario 1 344.45 57.62
Scenario 2 317.51 69.14
Scenario 3 303.16 74.70
Scenario 4 288.10 79.68
Scenario 5 266.42 91.30

Expected value solution 309.25 73.34
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CHAPTER 3

ANALYZING THE IMPACT OF INTERMODAL-RELATED RISK TO THE DESIGN

AND MANAGEMENT OF BIOFUEL SUPPLY CHAIN

3.1 Introduction

The U.S. biofuel industry is expanding at a fast rate. The production of bio-ethanol

in the U.S. has dramatically increased from 1.15 billion gallons in 2000 to 10.01 billion

gallons in 2011 [142], and is projected to reach 11.67 billion gallons in 2020 [142]. Such

an increase in bioethanol production mandates substantial expansion of existing biofuel

supply chain infrastructure. The efficiency and reliability of a biofuel supply chain will

be determined by the performance of an integrated biofuel production and transportation

system that not only operates well under normal condition but also hedge against risk when

a disruption occurs.

Biomass needs to be transported from a field to a biorefinery at a minimal cost. This

requires a lean logistics network that efficiently connects origin fields and destination re-

fineries with proper transportation modes. The biomass feedstock used for production of

the first generation biofuels (corn- and soybean-based) is bulky, non-flowable and as a con-

sequence difficult to load on a truck. This yields very high costs of loading, transporting

and unloading biomass, which consequentially limits its economic transportation distance1.

1Economic transportation distance is the distance below which truck is considered as an economic mode
of transportation.

57



www.manaraa.com

Brower [16] pointed out that moving biomass more than 50 miles to a conversion facility

severely impacts profits. Due to this limited coverage radius, production capacities of the

biorefineries are usually low. This restrains the biorefineries benefiting from economies

of scale, and the unit cost of biomass keeps high. In order to alleviate this problem Idaho

National Laboratory proposed a biomass delivery system [58]. This system relies on pre-

processing biomass prior to transporting. Densified biomass has physical characteristics

which are similar to corn, soybean and other grains; therefore, it is easy to load/unload and

transport. Handling and transportation costs for densified biomass are smaller than those

for unprocessed biomass; thus, long hauls become an option. Hess et al. [58] reported that

depending on the amount and distance traveled, rail or truck can be used to deliver den-

sified biomass to a biorefinery. As a result, large-capacity biorefineries can get shipments

not only from local suppliers, but from suppliers located further away.

Large-capacity biorefineries require to develop a robust and integrated logistics system

where the densified biomass is shipped via different modes of transportation such as truck,

rail and barge. In case of unprocessed biomass, truck is considered as the only mode of

transportation to ship biomass to biorefineries. Using rail or barge instead, not only re-

duces cost, but also alleviates congestion in the highways and as a result improves safety.

Therefore, there is a need to establish intermodal hubs in a biofuel supply chain network

where two or more transportation modes meet, such as rail ramps, in-land ports, sea ports,

etc. Locating an intermodal hub close to the biorefinery allows it to use an economical

transportation mode to replenish inventories. For example, the only biorefinery in Missis-

sippi is the Bunge-Ergon which is located in Vicksburg, right on the Mississippi River at
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the port of Vicksburg, MS. KiOR Inc., a company of next-generation renewable fuel builds

its first plant near the Port of Columbus, MS. KiOR already announced to invest in building

more biorefineries in Mississippi in the coming years.

Transportation infrastructures, particularly those bearing intermodal traffic, may be

vulnerable to various disruption risks, such as natural disasters ([93], [144] e.g., 2005 Hur-

ricane Katrina, 2008 China and 2009 Haiti Earthquakes) and human-caused disasters ([97],

[102] e.g., 2003 U.S. Northeast blackout, 2010 Gulf of Mexico Oil Spill). Furthermore,

some areas are recognized as disaster prone areas. For instance, Figure 3.1 shows that in

total 39 different storms affected North Carolina between 2000-2008 [122]. Hurricanes in

North Carolina history are responsible for over $11 billion damage loss and almost 1,000

total fatalities. Similarly, the Mississippi river and its tributaries have flooded on numerous

occasions in the past [131]. Hence, proper redundancy needs to be deployed among the

biofuel supply chain to enhance the system reliability against infrastructure disruptions.

This indicates that there is a need to develop a modeling framework for reliable design of

a biofuel supply chain network. Such a design shall not only efficiently transport biomass

under the normal scenario (when every intermodal hub is functioning normally), but also

hedge against possible losses due to unexpected infrastructure disruptions.

To address this need, this chapter proposes a model for the design of reliable multi-

modal logistics network for a biofuel supply chain system and analyzes the impact of

intermodal hub related risk to this system. We extend the traditional hub location model

to one that considers risks associated with intermodal hubs, including flooding, hurricane

and drought. The output of our model provides location of intermodal hubs, number of
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Figure 3.1

Storms affecting NC (1851-2012) [122]

containers transported between the intermodal hubs, amount of densified biomass trans-

ported via trucks and the number of intermodal hubs used under both normal and disrupted

scenarios. Additionally, we propose a probabilistic model to estimate disruption proba-

bilities for the intermodal hubs. We identified that our proposed model is an extension of

the fixed charge, uncapacitated network design problem and is known to be an NP-hard

problem [79]. Therefore, solving the model in general is a very challenging task. This

motivates us to develop a highly customized solution approach based on the traditional

Benders decomposition algorithm. To enhance our algorithm, we create several stronger

cuts, including pareto-optimal cuts, trust region and knapsack inequality. Furthermore, we

integrate the ϵ-Benders decomposition algorithm [49] into our framework, which yields

even stronger cuts. From multiple numerical experiments, we show that the ϵ-Benders de-

composition algorithm is capable of producing a near-optimum solution in a reasonable

amount of time.
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In addition to proposing the general model, another important contribution of this chap-

ter is applying this model to a real-world case study. We use the southeast region of U.S.

as a testing ground in our case study. This region possesses a number of favorable fac-

tors (e.g., abundant biomass, low wages and non-unionized labor) that are likely to attract

intensive biofuel infrastructure investment in the future. The outcome of this study pro-

vides a number of managerial insights such as optimal deployment of intermodal hubs and

biorefineries, amount of densified biomass transported via different modes of transporta-

tion under both normal and disrupted scenarios, which can effectively aid decision makers

to design a robust biofuel supply chain network. Finally, we showed how the total sup-

ply chain performance and intermodal hub deployment are affected by parameters such

as intermodal hub disruption probabilities, irregularity in biomass supply and the penalty

coefficient chosen by the decision maker.

3.2 Literature Review

A major stream of research within the biofuel supply chain literature is to identify

the best modes of transportation so as to minimize the transportation cost. To achieve

this goal, a number of studies (e.g., [73], [80], [114]) analyzed the cost effectiveness of

different modes of transportation to deliver biomass to biorefineries. Early studies mainly

focus on supply chain decisions at operation level. Later studies further integrated both

strategic planning and tactical decisions into the design of biomass supply chain networks

in order to deliver biomass at a more competitive price to the end users. Work by [156],

[38], [39], [63], [3], [7], [147] and [108] analyze plant location and transportation issues

61



www.manaraa.com

in biofuel supply chain networks under a deterministic setting. These papers consider

perfectly reliable facilities and known demand. Chen and Fan [22], Kim et al., [71] and

Marufuzzaman et al., [83] extended those formulations by providing stochastic models

that can be used to generate reliable solutions for the design and management of a biofuel

supply chain network. Additionally, Gebreslassie et al. [47] incorporated financial risk

in a hydrocarbon biorefinery supply chain system. All these models assume that supply

chain infrastructure is always functioning perfectly and thus they fail to address unexpected

transportation hub disruptions observed in reality [29], [102].

In the context of general network design, researchers have become increasingly inter-

ested in the effect of facility disruptions. Daskin [32, 33] was the first to consider facility

unavailability in a maximal covering location problem. Drezner [36] has extended this

work to reliable location design in a p-median problem. Snyder and Daskin [121] pro-

posed an integer programming model for the stochastic fixed charge p-median location

problem where the authors assumed that the facility disruptions occur independently and

with an identical probability. Cui et al. [30] further extended this work to cases with site-

dependent disruption probabilities by creating both discrete and continuous models. The

continuous model has been generalized by Li and Ouyang [77] to incorporate spatially cor-

related disruption patters. Shen et al. [117] proposed a two-stage stochastic program and

a nonlinear integer program for problems where the open facilities fail at a certain proba-

bility. The authors proposed a 4-approximation algorithm and several heuristic approaches

to produce near-optimal solutions in a reasonable amount of time. Most recently, Li et al.

[76] provided nonlinear integer programming models for a reliable p-median problem and
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a reliable uncapacitated fixed-charge location problem under disruption correlations. By

using the rate of return on fortification investment, the authors also provided an alternative

to assess the effectiveness of the design solutions.

Similar to the literature on facility locations discussed above, biofuel supply infrastruc-

ture is also impacted by various adversary incidents, such as water scarcity, flooding, rou-

tine maintenance, or adverse weather condition [113]. However, there are very few studies

that addressed the impact of biorefinery disruptions in a biofuel supply chain network. Li

et al. [78] developed a discrete and a continuous location model for a reliable bio-ethanol

supply chain network. The authors showed the impact of disruption probabilities on opti-

mal refinery deployment decisions. Wang and Ouyang [146] proposed a game-theoretical

based continuous approximation model to locate biorefineries under spatial competition

and facility disruption risks. However, these studies only considered failure risks at biore-

fineries, and little has been done on disruptions at intermediate transportation hubs that can

significantly impact this supply chain system.

The biofuel supply chain system from biomass production to biorefineries can be viewed

as a hub-and-spoke transportation network. Other industries, such as, package delivery

[120], telecommunication [70], and airline transportation [6], [18], [26] also used hub-and-

spoke to design their distribution networks. A brief overview of the hub location problems

and solution methodologies can be found from a recent study of SteadieSeifi et al. [123].

All these studies assume that transportation hubs are always functioning and never fail,

which however cannot adequately describe real-world systems that involve various uncer-

tainties from the supply side. A few studies focused on managing and rescheduling rail
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and port operations during different disrupted scenarios such as equipment and operational

failure and physical damage to the terminal berths [66], [112]. An et al. [4] proposed a

reliable single and multiple allocation hub-and-spoke network design problems where dis-

ruptions at hubs and the resulting hub unavailability can be mitigated by backup hubs and

alternative routes. Different from the literature, the model presents in this paper considers

the impact of intermodal hub failures on supply chain design context and provided a real

life example for the densified biomass supply chain network. Furthermore, we estimate

the disruption probability of intermodal hubs using a probabilistic model. We observed

that previous studies assume a given disruption probability for each facility and seldom

validate this value with real-world disaster mechanisms [121], [30], [77], [78]. Most re-

cently, Huang and Pang [64] developed a mechanism to calculate disruption probability of

a biorefinery which is prone to seismic hazard. In this study, we extend this concept and

propose a methodology to calculate the disruption probabilities (caused by natural disas-

ters) based on the real world data. The aim is to better estimate the disruption probabilities

for the intermodal hubs.

3.3 Problem Description and Model Formulation

The main objective of this chapter is to build a reliable model that aids the design and

management of a biofuel supply chain network while taking intermodal hub disruptions

into account. The network design problem consists of locating a set of intermodal hubs

and biorefineries among candidate locations and determining the routes of biomass flows

from its origin (harvesting sites) to destination (biorefineries). The design shall minimize
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the total set-up cost and the expected long run transportation cost across all hub disruption

scenarios. We assume that the intermodal hubs are subject to site-dependent probabilistic

disruptions. Figure ?? presents the structure of the biofuel logistic network consisting

of biomass suppliers, potential locations for intermodal hubs (rail ramps or ports) and

biorefineries.

We now present two model formulations for the biofuel logistics network design prob-

lem, i.e., a basic hub-and-spoke model [HUB-B] that assumes that every hub is always

functioning perfectly and a reliable hub-and-spoke model [HUB-R] that considers possible

hub disruptions instead. The notation is summarized in Table 3.1. We will first introduce

the basic model [HUB-B].

Consider a logistic network G = (N ,A), where N is the set of nodes and A is the

set of arcs (shown in Figure 3.2). Set N consists of the set of harvesting sites I, the set

of candidate intermodal hub locations J and the set of candidate biorefinery locations K

(Let, H = J
∪
K). Each site i ∈ I produces si unit of densified biomass (we assume that

biomass is densified right at the harvesting sites), and the total biofuel production in this

system is set to be no less than d. Locating an intermodal hub of capacity level l ∈ L at each

location j ∈ J costs a fixed set-up cost Ψlj . Similarly, locating a biorefinery of capacity

l ∈ L at each location k ∈ K costs a fixed set-up cost Ψlk. Each shipments from harvesting

sites are consolidated at an intermodal hub in J before being delivered to a biorefinery

in K. We assume that every biorefinery in K is co-located with an intermodal hub with

a sufficiently large capacity, and the transportation expense between the refinery and its

co-located intermodal hub is negligible. The set of arcs A is partitioned into three disjoint
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subsets, i.e.,A = A1∪A2∪A3, whereA1 represents the set of arcs joining harvesting sites

I with intermodal hubs J , A2 represents the set of arcs between intermodal hubs J and

biorefineryK, and finallyA3 represents the set of arcs that directly connect from harvesting

sites I to biorefinery K. Each arc (i, j) ∈ A1 carries local collection low-volume traffic

between a harvesting site and an intermodal hub that are usually spaced by a small distance

(e.g., on the order of 10-20 miles). Therefore, trucks are preferable on (i, j) ∈ A1 and its

unit-volume traffic cost is specified as the link length of cij . An inter-hub arc (j, k) ∈ A2

usually carries large-volume long-haul traffic and uses either rail or barge as their major

transportation mode. We represent cjk as a unit transportation cost along arc (j, k) ∈ A2.

Therefore, a unit flow along an origin-destination route {(i, j), (j, k)} costs cijk = cij+cjk.

Furthermore, we allow biomass to be shipped by trucks along a direct arc (i, k) ∈ A3 from

harvesting site i ∈ I to biorefinery k ∈ K, which incurs a unit transportation cost cik.

Since trucking usually has a higher unit cost than larger-volume rail and waterway modes,

cost cik is likely to be much higher than regular cost cijk, and thus the long-haul trucking

mode is mostly used only in emergency. Since densified biomass is usually transported

in cargo containers between intermodal hubs, in addition to unit transportation cost we

consider that along each inter-hub arc (j, k) ∈ A2, sending each container with a capacity

of vcapjk incurs a fixed cost ξjk. This fixed cost represents the costs associated with loading

and unloading a single railcar. We introduce the following location and allocation decision

variables in our model.

The primary decision variables Y := {Ylj}l∈L,j∈J ∪
K determine the size and location

to open intermodal hubs and biorefineries, i.e.,
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Figure 3.2

An example of intermodal supply chain network

Ylj =


1 if an intermodal hub of size l is opened at location j

0 otherwise;

Ylk =


1 if a biorefinery of size l is opened at location k

0 otherwise;

The second set of decision variables Z := {Zjk}j∈J ,k∈K decides the number of con-

tainer flow between each pair of hubs. The remaining decisions are how to route the

biomass flows from its origin to destination. Let X := {Xlk}(l,k)∈A denote the flow of

biomass along each link (l.k) ∈ A in this network. With this, we can formulate the basic

model [HUB-B] as follows,

[HUB-B] Minimize
∑

(lk)∈A

clkXlk +
∑

l∈L,j∈H

ΨljYlj +
∑

j∈J ,k∈K

ξjkZjk
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Subject to

∑
j∈Ji

Xij +
∑
k∈Ki

Xik ≤ si ∀i ∈ I (3.1)∑
k∈K

∑
j∈Ik

∪
Jk

Xjk ≥ d (3.2)

∑
i∈Ij

Xij −
∑
k∈Kj

Xjk = 0 ∀j ∈ J (3.3)

∑
i∈Ij

Xij −
∑
l∈L

ccaplj Ylj ≤ 0 ∀j ∈ J (3.4)

∑
j∈Ik

∪
Jk

Xjk −
∑
l∈L

ccaplk Ylk ≤ 0 ∀k ∈ K (3.5)

vcapjk Zjk −Xjk ≥ 0 ∀j ∈ J , k ∈ K (3.6)∑
l∈L

Ylj ≤ 1 ∀j ∈ H (3.7)

Xlk ∈ R+ ∀(l, k) ∈ A (3.8)

Ylj ∈ B ∀j ∈ H (3.9)

Zjk ∈ Z+ ∀j ∈ J , k ∈ K (3.10)

The first term of the objective function is the total variable transportation cost, the

second term is the total set-up cost of opening intermodal hubs and biorefineries and the

third term is the fixed cost of sending cargo containers between the intermodal hubs and

biorefineries. Constraints (4.1) indicate that the amount of biomass shipped from a har-

vesting site i ∈ I is limited by its availability. Constraints (4.2) set the minimum amount

of biomass to be routed through the logistics network. Constraints (4.3) enforces flow-

conservation at intermodal hubs j ∈ J . Constraints (4.4) indicate that the total amount

of biomass shipped through an intermodal hub j ∈ J is limited by the hub capacity ccaplj ,

∀l ∈ L, j ∈ J . Similarly, Constraints (4.5) indicate that the total amount of biomass
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shipped to a biorefinery is limited by the refinery capacity ccaplk , ∀l ∈ L, k ∈ K. Constraints

(4.6) count the number of containers needed for shipping biomass on each arc. Constraints

(3.7) indicate that at most one intermodal hub/biorefinery of capacity l ∈ L is operating in a

given location j ∈ H. Finally, constraints (4.7) are the standard non-negativity constraints,

(4.8) are the binary constraints, and (4.9) are the integrality constraints.

To further incorporate intermodal hub disruptions observed in the real world, we will

extend the basic model [HUB-B] to a reliable model [HUB-R] that hedges against dis-

ruption impacts by using back-up services. We assume that each hub in j ∈ H disrupts

independently. The corresponding site-dependent probability is qj . When either hub along

route ((i, j), (j, k)) disrupts, this route is no longer operating, and we assume the traffic is

detoured to the highway arc (i, k) ∈ A3, which now serves as an emergency carrier. Since

an emergency service usually costs much higher than a regularly scheduled service and

may incur other risks to normal system operations, we consider that the unit emergency

transportation cost is β times as much as the regularized cost cik, where the risk coefficient

β ≥ 1 and β = 1 denotes the risk neutral case. We further relax the minimum total biofuel

production requirement and instead impose a penalty cost π per unit shortage of biomass.

This penalty π can be also interpreted as a profit threshold such that if unit biomass trans-

portation cost exceeds this threshold, producing biofuel will be no longer profitable and

thus there is no point of shipping biomass at this transportation cost. To capture the hub

disruption risks and biomass shortage penalty, we introduce additional decision variable as

follows,

• X := {Xijk}i∈I,j∈J ,k∈K flow from i to k via intermodal hub j
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• U := {U} total amount of unsatisfied demand

Then we adapt [HUB-B] to the following mixed integer linear programming (MILP)

formulation for our reliable intermodal hub and spoke problem:

[HUB-R] Minimize
∑

l∈L,j∈H

ΨljYlj+
∑

j∈J ,k∈Kj

ξjkZjk+
∑

∀i∈I,j∈Ji,k∈Kj

cijk(1−qj)(1−qk)Xijk+

∑
∀i∈I,k∈Ki

cik

Xik + β
∑

j∈Ji
∩

Jk

(qj + qk − qjqk)Xijk

+ πU

Subject to

∑
j∈Ji,k∈Kj

Xijk +
∑
k∈Ki

Xik ≤ si ∀i ∈ I (3.11)

∑
k∈K

∑
i∈Ik

Xik +
∑

j∈Jk,i∈Ij

Xijk

+ U = d (3.12)

∑
i∈Ij ,k∈Kj

Xijk ≤
∑
l∈L

ccaplj Ylj ∀j ∈ J (3.13)

∑
i∈Ik

Xik +
∑

i∈Ij ,j∈Jk

Xijk ≤
∑
l∈L

ccaplk Ylk ∀k ∈ K (3.14)

vcapjk Zjk −
∑
i∈Ij

Xijk ≥ 0 ∀j ∈ J , k ∈ Kj (3.15)

∑
l∈L

Ylj ≤ 1 ∀j ∈ H (3.16)

Xijk ∈ R+ ∀i ∈ I, j ∈ Ji, k ∈ Kj(3.17)

Xik ∈ R+ ∀i ∈ I, k ∈ Ki (3.18)

U ∈ R+ (3.19)

Ylj ∈ B ∀l ∈ L, j ∈ H (3.20)

Zjk ∈ Z+ ∀j ∈ J , k ∈ Kj (3.21)
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In [HUB-R], the objective function minimizes the total expected system cost, including

the expected transportation cost across both normal and disruptive scenarios and the invest-

ment of opening hubs and using inter-hub arcs. More specifically, the first and second terms

represent respectively the total set-up cost of establishing the intermodal hubs and biore-

fineries and the fixed cost of transporting cargo containers between the intermodal hubs.

The third term is the regular transportation cost which is weighted by (1 − qj)(1 − qk),

the probability that both hubs operate normally along each route (i, j, k). When either

or both the intermodal hub j and biorefinery k disrupt, which occurs at a probability of

(qj + qk − qjqk), flow Xijk originally assigned to route (i, j, k) will be diverted to direct

route (i, k) at a higher variable cost βcik, while route (i, k) in addition carries the planned

regular flow Xik at variable cost cik. This is reflected by the fourth and fifth terms of the

objective function. The sixth term is the penalty cost for biomass supply shortage.

Again, constraints (4.10) indicate that the amount of biomass shipped from a harvesting

site i ∈ I is limited by its availability. Constraints (4.11) indicate that the total demand for

biomass will be fulfilled either through the hub-and-spoke distribution network or through

emergency shipments. Constraints (4.12) indicate that the total amount of biomass shipped

through intermodal hub j ∈ J is limited by the hub capacity ccaplj , ∀l ∈ L, j ∈ J . Simi-

larly, constraints (4.13) indicate that the total amount of biomass shipped to a biorefinery

is limited by the refinery capacity ccaplk , ∀l ∈ L, k ∈ K. Constraints (4.14) set a limit on the

amount of biomass to be routed on the arcs (j, k) ∈ A2. Constraints (3.16) indicate that

at most one intermodal hub/biorefinery of capacity l ∈ L is operating in a given location
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j ∈ H. Finally constraints (4.15) to (4.17) are the standard non-negativity constraints,

(4.18) are the binary constraints, and (4.19) are the integrality constraints.

Method of Estimating Disruption Probability qj: In order to better estimate the site de-

pendent disruption probability qj , our study proposes a model to calculate this probability

using real-world data of disruption sources (e.g., natural disasters). We assume that an

intermodal hub location can be disrupted by multiple types of disasters. The disruption

probability at each location resulted from different types of disasters can be calculated by

integrating the impact of each type of the disasters. In general, when we consider joint

occurrence of different types of disasters, this resulting probability can be formulated in

the following.

We denote the set of all disaster types by C, and the joint occurrence of only a subset

of C specifies a scenario. Define Cr = {C ′ | C ′ ⊆ C, | C ′ |= r}, ∀r = 0, 1, ..., | C |, which

denotes the collection of all subsets of disasters (or scenarios) of size r. Note that
∪|C|

r=0Cr

denotes all the disaster scenarios. Let pj(C ′) denotes the frequency of occurring scenario

C ′ at location j, and gj(C ′) denotes the average disruption duration of hub j when scenario

C ′ occurs. Then the disruption probability of hub j across all possible disaster scenarios

can be analytically formulated by enumerating all the scenarios as follows:

qj :=

|C|∑
r=0

∑
C′∈Cr

pj(C ′)gj(C ′) ∀j ∈ H (3.22)

In the special case when the occurrences of any two disasters are mutually exclusive,

i.e., pj(C ′) = 0, ∀C ′ ∈ Cr, r ≥ 2, j ∈ H, then equation (3.22) can be simplified as
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qj :=
∑
c∈C

pjcgjc ∀j ∈ H (3.23)

Where pjc := pj({c}), gjc := gj({c}) for the ease of notation.

Model [HUB-R] is an extension of the fixed charge, uncapacitated network design

problem and is known to be an NP-hard problem [79]. Therefore, the next section pro-

poses a customized solution approach to efficiently solve this model.

3.4 Solution Methodology

Based on the structure of the model [HUB-R], we develop an algorithm using the

Benders decomposition method [9], which is a well-known partitioning method to solve

mixed integer linear programs. This method separates the original problem into two simple

problems: an integer master problem and a linear subproblem. In this section, we first

describe the basic Benders decomposition to solve the [HUB-R]. Then we present problem

specific valid inequalities and logic cuts for the master problem. Next, we present some

stronger cuts such as pareto-optimal cuts, trust region and knapsack inequality for the

master problem. Finally, we discuss a feasibility seeking Benders decomposition approach

which is designed to produce a near optimal solution in a reasonable amount of time.

3.4.1 Benders Decomposition

The underlying Benders reformulation for model [HUB-R] is given below:
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Minimize
∑

l∈L,j∈H

ΨljYlj +
∑

j∈J ,k∈Kj

ξjkZjk + [HUB-SUB](X,U |Ŷ , Ẑ)

Subject to (4.10)-(4.19). [HUB-SUB](X,U |Ŷ , Ẑ) represents the Benders subproblem

specified in the following.

For given values of the Y := {Ylj}l∈L,j∈H and Z := {Zjk}j∈J ,k∈K variables that satisfy

the integrality constraints (4.18) and (4.19), the model [HUB-R] reduces to the following

primal subproblem involving only the continuous variables X := {Xijk}i∈I,j∈J ,k∈K, U :=

{U} and X′ := {Xik}i∈I,k∈K.

[HUB-SUB](Ŷ , Ẑ) Minimize
∑

∀i∈I,j∈Ji,k∈Kj

cijk(1− qj)(1− qk)Xijk+

∑
∀i∈I,k∈Ki

cik

Xik + β
∑

j∈Ji
∩

Jk

(qj + qk − qjqk)Xijk

+ πU

Subject to

∑
j∈Ji,k∈Kj

Xijk +
∑
k∈Ki

Xik ≤ si ∀i ∈ I (3.24)

∑
k∈K

∑
i∈Ik

Xik +
∑

j∈Jk,i∈Ij

Xijk

+ U = d (3.25)

∑
i∈Ij ,k∈Kj

Xijk ≤
∑
l∈L

ccaplj Ŷlj ∀j ∈ J (3.26)

∑
i∈Ik

Xik +
∑

j∈Jk,i∈Ij

Xijk ≤
∑
l∈L

ccaplk Ŷlk ∀k ∈ K (3.27)

vcapjk Ẑjk −
∑
i∈Ij

Xijk ≥ 0 ∀j ∈ J , k ∈ Kj (3.28)
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Xijk ∈ R+ ∀i ∈ I, j ∈ Ji, k ∈ Kj (3.29)

Xik ∈ R+ ∀i ∈ I, k ∈ Ki (3.30)

U ∈ R+ (3.31)

Let δ = {δi ≥ 0 | i ∈ I}, γ = {γ}, χ = {χj ≥ 0 | j ∈ J }, η = {ηk ≥ 0 |

k ∈ K}, and µ = {µjk ≥ 0 | j ∈ J ; k ∈ K} be the dual variables associated with

constraints (4.20)-(4.24), respectively. The dual of the primal subproblem, which we call

the dual subproblem [HUB-SUB(D)], can be written as:

[HUB-SUB(D)]Maximize dγ −
∑
∀i∈I

siδi −
∑

∀l∈L,j∈J

ccaplj Ŷljχj −
∑

∀l∈L,k∈K

ccaplk Ŷlkηk

−
∑

∀j∈J ,k∈K

vcapjk Ẑjkµjk

Subject to

−δi + γ − χj − ηk − µjk ≤ [cijk(1− qj)(1− qk) + βcik(qj + qk − qjqk)]
∀i ∈ I; j ∈ J ; k ∈ K (3.32)

−δi + γ − ηk ≤ cik ∀i ∈ I, k ∈ K (3.33)
γ ≤ π (3.34)

δi, χj, ηk, µjk ∈ R+ (3.35)
γ ∈ R (3.36)

Introducing an extra variable θ, the underlying Benders reformulation can be equiva-

lently written as the following Benders master problem [HUB-MP]:

[HUB-MP]Minimize
∑

l∈L,j∈H

ΨljYlj +
∑

j∈J ,k∈Kj

ξjkZjk + θ
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Subject to

θ +
∑

∀l∈L,j∈J

ccaplj χjYlj +
∑

∀l∈L,k∈K

ccaplk ηkYlk ≥ dγ −
∑
∀i∈I

siδi −
∑

∀j∈J ,k∈K

vcapjk µjkZjk

∀(δ, γ, χ, η, µ) ∈ PD (3.37)∑
l∈L

Ylj ≤ 1 ∀j ∈ H (3.38)

Yj ∈ B ∀j ∈ J
∪
K (3.39)

Zjk ∈ Z+ ∀j ∈ J , k ∈ Kj (3.40)

Constraints (4.32) are referred to as optimality cut constraints where PD is the set of

the extreme points in the feasible region of [HUB-SUB(D)]. θ is bounded from above by

the objective function value of [HUB-SUB(D)] i.e.,

θ ≥ dγn −
∑
∀i∈I

siδ
n
i −

∑
∀l∈L,j∈J

ccaplj χ
n
j Ylj −

∑
∀l∈L,k∈K

ccaplk η
n
kYlk −

∑
∀j∈J ,k∈K

vcapjk µ
n
jkZjk

∀(δ, γ, χ, η, µ) ∈ PD

Note that we did not add any feasibility cut in the master problem since for any feasible

Y, Z values, we can also find at least a set of feasible solution to X, X′ and U due to con-

straints (4.21). Master problem [HUB-MP] is actually equivalent to the original problem

[HUB-R]. However, it is difficult to solve it directly due to the large number of optimality

constraints (4.32). Instead, we can solve a restricted master problem [HUB-RMP] that

replaces the full set Pn
D ⊂ PD. Problem [HUB-RMP] is a relaxation of [HUB-R], and

thus an optimal solution to the [HUB-RMP] provides a lower bound to [HUB-R]. The

general idea of the basic Benders Decomposition is to gradually increase the size of PD
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by iteratively adding proper new extreme points until this lower bound gets very close (or

identical) to a known upper bound, which is outlined below:

Let UBn and LBn denote an upper and lower bound of the original problem at iteration

n. Let Pn
D denote the set of extreme points of D at iteration n. The algorithm starts

by solving [HUB-RMP] which provides a valid lower bound to the original problem as

well as set values for {Ŷ n
lj }l∈L,j∈H, and {Ẑn

jk}j∈J ,k∈K that are then used to solve the dual

subproblem [HUB-SUB(D)]. At each iteration, a solution to the master problem (znMP )

and its subproblem (znSUB) provides an upper bound to the original problem. If the gap

of the upper and lower bound falls below a specified threshold value ϵ then the algorithm

terminates; otherwise, Pn
D is updated by adding an optimality cut (in the form (4.32)) that

is violated. A pseudo-code of the basic Benders decomposition algorithm is provided in

Algorithm 1.

3.4.2 Enhancements to Benders Decomposition

Contreras et al. [25] pointed out that the computational efficiency of the basic Benders

decomposition algorithm (presented in Algorithm 1) depends mainly on: (i) the computa-

tional effort required to solve [HUB-RMP] (ii) the computational effort required to solve

[HUB-SUB(D)], and (iii) the number of iterations required to obtain an optimal solution.

Initial computational experimentation of Benders decomposition with relatively large net-

works exposed its inability to converge within a reasonable amount of time. This motivated

us to explore accelerated techniques used to improve the convergence and stability of the

Benders decomposition algorithm. For our problem, it is observed that the subproblem is a
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capacitated network flow problem which contains all the continuous variables. Therefore,

this problem is relatively easy to solve. It implies that the convergence of the Benders de-

composition algorithm depends mainly on its ability to solve the relaxed master problem

repeatedly. With this finding, the following subsections will present some proper acceler-

ated techniques to solve the relaxed master problem ([HUB-RMP]) efficiently.

3.4.2.1 Adding Valid Inequalities to [HUB-RMP]

Cordeau et al. [27] pointed out that adding valid inequalities in the master problem

helps to find solutions that are close to the optimal. Therefore, in order to accelerate the

solution of the master problem, we have added the following valid inequalities to the master

problem.

Zjk ≤
∑
l∈L

⌈
ccaplj

vcapjk

⌉Ylj ∀j ∈ J , k ∈ K (3.41)

Zjk ≤
∑
l∈L

⌈ c
cap
lk

vcapjk

⌉Ylk ∀j ∈ J , k ∈ K (3.42)

Constraints (4.35) and (4.36) indicate that if no hub is established at location j and

k then no containers will flow between the arc (j, k). The constraints also impose the

maximum number of containers than can be transported among an active arc. Computa-

tional experiments showed that these valid inequalities significantly reduce the number of

iterations of the Benders algorithm.

Additionally, to accelerate the solution of the Benders master problem [HUB-RMP],

we set proper branching priorities to decision variables of {Zjk} and {Ylj}l∈L,j∈H. That

means we can set priorities to control the order in which CPLEX branches on variables.
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Numerical analysis indicates that branching {Zjk} first followed by {Ylj}l∈L,j∈H saves

some computational time in solving [HUB-RMP].

3.4.2.2 Generating Pareto-Optimal Cuts

Pareto-optimal cuts, introduced by Magnanti and Wong [79], are cutting planes added

to the master problem for the purpose of generating stronger cuts that are not dominated

by any other optimality cuts. This is one way to improve the convergence of the Ben-

ders decomposition algorithm. Notice that the subproblem formed by constraints (4.20)-

(4.27) has a network sub-structure. Typically such problems have multiple dual optimal

solutions that may provide a number of alternatives for the optimality cut (shown in con-

straints (4.32)). While all these alternative cuts are valid, one cut may be dominated by

another in the vicinity of the optimal solution [111]. The cut generated from an ex-

treme point (δ1, γ1, χ1, η1, µ1) dominates the cut generated from another extreme point

(δ2, γ2, χ2, η2, µ2) if and only if

dγ1 −
∑
∀i∈I

siδ
1
i −

∑
∀l∈L,j∈J

ccaplj Yljχ
1
j −

∑
∀l∈L,k∈K

ccaplk Ylkη
1
k −

∑
∀j∈J ,k∈K

vcapjk Zjkµ
1
jk ≥

dγ2 −
∑
∀i∈I

siδ
2
i −

∑
∀l∈L,j∈J

ccaplj Yljχ
2
j −

∑
∀l∈L,k∈K

ccaplk Ylkη
2
k −

∑
∀j∈J ,k∈K

vcapjk Zjkµ
2
jk (3.43)

with strict inequality for at least one point {Ylj}l∈L,j∈H ∈ Y. Magnanti and Wong

formulated a problem that generates a Pareto-optimal cut, using the notion of core points

i.e., a point in the relative interior of the convex hull of feasible region, as a proxy for

the optimal solution. Let YLP be the polyhedron defined by (3.38) and 0 ≤ Ylj ≤ 1,
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∀l ∈ L, j ∈ H. Let ri(YLP ) denote the relative interior point of YLP . A Pareto-optimal

cut can be obtained by solving the following subproblem, where {Y 0
lj}l∈L,j∈H ∈ ri(YLP ).

[HUB-SUB(MW)]Maximize dγ −
∑
∀i∈I

siδi −
∑

∀l∈L,j∈J

ccaplj Y
0
ljχj −

∑
∀l∈L,k∈K

ccaplk Y
0
lkηk

−
∑

∀j∈J ,k∈K

vcapjk Z
0
jkµjk

Subject to

dγ −
∑
∀i∈I

siδi −
∑

∀l∈L,j∈J

ccaplj Ŷljχj −∑
∀l∈L,k∈K

ccaplk Ŷlkηk −
∑

∀j∈J ,k∈K

vcapjk Ẑjkµjk = z(δ̂i, γ̂, χ̂j, η̂k, µ̂jk) (3.44)

− [cijk(1− qj)(1− qk) + βcik(qj + qk − qjqk)] ≤ δi − γ + χj + ηk + µjk

∀i ∈ I, j ∈ J , k ∈ K (3.45)

−δi + γ − ηk ≤ cik ∀i ∈ I, k ∈ K (3.46)

γ ≤ π (3.47)

δi, χj, ηk, µjk ∈ R+ (3.48)

γ ∈ R (3.49)

Here, z(δ̂i, γ̂, χ̂j, η̂k, µ̂jk) denotes the optimal solution to the dual subproblem and Y 0
lj ,

Y 0
lk and Z0

jk is a core point of the master problem. The additional constraint (4.37) ensures

that one will select an extreme point from the set of optimal solutions to the original dual

subproblem. This method first solves the Benders master problem [HUB-RMP], solves

a dual subproblem [HUB-SUB(D)] with the decision variables obtained from the master

problem. Then one needs to solve an auxiliary subproblem [HUB-SUB(MW)] with the
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existing solution to [HUB-SUB(D)] embedded in order to produce a Pareto-optimal cut

for the Benders master problem. The reliance on the solution from the dual subproblem

[HUB-SUB(D)] to formulate the auxiliary subproblem to generate a Pareto-optimal cut can

be a major computational drawback [98]. For instance, when the Benders subproblem is

difficult, this algorithm will not generate suboptimal solutions (δ̂i, γ̂, χ̂j, η̂k, µ̂jk) quickly.

Therefore, in this study we have used subproblem independent Pareto-optimal cuts pro-

posed by Papadakos [98]. In this Modified Magnanti-Wong (MMW) method one needs to

solve the following auxiliary sub-problem [HUB-SUB(MMW)]:

[HUB-SUB(MMW)]Maximize dγ−
∑
∀i∈I

siδi−
∑

∀l∈L,j∈J

ccaplj Y
0
ljχj−

∑
∀l∈L,k∈K

ccaplk Y
0
lkηk

−
∑

∀j∈J ,k∈K

vcapjk Z
0
jkµjk

subject to

− [cijk(1− qj)(1− qk) + βcik(qj + qk − qjqk)] ≤ δi − γ + χj + ηk + µjk

∀i ∈ I, j ∈ J , k ∈ K (3.50)

−δi + γ − ηk ≤ cik ∀i ∈ I, k ∈ K (3.51)

γ ≤ π (3.52)

δi, χj, ηk, µjk ∈ R+ (3.53)

γ ∈ R (3.54)

It is clear from the above formulation that the auxiliary sub-problem is independent of

the solutions to the original dual subproblem and the master problem. Generating Modified
81



www.manaraa.com

Magnanti-Wong (MMW) method will assist the Benders master problem to be one step

closer to the optimal solution from the very first iteration [98].

3.4.2.3 Trust Region

Ruszczynski [110] pointed out that, cutting plane based algorithms such as Benders

decomposition exhibits unstable behavior in the initial iterations i.e., solutions tend to

oscillate from one feasible region to another which leads to slow convergence. There-

fore, Santoso et al. [111] suggested to use the following trust region that bounds the

Hamming distance [55] of the master problem solution from the previous solution. Let,

{Ŷ (n)
lj }l∈L,j∈H be the solution obtained from master problem at iteration n and let Yn

1 =

{(l, j)|{Ŷ (n)
lj }l∈L,j∈J = 1} and Yn

2 = {(l, k)|{Ŷ (n)
lk }l∈L,k∈K = 1}. Therefore, we impose

the following constraint in the master problem in iteration n+ 1:

∑
(l,j)∈Yn

1

(1− Ylj) +
∑

(l,k)∈Yn
2

(1− Ylk) +
∑

(l,j)/∈Yn
1

Ylj +
∑

(l,k)/∈Yn
2

Ylk ≤ ∆n (3.55)

where ∆n < (|L×J |+ |L×K|) represents the trust-region size in iteration n. Unfor-

tunately, convergence cannot be guaranteed if a non-redundant trust region is maintained

throughout the algorithm. Therefore, in the initial iterations when the algorithm tends to

have the oscillating effect we impose constraint (3.55) in the restricted master problem

[HUB-RMP] and dynamically adjust its size. When the algorithm reaches a sufficiently

small optimality gap, we drop constraint (3.55) from the master problem in order to ensure

convergence.
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3.4.2.4 Knapsack Inequalities

Santoso et al [111] showed that if a good upper bound is available from the Benders

decomposition algorithm, then adding a knapsack inequality (shown below) along with the

optimality cut constraint (4.32) can have a significant impact to the solution quality from

the Benders master problem. The authors also pointed out that a state-of-the-art solver

such as CPLEX can derive a variety of valid inequalities from that knapsack inequality

which expedite the convergence of the Benders decomposition algorithm. Let (4.32) be

the optimality cut added to the master problem at the end of nth iteration and let UBn be

the best known upper bound obtained so far. Since Benders decomposition ensures that:

UBn ≥
∑

l∈L,j∈H ΨljYlj +
∑

j∈J ,k∈Kj
ξjkZjk + θ, therefore, we derive the following valid

inequalities which we added in [HUB-RMP] in iteration n+ 1:

UBn − dγn +
∑
∀i∈I

siδ
n
i ≥

∑
∀l∈L,j∈J

(Ψlj − ccaplj χ
n
j )Ylj +

∑
∀l∈L,k∈K

(Ψlk − ccaplk η
n
k )Ylk +∑

∀j∈J ,k∈K

(ξjk − vcapjk µ
n
jk)Zjk (3.56)

The outline of the overall accelerated Benders Decomposition algorithm is presented

in Algorithm 2.

3.4.2.5 Feasibility seeking Benders cut

Geoffrion and Graves [49] presented a feasibility seeking Benders decomposition al-

gorithm where the authors showed that the master problem can be stopped whenever a first

feasible solution better than the best incumbent solution is obtained. The rationale behind

this is the following: the master problem requires several Benders cuts in order to obtain
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accurate information from the dual subproblem. Therefore, it is not worth to optimize the

master problem until optimality is proved.

The master problem [HUB-RMP] is now a feasibility seeking problem and no longer

provides a lower bound for the original problem [HUB-R]. This forces finding an alter-

native way to terminate the algorithm. Hence, an error margin ϵnf is introduced and the

algorithm terminates whenever the restricted master problem [HUB-RMP] does not find

any feasible solution better than UBn − ϵnf . At this moment the best incumbent solution is

reported and is referred to as an ϵ-optimal solution of the original problem [HUB-R].

To obtain an ϵ-optimal solution, the following feasibility cut is added to the Benders

master problem:

UBn − ϵnf ≥
∑

l∈L,j∈H

ΨljYlj +
∑

j∈J ,k∈Kj

ξjkZjk + θ ∀n ∈ N P (3.57)

Where UBn is the best known upper bound obtained till n − 1 iterations. Geoffrion

and Graves [49] showed that when ϵnf > 0 the Benders cut which is represented by con-

straint (4.46) does not generate the same integer solution. Therefore, the restricted master

problem [HUB-RMP] is now a feasibility seeking problem.

The outline of the feasibility seeking Benders Decomposition algorithm is presented in

Algorithm 3.
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3.5 Computational Study and Managerial Insights

This section conducts a computational study on model [HUB-R] to test our algorithm

and to draw managerial insights. We use the southeast region of U.S. as the testing ground.

The following subsections describe the data used, present the results from the experimental

study, and compare the performance of the accelerated Benders decomposition algorithms

and that of other solution alternatives.

3.5.1 Data Description

Biomass Supply: The region of interest in this case study consists of nine states which

are Mississippi (MS), Alabama (AL), Louisiana (LA), Tennessee (TN), Arkansas (AR),

Georgia (GA), Florida (FL), South Carolina (SC) and North Carolina (NC). Biomass avail-

ability data is obtained from Knowledge Discovery Framework (KDF) database provided

by U.S. Department of Energy [11]. This data was further processed by Idaho National

Lab (INL) to identify the amount of densified biomass available in this region. Table 3.5

provides the summary of the total biomass available in the southeast region of U.S. Every

year this region produces 29.35 million tons of densified biomass from 491 different coun-

ties. We also set this amount as the total demand that we need to satisfy in a given time

period.

Investment Costs: In this study we consider a total of 291 potential hubs; among them

271 are rail ramps and 20 are inland/sea ports. Figure 3.3 shows the location and distri-

bution of potential hubs and biorefineries in the southeast region of U.S. We consider a

total of 44 potential locations for biorefineries. The annualized fixed cost for a rail ramp

85



www.manaraa.com

of capacity 1.05 million ton per year (MTY) that sends single railcar is set to $54,949/year

[80, 107]. We consider 5 different rail ramp capacities (l = 0.6 MTY, 0.8 MTY, 0.9 MTY,

1.05 MTY, and 1.20 MTY). These costs are estimated based on a lifetime of 30 years, and

a discount factor of 10% is assumed. The annualized fixed cost for inline port of capacity

2.35 MTY is set to $306,000/year which is derived from a study of Searcy et. al. [114].

We consider 5 different port capacities (l = 1.0 MTY, 1.5 MTY, 1.75 MTY, 2.00 MTY, and

2.25 MTY). Although the actual fixed cost would vary by location, we use a common fixed

cost as a reasonable approximation. The annualized fixed cost for biorefinery of capacity

45 million gallon per year (MGY) is set to $159,400,000 [154]. This cost was estimated

based on a project life of 20 years, and an interest rate of 15% was assumed. We consider

5 different biorefinery sizes (l = 20 MGY, 40 MGY, 60 MGY, 100 MGY, and 150 MGY).

Figure 3.3

Network representation of intermodal supply chain
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Transportation Costs: We consider that three different modes of transportation are

available for transporting biomass from its source to destination: truck, single railcar and

barge. Truck is used to transport biomass from a feedstock supply point i ∈ I to an inter-

modal hub facility j ∈ J . Truck can further be used to transport biomass from its source

i ∈ I to destination k ∈ K most likely under disrupted scenarios. The unit cost for truck

transportation (cij) can be computed as follows [63]:

cij =

[
(td + tt

s1
)dij

δcap1

+Υ1

]
∀i ∈ I, j ∈ J (3.58)

Where td represents distance dependent transportation cost ($/mile/truckload) such as

expenses including fuel, insurance, maintenance and permitting costs. tt represents time

dependent transportation cost ($/hr/truckload) such as labor and capital costs. It is im-

portant to note that both td and tt are distance dependent costs and varies with traveling

distance dij . On the other hand, loading and unloading cost Υ1 of biomass does not depend

on traveling distance and is treated as fixed transportation cost. All the cost parameters are

summarized in Table 4.5 [99]. These costs are estimated for a semi truck with a load ca-

pacity (δcap1 ) of 25 tons, and average traveling speed (s1) of 40 miles per hour. Note that

we multiply a penalty term (i.e. 1.5) with cij in order to calculate the unit cost for truck

transportation (cik) under disrupted scenarios.

Biomass can be transported in an intermodal hub by using barge or rail. Barge is the

most cost-efficient mode of transportation as compared to rail and truck transportation for

long-distance movement of grains. Barge rate is set as $0.017/mile/ton that is adopted from
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a study of Gonzales et. al. [52]. This cost is estimated by assuming that a single tow can

push up to 15 barges and each barge carries 1,500 tons of biomass. We further assume a

trip length of 3 days.

Companies such as CSXT Corporation, Burlington Northern Santa Fe (BNSF) Corpo-

ration present on their websites the price charged per rail car for different origin destina-

tion pairs of rail ramps. These prices are a function of the capacity of the rail car, quantity

shipped, shipment type, traveling distance and ownership of the equipment, rail car and

rail line. Gonzales et. al. [52] perform a regression analysis in order to quantify the impact

of distance (the independent variable) to rail transportation costs (the dependent variable)

for the two companies defined above. The regression equations are based on the amount

charged for a single railcar that carries 100 tons of grains:

YCSXT = 2, 248 + 1.12x1 R2
adj(%) = 29.0; p− V alue(%) = 2E−22(3.59)

YBNSF = 3, 140 + 0.75x1 R2
adj(%) = 50.0; p− V alue(%) = 0.01 (3.60)

Where $2,248 and $3,140 are the fixed cost and $1.12 and $0.75 are charged per mile

traveled (cjk) by CSXT and BNSF companies for a single railcar. We assume that every

week a train is shipped from its source to destination.

For all modes of transportation, we assume a shipment is moved from its source to

destination using the corresponding shortest path. We used Arc GIS Desktop 10 to create

a transportation network and used this network to identify shortest paths. The network

includes actual railways and waterways as well as local, rural, urban roads and major high-
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ways in the southeast region of U.S.

Identifying Disruption Probabilities: To apply equation (3.22) in model [HUB-R], we

index ports by Hp and rail ramps by Hr, and then H = Hp
∪
Hr for our study. We

consider three types of major disasters in the Southeast U.S. i.e., hurricane, flooding and

drought, indexed by h, f and d, respectively, i.e., C = {h, f, d}2. Let qjh, qjf and qjd

denote the disruption probability of location j caused by flooding, draught and hurricane.

Based on the nature of the disaster types, we know that drought does never jointly occur

with hurricane or flood at the same place, and thus qj({f, d}) = qj({h, d}) = 0, ∀j ∈ H.

The data set we use seldom indicates simultaneous occurrences of hurricanes and floods at

the same location, and thus we assume qj({f, h}) = 0, ∀j ∈ H. We observe that all these

disaster types are mutually exclusive; thus a special case of equation (3.23) is applied in

the case study, and the disruption probability for ports can be written as:

qj = pjfgjf + pjhgjh + pjdgjd ∀j ∈ Hp (3.61)

Where pjf and gjf are respectively the disaster frequency and the average disruption

duration at location j due to flooding; pjh and gjh are respectively the disaster frequency

and the average disruption duration at location j due to hurricane; finally, pjd and gjd

represent the disaster frequency and the average disruption duration of location j due to

2We did not consider earthquakes since they rarely impacted port and rail operations in this region [141],
[90]

89



www.manaraa.com

drought. Since drought has little impact on rails, we set pjd = 0, ∀j ∈ Hr. Thus the

disruption probability for rails from equation (3.23) becomes:

qj = pjfgjf + pjhgjh ∀j ∈ Hr (3.62)

We predicted failure probabilities of intermodal hubs at 291 candidate locations, in-

cluding 20 river ports and 271 rail ramps in the southeast region of U.S. in the target year

of 2020. The failure probabilities are estimated based on historical records of these three

prominent types of disasters in the study region. We have integrated data from multiple

sources to forecast further disaster patterns. Table 3.7 summarizes the key input param-

eters that are used to estimate disruption probability in a given location j. Plugging the

input data from Table 3.7 to equation (4.50) and (4.51), we can obtain estimated disruption

probabilities of 291 candidate intermodal hubs in the target year of 2020, as illustrated in

Figure 3.4, where the size of a circle is proportional to its disruption probability.

3.5.2 Experimental Results

We now discuss the results of our computational study. All the algorithms are coded

in GAMS 22.7.1 [48] on a desktop with Intel Core i7 3.50 GHz processor and 32.0 GB

RAM. The optimization solver used is ILOG CPLEX 11.0.

To understand the impact of intermodal hub disruption on biofuel supply chain net-

work, we conduct three different experiments: (a) all intermodal hubs are robust and never

fail (i.e., {qj}j∈H = 0.0, and thus model [HUB-B] is applicable), (b) all intermodal hubs

are subject to a disruption probability which are derived using the equations presented in
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Figure 3.4

Disruption probability of intermodal hubs

(4.50) and (4.51), and (c) all intermodal hubs are subject to a disruption probability; how-

ever, this time the decision maker adopts a risk averse approach by setting high penalty

coefficient (β = 1.25) on unit emergency transportation cost. Figure 3.5 shows the optimal

hub deployment from these experiments. We divide each map into three zones, where zone

1 and zone 2 areas more vulnerable to disasters than zone 3. We see that the network de-

sign layout is significantly affected by hub disruption. For instance, we use 28 intermodal

hubs in zone 1 if hub disruptions are ignored. When these disruption risks are properly

considered, only 16 intermodal hubs are located in zone 1, and many intermodal hubs are

moved to the relative reliable zone 3. The distribution of intermodal hubs for different

zones under three experimental conditions (a), (b) and (c) are summarized in Table 3.8,

where the columns under the heading | J r | and | J b | represent respectively the number

of rail ramps and ports established in a particular zone.
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Table 4.6 presents the impact of disruption on system performance. The column un-

der the heading Z represents the total number of containers transporting between links

j ∈ J , k ∈ K, i.e., Z =
∑

j∈J ,k∈K Zjk. The columns Xr
ijk(%) and Xb

ijk(%) give the

percentage of the total demand shipped via rail or barge transportation, i.e., Xr
ijk(%) =∑

i∈I,j∈J ,k∈KX
r
ijk/d and Xb

ijk(%) =
∑

i∈I,j∈J ,k∈KX
b
ijk/d. Similarly, the column Xik(%)

represents the percentage of the total demand shipped via trucks and U(%) represents the

percentage of the total demand purchased from the outside market. The remaining column

headings are self-explanatory. We observe that the unit shipping cost of biomass ($/ton)

increases from $34.602/ton to $37.863/ton by considering disruption in the network de-

signing process. We further observe that biomass shipped via intermodal hubs drops down

to 35.27% from 65.85%. This is happening because intermodal hub disruptions force part

of original intermodal shipments to be shifted to highways. The model may also finds it

advantageous of purchasing biomass from the outside market by paying a penalty cost (π)

of $80.00/ton. However, in this experiment we observe that the percentage of U does not

change by considering disruption in the network designing process.

To understand the performance of the reliable model [HUB-R] solution over the min-

imum cost model [HUB-B] solution we create three different realistic hub disruption sce-

narios. In the first scenario, we assume that the Mississippi river floods. The Mississippi

river and its tributaries have flooded on numerous occasions in the past. A list of major

floods caused by Mississippi river can be found from the study of Trotter et al. [131]. In

the second and third scenario we assume that the Tombigbee river flooded and a hurricane

hits in North Carolina. State Climate Office of North Carolina reported that in total 39
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different storms affected North Carolina between time period 2000-2008 [122]. The inter-

modal hubs which are impacted by these three disrupted scenarios are depicted in Figure

??. Table 4.6 lists the unit cost of biomass under each disrupted scenarios where the reli-

able model solutions were obtained by solving model [HUB-B] with the fixed intermodal

hub location decisions obtained from model [HUB-R]. Results indicate that the companies

will have to pay an additional $0.47/ton (the difference between reliable cost and minimum

cost solution) to hedge against unexpected intermodal hub disruptions. However, compa-

nies have the option to adopt the minimum cost solution strategy which results in higher

system cost if any disaster happens. For instance, if Mississippi river floods and the two

ports obtained from the minimum cost model become inactive (scenario 1 in Figure ??),

this scenario will increase the unit cost of biomass by 13.58% whereas adopting the reli-

able model solution will increase the unit cost of biomass by 1.94%. We further observe

the similar trends from scenario 2 and 3 which highlights the need to consider intermodal

hub disruption in the network design process.

Table 3.11 presents the impact of biomass supply changes on biofuel supply chain

network. We observe that under different supply scenarios as the value of qj increases (qj >

0.0), the model finds it more economical to ship biomass through trucks or purchasing from

outside market instead of using intermodal hubs in the network. This results in an increase

of Xik(%) and U(%) value and a decrease in | J | and Zjk value as the value of qj

progressed. Furthermore, it is observed that the number of hubs and containers transported

between the hubs is significantly impacted by biomass supply changes. For instance, a

10% increase in supply increases the number of containers transported between hubs by
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Figure 3.5

Identifying different hub disruption scenarios

9.32% in order to handle the increase of biomass shipped. This percentage is calculated

when we assume that the intermodal hubs are robust and will never fail. On the other, when

we assume that all intermodal hubs are subject to a disruption probability (i.e., qj = 0.10),

a 10% increase in supply increases the number of containers transported between the hubs

by 11.10%. Additionally, under all supply scenarios it is observed that the percentage of

biomass shipped via barge (Xb
ijk) is higher than the percentage shipped by railway (Xr

ijk).

This is because barge is an inexpensive mode of transportation for shipping large quantity

biomass over long distances as compared to other modes of transportation.

3.5.3 Analyzing the Performance of Solution Algorithms

This section presents our computational experience in solving model [HUB-R] using

the algorithms proposed in Section 4.4. We first focus on analyzing the benefits of us-

ing different accelerated techniques over the standard Benders Decomposition algorithm.
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Figure ?? shows the progression of lower and upper bound for different combination of

Benders Decomposition as a function of iteration number. It is observed that the standard

Benders Decomposition alone is unable to solve model [HUB-R] within 100 iterations and

left with an optimality gap (i.e., 100 ∗ (UB − LB)/UB%) of 16.65%. Adding valid in-

equalities (described in Section 3.4.2.1) in standard Benders Decomposition algorithm has

a significant impact on reducing its optimality gap and solution time. This phenomenon

is observed in Figure ?? where it is shown that the optimality gap now reduces down to

3.60%. We now add Modified Magnanti-Wong (MMW) cuts to the standard Benders De-

composition. Clearly, these stronger cuts have a significant impact on reducing the com-

putational time and optimality gap over the standard Benders Decomposition algorithm.

Finally, Figure 3.6 depicts how using all the cuts (Algorithm 2) effectively speeds up the

convergence and improves the quality of the solution.
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Benders’ Decomposition with and without enhancements
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Table 3.12 presents the computational results on solving model [HUB-R] under differ-

ent hub sizes. We use the following terminating criteria for the algorithms: (a) ϵ = 0.01 (b)

timemax = 36, 000 seconds and, (c) itermax = 1, 000. For the accelerated Benders decom-

position algorithm, we solve the master problem initially with a large optimality gap and

gradually reduce this gap as the algorithm progressed. We adopted this approach because

it is observed that in the initial iterations the master problem does not receive enough infor-

mation from the dual subproblem until several Benders cuts are added. This is why initially

the optimality gap is set to 0.05, which we finally adjust to 0.01 when the gap between up-

per and lower bound of the algorithm reduces to 20%. For ϵ-optimal Benders decomposi-

tion, Geoffrion and Graves [49] used a fixed ϵnf value throughout all iterations. Setting a ϵnf

value too large or small and maintaining the same value throughout all iterations would im-

pact the performance of this algorithm [35]. Therefore, in this study we solved the master

problem initially with a large ϵnf value and gradually reduce this value as the algorithm pro-

gressed. For example, in every 20 iterations we reduce the initial ϵnf value by 5%. Note that,

in Table 3.12 we use the lower bound of CPLEX to present an optimality gap for ϵ-optimal

Benders decomposition algorithm i.e., 100 ∗ (UBϵ−Benders − LBCPLEX)/UBϵ−Benders%.

The results obtained from Table 3.12 confirm the efficiency of applying different ac-

celerated techniques in the Benders Decomposition algorithm. It is observed that, CPLEX

emerges as a good tool to solve [HUB-R] with a hub size up to | H |= 75. However, as

the number of potential hub increases (| H |> 75) the benefit of using stronger cuts in the

Benders Decomposition algorithm becomes evident. On average, our accelerated Benders

Decomposition algorithm is 2.70 times faster than CPLEX. Both CPLEX and accelerated
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Benders Decomposition algorithm are capable of solving all the problem instances within

1% optimality gap (shown in Table 3.12). On the other hand, the standard Benders De-

composition algorithm is able to solve only 15 out of the 40 instances.

ϵ-optimal Benders Decomposition algorithm is beneficial when the master problem is

difficult to solve and there exists a small lower bound convergence rate [49]. Our computa-

tional experience shows that ϵ-optimal Benders Decomposition algorithm embedded with

pareto optimality cuts is able to produce near optimal solution in a reasonable amount of

time. On average, this algorithm is 5.01 times faster than CPLEX and 1.86 times faster than

the accelerated Benders Decomposition algorithm. We conclude that, by controlling the ϵnf

value ϵ-optimal Benders Decomposition algorithm allows the operation research analyst to

determine near optimal solutions faster than CPLEX.

97



www.manaraa.com

Table 3.1

Summary of mathematical notations

Notation Explanation
Sets
I set of harvesting sites (farms)
J set of intermodal hubs
K set of biorefineries
L set of intermodal hub/biorefinery capacities
Ji set of intermodal hubs connected to harvesting sites i, ∀i ∈ I
Ij set of harvesting sites connected to intermodal hubs j, ∀j ∈ J
Kj set of biorefineries connected to intermodal hub j, ∀j ∈ J
Jk set of intermodal hubs connected to biorefineries k, ∀k ∈ K
Ki set of biorefineries directly connected to harvesting sites i via the emergency

transportation service, ∀i ∈ I
Ik set of harvesting sites directly connected to biorefineries k via the emergency

transportation service, ∀k ∈ K
Parameters
si amount of biomass available at site i ∈ I
d minimum total amount of biomass to be processed
vcapjk maximum capacity of the cargo container transported along arc (j, k) ∈ A2

clk unit flow cost along arc (l, k) ∈ A
π unit penalty cost for unsatisfied demand
Ψlj fixed cost to open an intermodal hub of capacity l ∈ L at location j, ∀j ∈ J
Ψlk fixed cost to open a biorefinery of capacity l ∈ L at location k, ∀k ∈ K
ξjk fixed cost of a cargo container for transporting biomass along the arc (j, k) ∈ A2

ccaplj acquirable capacity of a hub of capacity level l at location j, ∀l ∈ L, j ∈ H
qj failure probability of hub j ∈ H
β ≥ 0 penalty coefficient that reflects the risk aversion degree.
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Table 3.2

Algorithm 1: Benders decomposition

UBn ← +∞, LBn ← −∞, n← 1, ϵ, PD ← 0
terminate← false
while (terminate = false) do

Solve [HUB-RMP] to obtain {Y n
lj }l∈L,j∈H, {Zn

jk}j∈J ,k∈K and znMP

if (znMP > LBn) then
LBn ← znMP

end if
For fixed {Ŷ n

lj }l∈L,j∈H, {Ẑn
jk}j∈J ,k∈K solve [HUB-SUB(D)] to obtain

(δi, γ, χj , ηk, µjk) ∈ PD and znSUB

if (znSUB +
∑

l∈L,j∈H Ψlj Ŷ
n
lj +

∑
j∈J ,k∈Kj

ξjkẐ
n
jk < UBn) then

UBn ← znSUB +
∑

l∈L,j∈H Ψlj Ŷ
n
lj +

∑
j∈J ,k∈Kj

ξjkẐ
n
jk

end if
if ((UBn − LBn)/UBn ≤ ϵ) then

terminate← true
else
Pn+1
D = Pn

D ∪ {(δi, γ, χj , ηk, µjk)}
end if
n← n+ 1

end while
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Table 3.3

Algorithm 2: Accelerated Benders Decomposition algorithm

Initialize, UBn ← +∞, LBn ← −∞, n← 1, ϵ, ϵ′, PD ← 0, {Y 0
lj}l∈L,j∈H, {Z0

jk}j∈J ,k∈K
and Yn ← 0.
terminate← false
while (terminate = false) do

Use {Y 0
lj}l∈L,j∈H and {Z0

jk}j∈J ,k∈K to solve [HUB-SUB(MMW)] and to obtain
(δi, γ, χj , ηk, µjk) ∈ PD

Pn+1
D = Pn

D ∪ {(δi, γ, χj , ηk, µjk)}
Add (4.45) to [HUB-MP]. Solve [HUB-MP] to obtain {Y n

lj }l∈L,j∈H, {Zn
jk}j∈J ,k∈K

and znMP

if (znMP > LBn) then
LBn ← znMP

end if
For fixed {Ŷ n}l∈L,j∈H, {Ẑn

jk}j∈J ,k∈K solve [HUB-SUB(D)] to obtain
(δi, γ, χj , ηk, µjk) ∈ PD and znSUB

if (znSUB +
∑

l∈L,j∈H Ψlj Ŷlj +
∑

j∈J ,k∈Kj
ξjkẐjk < UBn) then

UBn ← znSUB +
∑

l∈L,j∈H Ψlj Ŷlj +
∑

j∈J ,k∈Kj
ξjkẐjk

end if
if ((UBn − LBn)/UBn ≤ ϵ) then

terminate← true
end if
if ((UBn − LBn)/UBn ≥ ϵ′) then

Update Yn and add (3.55) to [HUB-MP]
end if
n← n+ 1

end while
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Table 3.4

Algorithm 3: Feasibility seeking Benders Decomposition algorithm

Initialize, UBn ← +∞, n← 1, PD ← 0, {Y 0
lj}l∈L,j∈H, {Z0

jk}j∈J ,k∈K and Yn ← 0.
terminate← false
while (terminate = false) do

Use {Y 0
lj}l∈L,j∈H and {Z0

jk}j∈J ,k∈K to solve [HUB-SUB(MMW)] and to obtain
(δi, γ, χj , ηk, µjk) ∈ PD

Pn+1
D = Pn

D ∪ {(δi, γ, χj , ηk, µjk)}
Solve [HUB-MP] to obtain {Y n

lj }l∈L,j∈H, {Zn
jk}j∈J ,k∈K and znMP

if znMP is infeasible then
terminate← true
Report: The best incumbent solution is a ϵ-optimal solution

end if
For fixed {Ŷ n}l∈L,j∈H, {Ẑn

jk}j∈J ,k∈K solve [HUB-SUB(D)] to obtain
(δi, γ, χj , ηk, µjk) ∈ PD and znSUB

if (znSUB +
∑

l∈L,j∈H Ψlj Ŷlj +
∑

j∈J ,k∈Kj
ξjkẐjk < UBn) then

UBn ← znSUB +
∑

l∈L,j∈H Ψlj Ŷlj +
∑

j∈J ,k∈Kj
ξjkẐjk

end if
n← n+ 1

end while

Table 3.5

Biomass supply data in Southeast region of U.S.

State No. of Suppliers Amount (tons/year)
Mississippi 56 6,246,500
Alabama 43 1,365,700
Louisiana 12 610,900
Tennessee 59 2,468,100
Arkansas 48 1,514,600
Georgia 99 2,681,900
Florida 37 698,400
South Carolina 39 3,875,700
North Carolina 98 9,892,000
Total 491 29,353,800

Table 3.6

Unit truck transportation cost

Costs Parameters Value Unit
Loading/unloading Υ1 5.0 $/wet ton
Time dependent tt 29.0 $/hr/trucload
Distance dependent td 1.20 $/mile/trucload
Truck capacity δcap1 25 wet tons
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Table 3.7

Parameters used to calculate {qj}j∈H
Disaster Types

Item Floodinga Hurricanea Draught
Data period 1812-2012 1812-2012 2003-2012
Target year frequency pjf = 1.726nj pjh = 0.689nj pjd = 0.10nbj
Average disruption duration 0.822 year/occurence 2 year/occurencec 1 year/occurence
References [1], [54], [45], [128] [1], [93], [15] [140], [129], [130], [91]
anj : average annual frequency at location j ∈ H over the data time period; it is multiplied by a trending
factor obtained from regression analysis of historical data to extrapolate the annual frequency in the
target year. For example, the city of Biloxi in Mississippi state has experienced 12 hurricanes in the
past 160 years i.e., nj = 12/160 = 0.075
bthe probability of draught occurrence when SPI is less than or equal to -1.0
cwe assume that the average disruption duration of an intermodal hub due to hurricane at each
location j ∈ J is 2 years

Table 3.8

Impact of disruption on intermodal hubs
Zone 1 Zone 2 Zone 3

Scenario β | J r | | J b | | J | | J r | | J b | | J | | J r | | J b | | J |
Minimum cost solution 1.00 20 8 28 6 2 8 6 1 7
Reliable solution 1.00 11 5 16 1 2 3 12 1 13
Reliable solution 1.25 9 4 13 1 2 3 10 1 11

Table 3.9

Impact of disruption on system performance

Unit cost | J | Z Xr
ijk Xb

ijk Xijk Xik U

Scenario β ($/ton) (%) (%) (%) (%) (%)
Minimum cost solution 1.00 34.602 47 85,381 5.51 60.34 65.85 34.15 0.0
Reliable solution 1.00 37.863 37 58,365 7.57 27.70 35.27 64.73 0.0
Reliable solution 1.25 38.432 32 40,965 9.29 22.17 31.46 68.54 0.0

Table 3.10

Comparison of unit cost under different disrupted scenarios

Scenarios Reliable ($/ton) Min. Cost ($/ton)
No disruption 35.07 34.60
Scenario 1: Mississippi river flooded 35.75 39.30
Scenario 2: Tombigbee river flooded 35.76 36.96
Scenario 3: Hurricane in North Carolina 36.80 39.29
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Table 3.11

Impact of supply changes on system performance

Supply qj Unit cost | J | Zjk Xr
ijk Xb

ijk Xijk Xik U

changes (%) ($/ton) (%) (%) (%) (%) (%)
−10% 0.00 35.353 32 53,383 5.00 51.52 56.51 43.49 0.00

0.05 38.329 19 41,487 1.97 36.14 38.12 61.88 0.00
0.10 39.561 8 16,850 1.38 27.50 28.88 71.12 0.00
0.15 39.843 6 12,116 0.84 18.86 19.70 80.30 0.00
0.20 40.491 2 2,815 0.28 3.06 3.33 96.67 0.00
0.25 40.669 1 1,115 0.00 0.93 0.93 99.06 0.00
0.30 41.225 0 0 0.00 0.00 0.00 99.54 0.46

−5% 0.00 34.878 39 74,392 5.26 56.54 61.80 38.20 0.00
0.05 37.698 21 56,247 2.18 41.35 43.53 56.47 0.00
0.10 38.746 11 27,449 1.55 33.86 35.40 64.60 0.00
0.15 39.180 9 24,218 1.06 23.22 24.28 75.72 0.00
0.20 40.142 7 13,613 0.46 10.46 10.91 89.09 0.00
0.25 40.346 5 6,158 0.28 8.29 8.57 91.43 0.00
0.30 40.898 1 1,115 0.00 0.45 0.45 99.15 0.40

Base Case 0.00 34.602 47 85,381 5.51 60.34 65.85 34.15 0.00
(0%) 0.05 37.221 25 64,239 2.19 44.21 46.40 53.60 0.00

0.10 38.588 21 51,478 1.61 35.27 36.88 63.12 0.00
0.15 39.036 15 36,867 1.03 25.72 26.75 73.25 0.00
0.20 39.911 12 23,933 0.54 17.55 18.09 81.91 0.00
0.25 40.140 9 16,247 0.32 13.93 14.25 85.75 0.00
0.30 40.360 3 1,660 0.22 0.34 0.57 99.40 0.04

+5% 0.00 34.267 51 91,106 5.89 62.17 68.06 31.94 0.00
0.05 36.896 27 67,452 5.43 47.45 52.88 47.12 0.00
0.10 38.263 23 53,114 4.85 35.59 40.45 59.55 0.00
0.15 39.004 16 38,741 4.28 25.91 30.19 69.81 0.00
0.20 39.587 13 25,183 3.14 18.19 21.33 78.67 0.01
0.25 40.107 10 17,129 0.97 16.49 17.46 82.51 0.03
0.30 40.165 4 1,811 0.32 3.49 3.81 96.15 0.04

+10% 0.00 34.117 56 93,340 9.30 62.17 71.47 28.53 0.00
0.05 36.302 33 72,382 9.12 53.43 62.55 37.45 0.00
0.10 37.557 27 57,191 6.61 40.01 46.61 53.36 0.03
0.15 38.482 19 41,028 5.03 29.86 34.89 65.07 0.04
0.20 39.187 14 25,357 3.66 22.99 26.65 73.20 0.15
0.25 39.453 11 18,145 3.04 21.12 24.16 75.56 0.28
0.30 39.949 6 2,766 0.35 8.39 8.74 90.77 0.49
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3.6 Conclusion

This chapter studies the impact of intermodal disruption risk to the design and man-

agement of a biofuel supply chain network. A mixed integer linear programming model

[HUB-R] is developed to determine the optimal intermodal hub locations and shipment

routes for delivering biomass in order to optimize system’s performance under normal

conditions but also hedge against losses when intermodal hubs are disrupted because of

natural disasters (e.g., flooding, hurricane, draught).

We have presented an enhanced Benders decomposition algorithm for solving our re-

liable intermodal hub location problem [HUB-R]. The enhanced Benders decomposition

algorithm incorporates several algorithmic improvements such as the generation of pareto-

optimality cuts, knapsack inequalities and the trust region cuts. Computational results

showed that the enhanced Benders decomposition algorithm can be used to solve realis-

tic instances of large size problems. Furthermore, we find that the ϵ-constrained Benders

decomposition algorithm is capable of producing near optimal solution in a reasonable

amount of time.

By using the southeast region of the U.S. as a testing ground, we conducted thorough

computational experiments to test our model and to draw managerial insights. Our com-

putational experiments reveal some insightful results about the impact of intermodal dis-

ruption risks on a biofuel supply chain network. Based on the results, the model selects

to use intermodal hubs located in areas with low disruption probabilities. Moreover, when

the disruption probability becomes high the model tends to locate only a few intermodal

hubs and satisfy the remaining demand either by trucks or purchasing from outside mar-
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kets. The sensitivity analysis further reveals how penalty coefficient β and supply changes

affect the location and performance of the biofuel supply chain network.

In summary, the contributions of the chapter to the literature are manifold. First, we

present a mathematical model to design a reliable, hub-and-spoke, biofuel supply chain

network. We used a probabilistic model in order to estimate the disruption probability of

the intermodal hubs. To the best of our knowledge, there is only one paper [4] that models

reliable hub-and-spoke networks. There are no models to design reliable hub-and-spoke

networks for biofuel supply chain networks. Second, we propose a customized solution

approach to find high quality solutions to large instances of our problem in a time efficient

manner. Finally, a real-world case study of the model is presented that reveals the impact

of intermodal disruption risks on the biofuel supply chain network. The findings can be

used by decision makers to design a reliable logistics network for biofuel supply chain

networks.

This work can be extended in several directions. This study assumes that the intermodal

hub fails independently. However, in order to represent a more realistic case, complex

failure patterns such as correlated intermodal hub failures can be incorporated in the model.

Furthermore, our work can be extended to consider congestions caused by intermodal hub

disruption and incorporating additional arcs to deal with shipments during the emergency.

These issues will be addressed in future studies.
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CHAPTER 4

DESIGNING A RELIABLE AND DYNAMIC INTERMODAL HUB-AND-SPOKE

SUPPLY CHAIN FOR BIOMASS

4.1 Introduction

Production of biofuels is expected to increase in the near future due to the requirements

set by the Renewable Fuel Standards (RFS) [139]. Based on these requirements, 36 bil-

lion gallons a year (BGY) of biofuels should be produced by 2022. These standards cap

corn-ethanol production to 15 BGY, and they require that at least 16 BGY of cellulosic

biofuels be produced. In 2013, 1.3 billion gallons (BG) of biodiesel [137] and 13.3 BG of

ethanol [104] were produced and production of cellulosic biofuels is expected to continue

to increase. Investors will need tools to support their supply chain design and management

decisions, so the goal of this paper is to build models of cellulosic biofuel supply chains

that ensure efficient and reliable performance.

The efficiency and reliability of the supply chain are crucial aspects of the biofuel

industry. Ensuring that these supply chains are cost-efficient is challenging due to the

physical characteristics of the raw material used to produce these biomass fuels. Biomass

is bulky and difficult to transport; its supply is seasonal and uncertain; and biomass is

widely dispersed geographically. For these reasons, collection and transportation costs are

high. Modes like rail and barge can be used to deliver biomass to reduce transportation
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costs. These modes are typically used for long-haul and high-volume shipments of other

bulk products, such as corn, soybeans, and other large harvest crops. When barge is used,

the supply chain becomes vulnerable to unexpected natural disasters, such as floods, hur-

ricanes, and droughts,- which interrupt the supply chain’s regular operations. Therefore,

designing reliable supply chains to hedge against risks from unexpected natural disasters is

important. The model proposed here is an integer program that minimizes costs of supply

chain activities and hedges against risks from unexpected natural disasters. This model will

serve managers of biofuel plants who face supply chain design and management decisions.

One of the motivations for this work is the powerful impact that catastrophic events

have on transportation infrastructure and logistics management. For example, natural dis-

asters like Hurricane Katrina in 2005 [93], the earthquakes in China and Haiti in 2008

and 2009 respectively [144], and human-caused disasters, such as the 2003 U.S. Northeast

blackout [97] and 2010 Gulf of Mexico Oil Spill [102], devastated transportation systems

and consequently interrupted logistics and supply chain activities. Furthermore, the timing

of potential disruptions due to hurricanes and floods corresponds with the harvest season

for biomass. For example, the harvest season for corn stover - typically early September

until late November - coincides with the hurricane season in the Southeast and is followed

by droughts of agricultural waterways. Historical records indicate that the Southeast hur-

ricane season starts in mid-August and continues until the end of October (see Figure 4.1)

[122]. Hurricanes also impact agricultural waterways shipments of biomass to the Gulf

of Mexico and shipments of stover to and from the North Carolina (NC) and South Car-

olina (SC) Atlantic coastlines. Droughts along the Mississippi River and other agricultural
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waterways typically happen during the winter because of the impacts moisture and cold

weather have in the Midwest [136]. Other disruptions, such as flooding of the Mississippi

River and its tributaries (see Table 4.1), impacts biomass supply chain operations. Thus,

biomass seasonality, coupled with transportation uncertainty due to disruptions, impacts

supply chain performance. To handle these uncertainties efficiently, managers need to ad-

just their short-term and mid-term supply chain decisions dynamically.

Figure 4.1

Stormy days in NC (1851-2012) [122]

To manage the supply chain and cope with facility disruptions, managers need decision-

support tools. These tools should capture the seasonal nature of biomass supply, use the

proper transportation modes for biomass transportation, and rely on existing practices used

to manage agricultural products’ supply chains. The model proposed in this chapter ac-

counts for these important observations. We present a hub-and-spoke network model to

design the inbound supply chain of biofuel facilities. Hub-and-spoke network models are
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typically used to design supply chains for bulk products, such as corn and other agricul-

tural products. The first hub in the network serves as a shipment consolidation point, and

the second hub is a de-consolidation point. Rail and barge transport biomass between hubs

since these modes are typically used for high-volume, long-haul transportation of bulk

products. The model proposed is dynamic because it identifies when to open new biore-

fineries and in which season to use, or discontinue using, an intermodal hub. The model

also determines a transportation schedule for shipments between facilities and identifies a

production schedule and inventory levels.

Table 4.1

Mississippi river flooding history between 1900-2011 [131]

Name of the Flood Year Most Affected Months
Great Mississippi Flood of 1927 1927 May-December
Great Flood of 1937 1937 January-February
Flood of 1945 1945 March-May
Mississippi Flood of 1973 1973 March-May
Flood of 1975 1975 April
Flood of 1979 1979 April
Lower Mississippi Flood 1983 May-June
Great Mississippi and Missouri Rivers Flood 1993 April-October
Flood of 2002 2002 April
Flood of 2008 2008 April-May
Great Mississippi Flood of 2011 2011 April-May

To optimize costs in this supply chain, the model allows facilities the flexibility of using

different modes of transportation - thus different hubs - in different seasons. This practice

is followed by many companies that deliver corn and grains by barge from the Midwest

to the Gulf of Mexico. For example, due to Mississippi river drought during winter, com-

panies use rail or truck instead of barge. Another practice is to maintain inventories and
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delay biomass delivery. While these practices reduce the impact that potential disruptions

may have on the supply chain, transportation or inventory costs will increase because some

modes of transportation are more expensive or because carrying inventory increases costs.

Clearly, making these decisions is not easy since they are impacted by biomass availability,

inventory holding costs, transportation costs, and other concerns. Models like the one pro-

posed in this chapter are useful for decision-makers since they aid in making supply chain

decisions that minimize the overall system costs. The model proposed here minimizes

costs under normal and disruption scenarios.

The model proposed is an extension of the classical fixed charge network design prob-

lem which is known to be anNP-hard problem [79]. Therefore, solving large instances of

this supply chain problem is a challenging task. For this reason, we develop and implement

two algorithms: a rolling horizon-based heuristic and an enhanced Benders decomposition

algorithm. Numerical experiments confirm that both algorithms efficiently solve mid-sized

problem instances. For large-scale problems, an algorithm that integrates the rolling hori-

zon heuristic and the accelerated Benders decomposition algorithm provides near optimal

solutions by avoiding the the stand alone algorithms prohibitively long running times. We

implement these algorithms using data from a case study of the Southeast USA. The re-

sults from solving the case study provide detailed periodic production and transportation

plans that capture feedstock seasonality and hedge against risk due to unexpected natural

disasters.
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4.2 Literature Review

In recent years, research in biofuel supply chains has focused on minimizing the total

system costs. These studies develop integrated biofuel supply chain networks to deliver

biomass at a competitive price to the end users. To achieve this goal, studies such as Zam-

boni et al. [156] and Eksioglu et al. [39] develop deterministic models optimizing the total

plant location and transportation costs in biofuel supply chain networks. These works are

extended by Eksioglu et al. [38], Kang et al. [68], Huang et al. [63], An et al. [3], Eksioglu

et al. [41] and Xie et al. [153] to capture system dynamics better by considering multi-

ple periods of optimization frameworks. Xie and Ouyang [147] develop a mixed-integer

programming model for a dynamic, multi-type facility co-location problem which, dur-

ing a fixed planning horizon, minimizes the total costs from facility construction, capacity

expansion, and transportation. The authors use an accelerated Benders decomposition al-

gorithm to solve large-sized problem instances. To capture system uncertainties, Kim et al.

[71], Chen and Fan [22] and Huang et al. [64] develop stochastic models to aid with the

design and management of biofuel supply chain networks. One of the key assumptions of

the above mentioned literature is that facilities - some of which are intermodal hubs - are

robust and never fail. However, unexpected disruptions at transportation hubs have been

observed on multiple occasions [89], [29], [102]. These facts highlight the need to ad-

dress the potential risk of facility failures in the process of designing and managing biofuel

supply chain networks.

The practice with other agricultural products indicates that the inbound supply chain

systems for biorefineries should have a hub-and-spoke structure. Research by Eksioglu et
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al. [39] is one of the first analyzations of the impact of intermodal transportation systems

on the biofuel supply chain network. Most recently, Xie et al. [153] extend that work by

developing a fully integrated multi-modal transport system for the cellulosic biofuel supply

chain network. Both these models consider biomass seasonality. The model proposed here

is closely related to these studies. However, unlike these works which assume that the

multi-modal transport system is reliable and never fails, the model proposed here considers

the impact of intermodal hub disruptions in the biofuel supply chain performance.

Although many researchers have focused on hub location models, only two papers in

the literature specifically study the dynamic hub location problem. Campbell [19] develops

a continuous approximation model to help transportation terminals handle an increasing re-

gional demand for their services. Contreras et al. [24] develops a dynamic, uncapacitated,

hub location problem that minimizes the total system costs over a finite planning horizon.

The model proposed in this paper is an extension of the paper by Contreras et al. [24].

Our work differs because it considers intermodal hub disruptions as part of a dynamic hub

location problem. Additionally, we propose customized algorithms, extensions of the Ben-

ders decomposition algorithm and rolling horizon heuristic. The Benders decomposition

algorithm has been studied and implemented by many researchers ([9]), and a number of

papers discuss implementations of the rolling horizon algorithm ([72]).

Reliability issues in supply chain design are a topic of interest for many researchers.

Peng et al. [100] state that even a carefully constructed supply chain network can be

severely damaged if, during the design phase, managers fail to consider potential disrup-

tions. Daskin [32, 33] first considers facility unavailability in a maximal covering loca-
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tion problem. This work is extended by Drezner [36] by developing models for reliable

p-median location problems. Snyder and Daskin [121] propose models for reliable unca-

pacitated fixed-charge location problems (UFLP) and the p-median problem where facility

disruptions occur randomly with identical probability. Cui et al. [30], Li and Ouyang

[77], Shen et al. [117], and Li et al. [76] extend existing models by relaxing the uniform

disruption probability assumption introduced by Snyder and Daskin [121].

The reviewed literature focuses on reliable facility location models. To the best of our

knowledge, the model by An et al. [4] is the only one that addresses reliability issues for

the single- and multiple-allocation hub-and-spoke network design problems. Their work

considers disruptions at transportation hubs where the risk of hubs becoming unavailable

is mitigated by identifying backup hubs and alternative transportation routes. This work

is closely related to the work presented here, but the model we propose mitigates risk by

deciding, at the planning stage, what hub to use, or discontinue using, during different

seasons of the year. Therefore, our model proposes a proactive, not a reactive approach to

manage the supply chain.

Despite all these efforts, little work has been done to address the impact of disruptions

to the biofuel supply chain network design and management. Li et al. [78] propose one

discrete and one continuous model to design reliable bio-ethanol supply chain networks.

They use numerical analysis to evaluate the impact of disruptions on optimal refinery de-

ployment decisions. Wang and Ouyang [146] propose a game-theoretical-based, contin-

uous approximation model to locate biorefineries under spatial competition and facility

disruption risks. These studies only consider failure risks at biorefineries. These studies
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do not focus on evaluating the impact that disruptions of intermediate transportation hubs

have on the biofuel supply chain performance. The model we propose fills this gap that

exists in the current literature.

4.3 Problem Description and Model Formulation

This section presents a mathematical model for a multiple period biofuel supply chain

network design and management problem. The model considers potential facility disrup-

tions and responds by dynamically identifying the intermodal hubs to use, or discontinue

using, in each period in order to optimize system-wide costs. Section 4.3.1 provides a

mixed-integer nonlinear programming (MINLP) formulation of the problem, referred to

as [DR]. Section 4.3.2 provides a mixed-integer linear programming (MILP) formula-

tion which is easier to solve with commercial software and the algorithms we propose in

Section 4.4.

4.3.1 Nonlinear Problem Formulation

Let G(N ,A) denote the supply chain network for the problem presented in this chap-

ter. Figure 4.2 gives an example of the network structure for a biofuel supply chain that

consists of two suppliers, one intermodal hub, two biorefineries, and two markets. The set

of nodes in G(N ,A), denoted byN , consists of the set of suppliers I, the set of candidate

intermodal hub locations J , the set of candidate biofuel plant locations K, and the set of

markets G. Each supplier i ∈ I produces sit units of biomass in time period t ∈ T . Each

market g ∈ G demands bgt gallons of biofuel in period t. This formulation assumes that a

substitute product in the market can be used to satisfy the demand for biofuel. The market
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price for the substitute product is denoted by πgt. This price, which is exogenously deter-

mined, represents the penalty per unit of unsatisfied demand. This penalty also serves as a

threshold of the biofuel’s unit delivery cost using the proposed system. That means, if the

unit cost of delivering biofuel to markets through this supply chain exceeds the threshold,

then, demand will be satisfied by the substitute product.

For nodes j ∈ J , Ψljt denotes the fixed cost of using this hub j of capacity l ∈ Lh at the

beginning of time period t. These costs are used to establish the necessary infrastructure

that will connect a biofuel plant to this hub. ηljt denotes the recovery gain associated with

discontinued use of the hub. Ψlk is the fixed cost of locating a biofuel plant of capacity

l ∈ Lb in location k ∈ K. Hubs serve as shipment consolidation/de-consolidation points.

We assume that every biofuel plant is co-located with an intermodal hub of sufficiently

large capacity, and the transportation costs between the refinery and the hub are negligible.

This assumption is derived from the fact that many large-scale production facilities have

direct access to shipping by rail and barge.

Markets

(g)

Feedstock Suppliers

(i)

Intermodal Hubs

(j)

Biorefineries

(k)

Substitute   

  Product  

   Supply

Figure 4.2

Network configuration of a biofuel supply chain
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The set of arcs, denoted by A, consists of four disjoint subsets, A1, . . . ,A4. Let cijt

for (i, j) ∈ A denote the variable unit cost of moving products along these arcs in time

period t. Set A1 consists of the arcs joining suppliers with intermodal hubs; set A2 con-

sists of arcs connecting intermodal hubs. Set A3 consists of arcs that directly connect

suppliers to biorefineries; and set A4 consists of arcs connecting biorefineries to markets.

Travel distance along arcs in A1 is short. Thus biomass is shipped along these arcs by

trucks. Transportation quantities along arcs in A2 are large, and transportation distances

are typically long. Thus, transportation modes such as rail and barge are used to move

biomass between hubs. We denote the unit cost along arcs (i, j) ∈ A1 and (j, k) ∈ A2 by

cijkt. These costs are equal to cijkt = cijt + cjkt. Arcs in A3 represent direct shipments

of biomass from suppliers to biofuel plants. These arcs are used to consider the scenario

when a supplier is located nearby a biofuel plant, and therefore, direct truck shipments are

delivered. Biomass, when delivered by rail or barge, is transported using cargo containers.

Therefore, for rail and barge transportation, in addition to the variable unit transportation

cost, this study considers that a fixed cost ξjkt, represents the costs associated with the

loading and unloading of containers, occurs in period t. Container capacity is denoted by

vcap. Biofuel is transported by truck from biofuel plants to the market. We assume that all

the costing parameters, variable and fixed, will vary over the planning horizon. The sets

and input parameters used in this section are described in Tables 4.2 and 4.3.

We assume that each hub is disrupted independently. While it may seem simplifying,

there is a reasoning behind this assumption. Consider the location of the main hubs of Delta

airlines in the USA: Detroit, Atlanta, New York, Minneapolis and Salt Lake City. Since
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Table 4.2

Description of the sets

Symbol Description
I set of harvesting sites (farms)
J set of intermodal hubs
K set of potential locations for biofuel plants
G set of markets
Lb set of production capacities for biofuel plants
Lh set of storage capacities for hubs
T set of time periods

hubs are shipment consolidation points, the chances are they are located further away - as

it is the case with Delta airlines - and therefore will not be affected by the same disruptions.

We denote by qjt the disruption probability of hub j ∈ J in period t. Thus, (1 − qjt) is

the probability that this hub is operating during time t. A shipment can be delivered to

a biofuel plant through the hub-and-spoke network if both, the consolidation (j) and de-

consolidation (k) hubs are operating. This happens with a probability of (1− qjt)(1− qkt).

The probability that either, or both hubs fail is (qjt + qkt − qjtqkt). The coefficient βcijkt

represents the unit emergency service costs in order to deliver the product in case of a

disruption. This cost is β (for β > 1) units higher compared to the unit transportation

costs cijkt. We assume that direct truck shipments are not affected by disruptions. Let Xijt

represent the amount shipped along (i, j) ∈ A in period t; and Xijkt represent the amount

of biomass delivered in period t from supplier i to biofuel plant k though hubs j and k.

Then, the expected variable transportation cost along the hub-and-spoke network is:

∑
t∈T

[
∑

i∈I,j∈J ,k∈K

(cijkt(1− qjt)(1− qkt) + βcijkt(qjt + qkt − qjtqkt))Xijkt+
∑

(i,j)∈A3

cijtXijt]
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Table 4.3

Input parameters

Symbol Description
Ψljt fixed cost of using a hub of capacity l ∈ Lh at location j ∈ J in time period t ∈ T
ηljt recovery gain associated with discontinued use of a hub of capacity l atj in period t
Ψlk fixed cost of opening a biofuel plant of capacity l ∈ Lb at location k ∈ K
ξjkt fixed cost of a cargo container for transporting biomass along arc (j, k) ∈ A2 in period t
clkt unit flow cost along arc (l, k) ∈ A in period t
plkt unit production cost at a biofuel plant of size l located at k in period t
hkt unit inventory cost at biofuel plant k in period t
πgt unit penalty cost of not satisfying demand of market g in period t
sit amount of biomass available at site i ∈ I in period t
bgt biofuel demand of market g ∈ G in period t
ccaplj biomass storage/handling capacity of an intermodal hub of size l ∈ Lh at location j
hcaplk biomass storage capacity of a biofuel plant of size l ∈ Lb at location k
vcap cargo container capacity
pcaplk production capacity of a biofuel plant of size l at location k
ϕ conversion rate from biomass to biofuel
qjt failure probability of intermodal hub j ∈ J

∪
K in time period t

We now introduce the remaining decision variables.

Yljt =


1 if the intermodal hub j of capacity l is used in time period t

0 otherwise;

Ylk =


1 if a biofuel plant of capacity l is opened at location k

0 otherwise;

Variables Zjkt identify the number of containers used between hubs j and k in period t.

Variables Plkt represent the amount of biofuel produced at biofuel plant k of capacity l in

period t. Variables Hkt represent the amount of biomass stored at biofuel plant k in period

t, and Ugt represents the amount of unsatisfied demand in market g in period t.

The problem is to identify: where to locate biorefineries among the candidate locations

k ∈ K; what should be the production capacity of each biofuel plant; which transportation
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hub to use or discontinue using in period t; how much biomass to deliver to a biofuel plant,

how much biomass to keep in the inventory, and how much biofuel to deliver to the markets

in each time period. The goal is to minimize the total system costs under normal and hub

disruption scenarios. The following is an MINLP formulation of the problem referred to

as model [DR].

[DR]Min.
∑

l∈Lb,k∈K

ΨlkYlk +
∑
t∈T

[ ∑
l∈L,j∈J

(ΨljtYljt(1− Ylj,t−1)− ηljtYlj,t−1(1− Yljt))

+
∑

(i,j)∈A2

ξijtZijt +
∑

(i,j)∈A3
∪

A4

cijtXijt +
∑

l∈Lb,k∈K

plktPlkt +
∑
k∈K

hktHkt

+
∑

i∈I,j∈J ,k∈K

cijkt ((1− qjt)(1− qkt)Xijkt + β(qjt + qkt − qjtqkt)Xijkt)

+
∑
g∈G

πgtUgt

]
Subject to

∑
k∈K

Xikt +
∑

j∈J ,k∈K

Xijkt ≤ sit ∀i ∈ I, t ∈ T (4.1)

ϕ

∑
i∈I

Xikt +
∑

(i,j)∈A1

Xijkt +Hk,t−1 −Hkt

 =
∑
l∈Lb

Plkt ∀k ∈ K, t ∈ T (4.2)

∑
g∈G

Xkgt ≤
∑
l∈Lb

Plkt ∀k ∈ K, t ∈ T (4.3)∑
k∈K

Xkgt + Ugt = bgt ∀g ∈ G, t ∈ T (4.4)∑
i∈I,k∈K

Xijkt ≤
∑
l∈Lh

ccaplj Yljt ∀j ∈ J , t ∈ T (4.5)∑
i∈I

Xijkt ≤ vcapZjkt ∀(j, k) ∈ A2, t ∈ T(4.6)

Plkt ≤ pcaplk Ylk ∀l ∈ Lb, k ∈ K,

t ∈ T (4.7)
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Hkt ≤
∑
l∈Lb

hcaplk Ylk ∀k ∈ K, t ∈ T (4.8)∑
l∈Lb

Ylk ≤ 1 ∀k ∈ K (4.9)

Ylk ∈ {0, 1} ∀l ∈ Lb, k ∈ K (4.10)

Yljt ∈ {0, 1} ∀l ∈ Lh, j ∈ J , t ∈ T (4.11)

Zjkt ∈ Z+ ∀j ∈ J , k ∈ K, t ∈ T (4.12)

Xijkt, Xikt, Xkgt, Plkt, Hkt, Ugt ≥ 0 ∀i ∈ I, j ∈ J , k ∈ K, g ∈ G, t ∈ T(4.13)

The objective function minimizes the total expected system cost, including the expected

transportation costs under normal conditions and disruption, costs of using and discontin-

ued use of hubs, biofuel plant investment costs, biofuel production costs, biomass inventory

holding costs and penalty costs of unsatisfied demand.

Constraints (4.1) indicate that the amount of biomass shipped from supplier i in period

t is limited by biomass availability. Constraints (4.2) are the flow conservation constraints

at biofuel plants. These constraints indicate that the amount of biofuel produced in period

t is limited by the amount of biomass shipped in that period and the available inventories.

If a biofuel plant only holds biomass inventories, capital investments for such plants will

be extremely high. Therefore, in order to deal with biomass supply uncertainties, biomass

inventory should be held to maximize utilization of the existing production capacity. Con-

straints (4.3) indicate that the amount of biofuel delivered to the market is limited by the

amount of biofuel produced in period t. Constraints (4.4) indicate whether demand for

biofuel will be fulfilled through the hub-and-spoke distribution network or through substi-

tute products available in the market. Constraints (4.5) indicate that the total amount of
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biomass shipped through an intermodal hub is limited by its capacity. Constraints (4.6)

show that the amount of biomass shipped between hubs is limited by the number of avail-

able containers and container capacity. Constraints (4.7) are the biofuel production capac-

ity limitations at a plant. Constraints (4.8) are the biomass storage limitations at a biofuel

plant. Constraints (4.9) ensure that, at most, one biofuel plant is operating at a particular

location in period t. Constraints (4.10) and (4.11) are the binary constraints, and (4.12) are

the integer constraints. Constraints (4.13) are the non-negativity constraints.

4.3.2 A Linear Model Formulation

Model [DR] is nonlinear due to the Yljt(1−Ylj,t−1) and Ylj,t−1(1−Yljt) expressions in

the objective function. The term YljtYlj,t−1 in these expressions is the product of two binary

decision variables, and therefore it takes values 0 and 1. We use the following technique to

linearize model [DR] [50].

Let Fljt be a new binary variable that is equal to Ylj,t−1Yljt. Let Rljt and R̂ljt be two

decision variables defined as follows:

Rljt = Yljt(1− Ylj,t−1) = Yljt − Fljt ∀l ∈ Lh, j ∈ J , t ∈ T (4.14)

R̂ljt = Ylj,t−1(1− Yljt) = Ylj,t−1 − Fljt ∀l ∈ Lh, j ∈ J , t ∈ T (4.15)

By simplifying constraints (4.14) and (4.15) we obtain the following:

Ylj,t−1 +Rljt = Yljt + R̂ljt ∀l ∈ Lh, j ∈ J , t ∈ T (4.16)

Rljt, R̂ljt ∈ {0, 1} ∀l ∈ Lh, j ∈ J , t ∈ T (4.17)
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Since constraints (4.16) can be viewed as a network flow problem, for a given j ∈ J

and l ∈ L, the polytope {(Yljt, Rljt, R̂ljt) ∈ [0, 1]3|T | : Ylj,t−1+Rljt = Yljt+ R̂ljt, ∀t ∈ T }

will have the integrality property. Therefore, the resulting mechanism will provide a tight

linear programming formulation for model [DR]. The new linear formulation of model

[DR] is denoted by [LDR] and it is presented below:

[LDR] Minimize
∑

l∈Lb,k∈K

ΨlkYlk +
∑
t∈T

[ ∑
l∈Lh,j∈J

(
ΨljtRljt − ηljtR̂ljt

)
+

∑
(i,j)∈A2

ξijtZijt

+
∑

i∈I,j∈J ,k∈K

cijkt ((1− qjt)(1− qkt)Xijkt + β(qjt + qkt − qjtqkt)Xijkt)

+
∑

(i,j)∈A3
∪

A4

cijtXijt +
∑

l∈Lb,k∈K

plktPlkt +
∑
k∈K

hktHkt +
∑
g∈G

πgtUgt

]
Subject to (4.1)-(4.13) and (4.16)-(4.17).

4.4 Solution Approaches

Problem [LDR] is NP-hard since a special case of this problem is the capacitated

facility location problem. Therefore, commercial solvers, such as CPLEX, cannot solve

large-scale instances of this problem. In this section we propose the following approaches

to solve [LDR]: a rolling horizon heuristic, a greedy rolling horizon heuristic, a Benders

decomposition algorithm, and a Benders-based rolling horizon algorithm. The goal is to

generate a near optimal solution for [LDR] in a reasonable amount of time.

4.4.1 A Rolling Horizon Heuristic

This algorithm is based on the rolling horizon scheme proposed by Balasubramanian

and Grossman [72] and Kostina et al.[72]. The approach is suitable for large-scale prob-
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lems where solving the overall problem exactly is computationally intractable. Based on

this approach, the original problem is decomposed into a series of smaller subproblems.

Each subproblem comprises a few consecutive periods during the planning horizon. These

subproblems - which are of a smaller size - are solved sequentially. Figure 4.3 shows how

we use the rolling horizon approach to solve a problem with three time periods.

Iteration 1:

Iteration 2:

Iteration 3:

t=0

t=0

t=0

Integer Relaxed

Integer

Integer

RelaxedFixed

Fixed

Approximate sub-problem 1

Approximate sub-problem 2

Approximate sub-problem 3

1

1

1

2

2

2

3

3

3

Figure 4.3

Application of a rolling horizon strategy for a three time period problem

Let ts0 denote the starting time period of subproblem s. Let N s denote the number of

time periods comprised in subproblem s. Depending on the type of problem solved, N s

could be different or could be the same for all the subproblems created. The number of

time periods within each subproblem stays fixed at N . We call approximate subproblem s

the following approximation of problem [LDR]:

* Time horizon starts in period ts0 and ends in period T .

* Yljt ∈ {0, 1} and Zjkt ∈ Z+ for ts0 ≤ t ≤ ts0 +N .

* 0 ≤ Yljt ≤ 1 and Zjkt ∈ R+ for t > ts0 +N .

* The values of Yljt and Zjkt for t < ts0 are fixed to the values found when solving
approximate subproblem s− 1.
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Let [RH] denote the rolling horizon algorithm described below. Let [RH(s)] denote the

s-th approximate subproblem which is solved during the s-th iteration of the algorithm.

Step 1: Initialize; set starting time period to ts0 = 0; set the length of time interval to

N ; set s← 1.

Step 2: Solve the approximate sub-problem [RH(s)] using CPLEX.

Step 3: If t0 > |T |, then Stop; else, set s← s+ 1, go to Step 2.

4.4.2 A Greedy Rolling Horizon Heuristic

The most time-consuming step of the [RH] algorithm is solving the first approximate

subproblem [RH(1)], mainly because of its large size. Therefore, when solving [RH(1)]

using CPLEX (Step 2 of [RH]), in order to optimize the running time of [RH], the algo-

rithm stops as soon as a feasible solution is found. Once subproblem [RH(1)] is solved, the

corresponding integer variables are fixed. Typically, the remaining subproblems are easier

to solve.

In order to tackle this challenge with [RH], we adopt the following greedy approach,

denoted by [GRH]. This approach solves the original problem [LDR] for t = 1 only.

Next, the values of Ylj1 and Zjk1 are fixed, and the problem for the remaining time periods

is solved by using [RH]. The steps of [GRH] are described below:

Step 1: Solve problem [LDR] for t = 1.

Step 2: Fix the Ylj1 and Zjk1 variables obtained from Step 1, and apply [RH] algorithm

to solve the problem for the remaining time periods.
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4.4.3 Benders Decomposition

The algorithm described in this section is an extension of Benders decomposition

method proposed by Benders [9]. Benders decomposition is a well-known partitioning

method used to solve mixed integer linear programs. The motivation for selecting this

method is the structure of formulation [LDR]. The algorithm separates the original prob-

lem into two sub-problems: an integer master problem and a linear subproblem. The un-

derlying Benders reformulation for [LDR] is the following:

Minimize
∑

l∈Lb,k∈K

ΨlkYlk +
∑
t∈T

{
∑

l∈Lh,j∈J

(
ΨljtRljt − ηljtR̂ljt

)
+

∑
(i,j)∈A2

ξijtZijt}+

[LDR-SUB](X,U, P,H|Ŷ b, Ŷ h, Ẑ)

Subject to (4.1)-(4.13) and (4.16)-(4.17).

[LDR-SUB](X,U, P,H|Ŷ b, Ŷ h, Ẑ) represents the Benders subproblem which is presented

below. In this subproblem, the values of Y b := {Ylk|l ∈ Lb, k ∈ K},Y h := {Yljt|l ∈

Lh, j ∈ J , t ∈ T } and Z := {Zjkt|j ∈ J , k ∈ K, t ∈ T } are given and satisfy constraints

(4.10)-(4.13) and (4.16)-(4.17). Therefore, this subproblem has only continuous variables.

Min.
∑
t∈T

{
∑

i∈I,j∈J ,k∈K

cijkt ((1− qjt)(1− qkt)Xijkt + β(qjt + qkt − qjtqkt)Xijkt)

+
∑

(i,j)∈A3
∪

A4

cijtXijt +
∑

l∈Lb,k∈K

plktPlkt +
∑
k∈K

hktHkt +
∑
g∈G

πgtUgt}
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Subject to

∑
k∈K

Xikt +
∑

j∈J ,k∈K

Xijkt ≤ sit ∀i ∈ I, t ∈ T (4.18)

ϕ

∑
i∈I

Xikt +
∑

(i,j)∈A1

Xijkt +Hk,t−1 −Hkt

 =
∑
l∈Lb

Plkt ∀k ∈ K, t ∈ T (4.19)

∑
g∈G

Xkgt ≤
∑
l∈L

Plkt ∀k ∈ K, t ∈ T (4.20)∑
k∈K

Xkgt + Ugt = bgt ∀g ∈ G, t ∈ T (4.21)∑
i∈I,k∈K

Xijkt ≤
∑
l∈Lh

ccaplj Ŷljt ∀j ∈ J , t ∈ T (4.22)∑
i∈I

Xijkt ≤ vcapẐjkt ∀(j, k) ∈ A2, t ∈ T (4.23)

Plkt ≤ pcaplk Ŷlk ∀l ∈ Lb, k ∈ K, t ∈ T(4.24)

Hkt ≤
∑
l∈Lb

hcaplk Ŷlk ∀k ∈ K, t ∈ T (4.25)

Xijkt, Xikt, Xkgt, Plkt, Hkt, Ugt ≥ 0 ∀i ∈ I, j ∈ J , k ∈ K,

g ∈ G, t ∈ T (4.26)

Note that, due to the presence of variables Ugt in constraints (4.21), formulation [LDR]

will always generate a feasible solution which satisfies demand. This is because the model

formulation allows substitute products - which are assumed to be available in the market -

to satisfy demand if the supply chain cannot.

Let δ = {δit ≥ 0 | i ∈ I, t ∈ T }, ϑ = {ϑkt | k ∈ K, t ∈ T }, Φ = {Φkt ≥

0 | k ∈ K, t ∈ T }, γ = {γgt | g ∈ G, t ∈ T }, χ = {χjt ≥ 0 | j ∈ J , t ∈ T },

µ = {µjkt ≥ 0 | j ∈ J , k ∈ K, t ∈ T }, κ = {κlkt ≥ 0 | l ∈ L, k ∈ K, t ∈ T }

and ς = {ςkt ≥ 0 | k ∈ K, t ∈ T } be the dual variables associated with constraints

127



www.manaraa.com

(4.18)-(4.25), respectively. The dual of the primal subproblem, called the dual subproblem

[LRD-SUB(D)], can be written as:

[LDR-SUB(D)]Max.
∑
t∈T

{
∑
g∈G

bgtγgt −
∑
i∈I

sitδit −
∑

l∈Lh,j∈J

ccaplj Ŷljtχjt−

∑
(i,j)∈A2

vcapẐijtµijt −
∑

l∈Lb,k∈K

pcaplk Ŷlkκlkt −
∑

l∈Lb,k∈K

hcaplk Ŷlkςkt}

Subject to

−δit − χjt − µjkt + ϕϑkt ≤ cijkt ((1− qjt)(1− qkt) + β(qjt + qkt − qjtqkt))

∀i ∈ I, j ∈ J , k ∈ K, t ∈ T (4.27)

−δit + ϕϑkt ≤ cikt ∀(i, k) ∈ A3, t ∈ T (4.28)

γgt − Φkt ≤ ckgt ∀(k, g) ∈ A4, t ∈ T (4.29)

−ϑkt + Φkt − κlkt ≤ plkt ∀l ∈ Lh, k ∈ K, t ∈ T (4.30)

ϕϑk,t+1 − ϕϑkt − ςkt ≤ hkt ∀k ∈ K, t ∈ T (4.31)

γgt ≤ πgt ∀g ∈ G, t ∈ T (4.32)

δ, χ, µ,Φ, κ, ς ∈ R+ (4.33)

γ, ϑ ∈ R (4.34)

Let θ represent the objective function value of the sub-problem. Then, Benders master

problem is represented as follows [LDR-M]:

Min.
∑

l∈Lb,k∈K

ΨlkYlk +
∑
t∈T

{
∑

l∈Lh,j∈J

(
ΨljtRljt − ηljtR̂ljt

)
+

∑
(i,j)∈A2

ξijtZijt}+ θ
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Subject to

θ +
∑
t∈T

{
∑
i∈I

sitδit +
∑

l∈Lh,j∈J

ccaplj χjtYljt} ≥
∑
t∈T

{
∑
g∈G

bgtγgt −
∑

(i,j)∈A2

vcapµijtZijt −∑
l∈Lb,k∈K

pcaplk κlktYlk −
∑

l∈Lb,k∈K

hcaplk ςktYlk}

∀(γ, δ, χ, µ, κ, ς) ∈ PD (4.35)

Ylj,t−1 +Rljt = Yljt + R̂ljt ∀l ∈ Lh, j ∈ J , t ∈ T (4.36)∑
l∈Lb

Ylk ≤ 1 ∀k ∈ K (4.37)

Ylk ∈ {0, 1} ∀l ∈ Lb, k ∈ K (4.38)

Yljt ∈ {0, 1} ∀l ∈ Lh, j ∈ J , t ∈ T (4.39)

Rljt, R̂ljt ∈ {0, 1} ∀l ∈ Lh, j ∈ J , t ∈ T (4.40)

Zjkt ∈ Z+ ∀j ∈ J , k ∈ K, t ∈ T (4.41)

In this formulation, constraints (4.35) are the optimality cut constraints, and PD is the

set of the extreme points of the feasible region of [LDR-SUB(D)]. Since θ is the optimal

objective function value of [LDR-SUB], its value is an upper bound to the objective func-

tion value of the solution from [LDR-SUB(D)] for fixed values of Ŷ b, Ŷ h, Ẑ. Therefore,

θ ≥
∑
t∈T

{
∑
g∈G

bgtγgt −
∑
i∈I

sitδit −
∑

l∈Lh,j∈J

ccaplj χjtYljt −
∑

(i,j)∈A2

vcapµijtZijt −∑
l∈Lb,k∈K

pcaplk κlktYlk −
∑

l∈Lb,k∈K

hcaplk ςktYlkt} ∀(γ, δ, χ, µ, κ, ς) ∈ PD (4.42)

In order to accelerate the running time of the master problem, we add the following

inequalities.
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Zjkt ≤
∑
l∈Lh

⌈
ccaplj

vcap
⌉Yljt ∀(j, k) ∈ A2, t ∈ T (4.43)

Zjkt ≤
∑
l∈Lb

⌈ c
cap
lk

vcap
⌉Ylk ∀(j, k) ∈ A2, t ∈ T (4.44)

Inequalities (4.43) and (4.44) are valid for [LDR-M] since they present the relationship

that exists between the binary facility location variables and the integer, container flow

variables. The ratio ⌈ c
cap
lj

vcap
⌉ represents the maximum number of containers initiated from

hub j to deliver the available biomass. This amount is an upper bound on the total biomass

delivered to biofuel plant k. The ratio ⌈ c
cap
lk

vcap
⌉ represents the maximum number of containers

to be received at biofuel plant k in order to fully utilize its capacity. That number is clearly

an upper bound on the total number of containers received from hub j. Additionally,

these inequalities set the number of containers to zero if no facility is located in some of

the potential facility location sites. Computational experiments indicate that these valid

inequalities significantly reduce the number of iterations of the Benders algorithm.

The master problem [LDR-M] provides an equivalent formulation of the original prob-

lem [LDR]. The challenge faced when solving [LDR-M] is the problem size. Note that

the number of inequalities (4.35) is equal to the number of extreme points of the feasible

region of problem [LDR-SUB(D)]. This number could be very large. For this reason, we

solve instead a restricted master problem [LDR-RM] that uses instead only a subset of PD

denoted by Pn
D ⊂ PD. Therefore, problem [LDR-RM] is a relaxation of [LDR], and the

optimal solution to the restricted problem provides a lower bound for [LDR].
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The general idea of the standard Benders decomposition algorithm is to iteratively solve

[LDR-RM]. In iteration n, subproblem [LDR-SUB(D)] is solved, and a new extreme point

p ∈ PD is identified and added to Pn
D = Pn−1

D

∪
p. Next, the restricted master problem

is solved. This procedure continue until the gap between the lower bound generated by

solving the restricted master problem, and the upper bound generated by solving the sub-

problem is smaller than some predetermined value ϵ.

Let UBn and LBn denote the upper and the lower bound of [LDR] at iteration n.

Let Pn
D denote the set of extreme points of [LDR-SUB(D)] at iteration n. The algorithm

starts by solving [LDR-RM], which provides a lower bound for this problem. We fix the

values of the corresponding integer and binary variables to Ŷ n
lk for l ∈ Lb, k ∈ K, Ŷ n

ljt for

l ∈ Lh, j ∈ J , t ∈ T , and Ẑn
jkt for (j, k) ∈ A2, t ∈ T . We use these values to solve

the dual subproblem [LDR-SUB(D)]. A pseudo-code of the basic Benders decomposition

algorithm is provided below.

Let znMAS =
∑

l∈Lb,k∈K ΨlkY
n
lk +

∑
t∈T {

∑
l∈Lh,j∈J

(
ΨljtR

n

ljt − ηljtR̂n
ljt

)
+∑

(i,j)∈A2 ξijtZ
n
ijt}; let znMP denote the solution to [LDR-RM] and znSUB denote the solution

to [LDR-SUB(D)] during the n-th iteration of the Benders decomposition algorithm.

4.4.4 Enhancements of Bender Decomposition Algorithm

In this section we present a few different cuts that we have identified and used to im-

prove the performance of Benders decomposition algorithm.
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4.4.4.1 Pareto-Optimal Cuts

Magnanti and Wong [79] introduce the Pareto-optimal cuts, which are added to the

master problem. The motivation is to identify from a set of potential cuts which cut has

the greatest impact on the quality of the master problem. Work by Van Roy [109], and

Wentges [150] show that Pareto-optimal cuts contribute to improving the performance of

Benders algorithm by strengthening the cut added to the master problem in each iteration

of the algorithm.

With respect to our problem, recall that an optimality cut (4.35) for [LDR-RM] is gen-

erated using the information from an optimal solution to [LDR-SUB(D)]. Subproblem

[LDR-SUB(D)] is a transportation problem, which are known to have multiple optimal

solutions [143]. This inherent degeneracy property of transportation problems implies that

multiple optimality cuts can be generated in an iteration of Benders algorithm, therefore,

identifying the single cut that greatly impacts the quality of the solution to [LDR-RM]

is critical. This study adopts an approach proposed by Papadakos [98] for implementing

subproblem independent Pareto-optimal cuts. Papadakos [98] shows that when the solu-

tion of the auxiliary problem depends on the solution to the dual Benders subproblem, then

generating a Pareto-optimal cut is computationally challenging. This challenge is greater

especially when the Benders subproblem is a difficult problem to solve. To remedy this

problem, Papadakos [98] proposes the Modified Magnanti-Wong (MMW) method that gen-

erates a Pareto-optimal cut using the concept of core points. A core point is located in the

relative interior of the convex hull of feasible region and serves as a proxy for the optimal

solution.
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The following is the formulation of the Modified Magnanti-Wong (MMW) subproblem

solved in each iteration of Benders algorithm instead of [LDR-SUB(D)]. We refer to

this subproblem as [LDR-SUB(MMW)]. Let YLP be the polyhedron defined by (4.36),

(4.37), 0 ≤ Yljt ≤ 1, ∀l ∈ L, j ∈ J , t ∈ T ; 0 ≤ Ylk ≤ 1, ∀l ∈ L, k ∈ K; and

Zjkt ≥ 0 ∀j ∈ J , k ∈ K, t ∈ T . Let ri(YLP ) denote the relative interior of YLP .

A Pareto-optimal cut can be obtained by solving the following subproblem, for Y 0
ljt ∈

ri(YLP ),∀l ∈ Lh, j ∈ J , t ∈ T ; and Y 0
lk ∈ ri(YLP ),∀l ∈ Lb, k ∈ K.

[LDR-SUB(MMW)] Max.
∑
t∈T

{
∑
g∈G

bgtγgt −
∑
i∈I

sitδit −
∑

l∈L,j∈J

ccaplj Y
0
ljtχjt−

∑
(i,j)∈A2

vcapZ0
ijtµijt −

∑
l∈L,k∈K

pcaplk Y
0
lkκlkt −

∑
l∈K,k∈K

hcaplk Y
0
lkςkt}

Subject to

−δit − χjt − µjkt + ϕϑkt ≤ cijkt ((1− qjt)(1− qkt) + β(qjt + qkt − qjtqkt))

∀i ∈ I, j ∈ J , k ∈ K, t ∈ T (4.45)

−δit + ϕϑkt ≤ cikt ∀(i, k) ∈ A3, t ∈ T (4.46)

γgt − Φkt ≤ ckgt ∀(k, g) ∈ A4, t ∈ T (4.47)

−ϑkt + Φkt − κlkt ≤ plkt ∀l ∈ Lh, k ∈ K, t ∈ T (4.48)

ϕϑk,t+1 − ϕϑkt − ςkt ≤ hkt ∀k ∈ K, t ∈ T (4.49)

γgt ≤ πgt ∀g ∈ G, t ∈ T (4.50)

δ, χ, µ,Φ, κ, ς ∈ R+ (4.51)

γ, ϑ ∈ R (4.52)
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In this formulation, Y 0
ljt, Y

0
lk, and Z0

jkt are core points. These points are updated as

follows:

Y 0
ljt = τY 0

ljt + (1− τ)Y ljt, ∀ l ∈ Lh, j ∈ J , t ∈ T

Y 0
lk = τY 0

lk + (1− τ)Y lk, ∀ l ∈ Lb, k ∈ K

Z0
jkt = τZ0

jkt + (1− τ)Zjkt, ∀ j ∈ J , k ∈ K, t ∈ T

Y ljt, Y lk, and Zjkt are the solutions obtained from the current master problem. Experimen-

tal results indicate that setting τ = 0.5 provides the best empirical results. Note that, the

auxiliary subproblem [LDR-SUB(MMW)] is independent of the solutions obtained from

the original dual subproblem ([LDR-SUB(D)]) and will assist the Benders master problem

to be one step closer to the optimal solution from the very first iteration [98].

4.4.4.2 Knapsack Inequalities

Santoso et al. [111] show that when a good upper bound is available from the Benders

decomposition algorithm, then adding a knapsack inequality - presented below - along

with the optimality cut constraint (4.35) will improve the quality of solutions derived from

the Benders master problem. The authors also point out that state-of-the-art solvers such

as CPLEX can derive a variety of valid inequalities from the knapsack inequality, which

expedites the convergence of the Benders decomposition algorithm. Let UBn be the best

known upper bound obtained so far. The following valid inequality is added to the master

problem [LDR-RM] in iteration n+ 1:
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UBn ≥
∑
t∈T

{
∑

l∈Lh,j∈J

(
ΨljtRljt − ηljtR̂ljt

)
+

∑
l∈Lb,k∈K

(Ψlkt − pcaplk κlkt − h
cap
lk ςkt)Ylk +∑

(i,j)∈A2

(ξijt − vcapµijt)Zijt +
∑
g∈G

bgtγgt −
∑
i∈I

sitδit −
∑

l∈L,j∈J

ccaplj Yljtχjt}

(4.53)

Similarly, we add the following valid inequalities to the master problem [LDR-RM]

to speed up the branch-and-bound procedure of the solver. LBn denotes the best known

lower bound obtained so far.

LBn ≤
∑

l∈Lb,k∈K

ΨlkYlk +
∑
t∈T

{
∑

l∈Lh,j∈J

(
ΨljtRljt − ηljtR̂ljt

)
+

∑
(i,j)∈A2

ξijtZijt}+ θ

(4.54)

4.4.4.3 Logistics Constraints

In the initial stages of the Benders decomposition algorithm, the master problem pro-

duces very few first-stage decision variables. This is the case until sufficient information

is gathered from solving the subproblem. In order to overcome this issue with the master

problem, we add the following logistics constraints. The rationale is to bring to the master

problem some information from the subproblem. Doing this will improve the running time

of the Benders decomposition algorithm.

Recall the demand satisfying constraints described in equation (4.4). Since this is a

minimization problem, these constraints can be expressed as follows:

∑
k∈K

Xkgt + Ugt ≥ bgt ∀g ∈ G, t ∈ T (4.55)
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Furthermore, constraints (4.3) and (4.7) can be rewritten as follows:

∑
g∈G

Xkgt ≤
∑
l∈Lb

pcaplk Ylk ∀k ∈ K, t ∈ T (4.56)

Combining constraints (4.55) and (4.56) and dropping the penalty term Ugt obtains the

following inequalities that are added to the master problem:

∑
l∈Lb,k∈K

pcaplk Ylk ≥
∑
g∈G

bgt ∀t ∈ T (4.57)

Here bgt represents the amount of biofuel demand expected to be met through the sup-

ply chain network. Thus, bgt = α ∗ bgt, ∀g ∈ G, t ∈ T . We can initialize the value of α

between 0.0 to 1.0; and when α = 1.0, constraints (4.57) require that all the demand is

satisfied by this supply chain.

4.4.4.4 Integer Cuts

To expedite the running time of the master problem we add the following inequalities

generated using a local branching technique [46]. These inequalities when added to the

master problem during iteration n + 1, force the problem to generate a solution different

from the solution generated during iteration n. In other words, adding these cuts to the

mater problem excludes from the feasible region the solutions identified in the previous

iteration. Let Ŷ n
ljt for l ∈ Lh, j ∈ J , t ∈ T and Ŷ n

lk for l ∈ Lb, k ∈ K be the solutions

obtained from solving the master problem in iteration n. Let Yn
1 = {(l, j, t)|Ŷ n

ljt = 1,∀l ∈
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Lh, j ∈ J , t ∈ T } and Yn
2 = {(l, k)|Ŷ n

lk = 1,∀l ∈ Lb, k ∈ K}. We add the following

constraint to the master problem in iteration n+ 1:

∑
(l,j,t)∈Yn

1

(1− Yljt) +
∑

(l,k)∈Yn
2

(1− Ylk) +
∑

(l,j,t)/∈Yn
1

Yljt +
∑

(l,k)/∈Yn
2

Ylk ≥ 1 (4.58)

This inequality forces the values of the binary facility location variables in iteration n + 1

to be different from iteration n. The two consecutive solutions will differ by at least one

variable.

Similarly, in order to reduce the search space and the number of iterations of the Ben-

ders decomposition algorithm, we add to the master problem the following superset and

subset cuts. These cuts help reduce the solution space of the master problem by limit-

ing the number of feasible network configurations. Consequently, adding these constraints

reduces the search space for the binary variables [67].

∑
(l,j,t)∈Yn

1

Yljt + Yljt ≤ | Yn
1 | ∀l ∈ Lh, j ∈ J , t ∈ T (4.59)

∑
(l,j,t)/∈Yn

1

Yljt + Yljt ≥ 1 ∀l ∈ Lh, j ∈ J , t ∈ T (4.60)

4.4.4.5 Heuristics Improvement

Obtaining Good Solutions before Convergence: The master problem is a mixed integer

linear program. This problem is difficult to solve; thus, obtaining an optimal solution for

moderate sized networks is a challenging problem. The solutions obtained from solving

the master problem in the initial iterations of the Benders algorithm are of low quality. This

is mainly because initially, the master problem has not received much information about

the subproblem. The quality of the solutions found improves as the algorithm progresses.
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Therefore, in order to reduce the running time of the algorithm, one can stop solving the

master problem as soon as a feasible solution is found in the initial iterations of the Ben-

ders algorithm. As the algorithm progresses, we search for better solutions to the master

problem.

In order to implement this, we initially set a large optimality gap when solving the

master problem. This gap is gradually reduced as the algorithm progresses. The initial

optimality gap is 5% and is reduced gradually to 1%.

Setting Branching Priorities: In order to accelerate the solution of the master problem,

we set proper branching priorities for the decision variables of Zjkt, Ylk and Yljt. Setting

branching priorities provides CPLEX with the order in which the solver branches these

variables. Numerical analysis indicates that branching on Zjkt variables first followed by

Ylk and Yljt saves some computational time when solving the master problem.

4.4.5 A Hybrid Benders based Rolling Horizon Algorithm

This approach combines the rolling horizon and accelerated Benders decomposition

algorithms. The Benders decomposition algorithm is used to solve the subproblems created

during the implementation of the rolling horizon algorithm.

When problems with sufficiently large sized networks are solved using [RH], solv-

ing the first few subproblems created using CPLEX is difficult. However, as soon as the

first few subproblems are solved, then the remaining subproblems can easily be solved by

CPLEX. For this reason, when implementing the [RH] algorithm, we solve the first few

subproblems using an accelerated Benders decomposition algorithm, and solve the remain-
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ing subproblems using CPLEX. The overall procedure, named [BRH] is described below:

Step 1: Initialize; set starting time period to ts0 = 0; set the length of time interval to

N ; set s← 1.

Step 2: Solve the approximate sub-problem [RH(s)] using Accelerated Benders de-

composition algorithm.

Step 3: If t0 > |T |, then Stop; else, set s← s+ 1, go to Step 2.

4.5 Computational Study and Managerial Insights

This section summarizes and interprets the results from the numerical study. The goal

of this section is to test the performance of the algorithms proposed and drawing important

managerial insights about the supply chain. The case study is developed using data from

the Southeast region of the USA.

4.5.1 Data Description

Biomass Supply: We have collected data about biomass availability from the follow-

ing nine States: Mississippi, Alabama, Louisiana, Tennessee, Arkansas, Georgia, Florida,

South Carolina and North Carolina. The two main biomass feedstocks in this region are

corn stover and forest residues. The biomass availability data is provided by the Knowl-

edge Discovery Framework (KDF) database of United States Department of Energy [11].

This data was further processed by Idaho National Lab (INL) to identify the amount of

densified biomass available in this region. Altogether, 491 counties contributed to the col-
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lected data. The total amount of densified biomass available in the region is 29.35 million

tons (MT) per year.

Biofuel Demand: The total fuel consumption in 2012 for the nine states listed above is

44.4 BGY [138]. Based on the amount of biomass available in the region and considering

a conversion rate of 72.6 gallons per MT, the total biofuel production in this region could

be as high as 2.1 BGY. This amount corresponds to about 5% of the total fuel consumption

in 2012. We consider this to be the total demand for cellulosic biofuel in the region. Recall

that based on the proposed model, substitute products can be used to meet demand. The

model allows this substitution to happen if the cost of producing biofuel exceeds the market

price for substitute products. Therefore, setting the demand level high will not force the

system to meet demand at any cost.

Counties with a population greater than 30,000 are considered as demand points in this

study. Based on this criteria, we selected a total of 381 counties from the region. We

assume that the distribution of the population in a particular region is a good indicator

of the distribution of demand for biofuel. We use the centroid of the county as the point

where demand occurs, and thus, where biofuel is to be delivered. In a year, the demand for

gasoline typically rises in May and continues until September [137], so the seasonality of

demand in the biofuel demand data is incorporated in these formulations.

Investment Costs: We consider a total of 259 potential hub locations: 242 are rail

ramps and 17 are inland/sea ports. Figure 4.4 presents the exact potential locations of

these hubs and biorefineries. We consider a total of 44 potential biofuel plant locations.

The annualized fixed cost for plants with a capacity 45 million gallon per year (MGY) is
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set to $159.4 million [154]. This cost was estimated based on a project life of 20 years and

an interest rate of 15%. We consider five different plant sizes: 20 MGY, 40 MGY, 60 MGY,

100 MGY, and 150 MGY. Wallace et al. [145] estimates that doubling the size of the plant

increases the investment cost by a factor of 1.6. We used this factor to calculate investment

costs for the other biofuel plant sizes considered. The annualized fixed cost for a rail ramp

of capacity 1.05 million ton per year (MTY) is equal to $54,949/year [80]. We consider

five different rail ramp capacities, where l = 0.6 MTY, 0.8 MTY, 0.9 MTY, 1.05 MTY,

and 1.20 MTY. These costs are estimated based on a lifetime of 30 years and a discount

factor of 10%. The annualized fixed cost for an inland port of capacity 2.35 MTY is equal

to $306,000/year which is derived from a study of Searcy et. al. [114]. We consider five

different port capacities, where l = 1.0 MTY, 1.5 MTY, 1.75 MTY, 2.00 MTY, and 2.25

MTY. Although the actual fixed cost would vary by location, a common fixed cost is used

as a reasonable approximation.

Transportation Costs: This study assumes that trucks are used to transport biomass

from farms to intermodal hubs and biofuel plants. Trucks are also used to deliver biofuel

to the market. Major cost components for truck transportation are obtained from a study

by Parker et al. [99], and these costs are summarized in Table 4.5.

Barge or rail can be used to deliver biomass at an intermodal hub. The unit trans-

portation cost for barge shipments is estimated to be $0.017/mile/ton [52]. This cost is

calculated assuming that a single tow boat pushes up to 15 barges, and each barge carries

1,500 tons of biomass.
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Figure 4.4

Hub locations

Transportation costs by rail using CSXT and Burlington Northern Santa Fe (BNSF)

Corporations are calculated using the following equations developed by Gonzales et al.

[52]. These equations represent the total transportation cost for a single rail car of capacity

100 tons. This cost is a function of the distance traveled (x1).

YCSXT = 2, 248 + 1.12x1 R2
adj(%) = 29.0; p− V alue(%) = 2E−22(4.61)

YBNSF = 3, 140 + 0.75x1 R2
adj(%) = 50.0; p− V alue(%) = 0.01 (4.62)

The values $2,248 and $3,140 represent the fixed shipment cost per rail car, ξjk. The

values $1.12 and $0.75 represent the unit transportation cost per mile. We multiply these

costs with the travel distance between j ∈ J and k ∈ J to calculate cjk.

We assume that a shipment is delivered from its source to its destination using the

shortest path. Arc GIS Desktop 10 is used to create a transportation network, and then, this
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network identifies the shortest paths. The network includes existing railways; waterways;

local, rural, urban roads; and major highways in Southeast.

Estimating Disruption Probabilities: Failure probabilities at intermodal hubs are ob-

tained from a study by Marufuzzaman et al. [84]. In developing these estimates, the

authors consider the three major types of disasters that affect the Southeast: hurricanes,

floods and droughts. Based on National Hurricane Center data, the hurricane season starts

late August and ends in late September [92]. Historically, the largest number of hurricanes

were observed during the month of September. The U.S. Drought Monitor Center provides

historical data and weekly forecasts about the nationwide drought severity [135]. The data

for the period 2009 to 2013 indicates that the drought season starts in August and continues

to January. The severity of droughts is greatest in September and October. We incorporated

this information in the data set by assigning higher disruptions probabilities during these

months compared to other months of the season.

4.5.2 Experimental Results

We now discuss the results of our computational study. All the algorithms are coded

in GAMS 24.2.1 [48] and executed on a desktop computer with Intel Core i7 3.50 GHz

processor and 32.0 GB RAM. The optimization solver used is ILOG CPLEX 12.6.

4.5.2.1 Analyzing the impact of disruptions on the supply chain performance

The goal of these numerical experiments is to evaluate the impact that disruptions have

on the performance of the supply chain. In order to demonstrate the benefits of using

the model proposed in this research, we compare its performance with the following two
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models: (a) minimum cost model, and (b) reliable and static model. We refer to [LDR] as

the reliable and dynamic model. The reliable and static model is a special case of [LDR]

which considers that once an intermodal hub opens, it will continue to be available for use.

Therefore, the fixed intermodal hub cost is paid from the period the facility is open, and

thereafter. The minimum cost model does not consider disruptions; the model considers

that hubs will be dynamically used throughout the year.

Figure 4.5 presents the amount of biomass and biofuel produced, transported, and in-

ventoried during each month of the planning horizon. This figure also presents the number

of hubs operating each month and the number of containers shipped. This information is

essential to supporting strategic decisions and to guiding the planning of manpower and

equipment during the year.

In the numerical experimentation, time t = 1 corresponds to the month of July. Corn

stover is typically harvested from September until November, which corresponds to pe-

riods t = 3 to 5. Forest residues are harvested all year round except during the winter

months of December to February (t = 6, 7, 8) due to the heavy rains which make har-

vesting/collection challenging. To support the delivery of biomass to biofuel plants from

September to November, additional hubs and containers are used. During this period, the

amount shipped by trucks via highways also increases. The increase of truck transporta-

tion also occurs because weather conditions during the months of September and October

correspond with the Southeast’s hurricane season. This pick biomass production results

in increased biofuel production and accumulation of biofuel inventory during periods 5

and 6 (November and December). Biomass transportation equals zero during the winter
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months. To satisfy demand for biofuels during these months, the inventories built up during

September to November are depleted.
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Figure 4.5

Impact of disruption on system performance

The three models compared above result from the same amount of biofuel produced and

inventoried. The major difference between these models is the number of hubs operating.

Almost the same number of hubs is open under each model in periods 1 and 2; however,

the reliable and static model does not close these hubs during the months of low supply or

during the hurricane season. Therefore, the annual costs related to hub operation are higher

for the reliable and static model. This is one of the reasons why the unit delivery cost for

such a system is so high -$4.05 per gallon - compared to the $3.86 and $3.96 per gallon

provided by the other two models (see Table 4.6). The minimum cost solution uses more
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hubs compared to reliable and dynamic solution because rail and barge transportation are

more cost efficient than truck transportation. The reliable solution delivers less by barge

during the hurricane season. The static and dynamic reliable solutions open three more

biorefineries than the minimum cost solution. Building redundancies into the supply chain

in order to hedge against disruptions is a common practice.

To quantify the benefits of designing reliable and dynamic supply chain systems, three

different disruption scenarios are created. Table 4.6 summarizes the unit delivery cost of

biofuel under each scenario. The first scenario assumes flooding of the Mississippi River.

The second assumes flooding of the Tombigbee River, and the third scenario assumes a hur-

ricane making landfall in North Carolina. The results indicate that in normal conditions,

the minimum cost solution provides the minimum delivery cost for this supply chain. The

minimum cost model provides a solution which is 2.59% cheaper than the reliable and

dynamic model and 4.92% cheaper than the reliable and static model. However, under

disaster scenarios, the reliable and dynamic supply chain model outperforms both the min-

imum cost and reliable and static models. The minimum cost model is 2.65% to 9.20%

more expensive than the reliable and static model and 6.28% to 17.73% more expensive

than the reliable and dynamic model.

Figure 4.6 presents the impacts of disruptions on the supply chain network. Note that

the number of facilities located in Zone 3 (high supply and high risk Zone) changes from

one model to the next. The three models open a biofuel plant in this Zone to take advantage

of the available biomass in the area. The minimum cost model relies heavily in using

intermodal transportation to deliver the excess biomass to other plants. The reliable models
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Figure 4.6

Impacts of disruption scenarios on network configuration

open a smaller capacity port to deliver biomass and, in general, use fewer intermodal hubs.

Fewer hubs are used for the dynamic than the static model.

4.5.2.2 Analyzing the impact of the biomass supply chain on highway transportation

One of the challenges that the biofuel industry faces is delivering biomass to biofuel

plants. Due to the high volume and low energy density of biomass, the volume of biomass

required at a biofuel plant is large. Truck transportation - although more expensive as

compared to other transportation modes - has been used extensively due to its availability

and flexibility. Additionally, as the numerical analysis indicates, reliable supply chains

use highways as a means of hedging against the risk of disruptions from natural disas-

ters. Therefore, we think it important to evaluate the increased shipment volumes in high-

ways due to biomass transportation. Figure 4.7 summarizes some of the numerical results.

147



www.manaraa.com

The results presented compare the minimum cost model with the reliable and dynamic

model, as well as reliable and static model, as the amount of biomass available for delivery

changes. The base for these comparisons uses the minimum cost solution to determine the

amount of biomass to be shipped along highways.
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Biomass transported via highways

The results indicate that more biomass is shipped on highways under the reliable solu-

tions than the minimum cost solutions; more biomass is shipped under the dynamic rather

than static solutions. The amount shipped increases with the amount of biomass available.

To deliver biomass available using minimum cost solution, on average, a total of 1,329

truck deliveries (trips) are required daily. Each truck on average travels 258 miles daily.

This number increases to 1,543 truck deliveries daily for the reliable and dynamic model.
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Then, each truck on average travels 287 miles daily. This number further increases to 1,763

truck deliveries daily when biomass supply increases by 20% and the average number of

miles traveled per truck is 304. The increase of truck transportation impacts the traffic on

highways. Traffic congestion increases the noise around the communities where biofuel

plants are located and impacts highway safety.

4.5.3 Analyzing the Performance of Solution Algorithms

This section presents our computational experience in solving the [LDR] model using

the algorithms proposed in Section 4.4. We initially assess the performance of different

accelerated techniques compared to the standard Benders decomposition algorithm (Table

4.7). Next, the performance of the rolling horizon algorithm assessed and compared with

CPLEX (Table 4.8). Finally, we compare the performance of all the algorithms proposed

with CPLEX (Table 4.9). The algorithms presented are terminated when at least one of the

following conditions is met: (a) the optimality gap falls below a threshold value ϵ = 0.01.

The optimality gap is calculated as ϵ =| UB − LB | /UB; or (b) the maximum time

limit tmax = 36, 000 (in CPU seconds) is reached. In order to terminate the Benders

decomposition algorithm we use an additional criterion: the maximum number of iteration

n = 1, 000 is reached. The columns of the tables presented in this section provide the

optimality gap (ϵ), the running time of the algorithm (tmax) and the corresponding number

of iterations (n). The best result is identified for each problem solved and is presented

using boldface. Since a stopping criteria for the algorithm is ϵ ≤ 1%, the algorithms are

stopped when such a solution is found within the maximum time limit. The algorithm
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which gave the smallest running time is then highlighted. Otherwise, if such a quality

solution is not found within the maximum time limit or number of iterations, the algorithm

with the smallest optimality gap is highlighted.

Table 4.7 summarizes the results from enhancements of Benders decomposition algo-

rithm. These enhancements are due to implementing the cuts described in Section 4.4.4.

All the algorithms presented in this table are further enhanced through the improvement

techniques presented in Section 4.4.4.5. The total number of potential hubs for all the

problems presented in this table is 100. We do not present results from implementing

the standard Benders decomposition algorithm, since when using this algorithm to solve

the problems presented here, the solutions found within 1,000 iterations had an optimality

gap of at least 20%. The results indicate that implementing the cuts presented in section

4.4.4 substantially improves the performance of the Benders algorithm. The results from

All cuts Benders decomposition algorithm - which in addition to Pareto optimal, knap-

sack, and logistics cuts uses the integer cuts - indicate a running time improved 1.68 times

compared to the accelerated Benders decomposition algorithm without these integer cuts.

Results indicate that incorporating the integer cuts significantly reduces the average num-

ber of iterations required by the accelerated Benders decomposition algorithm compared to

implementations of the accelerated Benders decomposition algorithm without the integer

cuts.

Table 4.8 compares the computational results of solving the [LDR] model using the

rolling horizon algorithm and CPLEX. The number of potential hubs and time periods

differ from one problem to another. The performance of the algorithm is investigated as
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the values of these two problem parameters change because they greatly impact problem

size, and consequently, the running time of the algorithm. Each subproblem created during

the implementation of the rolling horizon algorithm is solved using CPLEX. We exper-

iment with the stopping criteria used to stop CPLEX when solving these subproblems.

We investigate the performance of the [RH] algorithm when the optimality gap used for

subproblems equals 1% and 2%. Increasing the gap from 1% to 2% reduces the overall

running time of the [LDR] algorithm. Another criterion used to stop CPLEX is a maximum

running time of 10,800 CPU seconds.

Results indicate that the benefits of the [RH] algorithm over CPLEX are evident as

the problem size increases, either due to increasing the number of potential hubs or the

number of time periods considered in this problem. Our experience with [RH] algorithm

indicates that solving the first subproblem is difficult, and therefore time consuming. Stop-

ping CPLEX when ϵ =1% or 2% - while it helped some - did not have a great impact on

reducing the time it took to solve this subproblem. Because the first subproblem is chal-

lenging, CPLEX fails to solve it as the number of potential hubs increases. Note the results

for | H |= 140, | T |= 10 and 12 in Table 4.8. Once the first subproblem is solved, the

rest can be solved quickly.

Table 4.9 presents the results from solving the [LDR] model using the algorithms pro-

posed in this paper. The problems solved differ by the number of potential hub locations

considered, the length of planning horizon, and thus, the problem size. We do not present

results for problems with | H |< 100. For those problems, CPLEX provided the best

results and outperformed the algorithms presented here. The benefits of using the algo-
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rithms we develop becomes evident as the problem size increases, which is the case when

| H |≥ 100.

Results indicate that, in 33 out of 36 problem instances solved, the Accelerated Benders

decomposition algorithm provides solutions with an optimality gap less than 1.0% within

the specified time limit. The benefits of using the greedy [RH] and the hybrid Benders

based [RH] algorithms can clearly be seen as the problem size increases. Both algorithms

are able to find high quality solutions within relatively small computational time. The over-

all average optimality gap for the greedy [RH] algorithm is 1.82%, with only 1 out of 36

problem instances exceeding 5.0% gap. The overall average optimality gap for the hybrid

Benders based [RH] algorithm is 1.41%. The largest three problem instances presented in

Table 4.9 show a noticeable improvements of both algorithms in terms of solution qual-

ity and running time as compared to other solution approaches. Overall, both the greedy

[RH] and the hybrid Benders based [RH] algorithms seem to offer high quality solutions

consistently within the experimental range.

4.6 Conclusion

This chapter presents an MIP model which helps supply chain managers to design

cost-efficient and reliable supply chain networks for biomass delivery to biofuel plants,

and biofuel delivery to markets. The proposed inbound supply chain of biofuel plants has

a hub-and-spoke structure. Hub-and-spoke networks are typically used for high-volume,

long-haul transportation of bulk products. Such a network design facilitates the transporta-

tion of biomass in a cost-efficient manner. This system relies on using in-land ports, sea
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ports, and rail stations for the delivery of biomass by rail and barge between intermodal

hubs. Activities at ports could be disrupted by natural disasters, such as floods, hurricanes,

and droughts. Therefore, considering the risks associated with these disruptions when de-

signing biofuel supply chains makes sense.

The model we propose captures supply chain uncertainties due to natural disruptions

and biomass seasonality since these factors impact the performance of biofuel supply

chain. To handle these uncertainties efficiently, the model proposes to adjust short-term

and mid-term supply chain decisions dynamically under disaster scenarios. Numerical

results indicate that such an approach results in cost savings in the supply chain.

The MIP model proposed is an extension of the capacitated facility location problem,

and therefore, it is an NP-hard problem. In order to solve this problem, we propose the

following solution approaches: a rolling horizon algorithm; a greedy rolling horizon al-

gorithm; an accelerated Benders decomposition algorithm; and a hybrid Benders-based

rolling horizon algorithm. We test the performance of these algorithms in a case study we

build using data from the Southeast USA. Numerical results indicate that the Accelerated

Benders and the hybrid algorithms outperform the rest. While the Accelerated Benders

provides solutions of high quality, the hybrid algorithm provides good quality solutions

in a reasonable amount of time. For very large problem instances, the hybrid algorithm

outperforms the Accelerated Benders decomposition algorithm. For these large problem

instances CPLEX runs out of memory, and the rolling horizon algorithm fails to find an

integer-feasible solution within the time limit.
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We conducted extensive numerical analyses in order to provide insights about the ad-

vantages of using the model proposed to optimize the performance of the supply chain.

We compare our model to a minimum cost model, with the goal of minimizing total costs,

to with a reliable but static model, with the goal minimizing expected costs under normal

and disruption scenarios. Under normal conditions, the minimum cost model outperforms

the rest. However, under disaster scenarios, the reliable and dynamic supply chain model

proposed in this paper outperforms the minimum cost and reliable and static models. The

minimum cost model is 2.65% to 9.20% more expensive than the reliable and static model

and 6.28% to 17.73% more expensive than the reliable and dynamic model.
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Table 4.4

Algorithm: Benders decomposition

UBn ← +∞, LBn ← −∞, n← 1, ϵ, PD ← 0
terminate← false
while (terminate = false) do

Solve [LDR-RM] to obtain {Y n
lk}l∈Lb,k∈K, {Y n

ljt}l∈Lh,j∈J ,t∈T ,
{Zn

ijt}(i,j)∈A2,t∈T , znMP , znMAS

if (znMP > LBn) then
LBn ← znMP

end if
Set:

Ŷ n
lk = Y n

lk for l ∈ Lb, k ∈ K
Ŷ n
ljt = Y n

ljt for l ∈ Lh, j ∈ J , t ∈ T
Ẑn
jkt = Zn

jkt for (j, k) ∈ A2, t ∈ T
Solve [LDR-SUB(D)] to obtain (γgt, δit, χgt, µjkt, κlkt, ςkt) ∈ PD and znSUB

if (znSUB + znMAS < UBn) then
UBn ← znSUB + znMAS

end if
if ((UBn − LBn)/UBn ≤ ϵ) then

terminate← true
else
Pn+1
D = Pn

D ∪ {(γgt, δit, χgt, µjkt, κlkt, ςkt)}
end if
n← n+ 1

end while

Table 4.5

Data about truck transportation

Feedstock Biofuel
Item Value Unit Value Unit
Loading/unloading 5.0 $/wet ton 0.02 $/gallon
Time dependent 29.0 $/hr/truckload 32.0 $/hr/truckload
Distance dependent 1.20 $/mile/truckload 1.3 $/mile/truckload
Truck capacity 25 wet tons/truckload 8,000 gallons/truckload
Average travel speed 40 miles/hour 40 miles/hour

Table 4.6

Comparison of unit cost under different disrupted scenarios

Scenarios Min. Cost Reliable & Static Hubs Reliable & Dynamic
($/gallon) ($/gallon) ($/gallon)

1: Flooding of Mississippi River 4.91 4.78 4.48
2: Flooding of Tombigbee River 4.62 4.49 4.33
3: Hurricane in North Carolina 5.98 5.43 4.92
No disruption 3.86 4.05 3.96
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Table 4.7

Results of the enhancement of Benders decomposition algorithm
| T | qtj Benders+PO Benders+PO+KI Benders+PO+KI+LC All cuts

ϵ tmax n ϵ tmax n ϵ tmax n ϵ tmax n
4 0.0 0.81 383.6 28 0.81 348.7 25 0.92 335.1 24 0.75 73.2 6

0.1 0.77 322.8 24 0.94 301.4 22 0.77 287.1 21 0.76 73.7 6
0.2 0.74 266.9 20 0.68 244.6 18 0.85 273.7 20 0.76 73.8 6

5 0.0 0.95 513.4 29 0.92 470.3 26 0.97 429.4 24 0.91 90.7 6
0.1 0.52 461.1 26 0.91 451.5 26 0.78 431.5 24 0.92 91.5 6
0.2 0.94 297.6 18 0.95 342.7 20 0.85 344.5 20 0.91 91.8 6

6 0.0 0.91 704.7 34 0.97 566.4 26 0.82 565.2 26 0.05 104.5 5
0.1 0.77 532.5 26 0.87 524.8 24 0.91 487.2 23 0.62 105.9 5
0.2 0.61 394.1 21 0.94 385.9 18 0.98 364.2 17 0.52 106.1 5

7 0.0 0.97 731.4 30 0.74 740.7 29 0.29 723.1 28 0.92 169.2 7
0.1 0.91 688.2 26 0.89 711.8 28 0.48 687.5 26 0.89 170.2 7
0.2 0.99 486.2 20 0.84 614.1 27 0.38 520.4 20 0.87 169.9 7

8 0.0 0.78 816.6 29 0.60 894.9 30 0.89 916.5 31 0.27 204.1 8
0.1 0.87 998.1 37 0.88 989.4 35 0.91 929.1 32 0.21 223.0 8
0.2 0.99 701.4 25 0.78 616.0 21 0.77 523.0 18 0.22 226.6 8

9 0.0 0.97 1,085.5 34 0.36 1,118.2 33 0.97 1,073.1 30 0.91 219.1 7
0.1 0.94 1,178.4 37 0.89 1,194.1 35 0.91 1,101.4 31 0.93 222.4 7
0.2 0.87 761.5 24 0.78 724.8 22 0.79 660.7 20 0.89 228.0 7

10 0.0 0.98 1,400.4 39 0.99 1,400.6 38 0.94 1,164.7 31 0.84 320.1 9
0.1 0.96 1,480.6 37 0.94 1,311.8 34 0.97 1,308.1 35 0.78 321.8 9
0.2 0.97 1,105.8 31 0.86 882.0 24 0.91 779.2 21 0.92 324.8 9

11 0.0 0.97 2,337.6 56 0.97 2,340.1 51 0.96 1,837.6 39 0.98 727.1 18
0.1 0.94 1,752.8 38 0.94 1,344.5 32 0.94 1,322.3 31 0.94 743.2 18
0.2 0.89 1,218.4 32 0.97 1,175.1 29 0.96 1,167.4 28 0.97 717.7 16

12 0.0 0.97 2,427.9 56 0.95 2,354.0 49 0.98 2,527.6 54 0.95 1,216.9 26
0.1 0.98 1,778.8 39 0.97 1,545.9 33 0.87 1,524.1 33 0.89 1,028.6 23
0.2 0.97 1,268.8 29 0.96 1,180.3 27 0.95 1,368.1 29 0.94 756.2 16

Avg. 0.89 966.5 31.3 0.86 917.6 29.0 0.84 876.0 27.3 0.76 325.9 9.7

Table 4.8

Summary of results from implementing the RH algorithm and CPLEX
| H | | T | qtj CPLEX RH-1.0% RH-2.0%

ϵ tmax ϵ tmax ϵ tmax

100 10 0.0 0.99 686.5 1.17 190.8 1.30 120.8
0.1 0.99 454.4 1.04 256.4 1.41 143.1

12 0.0 0.99 1,626.2 1.17 480.8 1.45 249.0
0.1 0.95 1,865.7 0.91 658.6 1.44 288.7

120 10 0.0 0.75 9,648.8 0.30 1,477.6 1.59 722.2
0.1 0.21 10,110.4 0.29 1,913.3 1.23 889.5

12 0.0 0.72 11,748.1 0.91 3,161.6 1.71 1,121.5
0.1 0.82 12,723.7 0.86 4,123.2 1.62 1,485.5

140 10 0.0 5.65 36,000.0 2.08∗ 10,847.8 2.18 1,247.8
0.1 5.15 36,000.0 2.09∗ 11,623.3 2.12 2,023.3

12 0.0 12.69 36,000.0 3.04∗ 12,427.3 3.04∗ 12,427.3
0.1 12.86 36,000.0 3.29∗ 12,716.8 3.29∗ 12,716.8

Average 3.56 16,072.0 1.43 4,989.8 1.86 2,786.3
∗Unable to solve the first subproblem within the specified

optimality gap within 10,800 CPU seconds
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Table 4.9

Comparison of different solution approaches
| H | | T | qtj CPLEX RH-algorithm Greedy RH Accelerated Benders RH-Benders

ϵ tmax ϵ tmax ϵ tmax ϵ tmax n ϵ tmax

100 4 0.0 0.72 64.8 0.72 47.9 0.77 30.8 0.75 73.2 6 0.88 106.7
0.1 0.51 120.7 1.01 107.8 1.17 40.9 0.76 73.7 6 0.58 109.1
0.2 0.46 127.4 1.60 119.9 1.14 37.2 0.76 73.8 6 0.81 120.1

8 0.0 0.66 109.8 1.22 96.6 1.14 90.2 0.27 204.1 8 1.05 174.0
0.1 0.75 195.9 0.97 166.6 1.17 104.7 0.21 223.0 8 0.92 169.1
0.2 0.74 195.8 1.18 223.3 1.15 95.8 0.22 226.6 8 0.92 173.1

12 0.0 0.99 1,626.2 1.17 480.8 1.26 299.2 0.95 1,216.9 26 1.10 449.6
0.1 0.95 1,865.7 0.91 658.6 1.34 219.1 0.89 1,028.6 23 1.07 423.8
0.2 0.98 1,368.1 1.09 547.7 1.65 236.5 0.94 756.2 16 0.61 406.1

150 4 0.0 5.40 36,000 0.52 1015.6 0.66 378.3 0.91 559.5 8 0.55 442.2
0.1 5.30 36,000 1.12 2066.1 1.17 712.2 0.94 563.8 8 1.22 747.5
0.2 4.98 36,000 1.55 2436.2 1.41 615.8 0.93 561.3 8 0.82 698.7

8 0.0 7.47 36,000 2.59 11,203 0.61 1,091.1 0.97 2,393.4 14 0.74 1,017.2
0.1 4.16 36,000 2.39 7,234.5 1.31 1,798.5 0.88 2,428.3 15 1.12 1,121.2
0.2 4.58 36,000 1.53 6,940.0 1.69 2,308.5 0.79 2,210.2 13 1.67 1,160.3

12 0.0 16.70 36,000 3.35 12,830 0.55 2,830.9 0.87 9,758.8 37 0.85 2,814.5
0.1 17.02 36,000 3.13 12,210 0.55 2,449.8 0.96 9,112.5 36 1.18 2,842.1
0.2 15.70 36,000 5.97 11,035 0.63 2,367.4 0.86 9,142.6 36 1.22 2,902.8

200 4 0.0 6.74 36,000 2.19 1,862.0 2.23 726.2 0.39 799.0 6 1.10 1132.6
0.1 6.82 36,000 2.35 3,247.6 2.22 1,125.8 0.76 822.1 6 1.65 1215.6
0.2 9.09 36,000 2.23 3,349.4 1.99 1,014.9 0.49 963.8 7 1.70 1255.5

8 0.0 10.67 36,000 3.48 12,733 2.89 1,974.3 0.97 2,640.3 9 1.83 1805.3
0.1 10.75 36,000 3.02 8,477.9 2.75 2,122.5 0.84 2,998.6 10 2.04 1600.2
0.2 10.39 36,000 4.60 8,847.6 2.69 2,899.4 0.69 2627.8 9 1.72 1578.8

12 0.0 19.89 36,000 5.51 13,581 5.03 4,294.4 0.11 14,357 27 2.57 4693.0
0.1 17.57 36,000 5.67 13,612 4.49 4,688.7 0.23 14,412 27 2.00 4585.5
0.2 13.96 36,000 5.19 13,771 3.92 4,442.9 0.49 14,222 27 1.99 4492.2

259 4 0.0 11.75 36,000 1.75 12,094 1.10 3,531.1 0.94 10,413 23 2.00 3,780.3
0.1 15.04 36,000 2.37 12,174 1.65 3,811.5 0.89 11,254 24 1.85 3,752.1
0.2 13.04 36,000 2.53 12,221 1.63 4,289.4 0.84 11,294 24 1.58 3,698.5

8 0.0 12.39 36,000 2.33 15,121 0.97 7,214.5 0.86 30,180 28 1.75 6,592.6
0.1 15.80 36,000 3.13 15,249 2.22 7,415.8 0.97 28,322 27 1.91 6,789.4
0.2 13.89 36,000 4.59 15,987 2.66 7,445.9 0.94 28,111 27 2.12 6,994.2

12 0.0 mema mem n.a.b n.a. 1.58 15,988 17.22 36,000 18 0.99 14,155
0.1 mem mem n.a. n.a. 2.37 16,289 14.61 36,000 19 1.95 14,478
0.2 mem mem n.a. n.a. 3.82 16,672 13.89 36,000 19 2.75 14,214

Avg. 8.36 26,354 2.51 7,025.8 1.82 3,379.3 1.94 8,945.2 17 1.41 3,130.4
aruns out of memory
bunable to find an integer feasible solution within the time limit
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