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(ABSTRACT)

The global energy requirement is increasing at a rapid pace and fossil fuels have been one of

the major players in meeting this growing energy demand. However, the resources for fossil

fuels are finite. Therefore, it is essential to develop renewable energy sources like biofuels to

help address growing energy needs. A key aspect in the production of biofuel is the biomass

logistics chain that constitutes a complex collection of activities, which must be judiciously

executed for a cost-effective operation.

In this thesis, we introduce a two-phase optimization-simulation approach to determine tacti-

cal biomass logistics-related decisions cost effectively in view of the uncertainties encountered

in real-life. These decisions include number of trucks to haul biomass from storage locations

to a bio-refinery, the number of unloading equipment sets required at storage locations, and

the number of satellite storage locations required to serve as collection points for the biomass

secured from the fields. Later, an operational-level decision support tool is introduced to

aid the “feedstock manager” at the bio-refinery by recommending which satellite storage fa-

cilities to unload, how much biomass to ship, how to allocate existing resources (trucks and

unloading equipment sets) during each time period, and how to route unloading equipment

sets between storage facilities. Another problem studied is the “Bale Collection Problem”

associated with the farmgate operation. It is essentially a capacitated vehicle routing prob-

lem with unit demand (CVRP-UD), and its solution defines a cost-effective sequence for

collecting bales from the field after harvest.
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(GENERAL AUDIENCE ABSTRACT)

The global energy requirement is increasing at a rapid pace and fossil fuels have been one

of the major players in meeting this growing energy demand. However, the resources for

fossil fuels are finite. Therefore, it is essential to develop renewable energy sources to help

address growing energy needs. Biofuels are one such renewable sources of energy that are

gaining in importance. Over the past decade, there has been a surge in research on “Green

energy” in the United States to reduce dependence on the foreign supply of fossil fuels and

also to reduce greenhouse gas emissions. Several states in the USA now require a compulsory

10% ethanol blend with gasoline. A key aspect in the production of biofuel is the biomass

logistics chain that constitutes a complex collection of activities, which must be judiciously

executed for a cost-effective operation.

In this thesis, we introduce an approach to determine cost-effective biomass logistics-related

decisions in view of the uncertainties encountered in real-life. This approach enables deter-

mination of tactical decisions after accounting for variability and dynamics of the system.

The tactical decisions include number of trucks to haul biomass from storage locations to a

bio-refinery, the number of unloading equipment sets required at storage locations, and the

number of satellite storage locations required to serve as collection points for the biomass

secured from the fields. The model considers both capital and biomass logistics operating

costs to arrive at cost-effective decisions. Later, an operational-level decision support tool

is introduced to aid the “feedstock manager” at the bio-refinery by recommending which

satellite storage facilities to unload, how much biomass to ship from those storage facilities,

and how to allocate and use existing resources i.e. trucks and unloading equipment sets

during each time period.



We also introduce the “Bale Collection Problem” that refers to an operational-level decision

encountered in the farmgate operation. The solution to this problem defines a cost-effective

sequence for collecting bales from fields after harvest. Though some argue that an experi-

enced operator does a good job in judging the sequence in which to pick up bales at minimum

operating cost, the problem becomes complicated when multiple vehicles operate in a single

field or when the visibility is poor, for example during night-time operation.
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Chapter 1

Motivation and Background

1.1 Motivation

The global energy demand has been constantly increasing at the rate of 5.3% each year [98],

and fossil fuels have been one of the major players in meeting this growing energy demand.

However, the resources for fossil fuels are finite. By considering the available fossil fuel

reserves, it is estimated that fossil fuel products like oil and coal will last only for about

35 and 107 years, respectively [105]. Therefore, it is essential to develop renewable energy

sources to help address growing energy needs. Biofuels are one such renewable source of

energy that are gaining in importance. They can be blended with fossil fuels to produce

alternative fuels like ethanol-blended-gasoline. Several states in the USA now require a

compulsory 10% ethanol to be blended with gasoline. Besides, biofuels contribute less to

greenhouse gas emissions. Biofuels are essentially made from plants or crops, which consume

carbon dioxide for photosynthesis, thereby reducing net greenhouse gas emissions.

Biofuels are generally divided into four generations. The first generation of biofuels are es-

sentially made from feedstock which are traditionally used for food and feed. The production

and use of first generation biofuels has become controversial due to the use of food crops

1
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for fuel production [88]. The second generation of biofuels has been developed to overcome

shortcomings of first generation biofuels. They are produced from non-food crops like wood,

switchgrass, or agricultural residues like corn stover and wheat straw. Cellulosic ethanol

is one of the major second generation biofuels, which is produced from cellulose, a major

component of cell walls in plant cells. Second generation biofuel feedstock cost is higher due

to additional processing requirements like shredding and transportation requirements for the

relatively low bulk density materials. Considerable research has been carried out to mini-

mize feedstock cost and thereby make the cost of biofuels more competitive with petroleum

fuels. Third generation biofuels, similar to the second generation biofuels, are produced from

non-food feedstock like algae. The feedstock algae can be genetically modified to produce a

wide range of hydrocarbons like ethanol, methane, butanol, jet fuel, among others. Third

generation of biofuels are also known as advanced biofuels, or green hydrocarbons. Fourth

generation biofuels are designed to be carbon negative, i.e., they produce sustainable energy

by capturing and storing carbon dioxide from the environment and converting it into fuels.

The production of ethanol in the United States has rapidly increased in the last decade

making it the world’s largest producer of ethanol. The United States Department of Energy

is targeting a capacity of 60 billion gallons of ethanol by 2030 (De La Torre Ugarte et al. [34]).

This is mainly to reduce the reliance of imported crude oil, reduce greenhouse gas emissions

(and the subsequent impact of global climate change), and to improve rural economies. It is

estimated that 35-60% of the cost of biofuel is contributed by biomass logistics (Fales et al.

[46]) leaving very little margin for farmers and bio-refinery operators. To make biofuels an

economically viable alternative, biomass feedstock logistics must be designed and operated

cost effectively.
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1.2 Background

Many high technology product industries, like personal computers, electronics and the auto-

motive industry, take advantage of many operations research tools for effectively designing

and managing their supply chain. Over the past decade, the biofuel industry has also seen

considerable increase in the application of operations research tools to improve its supply

chain, but not to an extent used in other industries. This can be mainly attributed to rea-

sons like a different organization of the agricultural industry as compared to high technology

product industries. Also, the uncertainty due to weather impacts in agriculture is greater

than the rest, requiring stochastic models which are difficult to solve. Despite these facts,

there is a huge effort to improve supply chain management in biofuel industry, especially in

the area of biomass feedstock logistics.

Many farm owners in the Piedmont region in Virginia grew tobacco for the cigarette indus-

try before decline in the tobacco market. These farms can now grow biomass feedstock, like

switchgrass, to become economically stable and also to help ramp up the United States’ bio-

fuel production. Specially designed biomass logistics systems are necessary for the Southeast

region as they have many small-sized farms (less than 80 hectares) unlike the Midwest region

where farms of 250 hectares area are common.

Switchgrass is harvested and converted into round or rectangular bales. An effective opera-

tion in this regard requires addressing several challenges including contracting with farmers,

determining the logistics capability required, and managing the logistics equipment effec-

tively, among others. Recently, Judd et al. [62] developed a mathematical model to de-

termine optimal locations for temporary storages called Satellite Storage Locations (SSL)

considering locations of potential production fields and a potential bio-refinery. The goal

was to achieve the most cost effective operation possible. The authors consider a novel logis-

tics design involving temporary storage locations, sharing of loading equipment sets among

these storage sites and use of side-loading racks to transport bales from temporary storage

locations to the bio-refinery. This model is a mixed integer linear program and does not
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consider seasonality in the availability of biomass from production fields and uncertainties

in logistics equipment operations.

In this thesis, we expand on this novel biomass logistics methodology by including uncer-

tainty arising in the availability of biomass from production fields and in the availability of re-

sources because of variation in speed, loading (unloading)times, and equipment breakdowns.

To address this uncertainty, we employ a simulation-optimization based methodology. We

designate the underlying problem as the Stochastic - Biomass Logistics Chain Prob-

lem (S-BLCP). The methodology developed does not require mathematical modeling of

stochastic problems, and it provides an implementable solution with a reasonable computa-

tion time. We then introduce an operational-level decision support tool Biomass Logistics

Decision Support Tool (BL-DST) to help a feedstock manager at the bio-refinery to

make effective real-time decisions. Finally, we introduce and formulate mathematical models

for the Bale Collection Problem (BCP) in order to provide a sequence for collecting

switchgrass bales from a production field that minimizes cost.

1.3 Problem description and research objectives

The biomass logistics problem consists of a myriad of complex sub-problems pertaining to the

various functionalities involved. In this section, we provide a brief overview of the problems

that we address in this research, research objectives and the contributions that we make.

Problem Description:

S-BLCP: Given a set F of pre-located SSLs, expected inflow of biomass during each time

period t at each SSL i, At
i, planning horizon of length T, and variability in the operational pa-

rameters of logistics equipment, determine minimum fleet size of logistics equipment, amount

of biomass shipped from SSLs to a bio-refinery, routing of mobile equipment during each time

period, so as to minimize the total cost incurred (consisting of capital investment and op-

erational costs) and maximize the amount of biomass delivered considering the uncertainty
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and dynamics of the system.

BL-DST: Given a set F of pre-located SSLs, promised inflow of biomass during each time

period t at each SSL i, At
i, planning horizon of length T, and operational parameters of lo-

gistics equipment, current inventory levels y0
i and location of logistics equipment, determine:

(1) routes of mobile equipment during each time period to load-out biomass at the SSLs, and

(2) amount of biomass to be shipped from SSLs to the bio-refinery, so as to (1) minimize the

mobilization cost for the load-out equipment sets, and (2) total hauling cost for feedstock

delivered at the bio-refinery. Also, a third goal was to minimize the risk of not meeting the

desired demand of the bio-refinery.

BCP: Given a set, N, of bale locations in a production field and a set, D, of farm-side storage

depots (refereed to as SSLs), a non-negative cost Ci,j associated with traveling from locations

i to j, capacity c of a in-field hauling vehicle, determine an optimal sequence to collect bales

from the production field in order to minimize the total cost incurred. We assume Ci,j = Cj,i

making this problem a symmetric capacitated vehicle routing problem with unit demand

(SCVRP-UD). A vehicle routing problem (VRP) is concerned with determining optimal

routes to visit a set of customers by a fleet of vehicles that are based at one or more depots.

The capacitated vehicle routing problem with unit demand (CVRP-UD) is a special case of

the basic VRP in which there exists a limit on the maximum number of customers that can

be visited in each trip. The CVRP has been extensively studied in the literature and many

exact algorithms and heuristics approaches have been devised for its solution.

We address the above problems in the following chapters. But, first we present, in Chapter 2,

a detailed description of the biomass logistics system, its components and important decisions

associated with it. Then, in Chapter 3, we review the work reported in the biomass logistics

area and classify this work based on the modeling and solution approaches used, for a variety

of biomass logistics problems, and highlight opportunities for further work in this area. In
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Chapter 4, we discuss the S-BLCP and present a new method for its solution. In Chapter 5,

we present the methodology behind the BL-DST. Chapter 6 then introduces the BCP along

with its extensions, and presents a capacitated vehicle routing problem-based formulation

for its solution.

Research objectives: The main objective of this research is to understand, model, and

analyze some important problems encountered in the biomass feedstock logistics chain, and

create an effective decision support system. Some specific objectives are as follows:

1. Understand biomass feedstock logistics chain, its components and major challenges.

2. Highlight potential areas in biomass feedstock logistics that can be studied using ad-

vanced operations research techniques.

3. Determine tactical decisions pertaining to operation of the biomass feedstock logistics

chain in the face of uncertainty.

4. Develop a methodology to help make operational-level decisions.

5. Mathematically model and analyze the bale collection problem, and investigate a

method for its solution.

Contributions of thesis research:

The major contributions of this thesis research are as follows:

1. Classification of biomass logistics problems based on the inherent operations research

problem, to aid future research.

2. Development of a novel methodology to model uncertainty and dynamics of a biomass

feedstock logistics system using a two-phase optimization-simulation approach.

3. Application of optimization-simulation approach to the real-life database of potential

production fields within a 48-km radius of Gretna, Virginia, a potential location for a

bio-refinery.
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4. Development of an effective decision support tool for operational control of a biomass

feedstock logistics system pertinent to the Piedmont physiographic region - a region

across five southern states (VA, NC, SC, GA, AL).

5. Mathematical modeling of a capacitated vehicle routing problem and its solution

methodology.

1.4 Outline of chapters

1.4.1 Chapter 2: A detailed description of biomass feedstock lo-

gistics chain

The biomass logistics chain problem (BLCP) is associated with transporting baled biomass

from temporary storage locations, called satellite storage locations (SSL), to a bio-refinery

for conversion into biofuel, which can be blended with fossil fuels in the downstream supply

chain. In Chapter 2, we present a detailed description of the biomass feedstock logistics

system under consideration, and also, present its advantages over the existing system. The

capital investment and storage cost associated with round bales are two folds lower than

that for the rectangular bales. It is also worth noting that the operational aspects of a

round-bale logistics system are more challenging as compared with that for a rectangular-

bale system [61]. Significant cost savings for the farmers and contractors associated with the

biomass feedstock production and logistics system can be achieved by improving operational

efficiencies of the round-bale biomass logistics system.

The logistics system under consideration is specifically designed for handling round bales

of switchgrass biomass produced in the Southeast region of the United States. The system

can be also deployed for fields in the the Midwest for the corn stover harvest, if appropriate

design modifications are applied. The principle contribution of this chapter is two-fold.

First, a detailed description of biomass feedstock logistics is presented to help understand the



Rahul Ramachandran Chapter 1 8

underlying problems and challenges associated with biomass feedstock logistics operation.

Second, this chapter also forms a background for subsequent chapters where we discuss

opportunities for applying operations research tools in biomass logistics, and for chapters

where we have developed optimization and simulation models for a specific biomass logistics

problem.

1.4.2 Chapter 3: A taxonomic review - Biofuel supply chain prob-

lems

In Chapter 3, we review different problems pertaining to the biomass feedstock logistics

chain and identify the fundamental operations research problems involved. The selected

publications are classified based on: (1) fundamental operations research (OR) problem, (2)

modeling methodology, and (3) solution approach. The review of literature aims at identi-

fying fertile avenues for future research that focuses on relevant applications of operations

research tools to efficiently design and operate a biomass logistics system. We believe that

this chapter will not only motivate practitioners to apply relevant models to assure eco-

nomic viability of biofuel industries, but also, will motivate development of better solution

approaches for the problems involved in the biomass feedstock logistics system.

1.4.3 Chapter 4: A two-phase optimization-simulation approach

for tactical decisions in a biomass feedstock logistics chain

In Chapter 4, we propose a novel modeling approach to determine tactical decisions like

fleet sizes of equipment and trucks by integrating simulation and optimization methodolo-

gies. The optimization model is a multi-period mixed integer linear programming model

that minimizes the total capital cost of equipment and operational costs incurred for this

equipment. Initially, the logistics equipment input parameters are fixed at their expected

values for the optimization model. The simulation model accounts for uncertainty in opera-
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tional parameters, unexpected delays and breakdowns of logistics equipment. The simulation

model iteratively updates the operational parameters in the optimization model. This ap-

proach develops robust and cost-effective solutions in the face of uncertainties. It terminates

at the desired solution in a finite number of iterations.

The proposed optimization-simulation modeling approach saves the user from developing

and solving a large-scale stochastic mathematical model, and it provides an implementable,

robust solution in the face of uncertainties. We demonstrate applicability of this methodology

by applying it to a real-life production region in the Southeast United States (Gretna, VA).

1.4.4 Chapter 5: An operational-level decision support tool for

biomass feedstock logistics

In Chapter 5, we first highlight the need for a decision support tool for operating a biomass

feedstock logistics chain. The fleet sizes of trucks and load-out equipment sets for the plan-

ning horizon are determined by using the models presented in Chapter 4 before starting

operation in a particular region. Several uncertain events are encountered during the har-

vesting of biomass. These pertain to weather, equipment availability, delay in processing,

among others. Hence, the biomass inflow to the storage facilities cannot be determined with

certainty ahead of time. The decision support tool developed considers current status of the

system, which includes inventory level, current location of load-out equipment sets, inflow

of biomass from fields to storage locations, and determines the storage locations to unload

biomass from at any given time, amount of biomass to be shipped from each of these loca-

tions, allocation and routing of trucks and unloading equipment sets in order to minimize

mobilization cost for the load-out equipment sets and hauling cost for biomass delivered at

the bio-refinery. The planning horizon considered is two weeks, as the feedstock manager

would have details of biomass inflow for this time interval with high confidence. The prob-

lem is mathematically modeled as a mixed integer linear program, implemented in Microsoft

Visual Studio 12.0, and is solved using CPLEX 12.6 solver.
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1.4.5 Chapter 6: Bale collection problem

In Chapter 6, we introduce “Bale collection problem” - an operational-level decision problem

encountered in farmgate operations. The solution to this problem gives a cost-effective

sequence for collecting bales from a farm after harvest. The problem can be modeled as a

capacitated vehicle routing problem with unit demand (CVRP-UD), a special case of the

vehicle routing problem (VRP). The VRP is NP-hard because it includes the Traveling

Salesman Problem (TSP) as a special case (Laporte [72]). The coordinates of the bales

in a field is obtained from a Global Positioning System (GPS) fitted on the baler. The

location of each bale is recorded as it is ejected from the baler. Since distance is calculated

from these coordinates, a symmetric cost Ci,j is considered. The CVRP, in general, has

been extensively studied and many exact algorithms and heuristics approaches have been

devised for its solution. In this chapter, we first mathematically model the BCP as mixed

integer programming model, then present several extensions of the BCP relevant to biomass

feedstock logistics, and finally, explore some solution methodologies to obtain minimum cost

solutions.



Chapter 2

A Detailed Description of Biomass

Feedstock Logistics Chain

2.1 Introduction

The biomass feedstock logistics chain is an important part of the biofuel supply chain. The

design and operation of the biomass feedstock logistics chain plays a major role in deter-

mining the price of biofuel. By some accounts, it is estimated that 35-60% of cost of biofuel

is contributed by biomass logistics [46]. Biofuel industries use different feedstocks like corn,

sugarcane, switchgrass, and corn stover, among others, based on geographic location and

climatic conditions. Switchgrass and woody biomass are commonly used in the Southeast

and corn stover in the Midwest. The type of biomass used defines the features of the biomass

feedstock logistics chain. The chapter aims at providing a detailed understanding of vari-

ous features of biomass feedstock logistics which serve as a base for the mathematical and

simulation models discussed in later chapters.

11
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2.2 Overview of biofuel supply chain

A supply chain comprises a complex network of activities used to deliver product and services

to end customers through engineered flow of goods, information and finance. The biofuel

supply chain consists of activities pertaining to farming, harvesting of biomass, conversion

biomass to biofuel and delivery of biofuel to end customers. A biofuel supply chain can

be compared with a petroleum-based fuel supply chain. The petroleum-based fuel supply

chain is generally categorized into upstream, midstream and downstream supply chain activ-

ities. Upstream activities comprise petroleum exploration, extraction and transportation to

crude-oil refineries. Midstream activities consist of petroleum refinement, and downstream

activities comprise of processes after refining i.e., storage and distribution to end customers.

Farms

Biomass Storage

Distribution center

Fuel Pump

Upstream Midstream Downstream 
Bioenergy plant

Figure 2.1: Biofuel Supply Chain.

The biofuel supply chain can also be similarly categorized to upstream, midstream and
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downstream activities. Upstream activities in the biofuel supply chain include farming, har-

vesting, storing, and transporting biomass to the bio-refinery. Midstream activities pertain

to conversion of biomass to biofuel. Downstream activities include storage and distribution

similar to the petroleum fuel supply chain. Upstream and midstream activities are the two

popular areas of research in the biofuel supply chain. The biomass feedstock logistics chain

is the term used here for the upstream activities of a biofuel supply chain. It includes ac-

tivities pertaining to farming, harvesting, storing and transporting biomass feedstock to a

bio-refinery.

2.3 Biomass feedstock logistics chain for the Southeast

United States

The biomass feedstock logistics chain includes a collection of activities ranging from farming

to transporting biomass to a bio-refinery. These activities have to be planned and executed

judiciously for cost-effective production of biofuel. The key features of a biomass feedstock

logistics chain operation can be categorized into: (1) Farmgate operation, (2) Highway haul-

ing operation, and (3) Receiving facility operation (Liu et al. [79]).

Figure 2.2: Biomass feedstock logistics chain for the Southeast United States.
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2.3.1 Farmgate operation

The farmgate operation refers to activities such as production of biomass, harvesting, baling,

and delivery of biomass to a satellite storage. Different biomass feedstock such as switchgrass

or woody material can be used in the production of biofuels. This study considers the use

of switchgrass for the production of biofuel in the Southeast United States.

2.3.1.1 Harvesting and Baling

The harvesting operation is the cutting and baling of switchgrass on the production fields.

The switchgrass is cut with a mower-conditioner and later baled with a tractor pulling a

baler. Switchgrass can be harvested in both short and extended harvesting time windows

[53]. The short harvesting time window lasts for about three months where the aim is to

delay the harvest till the switchgrass field enters into a dormant state. This harvesting

strategy facilitates transfer of nutrients from the above-ground plant parts to below-ground

plant parts thereby maximizing biomass yield and reducing the need for fertilizing production

fields. Since the harvesting is completed in a short period of time, more harvesting equipment

and large storage facilities are required.

Figure 2.3: Mowing Operation.

(Source: Antares Group)

Figure 2.4: Baling Operation.

(Source: Antares Group)

Another strategy is to extend harvesting over eight to nine months enabling effective use of
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harvesting equipment and also reducing need for large capacity storage sites. The delayed

harvest of certain fields allows the switchgrass to dry standing in the field. It then can be

cut and baled on the same day. The disadvantage of delayed harvest is some loss of yield

due to leaf loss. The switchgrass, after being cut, is dried and later baled for densification.

When the switchgrass has a moisture content greater than 15% when cut, it is dried laying

in the field and baled later. Generally, biomass feedstock is baled into either a large round

bale or a large rectangular bale depending on climate and the biomass logistics design. Both

types of bales have their own advantages and disadvantages. It is more advantageous to use

round bales in the Southeast United States due to the high annual rainfall. The round bales,

made by wrapping continuous layers of switchgrass, shed moisture effectively when placed in

single layer ambient storage. The round baler is generally operated with a smaller tractor,

and the capital cost associated is much lesser for a round baler ($23,000) in comparison

to a rectangular baler ($87,000). The round bale, which is almost 5 feet in diameter and

4 feet long is typically not transported over large distances due to difficulty in handling.

An efficient “rack system concept” was proposed in Cundiff [29] to handle and transport

round bales effectively. The rectangular bales, on the other hand, are more suitable for

Midwestern and Western United States as these regions receive lower amounts of rainfall.

The rectangular bales are made by pressing layers upon layers of biomass in a bale chamber

and then tying the resulting bale with twine. When left in the field, the rectangular bale

act like a sponge and absorb more moisture during a rainfall event. There is no practical

way to remove this moisture from the bale. Rectangular bales are stored as stacks in a

covered storage facility with special floor surface to prevent the bottom bales from absorbing

moisture from the ground. A 12 ton-per-hour capacity rectangular baler is expected to cost

around $87,000 against the cost of $23,000 for a 5 ton-per-hour capacity round baler [61].

The capital investment per ton-per-hour capacity clearly indicates that producing round

bales is a more cost-effective densification option. But, the question remains, how to cost

effectively haul the round bales.

The bales are protected from moisture to prevent microbial activity and subsequent dry



Rahul Ramachandran Chapter 2 16

matter loss. Several storage options are: (1) storing in a covered shed, (2) tarping bales

in a pyramid stack, and (3) net wrapping bales and storing them in single layer ambient

storage. Storing bales in a shed is the most effective option to limit dry matter loss, but it

is expensive. Tarping bales is cheaper than the use of sheds, but it is labor intensive and

is often unsafe as it involves workers climbing on stacks of bales. The most cost-effective

option is to wrap bales in a polymer net and place them in single-layer ambient storage, if

the bales do not require long storage before processing. The dry matter loss for net wrapping

is more than that for shedding or tarping, but it is considered to be effective if the bales are

not expected to be stored for too long (less than 6 months). Net wrapped bales can be left

in the field for several days before being hauled to an SSL. This “uncoupling” of baling and

in-field hauling gives an equipment scheduling advantage.

2.3.1.2 In-field hauling

The process of collecting and moving switchgrass bales from different locations on the field

to an SSL is called in-field hauling. The bales are collected using an implement capable

of lifting and placing bales on a flat-bed vehicle. The equipment has a pickup arm for self

loading and a pusher arm to locate the collected bales on the vehicle. The capacity of this

in-field hauling equipment can vary from six to twelve bales depending on the size. The in-

field hauling equipment moves the bales from field to SSL where they are placed in ambient

storage as a single layer. The in-field hauling equipment is designed to be operated in fields

as well as paved roads. This equipment has limited road speed making it less efficient than a

tractor-trailer truck for highway hauling. Hence, only a short-distance hauling to a storage

site is carried out using this equipment. A transfer point is established in the logistics chain

to uncouple in-field hauling and highway hauling. Bales from nearby production fields are

brought to this transfer point and later transported to a bio-refinery in racks on tractor-

trailers trucks. The farmgate contract signed by the feedstock producer includes a storage

fee for the contract holders to establish and maintain an SSL. The contract holder informs
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the bio-refinery when feedstock is placed in the SSL, and the bio-refinery informs the contract

holder when the feedstock is hauled out of the SSL.

Figure 2.5: In-field hauling of large rectangular bales. (Source: Antares Group)

2.3.1.3 Satellite storage location

A satellite storage location (SSL) is a pre-designated location on a production field for storing

the biomass provided by fields within a defined radius of the location. It also acts like a

transfer point between in-field hauling and highway hauling. These storage locations store

bales from a single large field or from multiple smaller fields before it is hauled to a bio-refinery

storage yard. The risks of fire and destruction of inventory are mitigated by distributing

the entire bio-refinery inventory across different SSLs and by reducing inventory at the bio-

refinery storage yard. An SSL incurs a one-time setup cost and an annual operational cost

for the duration it is under contract. The one-time setup cost is for the construction of

an SSL. The area designated for an SSL by the farmgate contract holder must be graded

to a minimum slope specification, must be near a state-maintained road, and must have a

compacted gravel base. The gravel base prevents bale degradation due to moisture absorption

at the bottom of the bale, and also, it provides suitable surface for equipment operation. The

locations of SSLs influence both the cost of in-field hauling and cost of transporting biomass

to the bio-refinery. The number of SSLs to be opened and their locations are determined by

balancing the setup cost required to create SSLs, the cost of transporting biomass from the
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field to the SSL, the cost of loading out the SSL, and the cost of hauling the biomass to a

bio-refinery. It is probable that “custom contractors” will be employed by certain feedstock

producers to haul their bales and place them in the SSL. These contractors can afford to

invest in higher capacity industrial-grade equipment needed for high annual use operation.

In this case, each farmgate contract holder will not have to own in-field hauling equipment.

Figure 2.6: Single-layer ambient storage of round bales. (Source: Picture by author)

Specialized equipment is used for loading-out biomass from the SSLs. This equipment can

be either stationed permanently at an SSL, or it may be mobile and shared among a number

of SSLs so that fewer sets of equipment are needed [62]. Biomass logistics chain design with

mobile equipment reduces the cost for loading-out an SSL as capital cost of equipment is

shared among multiple SSLs. Such a design may have fewer equipment sets for many small-

sized SSLs compared to having dedicated equipment at each large-sized SSL. A multibale

handling unit is proposed for highway hauling of round bales as individual handling of bales

is not cost-effective. A telehandler with a spear attachment is used to pick and load bales

in the rack. The bales are loaded into a rack either from the rear of the rack (rear-loading

rack option) or from the side of the rack (side-loading rack option). We will consider the

“side-loading rack option” for this study. The telehandler picks two bales at a time and loads

them into a rack while it is still attached to the trailer. The trailer is a unique low-profile

design developed specifically to haul racks. Since racks and trailers are handled as one unit

in the“Side-loading rack option”, it eliminates the need for a forklift at an SSL to off-load
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an empty rack and load a full rack. The telehandler will cycle back and forth to load a rack

with 20 bales, 10 bales from the right side and 10 bales from the left side. The trailers with

loaded racks are later towed to the bio-refinery using truck tractors. The design calls for two

trailers behind a truck tractor, thus a truck load is 40 bales.

Figure 2.7: Side-loading rack option.

2.3.2 Highway hauling operation

The highway hauling operation includes hauling of biomass from a satellite storage location

to a bio-refinery storage yard. In-field hauling equipment is generally not preferred for long

distance hauling due to its limited road speed. Hauling contractors use truck tractors to

haul biomass in racks attached to the trailers. The loading of tractor-trailers in the SSL is

a challenging task to maintain cost-effectiveness of the biomass feedstock logistics chain as

these operations have poor labor productivity (Mg handled per hour per worker). To improve

labor productivity, multibale handling is proposed using a rack system (Cundiff [29]). The

proposed rack is approximately the size of a standard shipping container with capacity of 20

bales, 10 on each side. Each truck tractor pulls two trailers each carrying one rack with 20

bales. A full truck load has 40 bales (16.3 Mg) of biomass and each rack has a bar code that

is read when the truck crosses the scale at the bio-refinery. These data identify the source
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of biomass to track quality and for bookkeeping purposes to pay the farmgate contract holder.

Figure 2.8: Process of loading bales on the rack.

Two significant factors determining highway hauling costs are:

1. Weight of each truck-load

2. Time required to load, haul, unload, and return to an SSL for next load

Some decisions that the hauling contractors make include number of load-out equipment

sets, number of racks and trailers required, number of truck tractors required, and some

operational level decisions like which SSL is to be unloaded at what time to meet the bio-

refinery demand for year-round operation.

2.3.3 Receiving-facility operation

The receiving-facility operations essentially include all operations performed at the bio-

refinery storage yard including weighing, unloading biomass and finally feeding bales into
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the bio-refinery as needed. The bio-refinery would ideally want to operate at “just-in-time”

(JIT) inventory levels. The dynamics and variations of the real-world scenario make it chal-

lenging to achieve JIT delivery of raw materials. Hence, a minimum inventory is stored at

the bio-refinery. The inventory at bio-refinery is stored in racks until processing to avoid

individual bale handling, as this is a key part of the multibale handling concept. Reduction

in cost of receiving-facility operation at the bio-refinery is a key advantage of the rack system

concept.

The truck tractor brings two loaded racks on trailers and they first pass over a scale where

the biomass load is weighed. Each load identification label is scanned to identify the source

for bookkeeping purposes. The truck then moves to the unloading area where the rack is

unlocked from the trailers. A fork lift (10-ton capacity) unloads full racks from trucks and

moves them to the bio-refinery storage yard and loads the trailer with two empty racks.

The receiving facility may have one or two forklifts for handling the racks depending on the

biomass demand at the bio-refinery. The truck with two empty racks then passes across the

scale to record weight and then returns to an SSL for picking up the next load. A full rack,

either directly from the truck or from the bio-refinery storage yard, is loaded into a rack

unloader. The rack unloader pushes bales out of the rack onto a conveyor which delivers a

single line of bales into the bio-refinery for size reduction and subsequent processing.

Figure 2.9: Recieving-facility operations.
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2.4 Biomass feedstock logistics chain for the Midwest

United States

Biomass feedstock produced in the Midwestern and Western United States differs from the

feedstock produced in the Southeastern United States due to soil composition, climate,

rainfall pattern and crops grown. Corn stover is the major cellulosic biomass feedstock

used in the Midwest region for production of ethanol. Corn stover is the residue after corn

grain is harvested. It is inherently contaminated with dirt and foreign materials, making

its harvesting and processing a complex process. A listing of the Midwest unit operation is

given in Figure 2.10.

Figure 2.10: Midwest biomass feedstock logistics chain.

The average size of corn fields in the Midwestern United States is larger than the smaller

switchgrass fields in the Southeast. Corn stover, unlike switchgrass, is harvested in a short

time period, requiring more equipment and larger storage facilities to ensure a year-round

supply of biomass to the bio-refinery. Two baling technologies, both rectangular and round
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bales are used in the Midwest. The large rectangular-bales are typically stacked six high

and covered with a tarp. Some important decision-support problems in this system include

determining which farms to contract with, fleet size of equipment, scheduling of harvest and

in-field hauling, and inventory management, among others.



Chapter 3

A Taxonomic Review - Biofuel Supply

Chain Problems

3.1 Introduction

A growing global energy requirement, and perceived effects of global warming caused by

the release of fossilized carbon into atmosphere have encouraged researchers to explore sus-

tainable alternatives to fossil fuels. Renewable sources of energy like hydro power, solar,

wind, geothermal, and biomass are widely studied and considered for development. Biofuels

produced from biomass is an attractive renewable energy product as it can substitute for

motor fuels like gasoline and diesel. A study of biomass feedstock logistics, which constitutes

a major portion of biofuel cost at the pump, is important to make it a cost-effective alter-

native to fossil fuels. Thus, the farmgate-to-bio-refinery supply chain has been a prominent

research area over the past decade, supporting the development of a sustainable and cost

effective bio-energy supply chain.

Most review papers on the biofuel supply chain generally classify publications based on

supply chain level: upstream, midstream, and downstream (An et al. [8], Sharma et al.

24
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[106]), decision level: strategic,tactical, operational, and integrated (An et al. [8], De Meyer

et al. [35], Sharma et al. [106], Yue et al. [119]), optimization methodology: linear and

non-linear programming, pure and mixed integer programming, deterministic and stochastic

models (Baos et al. [16], De Meyer et al. [35], Shabani et al. [104], Sharma et al. [106]),

or type of objective function: economic, social, and ecological based (De Meyer et al. [35]).

Mafakheri and Nasiri [81] organize publications based on the biomass supply chain operations

like harvesting, storage, transportation and the conversion process. Yue et al. [119] segregate

publications based on the type of biomass feedstock, end product and conversion process.

However, to the best of our knowledge, none of the review papers classify the literature

based on the inherent optimization problems encountered in the farmgate-to-bio-refinery

supply chain. We believe that this is essential to develop efficient solution approaches that

exploit the structure of underlying problems.

In this chapter, we present a taxonomic review of selected publications in the field of biofuel

supply chain based on the inherent optimization problems encountered like lot sizing, trav-

eling salesman, and location-allocation problems, among others. This classification allows

readers to identify these underlying optimization problems, and hence, take advantage of

the state-of-the-art modeling and solution approaches from the extensive research on these

well-studied optimization problems. It will also serve as a motivation for developing solu-

tion methodologies for new problems originating within the biofuel supply chain. We also

classify the publications based on relevant modeling methodologies and solution approaches

to present a comprehensive review of work in this area.

3.2 Classification framework

Thirty three scientific publications were selected and reviewed with a focus on the biofuel

supply chain problem, and the methodologies used to model it. A framework of classifica-

tion is presented in Figure 3.1. First, the publications are classified based on the inherent
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optimization problems encountered in the biofuel supply chain. The group of problems

identified include single and multiple item lot sizing, location-allocation problem, traveling

salesman problem and its extensions like multiple traveling salesman problem (m-TSP) and

high multiplicity multiple traveling salesman problem (HMTSP). Second, the publications

are classified based on the modeling methodologies like mathematical programming, sim-

ulation, and simulation-optimization. The publications under mathematical programming

modeling approach are further classified into linear and non-linear programming, pure and

mixed integer programming, and deterministic and stochastic programming. The publica-

tions in the mathematical programming domain are also sub-classified based on the solution

approaches to evaluate popularity in use of customized algorithms to solve biofuel supply

chain problems.

Figure 3.1: Classification framework for the taxonomic review.
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3.2.1 Inherent optimization problems in the biofuel supply chain

design

3.2.1.1 Location-allocation

The location-allocation problem (LA), in general, is to locate an optimal number of facilities

to satisfy demand for a set of customers such that the overall cost of setting up facilities

and transporting goods between customers and facilities is minimized [12]. Some exact

and approximate algorithms proposed for this problem in the literature include branch-and-

bound-based algorithm (Kuenne and Soland [68]), simulated annealing (Murray and Church

[87]) and tabu search (Ohlemller [90]). Gong et al. [50] have proposed a hybrid algorithm

involving a Lagrange relaxation method and a genetic algorithm. Brimberg et al. [21] pre-

sented heuristic approach using variable neighborhood search for the problems involving a

large number of facilities.

The location of storage sites (facilities) and the allocation of production fields (customers)

to those storage sites in the farmgate-to-bio-refinery supply chain is similar to a special

case of the location-allocation problem, namely, single source capacitated facility location

problem (SS-CFLP). The objective of SS-CFLP is to locate optimal number of facilities

(biomass storage sites and bio-refineries) that serve a set of costumers (production fields and

blending stations) at a minimum cost, where each costumer is served by a unique capacitated

facility. Mathematical programming-based methodologies proposed for the SS-CFLP include

Bender’s decomposition (Geoffrion and Graves [49]), Lagrangian relaxation (Barceló and

Casanovas [18], Klincewicz and Luss [67], Beasley [19], Sridharan [110], and Holmberg et al.

[59]); and column generation (Dı́az and Fernández [38]). Heuristic-based approaches to solve

large-scale instances of SS-CFLP include kernel search heuristic (Guastaroba and Speranza

[54]), hybrid algorithm combining Lagrangian heuristic and ant colony system (Chen and

Ting [24]) and a multi-exchange heuristic (Ahuja et al. [2]).
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3.2.1.2 Lot-sizing problem

The lot-sizing decisions identify when and how much to produce without violating any capac-

ity constraint in order to minimize the cost associated with setup, production and inventory

holding [64]. The lot-sizing problem can be classified as capacitated or un-capacitated based

on the presence of capacity constraints in the problem. The capacitated lot-sizing problem

(CLSP) involves discrete periods, finite horizon, resource with a finite capacity, and mul-

tiple products with known demands. The items or products in the problem correspond to

different types of biomass (e.g. switchgrass and corn stover), and lot sizing corresponds

to the determination of the amount of biomass to be produced in fields or delivered from

storage locations to bio-energy plants during each time period. The capacity constraints

include the availability of biomass at production fields or storage sites, and the capacities of

the load-out equipment sets or tractor-trailers. Some relevant mathematical programming-

based methodologies proposed for the CLSP include reformulating the problem using valid

inequalities (Barany et al. [17], Leung et al. [76]), use of variable re-definition to provide

tighter linear programming relaxation (Eppen and Martin [45]), branch-and-bound-based

heuristic method(Hindi [58], Armentano et al. [10]), Lagrangian relaxation and its heuristic

implementation (Thizy and Van Wassenhove [114], Diaby et al. [37]), and set partition-

ing and column generation approach (Manne [83], Cattrysse et al. [23], Chen and Thizy

[25], Degraeve and Jans [36]). Karimi et al. [64] gives a comprehensive review of modeling

methodologies for the capacitated lot-sizing problems.

Apart from classification of the lot-sizing problem as capacitated and un-capacitated, it

can be also classified as single item or multi-item lot-sizing based on the number of products

involved and as single facility or parallel facility based on the number of facilities involved. In

the context of the farmgate-to-bio-refinery supply chain, parallel facility lot sizing problems

are common due to the presence of multiple fields, storage sites or bio-refineries. Lot-

sizing problems with parallel facility have been studied by Zangwill [120], Sung [111], and

Sambasivan and Yahya [99].
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3.2.1.3 The traveling salesman problem and its extensions

The routing of harvesting equipment or load-out equipment to unload storage sites can be

modeled as a traveling salesman problem (TSP), where the salesmen and cities are repre-

sented by the equipment sets and production fields, respectively. The traveling salesman

problem (TSP) can be defined as follows: Given a complete graph with vertex set N in

which city 1 denotes the base city, distance matrix [cij], i, j ∈ N , determine an optimal tour

that starts and ends at a base city after having visited city i exactly once, ∀i ∈ N , while

minimizing the total distance traveled. Let xij be a binary variable, which equals 1 if city i

directly precedes city j in the TSP solution, and zero otherwise, ∀i, j ∈ N, i 6= j. If cij = cji,

the problem is denoted as the symmetric traveling salesmen problem (STSP) and if distance

matrix [cij], i, j ∈ N is asymmetric, then the problem is denoted as the asymmetric traveling

salesmen problem (ATSP). Comparison of polynomial-length formulations for the ATSP has

been presented in Öncan et al. [91], Roberti and Toth [97], and review of exact methods for

the ATSP have been presented in Laporte [71], Fischetti et al. [47], D’Ambrosio et al. [32]

and Roberti and Toth [97].

Another extension of ATSP is mATSP, where m salesmen (instead of one) are located at the

base city. Review of polynomial-length formulation for the mATSP have been presented by

Kara and Bektas [63] and Sarin et al. [102], where the latter present a comprehensive review

of 32 formulations.

The high-multiplicity asymmetric traveling salesman problem (HMATSP) is another exten-

sion of the traveling salesman problem, where a salesman departs and then returns to the

base city after having visited each city multiple times. It can be concisely defined as follows:

Given a complete graph with vertex set N, an asymmetric distance matrix [cij], and positive

integers ni, i, j ∈ N , determine an optimal tour that starts and ends at a base city after

having visited city i exactly ni times, ∀i ∈ N , while minimizing the total distance trav-

eled. Grigoriev and van de Klundert [52] and Sarin et al. [101] propose formulations for the

HMATSP of exponential and polynomial lengths, respectively.
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3.2.2 Modeling methodology : Mathematical programming

Mathematical programming is an analytical decision tool in which a real-world system is

represented in mathematical terms. It supports the user to make better decisions or to

understand system characteristics better [117]. A mathematical program in general involves

an objective function (goal) which we seek to minimize or maximize, decision variables that

we seek to determine, and constraints that portray conditions under which the decisions have

to be made. Next, we present general forms of mathematical programs.

3.2.2.1 Classification of mathematical programming

Based on the type of objective function, decision variables and constraints, mathematical

programs can be classified as follows:

Linear programming (LP) : A mathematical programming model for which the objective

function and all its constraints are linear [117].

Nonlinear programming (NLP) : A mathematical programming model for which some

of the constraints or the objective function are non-linear.

Pure and mixed integer linear programming : A mixed integer linear program (MILP)

consisting of both integer and continuous decision variables, whereas a pure integer program

(IP) has all integer decision variables [27]. The general representation is as follows :

Mixed integer program:

Minimize cTx+ dTy

subject to Ax+Gy ≤ b

x ∈ Zp+

y ∈ Rn
+
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Pure integer program:

Minimize cTx

subject to A(x) ≤ b

x ∈ Zn+

where A is (m x n) matrix, G is (m x p) matrix, b is a vector in Rn

Deterministic and Stochastic programming : Mathematical programming models can

also be classified as deterministic or stochastic programming models. A deterministic model

does not include any uncertainty, and the output of the model is fully determined by the

parameter values and initial conditions. Deterministic linear and mixed integer linear pro-

gramming models are the most extensively used modeling methodologies. Stochastic pro-

gramming models consider uncertainty, and hence, the same set of parameters and initial

conditions will yield different outputs based on the uncertainty considered in the model. A

deterministic equivalent of stochastic programming model is built by considering different

possible scenarios with their probability and optimizing the expected value of the objective

function. Expected value and risk-based objective functions are commonly used in stochastic

programming models. Modeling of variability is essential for the problems encountered in

the farmgate-to-bio-refinery supply chain, as there are a number of uncertainties involved in

the production, inventory, and distribution of biomass feedstock, which directly affect the

decision making process.

3.2.2.2 Solution approaches of mathematical programming

Off-the-shelf solver : Commercial solvers like Cplex, Xpress, Gurobi, and so on, are

directly used to solve linear and mixed integer linear programming models. The system

to be modeled is studied, formulated and coded in softwares like OPL, C++, Matlab etc.

The solver engines are then used to solve the optimization model. This solution approach

is relatively user friendly and extensively used. Many real-life problems often modeled as
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integer or mixed integer programs are not efficiently solved to optimality when directly solved

using these commercial solvers.

Customized exact algorithm : A modeling and solution approach that is relatively effi-

cient, like branch-and-price, branch-and-cut, and relaxation and decomposition techniques,

among others, is developed specific to a problem by exploiting its structure. Identifying

the inherent optimization problem contained in the farmgate-to-bio-refinery supply chain is

imperative to develop a customized algorithm for a given problem.

Heuristics : Integer and mixed integer programming optimization problems belong to the

class of NP-hard problems. They are difficult to solve and require excessive computational

efforts to find optimal, or sometimes even a feasible solution, for a large-sized problem.

Heuristic approaches like simulated annealing, tabu search, and genetic algorithms search for

a good feasible solution, but not necessarily global optimal solutions, to reduce computational

effort. Heuristic methods could be used to find a suitable initial solution or to tighten the

feasible domain of solutions and to direct the search for an optimal solution.

3.2.3 Modeling methodology: Simulation

Simulation is another modeling methodology widely used to design and analyze supply chain

systems apart from mathematical programming. It is a computerized imitation of the random

behavior of a system for the purpose of estimating its measures of performance. The choice

of an optimization method, or simulation, is based on the system being modeled and the

business needs. Optimization is preferred when the objective is to determine the best possible

decision while simulation is preferred either when the system is too complex to be modeled

by mathematical programming models, or when the degree of uncertainty in the model is

large enough that ignoring it would lead to biased results. Simulation models are extensively

used to design and analyze a supply chain because of its ability to capture the inherent

variability and dynamics of the system, thereby yielding a better decision making capability.
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Simulation models can be broadly classified as continuous and discrete [112]. Continuous

models are used when the behavior of the system changes continuously with time. These

models usually use difference-differential equations to describe interactions among different

elements of the system. Discrete models, or discrete event simulations, are generally used

to study the measures related to queuing in the system that change only when an entity

enters or leaves the system. Verification and validation of simulation is an important step

while modeling a complex supply chain. Verification is the process of verifying the process

logic implemented in the simulation model and confirming that the implementation of the

model is correct. Validation evaluates how accurately the model represents the real system

being modeled by using a known dataset as input and evaluating output from the simulation

model.

3.2.4 Modeling methodology: Simulation-optimization

Optimization and simulation are both widely used to model supply chain problems. The

performance of supply chain systems are susceptible to uncertainties and dynamics in the real

world, making stochastic optimization models a more realistic approach. These optimization

models in general are computationally difficult to solve. Simulation models on the other

hand do not determine the best solution, but they measure system performance against

uncertainties. Traditionally, optimization has been used to model supply chain problems with

relevant assumptions, followed by the use of simulation models to evaluate the performance

of the solution obtained in the face of uncertainties. Another modeling approach which

optimizes the objective function via a simulation model is called simulation-optimization.

The simulation-optimization approaches are comprehensively reviewed by Amaran et al.

[7], Carson and Maria [22], Tekin and Sabuncuoglu [113].

Almeder et al. [6] propose a novel methodology for supply chain design problems using a

combination of optimization and discrete event simulation. The simulation model includes

stochastic elements, whereas the optimization model represents a simplified version of the
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problem without considering the uncertainties. The solution of the optimization model

provides a set of decision rules for the discrete event simulation model. The optimization

and simulation modules are run iteratively until the termination criteria is reached. This ap-

proach enables modeling of real-life problem instances by effectively incorporating dynamism

and uncertainties. Bilgen and Çelebi [20] and de Keizer et al. [33] use this modeling method-

ology for a production scheduling and distribution planning problem in a dairy supply chain

and for designing a logistics network for distributing perishable products, respectively. Mar-

ques et al. [84] develops a decision support tool for short-term planning of forest operations

by combining optimization and simulation methodologies. The approach is used to study a

raw material reception problem in a Portuguese pulp mill where the performance of deter-

ministic schedules for the raw material trucks developed by optimization module is analyzed

considering the uncertainty through the simulation module.

3.3 Results and Discussion

3.3.1 Inherent optimization problems in the biofuel supply chain

design

The strategic and tactical-level farmgate-to-bio-refinery supply chain models, which seek

optimal location of a bio-refinery, or storage facilities, have location-allocation problems em-

bedded in them. A multi-commodity network flow is proposed in Zhu and Yao [122] to model

the logistics system for multiple biomass feedstock. The problem is formulated as a mixed

integer linear program to determine locations of facilities (like warehouses and bio-refinery),

the size of the harvesting team, types and amount of biomass to be harvested, stored and

processed for every time period in order to maximize overall profit. The model presented con-

tains two location-allocation problems, one of which being a multi-period location-allocation

problem. The warehouse is optimally located for every time period from a list of potential

locations, while the bio-refinery is optimally located for the entire planning horizon using
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Table 3.1: Publications classified based on an inherent optimization problem sub-structure.

Publications
Capacitated lot-sizing with parallel facility

LA+ TSP∗

(Single Item) (Multiple Item)

Lin et al. [78] X

Dyken et al. [40] X

Zhu and Yao [122] X X

Xie et al. [118] X X

Huang et al. [60] X X

Sokhansanj et al. [109] X

Sharma et al. [107] X

Akgul et al. [3] X

Gunnarsson et al. [55] X

Judd et al. [62] X X

Zhang et al. [121] X X

Ekiolu et al. [44] X X X

Ravula et al. [94] X

Aguayo et al. [1] X X

Ekiolu et al. [43] X X

Cundiff et al. [30] X

Kim et al. [66] X

Alex Marvin et al. [4] X

Lin et al. [77] X

Kim et al. [65] X

Ebadian et al. [42] X X

Dal-Mas et al. [31] X X

Mol et al. [86] X

LA+ Location allocation, TSP∗ Traveling salesman problem
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Figure 3.2: Distribution of inherent optimization problem in the publications reviewed.

binary variables in the optimization model. Huang et al. [60] also present a multi-stage

mixed integer optimization model having a location-allocation problem within it. The ob-

jective of the model is to minimize total system cost over the entire planning horizon. The

location of bio-refinery is optimally selected from the list of potential locations for every time

period in the planning horizon. If a bio-refinery is opened, it cannot be closed or relocated;

only additional bio-refineries can be opened during subsequent time periods. The optimal

locations of bio-refineries are determined in Alex Marvin et al. [4] and Ekiolu et al. [43] to

maximize net present value and minimize overall cost, respectively, for the entire supply

chain. Judd et al. [62] address a special case of location-allocation problem called single

source capacitated facility location problem (SS-CFLP), which involves determining optimal

number and locations of storage facilities that serve a set of production fields at a minimum

cost, where each production field is allocated to only one storage facility. Table 3.1 lists all

the publications addressing the location-allocation feature.

The lot sizing problem (LSP) is another common optimization problem ingrained in farmgate-

to-bio-refinery supply chain models. Lin et al. [78] introduce a mixed integer programming

model to optimize operations ranging from harvesting, in-field transportation, storage, pre-
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processing, highway hauling to ethanol production and distribution. The key decisions in-

clude number, location and capacities of facilities, biomass and bio-ethanol distribution

patterns. The model contains three capacitated single item lot sizing problems with parallel

facilities (multiple farms)at production field, storage facilities for biomass feedstock and at

the biorefinery. Xie et al. [118] present a multi-stage mixed integer programming model

with two capacitated lot sizing problem with parallel facilities. The first lot sizing problem

determines the amount and type of biomass feedstock transported from each production

field to the storage facilities (capacitated multiple-item lot sizing problem with parallel facil-

ities), while the second lot sizing problem determines the amount of biofuel allocated from

the bio-refinery to demand points for each time period (capacitated single-item lot sizing

problem with parallel facilities). Another mixed integer programming model developed by

Ekiolu et al. [44] to design and manage the biomass supply chain determines the amount

of biomass to be shipped between different facilities, in addition to the optimal location of

facilities.The model presents two capacitated lot sizing problems with multiple and single

items associated with the biomass feedstock and bio-ethanol lot sizes, respectively. Table

3.1 lists all the publications containing the lot sizing feature.

Tactical and operational level supply chain models, which consider routing of equipment or

trucks, will have the traveling salesman problem (TSP) or its extensions associated with

it. Judd et al. [62] propose a pure integer programming model to determine optimal num-

ber and location of storage facilities. The authors consider sharing of load-out equipment

among storage facilities in order to improve resource utilization. The routing of these load-

out equipment sets amount to the mATSP optimization problem. The model is effectively

solved by developing a decomposition technique-based solution approach. The routing of

load-out equipment sets in Aguayo et al. [1] can be viewed as a time-dependent, selec-

tive, high-multiplicity, multiple traveling salesman problem (TDS-HMmTSP). The proposed

model seeks to determine optimal number of load-out equipment sets and trucks needed for

the planning horizon by minimizing the total cost incurred by mobilization of equipment

and hauling of biomass using trucks. A branch-and-price-based approach is developed to
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effectively solve the large-size instances of the problem to obtain near-optimal solutions.

Ravula et al. [94] uses a TSP optimization routine within the simulation for routing load-out

equipment among storage facilities.

3.3.2 Modeling methodology

3.3.2.1 Mathematical programming

Types of mathematical programming models

Table 3.2 identifies publications that employ a linear programming-based approach. Alfonso

et al. [5] present a methodology to optimize locations of facilities from a logistics point of

view, and provide necessary data to analyze different biomass energy options from tech-

nical, economic, and environmental viewpoints. The central module for optimization and

computation interacts with five other modules, namely, biomass resource module, demand

module, logistic module, technology characterization module, and environmental module.

The optimization methodology is employed in two steps: the first step provides a list of opti-

mal locations based on minimum transportation costs and distribution of biomass resources,

while the second step optimizes economic suitability and greenhouse gas emissions with the

help of the results provided by various supporting modules. Frombo et al. [48] use a linear

programming-based approach for a wood-based forest biomass supply chain problem. The

objective is to minimize different costs associated with felling and processing woody biomass,

collection and transportation, plant installation and maintenance. The model also considers

the benefits resulting from energy sales at the plant. The LP model expresses the costs as

a function of the annual harvested biomass quantity and plant capacity, constrained by the

forest biomass collection and the continuity equation at the energy plant. Another linear

programming based model with objective of developing the most sustainable bio-ethanol

supply chain is presented in Ren et al. [95] by minimizing the total ecological footprint,

along with satisfying the stakeholder’s requirements.
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Table 3.2: Publications classified based on the mathematical programming approach used.

Publications LP IP MILP NLP Deterministic Stochastic

Lin et al. [78] X

Dyken et al. [40] X X

Zhu and Yao [122] X X

Velazquez-Marti and Fernandez-Gonzalez [115] X

Xie et al. [118] X X

Huang et al. [60] X X

Sharma et al. [107] X X

Akgul et al. [3] X X

Gunnarsson et al. [55] X X

Judd et al. [62] X X

Zhang et al. [121] X X

Ekiolu et al. [44] X X

Aguayo et al. [1] X

Ekiolu et al. [43] X X

Cundiff et al. [30] X X

Kim et al. [66] X X

Alex Marvin et al. [4] X X

Lin et al. [77] X X

Kim et al. [65] X X

Dal-Mas et al. [31] X X

Ren et al. [95] X X

Shabani and Sowlati [103] X X

Mol et al. [86] X X

Alfonso et al. [5] X X

Frombo et al. [48] X X
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Integer programming models have all its decision variables as integer variables. In the

publications reviewed, only Judd et al. [62] propose a pure integer programming model. The

objective is to minimize costs related to storage and transportation for different equipment

options at the storage site by optimizing location of storage facilities and the allocation

of biomass from production fields to these storage facilities. Two integer (binary) decision

variables define whether a farm is selected as a storage location (location) and whether a

production field uses a given storage facility (allocation).

Mixed integer linear programming (MILP) models have both continuous and integer deci-

sion variables. Most of the approaches in farmgate-to-bio-refinery supply chain analysis use

a mixed integer linear program-based model. We discuss few papers with MILP models and

readers are directed to Table 3.2 for a complete list of all the publications belonging to this

classification. Akgul et al. [3] develop a mixed integer linear programming-based model to

design a bio-ethanol supply chain by optimizing total supply chain cost. The model optimizes

the location and scale of the plant, flow of biomass and bio-ethanol between regions, and

the number of transport units required for the transfer of biomass and bio-ethanol by using

the neighborhood flow approach to avoid long computational time. Kim et al. [66] propose

a MILP model that enables the selection of fuel conversion technologies, capacities, biomass

locations, and the logistics design to maximize the overall profit. The decisions determined

by the model include optimal number and location of the processing plants, the amount of

biomass, intermediate products, and final products to transport among different locations.

Zhang et al. [121] present a multi-period mixed integer linear programming model to opti-

mize the total annualized switchgrass-based bio-ethanol supply chain costs by integrating all

supply chain and logistics decisions. The integer decision variables are associated with deter-

mining the location of preprocessing and bio-refinery facilities, while the continuous decision

variables are associated with amount of biomass feedstock and bio-ethanol transported.

A mathematical programming model is called non-linear if the objective or some of the con-

straints contain non-linear functions. A mixed integer non-linear programming (NLP) model

is introduced in Shabani and Sowlati [103] for tactical value chain optimization for a woody
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biomass-based power plant. The model considers biomass procurement, storage, energy pro-

duction and ash management. The non-linear constraints relating to energy production and

some integer decision variables make it a mixed integer non-linear programming model. The

model is decomposed into a non-linear programming sub-model and mixed integer linear

master problem. An outer approximation algorithm [39] iteratively solves the sub-problem

and the relaxed version of master problem with the assumption of convexity of the non-linear

sub-model.

Most of the reviewed papers use deterministic models. Modeling uncertainties is impera-

tive as decision making in farmgate-to bio-refinery supply chain is more susceptible to the

dynamics and uncertainties encountered. Cundiff et al. [30] consider the uncertainty in

biomass production levels based on weather while optimizing the design of storage facilities

and logistics of biomass delivery system. The authors consider four weather scenarios by

combining good and poor weather conditions for crop growth along with good and poor

weather conditions during the harvest period. A multi-stage stochastic linear programming

model is used to determine the shipment of biomass between facilities to optimize cost. The

paper also evaluates storage expansion schedule for each producer by considering monthly

harvest for each of the four weather scenarios and transportation of biomass from on-farm

storage locations to a centrally located plant. Sharma et al. [107] develop a scenario-based

optimization model to address weather-based uncertainties to minimize cost associated with

harvest, transportation, and storage. The weather scenarios used in the optimization model

are built from daily weather data collected from Oklahoma Mesonet. The model deter-

mines the required number of harvesting and transporting equipment sets. In Dal-Mas et al.

[31], a multi-echelon mixed integer linear programming modeling framework is presented,

which serves as a strategic decision support tool to assess economic performance and risk

on investment considering uncertainty in the price. The two different objective functions

considered are the expected net present value and conditional value-at-risk (CVaR). The

proposed model optimizes the economic performances and minimizes the financial risk on

investment by determining the best biomass cultivation site locations, ethanol production
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plant capacity and location, and transport logistics. A mixed integer linear program that

enables selection of fuel conversion technologies, capacities, biomass location and logistics of

biomass and end products under uncertainty, is considered in Kim et al. [65]. This strategic

model considered maximizes the expected value of overall profit.

Types of solution approaches

A distribution of the publications based on the different solution approaches used is given

in Figure 3.3.

Figure 3.3: Distribution of publications based on different solution approaches used.

It is evident from Figure 3.3 that using an off-the-shelf solver directly is the most common

solution approach used for solving optimization models in the farmgate-to-bio-refinery supply

chain. The mixed integer linear programming models that are employed are generally large-

scale MILP models and are not easily solvable to optimality. Often, the problem resolution is

adjusted to reduce the number of integer variables associated with a problem, and sometimes

customized exact or approximate algorithms are developed to solve these large-scale models.

Aguayo et al. [1] developed an algorithm for the biomass logistics supply chain design prob-

lem (BL-SCDP) which models operations performed at storage facilities and transportation

of biomass from these storage locations to a bio-refinery. The BL-SCDP is modeled as a
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Table 3.3: Publications classified based on the solution approaches used.

Publications Off-the-shelf solver Customized exact algorithms Heuristic

Lin et al. [78] X

Dyken et al. [40] X

Zhu and Yao [122] X

Velazquez-Marti and Fernandez-Gonzalez [115] X

Xie et al. [118] X

Huang et al. [60] X

Sokhansanj et al. [109] X

Sharma et al. [107] X

Akgul et al. [3] X

Gunnarsson et al. [55] X

Judd et al. [62] X X

Zhang et al. [121] X

Ekiolu et al. [44] X

Aguayo et al. [1] X

Ekiolu et al. [43] X

Cundiff et al. [30] X

Kim et al. [66] X

Alex Marvin et al. [4]

Lin et al. [77] X

Kim et al. [65] X

Ebadian et al. [42] X

Dal-Mas et al. [31] X

Ren et al. [95] X

Shabani and Sowlati [103] X

Mol et al. [86] X

Alfonso et al. [5] X

Frombo et al. [48] X
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multi-stage mixed integer linear program, and it comprises single-item capacitated lot sizing

problem with parallel facilities and time-dependent selective high-multiplicity multiple trav-

eling salesmen problem. The model determines fleet size of trucks and load-out equipment

sets, amount of biomass to be shipped from storage locations to biorefinery, and storage

capacity. It is pointed out by the authors that direct application of best in class commercial

solvers could not produce acceptable (near optimal) solutions, and hence, they developed a

customized algorithm (based on branch-and-price approach). Computational investigation

reveals efficacy of the proposed approach over direct application of a commercial solver by

showing its ability to produce near-optimal solutions for large-sized problem instances.

Heuristic approaches are also used to obtain satisfactory but not necessarily optimal solu-

tions for complex problems with lesser computational effort. Judd et al. [62] presents the

biomass logistics problem involving location-allocation of storage sites with feature of shar-

ing load-out equipments among storage facility (BLP-M). The problem features the mATSP

as its substructure, and direct application of a solver is unable to solve large instances of the

problem. The problem is decomposed by first solving for the locations of the storage facili-

ties, and then, solving for equipment routes between storage sites. The solution methodology

does not guarantee attainment of optimal solutions; however, it finds near-optimal solutions

within 1% of optimality gap. Gunnarsson et al. [55] proposes a heuristic solution approach

for a forest fuel-based supply chain for a heating plant to obtain solutions within a reasonable

computational time. The supply chain system is modeled as multi-period, large-scale mixed

integer linear programming model. The proposed heuristic approach can be interpreted as

a depth-first search in a restricted branch-and-bound scheme. Mol et al. [86] formulates a

multi-feedstock biomass supply chain problem by using a mixed integer linear programming

model. The overall problem is too complex to be directly solved using a commercial soft-

ware, and hence, the original problem is decomposed into three sub-problems based on the

biomass type. The sub-problems are individually solved, and then, a knapsack model is used

to integrate them back together. The approach gives good solutions requiring reasonable

computational effort.
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3.3.2.2 Simulation models

Figure 3.4: Distribution of publications applying different modeling approaches.

Simulation models are extensively used in farmgate-to-bio-refinery supply chain due to the

presence of inherent uncertainties. Sokhansanj et al. [108] present a framework of a dy-

namic “integrated biomass supply analysis and logistics” (IBSAL) model to simulate the

operations of collection, storage and transportation of biomass feedstock to a bio-refinery.

The model considers uncertainties like weather, moisture content and dry matter loss of

feedstock. Kumar and Sokhansanj [69] study cost, energy input, and carbon emissions for

delivering switchgrass to a bio-refinery for three transport options (i.e. by baling, grinding,

and chopping of biomass) by using the IBSAL model developed in [108]. The IBSAL-MC

model (Ebadian et al. [41]) is based on the framework of IBSAL described in [108] with a

hybrid push-pull logistics system. The field operations to harvest and collect biomass within

the harvest window works under push logistics system, whereas the downstream operations

required to meet daily demand of ethanol from bio-refinery, operate under a pull system.

Some other features added to the basic IBSAL model includes ability to model multiple

biomass feedstock, equipment breakdowns and realistic storage capacity against the unlim-

ited storage capacity assumed in the basic IBSAL model.
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Table 3.4: Publications classified based on modeling approaches.

Publications Optimization Simulation Simulation-Optimization

Lin et al. [78] X

Dyken et al. [40] X

Zhu and Yao [122] X

Velazquez-Marti and Fernandez-Gonzalez [115] X

Xie et al. [118] X

Huang et al. [60] X

Sokhansanj et al. [109] X

Sharma et al. [107] X

Akgul et al. [3] X

Kumar and Sokhansanj [69] X

Gunnarsson et al. [55] X

Judd et al. [62] X

Zhang et al. [121] X

Ekiolu et al. [44] X

Ravula et al. [94] X

Aguayo et al. [1] X

Ekiolu et al. [43] X

Cundiff et al. [30] X

Sokhansanj et al. [108] X

Kim et al. [66] X

Alex Marvin et al. [4] X

Lin et al. [77] X

Kim et al. [65] X

Ebadian et al. [42] X

Dal-Mas et al. [31] X

Ren et al. [95] X

Shabani and Sowlati [103] X

Mobini et al. [85] X

Windisch et al. [116] X

Ebadian et al. [41] X

Mol et al. [86] X X

Alfonso et al. [5] X

Frombo et al. [48] X
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Mobini et al. [85] develop a discrete event simulation approach based on the IBSAL frame-

work to investigate forest biomass logistics for a power plant. The simulation evaluates the

cost of transporting biomass, equilibrium moisture content, and the carbon footprint from

logistics operation over the service life of the power plant. The model incorporates differ-

ent harvesting systems like conventional harvesting, satellite yard harvesting and full-tree

chipping. Windisch et al. [116] develop a discrete event simulation model to improve the

efficiency of a wood-based supply chain by including uncertainties in the logistics system.

Simulation models are also used to model specific parts of biomass logistics instead of model-

ing the entire farmgate-to-bio-refinery supply chain. For instance, a discrete event simulation

model is used to evaluate truck scheduling strategies and to assess the cost required to load,

haul and deliver a weekly supply of biomass from storage locations to a bioenergy plant in

Ravula et al. [94].

3.3.2.3 Simulation-optimization models

The use of simulation and optimization together to model supply chain problems is gaining

importance due to its capability of generating acceptable solutions for real-life problems with

less computational effort. Mol et al. [86] evaluate a logistics system for biomass collection

with both optimization and simulation model independently. The paper points out advan-

tages of both modeling methodologies, motivating the reader to think about an integrated

approach comprising both optimization and simulation modules.

Sokhansanj et al. [109] presents a simulation/optimization model for the cellulosic biomass

supply chain to evaluate different biomass feedstock storage systems. The optimization

model is a mixed integer linear programming model that prescribes the optimum number

of farms to contract and their locations, optimal number of storage sites to open and their

locations, and optimal assignment of farms to storage sites thereby minimizing harvesting,

collection and hauling costs. The output from the optimization model serves as an input

to the simulation model. Day-to-day variations like changing moisture content or dry mat-
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ter loss are not modeled in the optimization module to avoid a complex and large-sized

optimization model; they are modeled as a part of the simulation model. The simulation

model which is an extension of IBSAL-MC [41] evaluates the total logistics costs, capacity of

storages, number of equipments required, resource utilization, dry matter losses, and carbon

foot print for different storage systems.

Ebadian et al. [42] propose to integrate the tactical and operational planning levels in the

biomass supply chain using an optimization and a simulation model. The overall objective of

the integrated model is to assure that the daily biomass demand of the bio-refinery is satisfied

year-round at a minimum delivery cost. The optimization module produces a supply chain

design considering a five-year planning horizon to minimize the logistics cost. Given the

supply chain design, the simulation module simulates the biomass feedstock flow in the

supply chain to meet demand at the bio-refinery. If the bio-refinery demand is not satisfied,

outputs from the simulation model is used to update optimization model parameters. The

optimization and simulation modules are iteratively run until the termination criteria like

convergence to a desired supply chain design or a limit on computational time is reached.

3.4 Conclusion

Bio-energy is an attractive and emerging renewable source of energy with ability to substitute

for the use of fossil fuel. Governments of different countries are focusing on ramping up

biofuel production to meet major portion of energy demand. However, a variety of barriers

and uncertainties inhibit the development of a strong, sustainable and cost-effective supply of

bio-energy. Overcoming these hurdles is imperative for making biofuel a viable and attractive

option.

The review of publications shows that the farmgate-to-bio-refinery supply chain system is

mostly modeled with a mixed integer linear programming approach containing binary and

continuous variables in order to determine location of facilities and flow of material. Mod-
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eling a real-life system would need a very large scale MILP model and huge computational

effort for its solution. The farmgate-to-bio-refinery supply chain is often susceptible to large

uncertainties, hence modeling stochasticity of the supply chain system is necessary. The

number of publications reporting on stochastic programming models is comparatively low.

Some researchers have used simulation models and simulation-optimization approaches suc-

cessfully to model the stochasticity present in the system in order to determine solutions

that are robust in the face of uncertainties. The common solution approach followed in most

of the publications is to directly use a commercial solver, which would require limiting the

problem resolution to avoid huge computational times. Customized algorithms comprising

both exact and approximate approaches have been developed in a few publications. There

exists a great potential to develop better solution approaches to these large-scale problems

by understanding and exploiting the inherent optimization problem sub-structure.



Chapter 4

A Two-Phase

Optimization-Simulation Approach

for Tactical Decisions in a Biomass

Feedstock Logistics Chain

4.1 Introduction

Biofuels constitute a potential solution for the challenges arising because of growing energy

needs, depleting fossil fuel, and greenhouse gas (GHG) emissions. They are becoming in-

creasingly popular as they can substitute for fossil fuel equivalents used in the transportation

sector. Cellulosic ethanol, a biofuel manufactured from processing cellulosic biomass feed-

stock, is blended with gasoline to form flex-fuels like E10 (10% ethanol is blended with 90%

gasoline). Biofuels are essentially made from plants, which consume carbon dioxide for pho-

tosynthesis, thereby reducing net greenhouse gas emissions. A key aspect in the production

of biofuel is the biomass logistics chain that constitutes a complex collection of activities,

50
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which must be judiciously executed for a cost-effective operation. The cost associated with

biomass feedstock logistics is said to be 35-60% of the total cost of the cellulosic ethanol paid

at retail pump Fales et al. [46].

Decisions in the farmgate-to-bio-refinery supply chain can be classified into: (1) strategic

level, (2) tactical level, and (3) operational level decisions. The strategic-level decisions refer

to capital intensive decisions like technology selection, location determination and size of

bio-energy plant, central storage facility, capacity enhancement of existing facilities, among

others. These decisions are revised once every few years (around five). For example, Judd

et al. [62] propose a strategic-level biomass logistic chain problem where locations of storage

facilities and fleet size of load-out equipment set is determined. The tactical-level decisions

are revised approximately in six months to one year and pertains to fleet sizes of load-

out equipment and trucks, among others. The operational-level decisions are short-term

decisions (hourly, daily, or weekly) like inventory control, scheduling and routing decisions.

In this chapter, we propose a two-phase optimization-simulation approach to help make

tactical decisions like fleet sizes of load-out equipment and tractor-trailers in view of the un-

certainties encountered. The approach minimizes the total cost considering both the capital

and biomass logistics operating costs while ensuring the probability of meeting bio-refinery

demand with required reliability. We designate this problem as the Stochastic Biomass

Logistics Chain Problem (S-BLCP).

The chapter is organized as follows: In Section 4.2, we present a brief description of the

biomass logistics chain under study. In Section 4.3, we define the problem and present a

brief review of literature related to our problem. Section 4.4 presents the proposed modeling

methodology consisting of optimization and simulation modules. The approach is applied to

a real-life data set collected for the farms within a 48-km radius of Gretna, VA, and results

are presented in Section 4.5. Finally, concluding remarks are made in Section 4.6.
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4.2 System description

The biomass feedstock considered in this study is switchgrass, a promising bio-energy crop

suitable for the Southeastern United States, that grows well in marginal soil and in climatic

conditions that are not ideal for traditional crops. Switchgrass is cut, then dried, baled and

transported to satellite storage locations (SSL) using in-field hauling equipment owned by

the feedstock producer. The round bale is commonly used in the Southeastern United States

due to its ability to shed water when stored in single-layer ambient conditions. The inflow

of biomass to storage location depends on the harvesting scenario adopted by the feedstock

producers, and these scenarios are studied in Grisso et al. [53].

The SSL is a temporary storage facility that is used to store biomass, either from a single large

farm or from several smaller farms, before hauling it to the bio-refinery storage yard. These

storage locations serve as a transfer point between in-field hauling and highway hauling.

A telehandler is used in an SSL to load biomass feedstock bales into the trucks. Resop

et al. [96] and Judd et al. [62] have studied strategic decisions like determining locations of

these storage facilities for a given set of production fields. All the activities ranging from

production of biomass, harvesting, baling, and delivery of biomass to a storage facility are

collectively known as “farmgate operations”. The in-field hauling equipment has a limited

road speed making it less efficient for long hauling; hence, it is only used to haul biomass

from fields to an SSL. A truck tractor coupled with a specially-designed low-deck trailer

is used for the highway hauling operation. A rack system is used for highway hauling of

biomass in order to improve efficiency of the hauling operation. The telehandler loads the

bales into racks during a 10-hour workday. A rack, having dimensions that emulate a 20

feet ISO shipping container, can accommodate two levels of 10 bales, and these bales, once

loaded in a rack, become a single handling unit for all subsequent operations. Each truck

hauls two filled-racks on separate trailers coupled in tandem to the truck tractor giving a

total load of 40 bales. This unit will hereafter be referred to as a “tractor-trailer”.

During each time period, a specific number of tractor-trailers is allocated to the SSLs being
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unloaded to perform out-and-back trips to the bio-refinery. The number of out-and-back

trips that a tractor-trailer can perform during each time period depends on the distance

between the SSL to which it is assigned and the bio-refinery. The tractor-trailers arrive at

SSLs with empty racks, and the trailers are unhooked. These racks are then loaded with

bales using a telehandler. Meanwhile, the trailers with loaded racks are towed to the bio-

refinery. The tractor-trailers do not have to wait to be loaded, as the rack loading operation

is decoupled from the hauling operation, improving overall efficiency of the logistics chain.

The utilization of load-out equipment sets is low, when placed permanently at an SSL. To

improve resource utilization, Judd et al. [62] recommend sharing these equipment sets among

a number of SSLs. At the end of each time period, a decision is made whether to keep the

load-out equipment at the same SSL or move it to a different one. The load-out equipment is

either driven on the road for short distances, or transported on a truck for longer distances,

to move it from one SSL to the other. This transfer of load-out equipment generally takes

place during the non-working day of the current week, to avoid delays and loss of productivity

in the subsequent week.

The operations performed at the bio-refinery storage yard, unloading of biomass and feeding

a uniform flow of material to the bio-refinery as needed, are termed the receiving-facility

operations. The tractor-trailer passes over a scale, where the load is weighed and the source

of biomass is noted for book-keeping purposes, before moving to the storage yard. A forklift,

10-ton capacity, is permanently stationed in a bio-refinery storage yard to unload filled racks

from the trailer. The unloaded racks are either stocked in the bio-refinery storage yard or

are directly placed on a rack unloader to unload bales onto a conveyor for delivery into the

bio-refinery. The tractor-trailer is ready to return to the SSL for picking up the next load,

after the forklift places two empty racks on the trailers. Section 2.3 provides a detailed

description of the biomass feedstock logistics chain designed for the Southeastern United

States.
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4.3 Problem statement and literature review

The S-BLCP can be concisely defined as follows: Given a set F of pre-located SSLs, expected

inflow of biomass during each time period t at each SSL i, At
i, planning horizon of length T,

and variability in operational parameters of logistics equipment and tractor-trailers (Load-

out rate (U(ξ)) and number of out-and-back trips (Ni(ξ)); where ξ, is a random variable),

determine minimum fleet sizes of load-out equipment sets and tractor-trailers to meet the

bio-refinery demand with required reliability level (β), so as to minimize the total cost which

includes the capital investment in the equipment and the operational costs of that equipment.

The S-BLCP is a new and challenging problem that inherently contains single-item ca-

pacitated lot-sizing with parallel facilities (CLSP-PF), high-multiplicity multiple traveling

salesman problem (HMmTSP), and stochasticity associated with the availability of equip-

ment. The single-item corresponds to bales, lot sizing corresponds to the determination of

the amount of biomass to be shipped from each SSL, and multiple facilities are represented

by SSLs. Capacities or resources are: (1) the rate at which an equipment set can load-out

biomass, (2) the rate at which a tractor-trailer can haul the biomass to the plant, and (3) the

availability of biomass at each SSL. The capacity parameters for both load-out equipment

sets and tractor-trailer are uncertain. Additionally, the availability of bales from period to

period can vary, as can the set-up cost, which in this study is the mobilization cost of the

equipment sets.

Judd et al. [62] and Aguayo et al. [1] are the only studies that consider routing of load-out

equipment among SSLs for improving resource utilization. Judd et al. [62] determine location

of storage facilities, number of equipment sets and their routing to minimize the overall cost,

whereas Aguayo et al. [1] solve a multi-period problem to determine the following parameters:

number of load-out equipment sets, their routing, number of trucks for highway hauling,

which defines the amount of biomass delivered from each SSL during every period. the

overall goal is to meet the bio-refinery demand while minimizing both capital and operational

costs associated with the logistics chain. Both models do not consider the stochasticity
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involved in the system. Mixed integer linear programming models are widely used to model

farmgate-to-bio-refinery supply chain problems and determine optimal decisions pertaining

to location, technology selection, capital and investment, production planning, and inventory

management (Akgul et al. [3], Kim et al. [66], and Zhang et al. [121]).

Modeling uncertainties is imperative in farmgate-to-bio-refinery supply chain problems, but

computational complexities limit the decision making capabilities of such models. Ignoring

uncertainties in the system will yield a Type-III error - “the error associated with solving the

wrong problem precisely” (Hester and Adams [57]). The uncertainties present in the system

are generally modeled with a stochastic programming model, simulation, or simulation-

optimization approaches. Cundiff et al. [30] consider the uncertainty caused by weather

in determining biomass production levels while optimizing the design of storage facilities

and logistics of biomass delivery system. The authors use a multi-stage stochastic linear

programming model to determine the shipment of biomass between facilities to optimize cost

and also to evaluate storage expansion schedule for each feedstock producer. Sharma et al.

[107] develop a scenario-based optimization model to address weather-based uncertainties to

minimize cost associated with harvest, transportation, and storage. Some publications on

stochastic programming-based biomass logistics models include Dal-Mas et al. [31] and Kim

et al. [65].

Using a simulation modeling approach, Sokhansanj et al. [108] present a framework of a dy-

namic integrated biomass supply analysis and logistics model (IBSAL) to simulate operation

of collection, storage and transportation of biomass feedstock to a bio-refinery. The model

considers uncertainties like weather, moisture content variation, dry matter loss of feedstock,

among others. Kumar and Sokhansanj [69] study cost, energy input, and carbon emissions

for delivery of switchgrass to a bio-refinery for three transport options (i.e. baling, grinding,

and chopping) using the IBSAL model developed in [108]. IBSAL-MC model (Ebadian et al.

[41]) is based on the framework of IBSAL model [108] with a hybrid push-pull logistics sys-

tem. The field operations to harvest and collect biomass within the harvest window works

as a “push” logistics system, whereas the downstream operations to meet daily demand of
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ethanol from biorefinery operates as a “pull” system. Some other features added to the basic

IBSAL model includes ability to model multiple biomass feedstocks, equipment breakdowns

and realistic storage capacity against assumption of unlimited storage capacity in the basic

IBSAL model. Mobini et al. [85] and Windisch et al. [116] develop discrete event simulation

models for a wood-based supply chain.

Traditionally, supply chain analysis has used optimization models to design a supply chain

under relevant assumptions, followed by use of simulation models to evaluate its performance

against uncertainties. Another modeling approach, which optimizes the objective function

via a simulation model is called simulation-optimization. The simulation-optimization ap-

proaches are comprehensively reviewed by Amaran et al. [7], Carson and Maria [22], Tekin

and Sabuncuoglu [113]. Almeder et al. [6] propose a novel methodology for supply chain

design problems using a combination of optimization and discrete event simulation. The

simulation model includes stochastic elements, whereas the optimization model represents

a simplified version of the problem without considering the uncertainties. The solution of

the optimization model defines the decision rules for the discrete event simulation model.

The optimization and simulation modules are run iteratively until the termination criteria

is reached. This approach enables modeling of real-life problem instances by effectively in-

corporating dynamism and uncertainties. Bilgen and Çelebi [20] and de Keizer et al. [33]

use this modeling methodology for a production scheduling and distribution planning prob-

lem in a dairy supply chain and for designing a logistics network for distributing perishable

products, respectively. Marques et al. [84] develops a decision support tool for short-term

planning of forest operations by combining optimization and simulation methodologies to

study a raw material reception problem in a Portuguese pulp mill where the performance of

deterministic schedules is analyzed through the simulation module.

Sokhansanj et al. [109] present a simulation-optimization model for the cellulosic biomass

supply chain to evaluate different biomass feedstock storage systems. The optimization

model is a mixed integer linear programming model that prescribes the optimum number

of farms to receive farmgate contracts and their locations, optimal number of storage sites
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to open and their locations, and optimal assignment of farms to storage sites to minimize

harvesting, collection and hauling costs. The output from the optimization model serves as

an input to the simulation model. Day-to-day variations like changing moisture content or

dry matter loss are not modeled in the optimization module to avoid a complex and large-

sized optimization model, they are modeled as a part of the simulation model. The simulation

model, which is an extension of IBSAL-MC [41], evaluates the total logistics costs, capacity

of storages, number of equipment units required, resource utilization, dry matter losses, and

carbon foot print for different storage systems. Ebadian et al. [42] proposes to integrate the

tactical and operational planning levels in the biomass supply chain using an optimization

and a simulation model. The overall objective of the integrated model is to assure that

the daily biomass demand of the biorefinery is satisfied year-round at a minimum delivery

cost. The optimization module produces a supply chain design for a five-year planning

horizon which minimizes the logistics cost. Given the supply chain design, the simulation

module simulates the biomass feedstock flow in the supply chain to meet demand at the

bio-refinery. If the bio-refinery demand is not satisfied, outputs from the simulation model is

used to update optimization model parameters. The optimization and simulation modules

are iteratively run until the termination criteria, like convergence to a desired supply chain

design, or a limit on computational time, is reached.

Our modeling methodology is similar to the one presented by Ebadian et al. [42], but we

provide a more formal framework for the approach which integrates optimization and sim-

ulation methods to solve stochastic models. In addition, we add a new feature of chance

constraint, that is common in supply chain problems, to address the issue of minimizing

risk. Over the above, we consider a more elaborate problem that considers the routing of

load-out equipment in a multi-period framework to improve resource utilization of the load-

out equipment and minimize the associated capital investment in the face of uncertainties, a

problem that has not been addressed in the literature, to the best of our knowledge. Such a

stochastic model, if modeled and solved as a mathematical program with real-life data set,

would not be tractable, and hence, a novel modeling methodology using an optimization and
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simulation model is presented.

4.4 Proposed modeling methodology

We first provide a general framework to explain the modeling methodology. Consider the

following optimization problem.

Optimization problem:

Minimize f(x, y, ξ) (4.1)

subject to

Pr [x(ξ) ≥ d)] ≥ β (4.2)

x(ξ) ≤ ρ(ξ) y(ξ) (4.3)

x(ξ) ≥ 0 (4.4)

y(ξ) ∈ Z+ (4.5)

ξ ∈ Ξ (4.6)

where f ( ) is a linear function, ρ is stochastic parameter, and Ξ is set of scenarios

The optimization problem considered above is a stochastic integer optimization problem,

based on the constraints (4.2), (4.3) and (4.5). The constraints (4.2) need not hold almost

surely and instead hold with some probability. Such constraints are refereed to as proba-

bilistic or chance constraints. Solution methodologies include scenario-based optimization,

two-stage recourse, sampling methods to approximate expectation, among others. Such

stochastic integer programming models, used to model real-life systems are difficult to be

solved as they combine difficulty of stochastic programming and integer programming forc-

ing practitioners to model systems as deterministic models by using average values for the

stochastic parameters.

We introduce a two-phase approach using optimization and simulation to obtain acceptable
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solutions, which are more robust to uncertainties, than solutions obtained by solving de-

terministic models that use average values of stochastic parameters. Phase 1 and Phase 2

problems are as follows.

Phase 1:

Minimize f(x, y) (4.7)

subject to

x ≥ d (4.8)

x ≤ ρ̄ y (4.9)

x ≥ 0 (4.10)

y ∈ Z+ (4.11)

Phase 2:

Evaluate Pr [x(ξ) ≥ d)] (4.12)

subject to

x(ξ) ≤ ρ(ξ) ỹ (4.13)

x(ξ) ≥ 0 (4.14)

ỹ is the solution from Phase 1 problem and ξ denotes a random scenario or a replication.

In Phase 1, the probabilistic constraint (4.2) is replaced by constraint (4.8), which holds

almost surely. The optimization model in Phase 1 is a deterministic mixed integer linear

programming model, which yields solutions x̃, and ỹ . Phase 2 of the approach contains only

an evaluation problem and uses a simulation model to test the solution obtained from Phase 1

against different realizations of the stochastic parameter ρ(ξ) whose probability distribution

is assumed to be known. The simulation model is run for a number of replications, where

each replication denotes a random scenario ξ. The probability with which the constraint

(4.2) holds is evaluated at the end of the simulation run, and if it is less than β, then the
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average of ρ(ξ) across replications (i.e., ρ̄) is evaluated and updated in the Phase 1 problem.

The problems in Phases 1 and 2 are iteratively solved until constraints (4.2) in the original

problem is satisfied. Next, we show that, this convergence occurs in a finite number of steps.

Proposition 4.4.1. The probability with which constraint (4.2) holds increases monotoni-

cally and the procedure converges to the required state in finite number of steps.

Proof. While sampling, only the realizations of ρ(ξ) from the previous iteration that are

below ρ̄ are considered to evaluate the average value (ρ̄) for the current iteration. This gives

rise to a non-increasing sequence of ρ̄ across iterations, i.e., ρ̄1 > ρ̄2 > ρ̄3 > ρ̄2 >..... > ρ̄n. The

constraints (4.9) is like a capacity-resource constraint, and hence, decreasing ρ̄ (capacity)

results in an increment of y (resource), i.e., y1 ≤ y2 ≤ y3 ≤ ..... ≤ yn. Thus, the

probability with which the constraint (4.2) holds monotonically increases, as the value of y

is non-decreasing across iterations. Since a finite number of resource is required to satisfy

demand, the procedure will converge to the required state in a finite number of steps. �

Next, we illustrate this modeling methodology with a simple example.

Example : Let N be the set of n jobs to be completed within a due date dj. The processing

time p̃j for these n jobs are stochastic and follows a probabilistic distribution that is assumed

to be known. We want to determine the minimum number of machines M to be employed

to ensure that all n jobs are completed within the due date dj with a probability greater

than or equal to β.

Let set N consist of 6 jobs with processing time p̃j be uniformly distributed, U(1.5, 2.5)

hours ∀j ∈ N and let the due date, dj = 6 hours ∀j ∈ N . The number of machines M to be

employed can be determined by considering expected values of the processing time which is

2 hours per job. Hence, the total processing time is 12 hours and 2 machines are required

to complete the jobs as per the calculation below.

Processing time p̃j = Uniform (1.5, 2.5) hours ∀j ∈ N



Rahul Ramachandran Chapter 4 61

Expected value of processing time p̄ (in hours) = 2

Total processing time (in hours)= 12

Number of machines required =
12

6
= 2

The probability of completing all 6 jobs within the due date using 2 machines in the face

of uncertainties is evaluated using a simulation model for different realizations of stochastic

processing time p̃j and is provided in Table 4.1.

Table 4.1: Parameters evaluated from simulation model.

Parameters Values

Probability of completing all 6 jobs 28%

Probability of completing 5 or more jobs 83%

Probability of completing 4 or more jobs 100%

Min. (Max.) total processing time (in hours) across different scenarios 10.23 (14.43)

Average total processing time (in hours) across different scenarios 12.44

Biased average total processing time + (in hours) 12.80

+Average of all random realizations of total processing times above 12 hours

The number of machines M can now be revised using the biased average total processing

time; M =

⌈
12.80

6

⌉
= 3

Hence, the minimum number of machines M for completing all 6 jobs within the due date

with a probability of β, or greater, is 3. On testing the revised solution again with the

simulation model, the probability of completing 6 jobs with a three machine configuration

is found to be 100%.

The general optimization model can also be solved as a mathematical program by replac-

ing the probabilistic constraints with its deterministic equivalent and then solving it as a

stochastic program. To do this, the distribution of the stochastic variable should be known

and the distribution should satisfy some properties, so that the replaced constraints pre-
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serve the convexity of the problem. Hence, some complex stochastic optimization problem

with chance constraint cannot be solved by the standard mathematical programming-based

methodologies, especially when the distribution of stochastic variable is not known a priori.

Some open questions about a stochastic optimization methodology are: (1) Can this method-

ology be used to model a general stochastic problem, (2) If not, what are the types of stochas-

tic problems which can use this modeling methodology, and (3) How exact is the solution,

compared to the global optimum solution, among others. In the face of these difficulties, we

investigate the use of a simulation-optimization approach for the solution of the stochastic -

biomass logistics chain problem (S-BLCP).

Next, we formulate the S-BLCP as a stochastic integer program with chance constraints.

Consider the following notation.

Sets:

F : Set of SSLs.

F 0 : Set of SSLs including the bio-refinery, which is denoted by 0 (0∪F ).

T : Length of the planning horizon (1, ..., T ).

T 0 : Length of the planning horizon including time 0, (0, 1, ..., T ).

T+ : Length of the planning horizon including time T+1, (1, ..., T + 1).

Ξ : Set of Scenarios (ξ).

Parameters:

ce : Load-out equipment purchase price ($ per unit).

cv : Tractor-trailer purchase price ($ per unit).

ĉti : Shipping cost from SSL i to the bio-refinery in period t ($ per Mg),

i ∈ F .

ctij : Mobilization cost to transport load-out equipment from SSL i to

SSL j in period t ($ per km), ∀i ∈ F , ∀j ∈ F .
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Ati : Amount of biomass available at SSL i during time period t (Mg),

∀i ∈ F, ∀t = 0, ..., T.

α : Fraction of biomass inventory lost (Storage loss).

Q : Tractor-trailer capacity (Mg).

Ni(ξ) : Number of out-and-back trips a vehicle can perform during a time

period if allocated to SSL i for scenario ξ, ∀i ∈ F , ξ ∈ Ξ.

U(ξ) : Maximum load-out rate for each equipment set (Mg per time unit)

for scenario ξ, ξ ∈ Ξ.

β : Reliability level for delivering biomass to bio-refinery (0 < β ≤ 1).

P t : Plant requirement during time period t (Mg), ∀t = 1, ..., T .

E : Maximum number of equipment sets to allocate to an SSL during

a time period.

Decision Variables :

K : Number of load-out equipment sets purchased.

V : Number of tractor-trailers purchased.

stiξ : Amount of biomass shipped from SSL i to the bio-refinery during

period t for scenario ξ, ∀i ∈ F, ∀t = 1, ..., T , ξ ∈ Ξ.

ytiξ : Inventory of biomass at the end of time period t at SSL i for scenario

ξ. ∀i ∈ F, ∀t = 0, ..., T , ξ ∈ Ξ.

vtiξ : Number of tractor-trailers assigned to SSL i during time period t

for scenario ξ, ∀i ∈ F, ∀t = 1, ..., T , ξ ∈ Ξ.

ztiξ : Number of equipment sets assigned to SSL i during time period t

for scenario ξ, ∀i ∈ F, ∀t = 1, ..., T , ξ ∈ Ξ.

xtijξ : Integer variable that indicates the number of equipment sets

traversing from SSL i to SSL j at the end of time period t for

scenario ξ. ∀i ∈ F 0, ∀j ∈ F 0, ∀t = 0, ..., T , ξ ∈ Ξ.
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Model S-BLCP:

Minimize ceK + cvV + Eξ [
T+1∑
t=1

∑
i∈F 0

∑
j∈F 0

ctijx
t−1
ijξ +

T∑
t=1

∑
i∈F

ĉtis
t
iξ] (4.15)

subject to :

Pr(
∑
i∈F

stiξ ≥ P t) ≥ β, ∀t = 1, ..., T (4.16)

ytiξ = (1− α) yt−1
iξ − s

t
iξ + Ati, ∀i ∈ F, ∀t = 1, ..., T, ∀ξ ∈ Ξ (4.17)

y0
iξ = A0

i , ∀i ∈ F, ∀ξ ∈ Ξ (4.18)

stiξ ≤ Q Ni(ξ) v
t
iξ, ∀i ∈ F, ∀t = 1, ..., T, ∀ξ ∈ Ξ (4.19)∑

i∈F

vtiξ ≤ V, ∀t = 1, ..., T, ∀ξ ∈ Ξ (4.20)∑
i∈F

ztiξ ≤ K, ∀t = 1, ..., T, ∀ξ ∈ Ξ (4.21)

stiξ = U(ξ) ztiξ ,∀i ∈ F, ∀t = 1, ..., T, ∀ξ ∈ Ξ (4.22)∑
j∈F 0

x
(t−1)
jiξ − ztiξ = 0, ∀i ∈ F, ∀t = 1, ..., T, ∀ξ ∈ Ξ (4.23)

∑
j∈F 0

x
(t−1)
jiξ −

∑
j∈F 0

xtijξ = 0, ∀i ∈ F, ∀t = 1, ..., T, ∀ξ ∈ Ξ (4.24)

xti0ξ = 0, ∀i ∈ F, ∀t = 0, ..., T − 1, ∀ξ ∈ Ξ (4.25)

stiξ ≥ 0, ∀i ∈ F, ∀t = 1, ...T, ∀ξ ∈ Ξ (4.26)

ztiξ ∈ {0, 1, ..., E}, ∀i ∈ F, ∀t = 1, ..., T, ∀ξ ∈ Ξ (4.27)

ytiξ ≥ 0 , ∀i ∈ F, ∀t = 0, ..., T, ∀ξ ∈ Ξ (4.28)

vtiξ ∈ Z+, ∀i ∈ F, ∀t = 1, ..., T, ∀ξ ∈ Ξ (4.29)

xtijξ ∈ {0, 1, ..., E}, ∀i ∈ F 0, ∀j ∈ F 0, ∀t = 0, ..., T, ∀ξ ∈ Ξ (4.30)

V ∈ Z+, K ∈ Z+ (4.31)
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The objective function (4.15) minimizes the total cost incurred by the purchase of load-out

equipment sets, tractor-trailers, and expectation of cost related to mobilization of equip-

ment, and shipping of biomass from SSLs to the bio-refinery across different scenarios. Con-

straints (4.16) ensure that the bio-refinery demand during each time period t is satisfied

with reliability β. Constraints (4.17) capture the inventory balance during each time period

for all scenarios. Constraints (4.18) correspond to the initial inventory at SSL i in period

0. Constraints (4.19) ensure that the amount shipped from SSL i to the bio-refinery in

each time period t is at most equal to the number of tractor-trailers (vtj(ξ)) allocated to

this SSL times their capacity (Q), and the number of trips (Ni(ξ)) for scenario ξ. Con-

straints (4.20) and (4.21) provide, respectively, an upper bound for the maximum number of

tractor-trailers and load-out equipment sets available for each realization of random scenario.

Constraints (4.22) ensure that the bales can be shipped from SSL i to the bio-refinery only

if there is a load-out equipment set allocated to that SSL. Furthermore, it makes sure that

a load-out equipment set is allocated to an SSL during time period t if and only if it is fully

utilized during each time unit. Constraints (4.23) enforce mobilization of required number

of equipment sets from SSL j ∈ F 0 to SSL i ∈ F at the end of a time period t for scenario ξ.

Note that we permit an equipment set to stay at an SSL if needed. Constraints (4.24) are

the standard flow conservation constraints for equipment sets. Constraints (4.25) enforce an

equipment set to stay at an SSL and not move to the bio-refinery until the last time period.

Constraints (4.26) - (4.31) define the domains of the variables.

The S-BLCP model determines the number of load-out equipment sets and tractor-trailers

required for meeting bio-refinery demand with a reliability level β while minimizing cost. The

S-BLCP model can be solved as two-stage stochastic integer program, in which the first stage

is to determine the fleet sizes of the load-out equipment sets and tractor-trailers and in the

second stage, a capacitated lot sizing and routing problem is solved for different realizations

of uncertain parameters to minimize the expected value of cost. Constraints (4.16) represent

the probabilistic or chance constraint and these constraints dictate feasibility of the first stage

decisions. The second-stage problem is a NP-hard integer program and involves significant
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computational difficulties even for a single scenario. Table 4.2 is a part of the results in

Aguayo et al. [1] that show a comparison between direct solution of S-BLCP model for

a single scenario by CPLEX and solution by branch-and-price (B&P) method, indicating

significant computational effort required for the second-stage problem. Thus, the S-BLCP

may not be tractable, if solved as a stochastic integer program, and the proposed modeling

methodology is applied.

Table 4.2: A comparison between direct solution by CPLEX and B&P approach [1].

Instance Root Node Branch-and-Price CPLEX

# Zlb ZIP Opt. Gap Time Nodes ZIP Opt. Gap ZIP Opt. Gap

15 4273208 4445528 3.90% 901.99 8 4382855 2.50% - -

16 4102807 4481690 8.50% 750.15 9 4422982 7.20% - -

The overall model includes an optimization module (Phase 1), simulation module (Phase 2),

database and an excel interface as shown in the Figure 4.1.

Figure 4.1: Framework of two phase optimization-simulation approach.

Figure 4.2 provides a flowchart of the proposed two-phase optimization-simulation approach

applied to the S-BLCP. The Phase 1 problem is a mixed integer linear programming model,

which provides the basic design of biomass logistics chain. In Phase 2, a simulation model
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is used to test the performance of the Phase 1 design under stochasticity and evaluate the

probability of meeting demand. If the probability of meeting demand is not met with required

reliability level, capacity parameters are estimated from the simulation model and updated

in the Phase 1 problem. The process is iteratively carried out until the solution achieves a

required reliability level.

Start

Optimization model (S-BLCP- P1)

Input:    Inflow rate of biomass, 
plant demand, capacity parameter 

of equipment & tractor-trailer, 
location & road distance data

Simulation model (S-BLCP- P2)
Input:    Distribution of speed, 

loading & unloading time, failure & 
repair rates, and availability

Record Key Parameters
Biomass moved from each SSL/week;

Biomass delivered to bio-refinery;
Observed capacity of load-out equipment & tractor-trailers

Check termination criteria
(Probability of 

meeting demand)

Current solution is accepted

Stop

Yes
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Figure 4.2: A flowchart of the proposed two-phase optimization-simulation approach.
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The sequence of steps in the iterative process is as follows:

• Step 1: Run the optimization module for average value scenario. To start the itera-

tive procedure, the Phase 1 optimization module is run considering average values of

stochastic parameters. The results from the Phase 1 problem like fleet size, biomass

flow and routing of equipment are recorded. These details give a preliminary biomass

logistics chain design.

• Step 2: The Phase 2 problem modeled as a simulation module is run based on Phase

1 problem results and the pre-determined design of logistics chain is tested against

stochasticity.

• Step 3: Output statistics from the simulation module such as the biomass loaded in

the racks, and biomass delivered to the bio-refinery, among others, are recorded in the

database.

• Step 4: The output statistics recorded in Step 3 is used to re-evaluate capacity pa-

rameters used in the optimization module

• Step 5: Run the optimization module with updated capacity parameters from Step

5. Repeat steps from 2 to 5 iteratively.

• Step 6: Stop the iteration when the required reliability level is achieved.

• Step 7: Record the final results. The outputs of the last run of optimization and

simulation modules are recorded on an excel spreadsheet.

4.4.1 Phase 1: Optimization module

The optimization module contains a mixed integer programming model (S-BLCP-P1), so-

lution to which prescribes the design of the biomass logistics chain. The mixed integer

programming model (S-BLCP-P1) is formulated as below.
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Model S-BLCP-P1:

Minimize ceK + cvV +
T+1∑
t=1

∑
i∈F 0

∑
j∈F 0

ctijx
t−1
ij +

T∑
t=1

∑
i∈F

ĉtis
t
i (4.32)

subject to :∑
i∈F

sti ≥ P t, ∀t = 1, ..., T (4.33)

yti = (1− α)yt−1
i − sti + Ati, ∀i ∈ F, ∀t = 1, ..., T (4.34)

y0
i = A0

i , ∀i ∈ F (4.35)

sti ≤ QNiv
t
i , ∀i ∈ F, ∀t = 1, ..., T (4.36)∑

i∈F

vti ≤ V, ∀t = 1, ..., T (4.37)∑
i∈F

zti ≤ K, ∀t = 1, ..., T (4.38)

sti = Uzti ,∀i ∈ F, ∀t = 1, ..., T (4.39)∑
j∈F 0

x
(t−1)
ji − zti = 0, ∀i ∈ F, ∀t = 1, ..., T (4.40)

∑
j∈F 0

x
(t−1)
ji −

∑
j∈F 0

xtij = 0, ∀i ∈ F, ∀t = 1, ..., T (4.41)

xti0 = 0, ∀i ∈ F, ∀t = 0, ..., T − 1 (4.42)

sti ≥ 0, ∀i ∈ F, ∀t = 1, ...T (4.43)

zti ∈ {0, 1, ..., E}, ∀i ∈ F, ∀t = 1, ..., T (4.44)

yti ≥ 0 , ∀i ∈ F, ∀t = 0, ..., T (4.45)

vti ∈ Z+, ∀i ∈ F, ∀t = 1, ..., T (4.46)

xtij ∈ {0, 1, ..., E}, ∀i ∈ F 0, ∀j ∈ F 0, ∀t = 0, ..., T (4.47)
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V ∈ Z+, K ∈ Z+ (4.48)

The Phase 1 (optimization module) determines the optimal number of load-out equipment

sets and tractor-trailers, amount of biomass delivered from each SSL and routing of both

load-out equipment sets and tractor-trailers during each time period. These outputs are

stored in the database to facilitate access by the simulation module. The proposed mixed

integer problem contains high-multiplicity multiple traveling salesmen problem (HMmTSP),

an extension of the well-known traveling salesman problem (TSP) associated with routing of

load-out equipment. The large number of integer decision variables from the routing feature,

makes the problem computationally complex to solve with direct application of a commercial

solver. Constraints (4.39) is an equality constraint and ensures that the load-out equipment

alloted to the SSL is fully utilized, or, in other words, shipment from each SSL is equal

to the capacity of load-out equipment sets stationed at that SSL. Hence, the constraints

(4.33) and (4.39) would force the total shipment during every time period to be greater

than or equal to the bio-refinery requirement and allot additional tractor-trailers to do this.

Though, additional tractor-trailers are allotted, this increases the overall reliability of the

logistics system to fulfill actual bio-refinery demand. Replacing the constraint (4.39) with

an inequality constraint would allow partial shipment from SSLs and thereby lower number

of tractor-trailers, but doing so would incur severe computational burden.

A branch-and-price based approach, developed by Aguayo et al. [1] is used to solve this mixed

integer programming model. Computational investigation in Aguayo et al. [1] reveals the

ability of this approach to obtain near-optimal solutions for large-sized problem instances.

The model is implemented in Microsoft Visual Studio 2012, using a branch-and-price algo-

rithm and CPLEX 12.6 solver.
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4.4.2 Phase 2: Simulation module

The simulation module (S-BLCP-P2) models the stochasticity associated with the operation

of logistics equipment such as load-out equipment and tractor-trailers. Modeling these un-

certainties into the optimization module will make it computationally complex, but at the

same time, these uncertainties cannot be ignored while determining a cost-effective fleet size

of logistics equipment. The simulation module considers the design of the biomass logistics

chain dictated by the solution of the Phase 1 optimization module and simulates all logistics

activities to load-out from SSLs and deliver feedstock to the bio-refinery to meet their weekly

demand schedule. The simulation module is build on an academic version of a simulation

software - Simio.

4.4.2.1 Simio Software

Simio is an object-based simulation software, which uses different inbuilt and custom-made

objects to build a simulation model. The standard library of these objects (Pegden and

Sturrock [92]) are described in Table 4.3. General programming languages such as C++, or

Java, among others can be used to develop a simulation module. Using general programming

languages to develop a simulation model would provide flexibility and ability to build a

completely self-designed model; however, advanced programming expertise is required to do

so. Commercially available simulation software like Simio, Arena, and Simul8 provide the

easiest and simplest way to develop simulation models but at the expense of flexibility and

ability to implement fairly large and complex models. Pegden and Sturrock [92, 93] describe

the Simio simulation software, its components, and modeling methodology.

4.4.2.2 Simulation model

The simulation model seeks to study the uncertainties associated with the load-out operation

of the SSL and the highway hauling operation (operation of tractor-trailers to deliver the
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Table 4.3: Standard library of objects in Simio.

Object Description Main Properties

Source Generates entity objects of a specified type and arrival pattern. Entity Arrival Logic, Stopping Conditions, Table

Reference Assignments.

Sink Destroys entities that have completed processing in the model. Process Logic.

Server Represents a capacitated process such as a machine or service

operation.

Process Logic, Buffer Capacity, Reliability Logic,

Secondary Resources.

Workstation Models a complex workstation with setup, processing, and tear-

down phases and secondary resource and material requirements.

Process Logic, Buffer Capacity, Reliability Logic,

Secondary Resources, Materials and Other Con-

straints.

Combiner Combines multiple member entities together with a parent en-

tity (e.g. a rack filled with bales)

Matching Logic, Process Logic, Buffer Capacity,

Reliability Logic, Secondary Resources.

Separator Splits a batched group of entities or makes copies of a single

entity.

Separation Logic, Process Logic, Buffer Capacity,

Reliability Logic, Secondary Resources.

Resource A generic object that can be seized and released by other objects. Resource Logic, Reliability Logic.

Vehicle A transporter that can follow a fixed route or perform on de-

mand transport pickups/drop offs. Additionally, an On Demand

routing type vehicle may be used as a movable resource that is

seized and released for non-transport tasks.

Transport Logic, Travel Logic, Routing Logic, Re-

source Logic, Reliability Logic, Population.

Worker A movable resource that may be seized and released for tasks as

well as used to transport entities between node locations.

Transport Logic, Travel Logic, Routing Logic, Re-

source Logic, Reliability Logic, Population.

Basic Node Models a simple intersection between multiple links. Crossing Logic, Routing Logic, Tally Statistics.

Transfer

Node

Models a complex intersection for changing destination and

travel mode.

Crossing Logic, Routing Logic, Transport Logic,

Tally Statistics.

Connector A simple zero-time travel link between two nodes. Routing Logic.

Path A link over which entities may independently move at their own

speeds.

Routing Logic, Travel Logic.

Time Path A link that has a specified travel time for all entities. Routing Logic, Travel Logic.

Conveyor A link that models both accumulating and non-accumulating

conveyor devices.

Routing Logic, Travel Logic, Reliability Logic.
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feedstock). Hence, the operations from the SSLs to the receiving-facility are considered for

modeling S-BLCP-P2. The feedstock bales are considered to be entities in the simulation

model. The process logic of the simulation model is depicted in Figure 4.3.

Start
(t = 0)

Increment time period
(t = t+1)

Data Table: Identify active SSLs, 
# of equipment &  tractor-trailers 
assigned to SSLs, and amount of 

biomass to be unloaded

SSL Operation model

Record amount of biomass loaded in 
racks at SSL

Highway hauling & Receiving 
facility operation model

Record amount of biomass delivered 
to bio-refinery at end of each time 

period

Ex
te

rn
al

 
da

ta
b

as
e

Reached end of 
planning 

Horizon (T)?

Stop

Data imported from 
external database

Yes

No

Stored in external database

Stored in external database

Figure 4.3: Process logic of S-BLCP-P2.

A data table connected to an external database provides details like which of the SSLs are

open during a particular time period, the number of load-out equipment sets and tractor-

trailers assigned to the open SSLs, and the amount of biomass that needs to be unloaded
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from each SSL during every time period. The simulation model is run till the end of the

planning horizon (T). After each time period, parameters like amount of biomass loaded

on racks at each active or open SSL and amount of biomass delivered to bio-refinery are

recorded and stored in an external database. An “open” SSL is defined as an SSL where

load-out operations are occurring. The observed capacity parameters are estimated from

these details to be updated in the Phase 1 optimization problem. The process logic of the

SSL operation, highway hauling and receiving facility operation is depicted in Figures 4.4

and 4.5.

Start

Flow of bales from production fields into each SSL at 
every time period t

Is the SSL open?Store bales in SSL Inventory

Load each rack with 20 bales

Input data: Number of 
load-out equipment sets, 
tractor-trailer, amount of 
biomass to be unloaded

Stop

Yes

No

Yes

Is the  biomass
 load-out schedule

satisfied?

No

Figure 4.4: Process logic of SSL operation in the simulation model.
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The entities representing the incoming inventory of biomass is stored in a queue. The data

table is accessed to determine inputs corresponding to a particular time period such as the

SSLs that are open, number of load-out equipment sets and tractor-trailers associated with

the SSL and amount of biomass that needs to be unloaded from the SSL. The “vehicle

object” representing the load-out equipment continuously loads each rack until its capacity

(20 bales) is reached. The SSL operation takes place 10 hours a day and six days a week.

Start

Is the SSL open?Tractor-trailer not assigned to SSL

Tractor-trailer assigned to SSL

Number of tractor-
trailer allotted to SSL

Is 2 filled racks 
available to ship?

Highway hauling to bio-refinery

Wait until filled racks are 
ready to ship

Is the 
receiving facility- 

forklift available to 
unload ?

Wait until forklift is 
available to unload

Unload & tractor-trailer returns to SSL

Stop

No

No

No

Yes

Yes

Yes

Figure 4.5: Process logic of highway hauling and receiving facility operation in the simulation

model.
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A “combiner object” is used to batch entities, representing bales, into racks. The filled

racks are then transported to the bio-refinery, two at-a-time, using a vehicle object that

represents tractor-trailer. The tractor-trailer may have to wait to unload the racks at the

receiving facility as there might be queue buildup of tractor-trailers waiting to unload racks

at the bio-refinery. After unloading the racks, they return to the allotted SSL to pick up the

next load, and this process is continued till the end of the time period or till the biomass

load-out schedule is completed. Stochasticity is modeled in the SSL and highway hauling

operations by considering a distribution for operating parameters such as road speed, loading

and unloading time for both trucks and load-out equipment. Breakdown and unscheduled

stops are also modeled in the simulation model.

4.4.2.3 Verification and validation

Law [75] describes a seven step approach to design and conduct a successful simulation

study. The seven steps include formulating the problem, collecting information to construct

a conceptual model, validating the conceptual model, implementing the conceptual model

as a computer simulation, verification and validation of the simulation model, and finally

conducting experiments and documenting results. Verification is the process of determining

whether the conceptual model (process logic) has been correctly translated into a computer-

ized simulation model, whereas validation is the process of determining whether a simulation

model is an accurate representation of the system, for the particular objectives of the study.

Only a verified and validated simulation model is used to make decisions by conducting ex-

periments on the simulation model. Sargent [100] describes different approaches for verifying

and validating a simulation model. Some approaches used to verify and validate S-BLCP-P2

include the following:

1. Animation: Simio simulation software supports 2D and 3D animation of the simula-

tion model. The operational behavior of the simulation is studied to verify the model

and make necessary changes if necessary.
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2. Comparison to other models: The integrated approach is used to make tactical

decisions on fleet size of load-out equipment sets and tractor-trailers. The decision on

the fleet size of equipment was compared with that obtained using the optimization

model proposed by Judd et al. [62] and was found to be comparable.

3. Event validity: The events occurring in the simulation model are compared with

those of the real system to determine if they are similar.

4. Extreme condition test: All stochastic parameters are replaced by their averages

and results of simulation are compared with results from the deterministic optimization

module. Also, parameters are modified to test full capacity of equipment and logistics

design before introducing distributions for the stochastic parameters.

5. Face validity: Asking individuals knowledgeable about the system whether the model

and/or its behavior are reasonable. The process logic of the conceptual model and

input-output relationship of the simulation model was evaluated.

6. Traces: The behavior of entities in the simulation model is traced through the model

to determine if the model’s logic is correct and if necessary accuracy is obtained.

7. Data validity: Process logic and data are the two most important components in

the simulation model. The data set used for validation of the model was initially

developed in Resop et al. [96]. Precise data for the equipment parameters were not

available, and they were set from reviewing the related literature [29] and from asking

individuals knowledgeable about the system. This approach attempts to model the

biomass logistics system using the rack concept for multi-bale handling. Several spe-

cialized pieces of equipment like the telehandler attachment for picking round bales,

racks, rack unloader, among others are being developed concurrently along with the

described decision support tool explained in this chapter. As the physical systems are

not ready for an extensive data collection and input modeling, we have described the

input modeling procedure in Appendix A. The user is expected to collect data and
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perform input modeling to use the proposed approach.

8. Sensitivity analysis: When a real world system does not exist to compare and

validate behavior of the simulation model, sensitivity of different parameters are tested

to establish that simulation model behaves as expected.

4.4.2.4 Replication analysis

The number of replications run for the simulation model is decided based on the relative

error of the output statistics critical to the analysis. Relative error for the average total

shipment of biomass is plotted in Figure 4.6. Each run of the simulation module (a simula-

tion experiment) is run for 30 replications to keep the relative error below 2%, considering

the computational burden for performing large number of replications against reduction in

relative error of the output statistics.

Figure 4.6: Replication analysis.
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4.5 Results and Discussion

4.5.1 Results

The dataset used to illustrate the proposed methodology was developed in Resop et al. [96].

A geographical information system (GIS) was used to locate potential fields for switchgrass

production. A total of 199 storage locations (SSL) are proposed over a 48-km radius around

Gretna, VA as shown in Figure 4.7. The total production area is divided into 5 sections each

containing 48, 23, 39, 32, and 57 SSLs, respectively and have approximately the same total

production of feedstock. Each production field is assigned to a unique SSL for the entire

planning horizon, and one SSL can cater to many production fields.

Figure 4.7: Two-dimensional picture displaying SSL(s) and bio-refinery at Gretna, VA.

(Source: Liu et al. [79], InTech, Open Access, 2013)

The flow of biomass to each SSL depends on the production yield and the harvest scenario

followed. A detailed study on different possible harvesting scenarios is available in Grisso

et al. [53]. Here, in-flow rates into each SSL during each week is based on expected harvest

schedule, based on typical weather as shown in Table 4.4 (“Typical” weather defines the
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expected number of days in a given month that harvest operations can proceed). The

percentage given are the percent of total annual harvest from production fields assigned to

a given SSL that is harvested in the given month. The inflow of biomass feedstock from

production fields to SSL occur during all months except April (Month 10), May (Month 11),

and June (Month 12). A one year planning horizon is considered with weekly time periods

(48 weeks) and biomass inflow into each SSL is assumed to be equally distributed over the

weeks of a month.

Table 4.4: Biomass inflow as a percentage of total annual harvest.

Month 1 2 3 4 5 6 7 8 9 10 11 12

% of annual harvest 1% 6% 13% 21% 17% 13% 9% 9% 10% 0% 0% 0%

The optimization module minimizes the total cost which include the purchase price of load-

out equipment sets and truck tractors, the cost of mobilizing load-out equipment sets and

the truck hauling cost. The purchase price of load-out equipment considered is $94,000 per

equipment set. Since the production fields are within a 48-km radius, used truck-tractors

with sufficient life can be considered for highway hauling operations. A new truck-tractor

can cost about $85,000, whereas an used truck-tractor may cost between $45,000 and $55,000

depending on the left-over service life. In this study, we consider use of second-hand truck

tractors with a purchase cost of $50,000. The cost of specially designed trailers and racks

are not considered in this study.

A mobilization cost is defined as the cost to move load-out equipment, specifically the tele-

handler, from one SSL to the next. The following rules were used to estimate mobilization

cost: (1). If the next SSL is not more than 5 miles away, the telehandler will be driven to the

next SSL. Operational cost of the telehandler is $39.50/h, and the travel time is based on the

road speed of 17 mi/h, and (2). The cost incurred for the truck and trailer to haul the tele-

handler is $ 125/h, which includes the labor cost for the truck operator. Total mobilization

time consists of the time required to travel from the bio-energy plant to the current SSL,
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time to load the telehandler, travel time to the next SSL, time to unload the telehandler,

and the travel time back to the bio-energy plant. Similarly, the biomass hauling cost (in $

per km) is calculated based on the equation given in Judd et al. [62], 0.1381 x dj +1.6667,

where dj is the road distance (in km) from SSL j to bio-refinery. All the other parameters

considered for this data set are summarized in Table 4.5.

Table 4.5: Parameters used for simulation of 199 SSL dataset.

Sr. No. Parameter Values

1 Bio-refinery requirement (per week) 6048 Mg

2 Rack capacity 8 Mg

3 Tractor-trailer capacity 16 Mg

4 Tractor-trailer loading time at SSL (avg.) 12.5 Minutes

5 Tractor-trailer unloading time at bio-refinery (avg.) 12.5 Minutes

6 Tractor-trailer speed on highways (avg.) 45 mph (72 km/h)

7 Load-out equipment capacity per 2-bale cycle 0.8 Mg

8 Load-out equipment time to pick bales from SSL (avg.) 45 seconds

9 Load-out equipment time to load bales into rack (avg.) 45 seconds

10 Load-out equipment average speed in SSL (avg.) 4 mph

11 Distance load-out equipment would move within SSL per trip 0.1 miles

12 Weight of bale 0.4 Mg

13 Work hours per day 10 hours

14 Working days per week 6 days

15 Availability of load-out equipment 80%

16 Availability of truck tractors 90%

The unscheduled breaks by operators, refueling, preventive maintenance, breakdowns are

accounted in the availability of load-out equipment and tractor-trailers. The parameters

like loading, unloading time, average road speed are stochastic. The variability in these
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parameters affect the overall capacity parameters, and hence, the fleet size of equipment and

trucks. The loading/unloading time (in seconds) and speed (in mph) of the telehandler is

assumed to follow uniform(30,60) and uniform (3,5) distributions, respectively. Similarly,

loading/unloading time (in minutes) and speed (in mph) of the truck is assumed to follow

uniform(10,15) and uniform (40,50) distributions, respectively. The user is expected to

perform input modeling of these stochastic parameters using the procedure illustrated in

Appendix A, to use this methodology rather than using the assumptions mentioned above.

The assumptions are made only to illustrate this methodology.

Figure 4.8 gives the probability of meeting bio-refinery demand across each iteration. The

solution to the deterministic model considering average values of stochastic parameters cor-

responds to the iteration 1 and its probability of meeting 100% of bio-refinery demand every

week is only 14.8%. This shows that the approximation approach of using average values for

stochastic parameters yields solutions that are not robust to stochasticity and dynamics of

the real-world system. The reliability of decision variables for meeting bio-refinery demand

improves from 14.8% to 100% over three iterations.

Figure 4.8: Probability of meeting demand.

The Table 4.6 describes the fleet size of the biomass logistics chain during each iteration and
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its associated capital investment. The graph in Figure 4.9 summarizes reliability of meeting

bio-refinery demand and associated capital investment required for different solutions. The

approach presents different options for the users with varied risk level and investment re-

quirements. The capital cost associated with each iteration is increasing monotonically for

the data set under consideration. The general behavior of cost and probability functions are

discussed in Section 4.5.2.

Table 4.6: Fleet size across different iterations.

Parameter Iteration 1 Iteration 2 Iteration 3

Load-out equipment sets 7 8 9

Truck-tractors 15 19 18

Total capital cost (in USD) 1,408,000 1,702,000 1,746,000

Figure 4.9: Robustness of solution with associated capital investment.

The graph in Figure 4.10, shows the performance of the biomass logistics chain over the entire

planning horizon. The solution corresponding to the deterministic model with average values

for the stochastic parameters met 86.7% of the annual bio-refinery demand on average across
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different scenarios.

Figure 4.10: Performance of biomass logistics chain over the entire planning horizon.

The weekly performance of the biomass logistics chain under consideration for different

iterations is depicted in the graph in Figure 4.11. The weekly bio-refinery demand on average

across different scenarios for every week is met only in iteration 3.

Figure 4.11: Weekly performance of the biomass logistics chain across different iterations.



Rahul Ramachandran Chapter 4 85

We define “Productivity factor” as a ratio of observed capacity to the theoretical capacity of

a unit of equipment. It is determined using the simulation model by considering stochasticity

in operating parameters, breakdown, and unscheduled stops during the operation.

Figure 4.12: Average productivity factor for load-out equipment sets.

Figure 4.13: Observed capacity of tractor-trailers.

Figure 4.12 shows the productivity factor of the load-out equipment across iterations. The
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productivity factor of the load-out equipment in iteration 3 is found to be 0.75 in line with

expectation of practitioners in the field, which is about 0.7 for a mature operation. Similarly,

observed capacity of tractor-trailers are evaluated using the simulation model and is shown

in Figure 4.13.

The number of bales loaded on the racks at SSL and delivered to bio-refinery depends on the

loading and unloading time, speed at which load-out equipment and truck-tractor operate.

While the operation starts, the loading and unloading time would be above average and will

improve as the operation matures. In a matured biomass logistics operation at the SSL, the

tractor-trailer can be coupled within 10 minutes per trailer and a two-bale loading cycle can

be completed within 3 minutes. Table 4.7 provides fleet sizes for cases corresponding to start

of operation and a matured operation.

Table 4.7: Comparison of fleet size for start of operation and a matured operation.

Parameters Start of operation Matured operation

Loading/unloading time for tractor-trailer (avg) 15 minutes 10 minutes

2-bale cycle time for load-out equipment (avg) 4.5 minutes 3 minutes

Fleet size of load-out equipment sets 10 7

Fleet size of tractor trailers 19 16

4.5.2 Properties of the solution obtained from the proposed method-

ology

Property 1. When all the SSLs have equal inventory and are equidistant from the bio-

refinery, the cost is a non-decreasing function of load-out equipment capacity U .

Consider an example with 10 SSLs (S1 to S10) equidistant from the bio-refinery P , each with

an equal inventory of 700 Mg. Let U (in Mg) be the capacity of the load-out equipment and
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Qi (in Mg), the amount of biomass a tractor-trailer can haul to bio-refinery if allotted to

SSL i be 400 Mg. The bio-refinery demand is at least 2100 Mg. Figure 4.14 is a schematic

representation of the example under consideration.

S1

S2

S3

S4

S5

S10 S6

S9 S7

S8

P

700 Mg inventory in all SSLs

Figure 4.14: SSLs with equal inventory equidistant from bio-refinery.

Let U be varied from 700 Mg to 500 Mg in steps of 50 Mg. The number of load-out equipment

sets, and tractor-trailers required, and the cost for each step is summarized in Table 4.8.

Table 4.8: Number of load-out equipment sets and tractor-trailers required for Case 1.

Load-out capacity (U) Load-out equipment (K) Tractor-trailers (V ) Cost ($)

700 3 6 582,000

650 4 8 776,000

600 4 8 776,000

550 4 8 776,000

500 5 10 970,000
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The cost function is not strictly increasing due to the discrete nature of number of load-out

equipment sets (K) and tractor-trailers (V ). Hence, the cost function is neither a convex or

a concave function of U .

Property 2. When the SSLs are located at unequal distances from the bio-refinery and carry

unequal inventory, the total cost incurred as function of U is not a monotone function.

Consider an example with 10 SSLs (S1 to S10). SSLs S1 to S5 are 2 unit distance away from

the bio-refinery P and carry an inventory of 700 Mg. SSLs S6 to S10 are 1 unit distance

away from the bio-refinery and carry an inventory of 550 Mg. Let Qi (in Mg), the amount

of biomass a tractor-trailer can haul to bio-refinery if allotted to SSL i, be 400 Mg and 800

Mg for SSLs S1 to S5 and S6 to S10 , respectively. The bio-refinery demand is at least 2100

Mg. Figure 4.15 is a schematic representation of this case.

S1

S2

S3

S4

S5

S10 S6

S9 S7S8

Qi
Qi

Qi

Qi

2Qi

2Qi2Qi2Qi

2Qi

Qi

P

700 Mg inventory in SSLs (S1 to S5)

550 Mg inventory in SSLs (S6 to S10)

Figure 4.15: SSLs with unequal distance from the bio-refinery with unequal inventory.

Let U be varied from 700 Mg to 500 Mg in steps of 50 Mg. The number of load-out equipment

sets, and tractor-trailers required, and the total cost for each step are presented in Table 4.9.
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Table 4.9: Number of load-out equipment sets and tractor-trailers required for Case 2.

Load-out capacity (U) Load-out equipment (K) Tractor-trailers (V ) Cost ($)

700 3 6 582,000

650 4 8 776,000

600 4 8 776,000

550 4 4 576,000

500 5 5 720,000

When the load-out capacity U is 700 Mg, only SSLs S1 to S5 can be unloaded as the allocated

load-out equipment has to be fully utilized. The load-out equipment cannot be allocated to

the SSLs S6 to S10, as they do not have enough inventory for the equipments to be fully

utilized. When the load-out capacity U is 550 Mg, the load-out equipment can be allocated

to any SSL from S1 to S10. But unloading from SSLs S6 to S10 would be optimal as they

are closer to the bio-refinery and require lesser number of tractor-trailers. The number of

load-out equipment sets is a non-decreasing function of U , but the number of tractor-trailers

is not a monotonous function of U , and it depends on the inventory in the SSLs and their

spatial distribution. The cost function, which depends on the number of load-out equipment

sets and tractor-trailers, can hence increase or decrease with respect to change in U .

Property 3. The probability of meeting bio-refinery demand is monotonically non-decreasing

with decrement in the value of U .

With each iteration, the load-out capacity U monotonically decreases and the number of

load-out equipment sets is monotonically non-decreasing. Since with each iteration, the

capability of unloading biomass increases or remains same, the probability of meeting bio-

refinery demand also must be monotonically non-decreasing. The variation of probability of

meeting demand across iterations may not have decreasing slope and hence may not exhibit

diminishing marginal return behavior.
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4.5.3 Discussion

The methodology iteratively arrives at a robust solution by solving the optimization model

in Phase 1 for different capacity parameters. The simulation model considers the stochastic

parameters, its interaction in the complex biomass logistics system and evaluates the capacity

parameters, which is updated in Phase 1 (optimization problem). Since, the results from

the simulation model guides the updating of parameters in Phase 1, the methodology is

more effective than randomly changing the capacity parameter. In the proposed modeling

methodology, the biomass inflow rate is not treated as a random variable. The number of

load-out equipment sets and truck tractors determined using this methodology pertains to

a particular scenario of biomass inflow rate. The inflow of biomass to each SSL depends on

the harvesting scenario followed and the crop yield, which in turn depend on the weather,

and hence, involves uncertainty. By using details from a weather forecast, the expected crop

yield for the upcoming harvest season can be estimated. Based on the estimated crop yield

and harvest schedule followed by the production field owner, the biomass inflow rate can

be estimated and the same modeling methodology can be utilized to adjust fleet sizes of

load-out equipment and truck tractors accordingly. The operational-level uncertainties such

as delay in delivery of biomass to storage facilities, break-down of equipment, among others

can be handled using an effective decision support tool which uses real-time information to

make decisions. Such a decision support tool is introduced in the subsequent chapter.

The model under consideration enforces complete utilization of load-out equipment allocated

to an SSL for load-out operation by assigning a constraint (4.39). Relaxing this constraint

and allowing partial utilization of load-out equipment can yield solutions with smaller fleet

size of logistics equipment, but at the same time requires a greater computational effort to

determine an optimal solution. Modifying the optimization algorithm to allow partial utiliza-

tion of load-out equipment and obtain optimal solution within a reasonable computational

time is a relevant extension of this work.

Another objective to optimize is the average delivery cost ($/Mg) for hauling switchgrass
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bales to a bio-refinery, which is a relevant single cost parameter indicating effectiveness of

the farmgate and highway hauling operation in biomass feedstock logistics. The average

delivery cost considers the truck cost (which includes cost of ownership, fuel cost, and truck

operation cost), loading cost (which includes cost of ownership, cost of operation of the load-

out equipment and service trucks supporting the load-out equipment sets), and mobilization

cost (which is the cost of mobilizing load-out equipment from one SSL to another). The cost

of trailers and racks are included in the truck cost. Using average delivery cost in the model

would provide meaningful solutions to the user and could be another relevant extension to

this work.

4.6 Conclusion

In this chapter, we have introduced the Stochastic-Biomass Logistics Chain Problem (S-

BLCP), a new and challenging problem that integrates single-item capacitated lot-sizing

problem, high-multiplicity multiple traveling salesman problem, and biomass logistics chain

design problem under the uncertainties expected for actual logistics equipment. A two-

phase optimization-simulation approach was developed to solve this problem in an iterative

fashion. The methodology does not guarantee optimal solution but provides solutions that

are robust to uncertainties associated with the logistics equipment in the system. The

methodology is applied to a real-life problem instance to show its ability to solve large-

sized problem instances. As future research work, we propose to study applicability of the

modeling methodology presented in this chapter to stochastic problems in general, and also,

further investigate its efficacy.



Chapter 5

An Operational-Level Decision

Support Tool for Biomass Feedstock

Logistics

5.1 Introduction

The biomass logistics chain comprises a complex collection of logistics activities performed

in a stochastic environment. The judicious execution of these activities is imperative to

ensure cost-effective biofuel production. Decision support tools (DST) are now being con-

sidered to make decisions at strategic, tactical and operational levels in the farmgate-to-

bio-refinery supply chain. The operational-level decisions are short term (weekly, daily, or

hourly) decisions concentrating on inventory planning, vehicle planning and scheduling to

ensure continuous operation of conversion facilities and other processes in the supply chain.

In this chapter, we propose a decision support tool that relies on an optimization model

to make operational-level decisions for a switchgrass-based biomass logistics system. The

biomass logistics decision support tool (BL-DST) considers the current system status (i.e.,

92
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inventory level, location of equipment sets, biomass inflow for the immediate time periods)

to determine which storage facility to unload biomass from, amount of biomass to unload

from each storage facility, and to allocate and route logistics resources such as tractor-trailers

and load-out equipment sets in order to minimize the total operational cost.

We have organized the chapter as follows: In Section 5.2, we identify the need for an

operational-level decision support tool for the biomass feedstock logistics design proposed in

previous chapters. In Section 5.3, we describe and formulate the biomass logistics problem

under consideration as a mixed integer programming model. The usefulness of the decision

support tool is highlighted in Section 5.4 and concluding remarks are made in Section 5.5.

5.2 Need for an operational-level decision support tool

A decision support tool is a computer-based system, which helps in decision making as

system status changes. The fundamental components of a decision support tool includes:

(1) database, (2) model, and (3) a user interface as shown in Figure 5.1.

Figure 5.1: Components of a decision support tool.
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The decision support tool can be classified based on the way decisions are made. A model-

driven decision support tool uses statistical, optimization, or simulation-based models to aid

in the decision making process. The proposed decision support tool for biomass feedstock

logistics relies on solution to an optimization model.

Judd et al. [62] have presented methods to determine strategic decisions such as number of

storage facilities and fleet sizes of load-out equipment and tractor-trailer. They do not take

into consideration variation in biomass inflow rate at SSLs that may vary from period to

period. Aguayo et al. [1] use a multi-period model to determine tactical decisions such as

fleet size of load-out equipment, tractor-trailers and operational-level decisions like amount

of biomass to be shipped and routing of load-out equipment sets for every time period,

based on the expected inflow of biomass to each storage facility in each period. The biomass

inflow to a storage facility is based on the crop yield and the harvest schedule followed by

feedstock producers. Both crop yield and harvesting schedule are stochastic in nature, and

hence, inflow of biomass to storage facilities cannot be accurately modeled for the entire

planning horizon as assumed in Aguayo et al. [1]. Currently, the feedstock manager either

use spreadsheet models or rules like shortest distance first and inventory availability to select

storage facilities to pickup biomass during every time period. Optimizing routing cost across

100-200 storage facilities is not a trivial problem, and this problem can be mathematically

modeled as a mixed integer linear program.

A biomass logistics decision support tool (BL-DST) that relies on solution of a mixed integer

programming model is proposed to minimize operational cost. It determines operational

decisions like which storage facilities to unload biomass from, amount of biomass feedstock

to be unloaded from each storage facility, and allocation and routing of logistics resources

such as tractor-trailers and load-out equipment sets. The optimization model considered is

similar to the mixed integer programming model proposed in Aguayo et al. [1] but it includes

additional constraints associated with system status like current inventory level and current

location of load-out equipment.
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Start

Database for
System status

(Updated automatically 
after each run or manually 

before run) 

BL-DST Optimization
Model

(MILP model)

Input Parameters: 
Number of tractor-trailers & load-

out equipment, capacity 
parameters, location, road 

distance & cost details

Database for 
Biomass Inflow
(Updated based on 

feedstock producer s 
input) 

Report:
List of active storage locations, 
load-out equipment routing, 
allocation of logistics resources, 
amount of biomass to be shipped

Update Step:
Update location of 

equipment, inventory 
level to database

Stop

Figure 5.2: Flowchart of the biomass logistics desion support tool.

Two different databases are maintained, one for details on biomass inflow from fields to

storage facilities and the other for tracking current system status as shown in Figure 5.2.

The feedstock producer’s input is used to update the biomass inflow database for the next

two weeks. The feedstock producers should be able to provide this information confidently

as they may have already harvested the feedstock that is to be delivered within the next two

weeks.
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5.3 Problem statement and model formulation

Problem statement

Given a set F of pre-located SSLs, inflow of biomass based on inputs from feedstock produc-

ers during each time period t at each SSL i, Âti, planning horizon of length T, and operational

parameters of logistics equipment, current inventory levels y0
i , and location of logistics equip-

ment, determine the amount of biomass to be shipped from SSLs to the bio-refinery, routing

of logistics equipment during each time period to share them across different demand points,

allocation of tractor-trailers to SSLs during each time period, so as to minimize the mobi-

lization and shipment costs.

Formulation for the BL-DST

Next, we present a mixed integer programming model for the BL-DST. Consider the following

notation.

Sets:

F : Set of SSLs.

F 0 : Set of SSLs including the bio-refinery, which is denoted by 0 (0∪F ).

L : Set of SSLs where the load-out equipment sets are stationed at

t = 0.

T : Length of the planning horizon (1, ..., T ).

T 0 : Length of the planning horizon including time 0, (0, 1, ..., T ).

T+ : Length of the planning horizon including time T+1, (1, ..., T + 1).

Parameters:

li : Number of load-out equipment sets stationed at SSL i at t = 0,

∀i ∈ L.
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ĉi : Shipping cost from SSL i to the bio-refinery ($ per Mg), i ∈ F .

cij : Cost to transport an equipment from SSL i to SSL j ($ per mile),

∀i ∈ F 0, ∀j ∈ F 0.

Âti : Amount of biomass available at SSL i during time period t (Mg),

∀i ∈ F, ∀t = 0, ..., T.

Ni : Number of out-and-back trips a vehicle can perform during a time

period if allocated to SSL i, ∀i ∈ F .

α : Fraction of biomass inventory lost (Storage loss).

Q : Tractor-trailer capacity (Mg).

U : Maximum load-out rate for each equipment set (Mg per time unit).

K : Number of load-out equipment sets available.

V : Number of tractor-trailers available.

P t : Plant requirement during time period t (Mg), ∀t = 1, ..., T .

E : Maximum number of equipment sets to allocate to an SSL during

a time period.

Decision Variables:

sti : Amount of biomass shipped from SSL i to the bio-refinery during

period t, ∀i ∈ F, ∀t = 1, ..., T .

yti : Inventory of biomass at the end of time period t at SSL i. ∀i ∈

F, ∀t = 0, ..., T .

vti : Number of tractor-trailers assigned to SSL i during time period t,

∀i ∈ F, ∀t = 1, ..., T .

zti : Number of equipment sets assigned to SSL i during time period t,

∀i ∈ F, ∀t = 1, ..., T .

xtij : Integer variable that indicates the number of equipment sets

traversing from SSL i to SSL j at the end of time period t. ∀i ∈ F 0,

∀j ∈ F 0, ∀t = 0, ..., T .
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Model BL-DST:

Minimize
T∑
t=1

∑
i∈F 0

∑
j∈F 0

cijx
t−1
ij +

T∑
t=1

∑
i∈F

ĉis
t
i (5.1)

subject to :∑
i/∈L

∑
j∈F 0

x0
ij = 0 (5.2)

∑
j∈F 0

x0
ij ≤ li, ∀i ∈ L (5.3)

∑
i∈F

sti ≥ P t, ∀t = 1, ..., T (5.4)

yti = (1− α)yt−1
i − sti + Âti, ∀i ∈ F, ∀t = 1, ..., T (5.5)

y0
i = Â0

i , ∀i ∈ F (5.6)

sti ≤ QNiv
t
i , ∀i ∈ F, ∀t = 1, ..., T (5.7)∑

i∈F

vti ≤ V, ∀t = 1, ..., T (5.8)∑
i∈F

zti ≤ K, ∀t = 1, ..., T (5.9)

sti ≤ Uzti ,∀i ∈ F, ∀t = 1, ..., T (5.10)∑
j∈F 0

x
(t−1)
ji − zti = 0, ∀i ∈ F, ∀t = 1, ..., T (5.11)

∑
j∈F 0

x
(t−1)
ji −

∑
j∈F 0

xtij = 0, ∀i ∈ F, ∀t = 1, ..., T − 1 (5.12)

xti0 = 0, ∀i ∈ F, ∀t = 0, ..., T (5.13)

sti ≥ 0, ∀i ∈ F, ∀t = 1, ...T (5.14)

zti ∈ {0, 1, ..., E}, ∀i ∈ F, ∀t = 1, ..., T (5.15)

yti ≥ 0 , ∀i ∈ F, ∀t = 0, ..., T (5.16)

vti ∈ Z+, ∀j ∈ F, ∀t = 1, ..., T (5.17)

xtij ∈ Z+, ∀i ∈ F 0, ∀j ∈ F 0, ∀t = 0, ..., T − 1 (5.18)
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The objective function (5.1) minimizes the total operating cost incurred by mobilization

of equipment and shipping of biomass from SSLs to the bio-refinery. Constraints (5.2)

and constraints (5.3) capture the mobilization of load-out equipment sets at time period

0. Constraints (5.4) assure that the demand of the bio-refinery during each time period

t is satisfied. Constraints (5.5) capture the inventory balance during each time period.

Constraints (5.6) correspond to the inventory at SSL i in time period 0. Constraints (5.7)

ensure that the amount shipped from SSL i to the bio-refinery in each time period t is at most

equal to the number of tractor-trailers (vtj) allocated to this SSL times their capacity (Q),

and the number of trips (Ni). Constraints (5.8) and (5.9) capture, respectively, the maximum

number of tractor-trailers and load-out equipment sets available. Constraints (5.10) assure

that bales can be shipped from SSL i to the bio-refinery only if there is load-out equipment

allocated to that SSL. The amount of biomass shipped is at most equal to the number of load-

out equipment sets (ztj) allocated to this SSL times their capacity (U). Constraints (5.11)

enforce mobilization of required number of equipment sets from SSL j ∈ F 0 to SSL i ∈ F

at the end of a time period t. Note that we permit an equipment set to stay at an SSL

if needed. Constraints (5.12) are the standard flow conservation constraints for equipment

sets. Constraints (5.13) enforce that an equipment stay at an SSL and not move to the

bio-refinery. Constraints (5.14) - (5.18) define the domains of the variables.

Modification of the BL-DST

Note that the BL-DST model will be infeasible by constraints (5.4) when sufficient biomass

or logistical resources are not available to meet the bio-refinery demand. A modification

of BL-DST is presented by allowing shortages with a penalty cost of γ ($ per Mg). We

designate this problem as BL-DST-E1.
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Model BL-DST-E1:

Minimize
T∑
t=1

∑
i∈F 0

∑
j∈F 0

cijx
t−1
ij +

T∑
t=1

∑
i∈F

ĉis
t
i +

T∑
t=1

γ[P t −
∑
i∈F

sti] (5.19)

subject to :∑
i∈F

sti ≤ P t, ∀t = 1, ..., T (5.20)

Constraints (5.2) & (5.3)

Constraints (5.5) - (5.18)

This model will minimize shortages at the bio-refinery due to non-availability of feedstock at

the SSLs. If the amount of biomass shipped is short due to lack of logistical resources, options

like leasing truck tractors and load-out equipment sets can be explored. Leasing option for

load-out equipment is always not practical and viable especially for short durations as there

is a huge cost involved in renting and transporting these equipment sets from rental locations

in large cities to production fields mostly in rural areas. A more realistic option is to add a

back-up load-out equipment set in addition to the fleet of equipment set that are continuously

used. The back-up equipment set is typically not a brand new machine, and hence, has a

lower cost of ownership. This approach is used to address a spike in demand and unexpected

breakdowns in other agriculture-related industries like sugar mills, among others.

5.4 Implementation and results

The delivery of biomass feedstock from the production fields to the SSLs is governed during

a specific time window by farm gate contracts. The harvesting and delivery of biomass

feedstock is a highly stochastic process, and hence, deviations from a pre-planned delivery

schedule is natural. The BL-DST contains an operational level model which determines load-

out schedule and routing for short time periods (weekly or daily) considering the current

status of the biomass logistics system. The model can be run by the feedstock manager
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either at fixed intervals like the end of week or whenever the value of a parameter in the

system changes.

The time-expanded network in Figure 5.3 illustrates the features of the BL-DST model.
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Figure 5.3: Features of the BL-DST in a time-expanded network.
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It depicts three pre-located SSLs and a planning horizon of 4 time periods. Ati is tons

of biomass expected to be delivered at SSL i during the time period t based on longterm

forecasts. Âti is the firm amount of biomass in tons that will be delivered to SSL i for

immediate time periods t based on inputs from feedstock producers. The routing decisions

and load-out schedule is modified as inflow of biomass (Âti) changes.

Table 5.1: Other parameters and their values used in BL-DST.

Sr. No. Parameter Values

1 Number of SSLs 199

2 Number of trucks 23

3 Number of load-out equipment sets 10

4 Plant Requirement (weekly) 6050 Mg

5 Truck capacity per trip 16 Mg

6 Truck loading (unloading) time at SSL (bio-refinery) 12.5 Minutes

7 Truck speed on highways 45 mph

8 Telehandler capacity per week 605 Mg

Usefulness of the BL-DST model is evaluated using the dataset described in Resop et al.

[96]. A total of 199 SSL(s) distributed over 48-km radius around Gretna, VA is considered.

The expected inflow of biomass is calculated based on typical harvesting schedule and crop

yield. The mobilization cost is defined as the cost to move load-out equipment sets from one

SSL to another. The following rules were used to estimate mobilization cost: (1) If the next

SSL is not more than 5 miles away, the load-out equipment will be driven to the next SSL.

Operational cost of the load-out equipment is $ 39.50/h, and the travel time is based on

the road speed of 17 mi/h; and (2) The cost incurred for the truck and equipment trailer to

haul the load-out equipment is $ 125/h, which includes the labor cost for the truck operator.

Total mobilization time consists of the time required to travel from the bio-refinery to the

current SSL, time to load the equipment, travel time to the next SSL, time to unload the
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equipment, and the travel time back to the bio-refinery. Similarly, the biomass hauling cost

($ per km) is calculated based on the equation given in Judd et al. [62], 0.1381 x dj +1.6667,

where dj (km) is the distance from SSL j to bio-refinery. All the other parameters considered

for this data set are summarized in Table 5.1.

Figure 5.4 compares performances of different load-out and routing schedules. We compare

the biomass delivered to the bio-refinery for the original schedule determined based on the

expected inflow rate of biomass and the schedule from the biomass logistics decision support

tool for a period of 8 weeks. An initial schedule is developed for a period of 2 months

considering the expected biomass inflow into the SSLs. The actual biomass inflow every

week may vary and the initial schedule may no longer satisfy the bio-refinery demand. The

database of the BL-DST is updated with firm amount of biomass that can be delivered for

next two weeks, and this is used to develop load-out schedule and routes for the equipment

sets. The feedstock producers are expected to contact the feedstock manager’s office to

update exact details of biomass feedstock delivery to the SSLs. By re-adjusting the schedule

every week or once in two weeks, the BL-DST schedules ensure that the bio-refinery demand

is satisfied every week.

Figure 5.4: Biomass deilvered to bio-refinery for orginial and BL-DST schedules.
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The BL-DST-E1 model can warn the feedstock manager of a potential shortage in the coming

weeks, to help his team expedite biomass delivery to SSLs or to make alternate arrangements.

The incoming inventory of the dataset with 199 SSLs, is modified to deliberately cause

shortages to show this feature of the decision support tool. The planning horizon considered

is four weeks. Figure 5.5 shows the possibility of a shortage of 508 Mg of biomass in week

4. The feedstock manager can now asses risk and try to expedite delivery of biomass from

production fields to storage locations to mitigate risk of not meeting bio-refinery demand.

Figure 5.5: Biomass deilvered to bio-refinery for orginial and BL-DST schedules.

A sample of output report of BL-DST is shown in Figure 5.6. The output report gives the

cost details, load-out schedule, allocation of load-out equipment sets and trucks to the SSL,

and routing details.
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Figure 5.6: A sample output report for BL-DST.
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5.5 Conclusion

In this chapter, the need for a decision support tool for managing operational-level decisions

in a biomass feedstock logistics chain is emphasized. A mixed integer program-based decision

support tool (BL-DST) is developed in Microsoft Visual Studio 2012, using CPLEX 12.6

solver. A dataset for a hypothetical bio-refinery in Gretna, VA with SSLs distributed in a

48-km radius around the bio-refinery was considered for implementation and to showcase its

usefulness. The long-term schedules based on forecasting models or expected values become

invalid as the system deviates from the expected behavior. The BL-DST considers changes

in system status to adjust load-out schedule and routing to minimize operational cost, which

includes cost to mobilize load-out equipment sets and shipping of biomass. As future work,

a graphical user interface can be attempted to communicate output of the model to the users

in a lucid fashion. Furthermore, features like prioritizing the unloading of specific SSLs can

be included to address additional features encountered in practice.



Chapter 6

Bale Collection Problem

6.1 Introduction

The need for big data analytics and visualization is being recognized by the agricultural

sector. These practices are being used to improve efficiency by developing sustainable and

data-driven practices such as precision agriculture. The cost-effective growing, harvesting,

transporting and processing of energy crops is needed to make biofuel a viable option. Data-

driven approaches and analytics have increasingly become popular for biomass feedstock

logistics decision making at strategic, tactical and operational levels. The biomass feedstock

logistics related costs account for 35%-60% of biofuel retail price (Fales et al. [46]).

Bale collection is an operation in which bales are collected and transported from a field

to a storage location situated for ready access by highway-hauling trucks. Determining a

sequence for collecting these bales that minimizes the operating time, or cost, is termed

as the Bale Collection Problem (BCP). Though, some argue that an experienced operator

does a good job in judging the sequence in which to pick the bales in order to minimize

the travel time between bales, the problem is not trivial when multiple capacitated storage

depots or multiple vehicles or both are involved. The plan calls or the bale location to be

107
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recorded when it falls from the baler. The resulting location map is then input to the in-field

hauling vehicle and route is computed. The routes generated could support round-the-clock

operation of the in-field hauling vehicle and thereby improve utilization of this vehicle.

The chapter is organized as follows: In Section 6.2, we provide a brief description of the

bale collection problem. In Section 6.3, we formally define the problem under consideration

and review literature related to the bale collection problem and capacitated vehicle routing

problem. In section 6.4, we introduce a mathematical formulation for the BCP and its

extensions. Sections 6.5 and 6.6 provide details of solution methodologies explored for the

BCP and some preliminary results respectively. Finally, concluding remarks are made in

Section 6.7.

6.2 System description

The ownership and management of equipment for farmgate operations, which include cut-

ting, baling and storage of biomass feedstock, play an active role in achieving cost-effective

solutions. Two models widely used in agriculture, that could be emulated in farmgate oper-

ations, are: (1) the feedstock producer operates all the equipment for harvesting and storage

(active owner), and (2) a custom harvest company is contracted to harvest and store the

biomass (passive owner). A major drawback of having each feedstock producer operate

his/her own equipment is that the majority of the required equipment is very expensive

and must be operated over a large acreage to ensure competitive cost ($/Mg). The passive

ownership model, where the feedstock producer only grows the crop and does not own or

operate equipment is a more viable option for a small farmer. A harvesting contractor har-

vests many production fields in the schedule that are ready for harvest. This model provides

better resource utilization as the equipment is shared among many production fields. The

fields are first cut, then baled, and finally the bales are transported to a farm-side storage

location. The process of collecting and moving biomass bales from different locations on the
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field to a farm-side storage location is called bale collection, or in-field hauling. The bales are

collected using a specialized vehicle that is capable of lifting and locating bales on a flatbed

trailer. The equipment has a pick up arm for self loading and a pusher arm to place the

collected bales on the trailer. Figure 6.1 shows one in-field hauling option, a tractor with a

specially designed wagon for collecting bales from a production field. The capacity of this

equipment set can vary from six to twelve bales depending on size of the trailer. The bale

collection equipment moves the bales from field to SSL where they are placed in ambient

storage as a single layer. The in-field hauling equipment is designed to be operated in the

field as well as on paved roads. This equipment has a limited road speed making it less

efficient than a tractor-trailer truck for highway hauling. Hence, only short distance hauling

to a storage site is done with the in-field hauling equipment. The SSL is a transfer point in

the logistics chain to uncouple in-field hauling and highway hauling.

Figure 6.1: Bale collection. (Source: Antares Group)

The bale collection problem is relevant in both active and passive ownership models. In a

passive ownership model, a given set of equipment, which the contractor owns, is routed

to different production fields to complete the farmgate operations within a time window.

Hence, the cost and duration of operation are very important metrics for these contractors.

The bales are assumed to be uniformly distributed across the field in this study as shown in
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the Figure 6.2. However, the real distribution of bales need not be uniform throughout the

production field due to the variability in crop yield, which in-turn depends on the interactions

between soil, plant and atmosphere.

Figure 6.2: An ariel depiction of bale distribution and field-side storage in a production field.

6.3 Problem Statement and literature review

The BCP can be concisely defined as follows: Given a set, N, of bale locations in a produc-

tion field and a set D, of farm-side storage depots, a non-negative cost Ci,j associated with

traveling from locations i to j, capacity c of the in-field hauling vehicle, determine an optimal

sequence to collect bales from the production field in order to minimize total cost incurred.

We assume Ci,j = Cj,i making this problem a symmetric capacitated vehicle routing problem

with unit demand (SCVRP-UD). A vehicle routing problem (VRP) is concerned with deter-

mining optimal routes to visit a set of customers by a fleet of vehicles that are based at one
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or more depots. The capacitated vehicle routing problem with unit demand (CVRP-UD) is

a special case of the basic VRP in which there exists a limit on the maximum number of

customers that can be visited in each trip. Figure 6.3 depicts features of the bale collection

problem. The field contains nine bales and a field-side storage (depot). The capacity of the

hauling wagon, c is 3, and hence, a total of three trips are necessary to collect all nine bales

from the field.

Figure 6.3: Features of the bale collection problem.

Literature review

The vehicle routing problem (VRP) has been extensively studied in the literature through

many exact algorithms and heuristics approaches. The VRP is a NP-hard problem as it

includes the traveling salesman problem (TSP) as a special case. It is considered to be

more difficult to solve than a TSP of same size. The TSP involving hundreds or even

thousands of nodes can be solved using advanced branch-and-cut algorithms whereas for

VRP, sophisticated exact algorithms can only solve instances of up to about 100 nodes.

Though VRP is a difficult problem to solve, it is widely studied due to its applicability to

many real-world problems. The capacitated vehicle routing problem (CVRP) is a special



Rahul Ramachandran Chapter 6 112

case of VRP in which the vehicles have a capacity which cannot be violated. The objective is

to visit all the customers while minimizing the total routing cost without violating capacity

constraints. Laporte and Nobert [73] presents an extensive survey on exact methods for

CVRP. Other literature surveys on exact methods for CVRP include Magnanti [82], Laporte

[70], and Baldacci et al. [13]. Laporte [72] summarizes known results for CVRP for solution

methodologies including exact algorithms, classical heuristics, and meta heuristics.

The exact methods for CVRP can be classified mainly into the following categories: branch-

and-cut, dynamic programming, and set-partitioning methods. Laporte et al. [74] present

an exact method for CVRP based on a cutting plane approach. Augerat et al. [11] propose

a branch-and-cut algorithm which includes a class of valid inequalities, such as comb and

extended comb inequalities, generalized capacity constraints, and hypotour inequalities. The

branch-and-cut methodology proposed in Augerat et al. [11] could solve problem instances

with up to 135 customers. Lysgaard et al. [80] propose another branch-and-cut-based ap-

proach for CVRP. Dynamic programming has been used to solve CVRP or to obtain tight

lower bounds. Christofides et al. [26] present three formulations for CVRP and introduce the

state space relaxation method for relaxing the dynamic programming recursions to obtain

valid lower bounds. Set-partitioning-based methodologies have been studied by Balinski and

Quandt [15], Hadjiconstantinou et al. [56], and Baldacci et al. [14]. Araque et al. [9] study a

special case of CVRP with unit demand (CVRP-UD) by introducing several facet defining

inequalities. CVRP-UD constitutes an inherent feature of the BCP.

To the best of our knowledge only Cundiff et al. [28] and Gracia et al. [51] have studied the

bale collecting problem. Cundiff et al. [28] introduced the problem with a simple instance

in which 34 bales scattered over the field are collected with a vehicle of capacity 6. Gracia

et al. [51] propose a hybrid genetic algorithm-based approach to solve a problem instance

consisting of 200 bales that are uniformly distributed over a production field. The objective

is to minimize total cost. We introduce extensions to the basic bale collection problem which

incorporates features encountered in practice.
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6.4 Model formulation

We formulate two versions of the BCP as mixed integer programming models based on the
following objective functions:

1. minimize cost of operation (BCP-C).

2. minimize total time duration when multiple vehicles are used (BCP-T).

Consider the following notation.

Sets:

N : Set of locations containing bales.

N0 : Set of locations including the storage location, which is denoted by

0 (0 ∪N).

V : Set of vehicles (1, ..., V ).

Parameters:

tij : Travel time from location i to location j, ∀i ∈ N0, ∀j ∈ N0.

Cij : Cost incurred for traveling from location i to location j, ∀i ∈ N0,

∀j ∈ N0.

tl : Loading time at each location i, ∀i ∈ N0.

tu : Unloading time at depot.

V : Number of vehicles available for bale collection operation.

c : Capacity of vehicle (Number of bales it can carry on each trip).

Decision Variables:

xvij : Binary variable indicating travel from location i to location j, ∀i ∈

N0, ∀j ∈ N0, ∀v = 1, ..., V .

yvij : Flow variable indicating flow between location i to location j, ∀i ∈

N0, ∀j ∈ N0, ∀v = 1, ..., V .

T : Total time duration across all vehicles.
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Model BCP-C:

Minimize
∑
i∈N0

∑
j∈N0

Cijxij (6.1)

subject to :∑
i∈N

x0i ≥ dN/ce (6.2)∑
i∈N

xi0 ≥ dN/ce (6.3)∑
j∈N0

xij = 1, ∀i ∈ N (6.4)

∑
j∈N0

xji = 1, ∀i ∈ N (6.5)

xij = 0, ∀i ∈ N0, i = j (6.6)

yij ≤ c xij, ∀i ∈ N0, ∀j ∈ N0 (6.7)∑
i∈N0

yij −
∑
i∈N0

yji = 1, ∀j ∈ N (6.8)

xij ∈ {0, 1}, ∀i ∈ N0, ∀j ∈ N0 (6.9)

yij ≥ 0, ∀i ∈ N0, ∀j ∈ N0 (6.10)

The BCP-C can be modeled without keeping track of the vehicle by using a two index

formulation as presented above. The objective function (6.1) minimizes the total cost of

operations. Constraints (6.2) & (6.3) provides a lower bound on the number of trips required

to visit all locations. Constraints (6.4) and (6.5) ensure that all locations are visited exactly

once. Constraints (6.6) ensure that a self-loop by a vehicle at a location is not permitted.

Constraints (6.7) guarantee that the vehicle capacity is not exceeded. Constraints (6.8) are

flow conservation equations and also eliminate sub-tours. Constraints (6.9) and (6.10) define

the domains of the variables.



Rahul Ramachandran Chapter 6 115

Two relevant extensions of BCP-C are as follows:

1. Heterogeneous fleet with different capacities and cost (BCP-C-HF).

2. Multiple depots with a limited storage capacity for each depot (BCP-C-MD).

Next, we present formulations for both of these extensions of BCP-C.

Model BCP-C-HF:

Minimize
∑
v∈V

∑
i∈N0

∑
j∈N0

Cv
ijx

v
ij (6.11)

subject to :∑
v∈V

∑
i∈N

xv0i ≥ dN/cmaxe (6.12)∑
v∈V

∑
j∈N0

xvij = 1, ∀i ∈ N (6.13)

∑
v∈V

∑
j∈N0

xvji = 1, ∀i ∈ N (6.14)

xvij = 0, ∀i ∈ N0, i = j, ∀v ∈ V (6.15)

yvij ≤ cv xvij, ∀i ∈ N0, ∀j ∈ N0, ∀v ∈ V (6.16)∑
v∈V

∑
i∈N0

yvij −
∑
v∈V

∑
i∈N0

yvji = 1, ∀j ∈ N (6.17)

xvij ∈ {0, 1}, ∀i ∈ N0, ∀j ∈ N0, ∀v ∈ V (6.18)

yvij ≥ 0, ∀i ∈ N0, ∀j ∈ N0, ∀v ∈ V (6.19)

BCP-HF features a heterogeneous fleet of vehicle with different capacities and cost. Con-

straints (6.12) provide a lower bound on the total number of trips required to visit all

locations by considering vehicle with maximum capacity. Constraints (6.16) guarantee that

the capacity of specific vehicle v is not exceeded. All the other constraints are the same as

those for the BCP-C.
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Consider the following additional notations that is used in the model for BCP-C-MD.

D : Set of storage depots.

ND : Set of locations including the storage locations, which is denoted

by set D (D ∪N).

qd : Maximum number of full truck loads that can be accommodated at

depot d.

Model BCP-C-MD:

Minimize
∑
i∈ND

∑
j∈ND

Cijxij (6.20)

subject to :∑
i∈D

∑
j∈N

xij ≥ dN/ce (6.21)∑
j∈ND

xij = 1, ∀i ∈ N (6.22)

∑
j∈ND

xji = 1, ∀i ∈ N (6.23)

xij = 0, ∀i ∈ ND, i = j (6.24)∑
i∈N

xid ≤ qd, ∀d ∈ D (6.25)

yij ≤ c xij, ∀i ∈ ND, ∀j ∈ ND (6.26)∑
i∈ND

yij −
∑
i∈ND

yji = 1, ∀j ∈ N (6.27)

xij ∈ {0, 1}, ∀i ∈ ND, ∀j ∈ ND (6.28)

yij ≥ 0, ∀i ∈ ND, ∀j ∈ ND (6.29)

BCP-C-MD considers a homogeneous fleet of vehicles. Constraints (6.25) ensure that capac-

ity of storage depot is not exceeded. All the other constraints are the same as those for the
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BCP-C.

A formulation for the minimization of total time required to pick up all the bales is as follows:

Model BCP-T:

Minimize T (6.30)

subject to :∑
v∈V

∑
j∈N0

xvij = 1, ∀i ∈ N (6.31)

∑
v∈V

∑
j∈N0

xvji = 1, ∀i ∈ N (6.32)

xvij = 0, ∀i ∈ N0, i = j, ∀v = 1, ..., V (6.33)

yvij ≤ cv xvij, ∀i ∈ N0, ∀j ∈ N0, ∀v ∈ V (6.34)∑
v∈V

∑
i∈N0

yvij −
∑
v∈V

∑
i∈N0

yvji = 1, ∀j ∈ N (6.35)

T ≥
∑
i∈N0

∑
j∈N

(tij + tl)xvij +
∑
k∈N

(tk0 + tu)xvk0, ∀v = 1, ..., V (6.36)

xvij ∈ {0, 1}, ∀i ∈ N0, ∀j ∈ N0, ∀v = 1, ..., V (6.37)

yvij ≥ 0, ∀i ∈ N0, ∀j ∈ N0, ∀v = 1, ..., V (6.38)

T ≥ 0 (6.39)

The objective function (6.30) minimizes the maximum total operating duration across all

the vehicles. Constraints (6.36) capture the operating duration across all the vehicles. All

the other constraints are the same as those for the BCP-C. Next, we present the solution

methodologies explored for the BCP-C.
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6.5 Methodolodgies explored

The solution methodologies explored for the BCP-C include direct application of CPLEX to

the above formulation, column generation, and a cutting plane method where we iteratively

refine the feasible region by adding linear inequalities or cuts from integer solutions.

6.5.1 Column generation

The column generation approach does not consider all the variables explicitly, and instead

considers only those variables which have the potential of improving the objective function

value. This approach is useful for large-scale models. The original problem is decomposed

into a master problem and a sub-problem as follows. The master problem is the original

problem with only a subset of variables being considered, whereas the sub-problem, which is

also called the pricing problem, identifies variables that can improve the objective function

of the master problem. First the master problem is solved and the values of dual variables

associated with the constraints of the master problem are determined and used in formulating

the objective function of the pricing problem. For a minimization problem, when the sub-

problem yields a negative objective function value, there exists a variable with negative

reduced cost that can improve the original objective function in the master problem. This

variable is added to the master problem, and it is solved again. This process is iteratively

carried out until no negative reduced cost variables are identified in the sub-problem, thereby

indicating that the solution in the master problem is optimal.

Consider the following notation.

Decision Variables:

R : Set of feasible routes.

Cr : Cost of route r ∈ R.

air : air = 1 if node i is visited in route r, air = 0, otherwise.

λr : Binary variable indicating if route r is utilized.



Rahul Ramachandran Chapter 6 119

Master Problem:

Minimize
∑
r∈R

Crλr

subject to :∑
r∈R

airλr ≥ 1, ∀i ∈ N (πi) (6.40)

∑
r∈R

λr ≥
⌈
N

c

⌉
(β) (6.41)

λr ∈ {0, 1}, ∀r ∈ R (6.42)

Sub-problem:

Minimize
∑
i∈N0

∑
j∈N0

(Cij − πi)xij − β (6.43)

∑
j∈N

x1j = 1 (6.44)∑
j∈N

xj1 = 1 (6.45)

yij ≤ cxij, ∀i ∈ N0, ∀j ∈ N0 (6.46)∑
i∈N0

yij −
∑
i∈N0

yji =
∑
i∈N0

xij, ∀j ∈ N (6.47)∑
i∈N0

xij −
∑
i∈N0

xji = 0, ∀j ∈ N (6.48)

xij ∈ {0, 1}, ∀i ∈ N0, ∀j ∈ N0 (6.49)

yij ≥ 0, ∀i ∈ N0, ∀j ∈ N0 (6.50)

We solve the master problem by relaxing the integer constraints (6.42) to obtain a dual

solution for use in the sub-problem. The values of air for a route r are determined from the
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corresponding xij values obtained by solving the sub-problem during an iteration. After the

relaxed master problem is solved to optimality, all the master problem variables are used to

re-solve the master problem with integer constraints. The solution thus obtained need not

be an optimal solution.

6.5.2 Cutting plane method

In this approach, we iteratively refine the feasible region by adding linear inequalities called

cuts generated from integer solutions. The capacity and sub-tour elimination constraints

(6.7) and (6.8) of BCP-C are relaxed and the resulting optimization problem is solved to

integer optimality. All violated capacity and sub-tour elimination constraints are identified

and added before re-solving the problem with these additional constraints. The process is

repeated until a feasible solution to the original problem, i.e., a solution without any sub-tour

or capacity violation is obtained.

The model under consideration is as follows:

Model BCP-CPM:

Minimize (6.1)

subject to :

Constraints (6.2) - (6.6)

Constraints (6.9) - (6.10)

The violation of capacity and sub-tour constraints are identified by evaluating constraints

(6.51) for the integer optimal solution of BCP-CPM. The violated constraints are then added

and the model is solved again.

∑
i∈S

∑
j∈S

xij ≤ |S| −
⌈
|S|
c

⌉
(6.51)
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where S ⊆ N

Constraints (6.51) is said to be facet defining inequalities to the capacitated vehicle routing

problem with identical demand in Araque et al. [9].

6.6 Results and discussion

The design and operation of the biomass feedstock logistics system largely depends on the

crop and physiographic region of the operation. A typical feedstock production field in the

Southeastern United States is of an average size 10 ha with a yield of 6.7 Mg/ha. Though,

biomass is generally baled into both rectangular and round bales, the latter is found to

be more advantages for the operation in the Southeast. Round switchgrass bales of size

1.5 m diameter x 1.2 m long, each weighing about 0.4 Mg are commonly used. Hence a

typical production field would have about 160 round bales. The distribution of bales in the

production field depends on the baler and variation of yield across the production field. From

practice, it is safe to assume that the distribution of bales are more or less uniform across

the production field. The capacity of infield hauling equipment varies from 6 to 12 bales per

trip, depending on the size of trailer or wagon attached to the in-field hauling vehicle.

The bale collection problem can be mathematically modeled as a capacitated vehicle routing

problem (CVRP) with unit demand, but standard benchmark instances for the CVRP or the

traveling salesman problem (TSP) cannot be used as the nodes are not uniformly distributed.

Figure 6.4 shows the scatter plot of a standard benchmark instance with 48 nodes used to

test CVRP or TSP related algorithms .For BCP, we generated instances by assuming a yield

of 16-17 bales per hectare for a field with bales uniformly distributed over the production

field. A problem instance is defined by the capacity constraint of the vehicle (c) and by the

n+ 1 exact locations in a field: n corresponding to the location of bales to be collected, and

1 corresponding to the SSL (starting/ending point of the tour). Figure 6.5 shows the scatter

plot of the data instance with 48 nodes specifically designed for the bale collection problem.
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Figure 6.4: Standard benchmark data set with 48 nodes.

Figure 6.5: BCP data set with 48 nodes.



Rahul Ramachandran Chapter 6 123

Table 6.1 provides some problem instances specifically for the bale collection problem, which

are used for testing some of the solution approaches under study.

Table 6.1: BCP problem instances.

Instance Total number of nodes (N0) Number of bales (N) Vehicle capacity (c)

1 18 17 6

2 18 17 8

3 18 17 12

4 28 27 6

5 28 27 8

6 28 27 12

7 30 29 6

8 30 29 8

9 30 29 12

10 48 47 6

11 48 47 8

12 48 47 12

13 72 71 6

14 72 71 8

15 72 71 12

16 84 83 6

17 84 83 8

18 84 83 12

We compare the performances of formulations BCP-C, proposed in section 6.4, when im-

plemented directly on OPL and solved CPLEX 12.6 with default settings. A two index

formulation by removing the index for vehicle in the binary variables reduces the problem to

a capacitated TSP. All runs were made on a 2.5 GHz computer having 1 GB of RAM with
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a maximum CPU time limit of 3600 seconds. The direct use of CPLEX did not solve the

problem instances to optimality for node size above 50 within the CPU time limit. Table 6.2

presents results obtained when BCP-C instances are run directly on CPLEX with default

settings.

Table 6.2: Computational results for direct application of CPLEX on BCP-C instances.

Instance N0 N c Time(Sec)/Optimality gap (%) LB+ OFV++

1 18 17 6 16.5 - 28.0645

2 18 17 8 2.66 - 24.537

3 18 17 12 0.64 - 21.361

4 28 27 6 1.64% 50.1886 51.0274

5 28 27 8 542.95 - 42.6608

6 28 27 12 76.44 - 35.4787

7 30 29 6 853.06 - 52.304

8 30 29 8 1460.5 - 44.661

9 30 29 12 19.08 - 37.877

10 48 47 6 5.81% 97.6484 103.6693

11 48 47 8 8.71% 78.9243 86.4519

12 48 47 12 3.56% 62.4836 64.7897

13 72 71 6 8.37% 171.5517 187.2136

14 72 71 8 13.32% 136.1387 157.0611

15 72 71 12 13.10% 103.9599 119.6356

16 84 83 6 8.95% 224.1322 246.1521

17 84 83 8 11.97% 176.3288 200.3071

18 84 83 12 13.41% 129.8938 150.0116

LB+ Lower bound, OFV++ Objective function value

A column generation and cutting plane-based methodology presented in section 6.5 were
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explored to see if problem instances with more than 50 nodes can be solved effectively,

but they were found to be ineffective. The column generation-based methodology was not

effective for any problem instance, but smaller problem instances (1,2,3,and 6) performed

better using the cutting-plane-based methodology. Problem instances 5 and 8 reached the

optimal solution within 82 and 32 seconds, respectively, but could not prove optimality in

the former case and took 1380 seconds to prove optimality for the latter case.

Table 6.3: Computational results for cutting plane-based methodology on BCP-C instances.

Instance N0 N c Time (Sec)/Opt. gap (%) LB+ OFV++ Cuts

1 18 17 6 1.05 - 28.0645 333

2 18 17 8 0.36 - 24.5373 54

3 18 17 12 0.47 - 21.361 10

4 28 27 6 7.57% 47.1884 51.0515 14978

5 28 27 8 1.58% 41.9848 42.6607 14068

6 28 27 12 9.84 - 35.4787 738

7 30 29 6 6.98% 49.8734 53.6148 16149

8 30 29 8 1379.47 - 44.6608 5422

9 30 29 12 18.55 - 37.877 831

10 48 47 6 34.74% 84.2955 129.1673 14366

11 48 47 8 18.76% 73.1556 90.053 15157

12 48 47 12 13.16% 61.237 70.5184 10598

13 72 71 6 49.12% 120.5816 236.9766 13274

14 72 71 8 50.15% 97.4296 195.4494 13951

15 72 71 12 42.45% 89.2459 155.0668 14039

16 84 83 6 54.39% 140.1231 307.2264 13986

17 84 83 8 55.61% 121.6023 273.935 12104

18 84 83 12 52.38% 100.6844 211.4114 13425

LB+ Lower bound, OFV++ Objective function value
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Column generation-based methodology can be further improved my devising ways to solve

the pricing problem effectively and also by introducing a good starting solution. For the

cutting plane-based methodology, sequential introduction of the violated cuts can be ex-

plored, instead of adding them as lazy constraints. Different families of cuts can be explored

to evaluate if that improves the effectiveness of the cutting-plane-based methodology. Also,

structure of the bale collection problem and the uniform distribution of nodes can be studied

to develop efficient solution approaches.

6.7 Conclusion

In this Chapter, we introduce a relevant operational-level problem in the biomass feedstock

logistics called the bale collection problem (BCP). The BCP and some of its relevant ex-

tensions were mathematically modeled as a capacitated vehicle routing problem with unit

demand. Since, the standard benchmark instances for CVRP and TSP cannot be used for

BCP, we generated problem instances with nodes uniformly distributed, which is in line

with characteristics of bale distribution in the actual production field. The solution ap-

proaches explored includes direct application of CPLEX, and column generation and cutting

plane-based methods. The methodologies explored were not found to be very effective on

large-sized instances. For future research, we recommend study of the problem structure to

develop effective, valid inequalities and exploring methodologies like “Cluster first and route

next” to obtain good heuristic solutions to this problem with larger number of nodes in rea-

sonable computational time. Modifications of clustering algorithms like k-means clustering

can be used to obtain clusters of size equal to vehicle capacity. Then, a traveling salesman

problem can be solved for each cluster to find sequence of nodes to be visited within a cluster.

Exact algorithms using a branch-and-price-based approach may be another viable approach

to explore for this problem.



Chapter 7

Concluding Remarks and Directions

for Future Research

In this thesis, we have addressed the design and analysis of tactical and operational-level

decision making for the biomass feedstock logistics system. In Chapter 1, we have presented

the various problems encountered in determining these decisions. The key decisions involved

are: fleet size of load-out equipment sets and tractor-trailers, allocation of tractor-trailers to

SSLs during every period, routing of equipment sets among the SSLs for unloading biomass to

transport to bio-refinery, among others. In Chapter 2, we have provided a detailed description

of biomass feedstock logistics system for the Southeast United States to help understand the

underlying problems and challenges, and also, to set a background for mathematical and

simulation models described later.

In Chapter 3, we have provided a taxonomic review of literature pertaining to the biofuel

supply chain based on fundamental operations research problems, modeling methodologies,

and solution approaches used in order to help the practitioners in identifying the underlying

operations research problems and in taking advantage of the state-of-the-art modeling and

solution approaches from extensive research on these well-studied problems.

127
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In Chapter 4, we propose a novel modeling approach to determine tactical decisions like fleet

sizes of equipment and trucks by using optimization and simulation models. The application

of the proposed methodology proves its ability to provide an implementable robust solution in

the face of uncertainties. A general framework of the proposed methodology is provided. For

future research, we propose to investigate if this modeling approach can be used for solving

stochastic programs in general, and if not, to identify the class of stochastic programming-

based models that can use the proposed approach.

In Chapter 5, we have presented a decision support tool for biomass feedstock logistics based

on an optimization model. The proposed decision support tool considers current system

status, like inventory, current location of equipment sets, inflow of biomass from fields to

storage locations, and determines the storage locations to unload biomass from, amount of

biomass to be shipped, allocation and routing of tractor-trailers and load-out equipment

sets in order to minimize operational cost. The mixed integer programming-based model is

implemented in Visual Studio 12.0, and solved using CPLEX 12.6. For future research, a

graphic user interface of routes can be explored to provide output to the user in a more lucid

manner. Also, additional features like prioritizing unloading of specific SSLs can be included

to make the decision support tool more realistic.

In Chapter 6, we introduce an operational-level problem in biomass feedstock logistics called

the bale collection problem (BCP). The problem was mathematically modeled as a capaci-

tated vehicle routing problem with unit demand. The solution approaches explored include

direct application of CPLEX, and column generation and cutting plane-based methods, and

were not found to be very effective on large-sized instances.
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Appendix A

Input modeling

Input data and process logic are the most important components in a simulation model.

Verification and validation procedures are carried out to check if these two components are

modeled correctly. Input modeling comprise of three main steps as follows:

• Step 1: Collection of data

• Step 2: Selecting a distribution to fit the collected data

• Step 3: Conduct goodness of fit test

Collection of Data: The process of collecting data is onerous, time consuming and ex-

pensive. Also, a clear understanding of what data is needed before data collection exercise

and hence it is recommended to collect data after building the simulation model. The data

collected will provide insights about the randomness in the process being modeled.

Selection of a distribution: The collected data is used to fit a distribution, and the

simulation model will use random samples from the distribution and not the collected data

directly. The distribution selection hierarchy is as follows:

1. Use collected data to fit the distribution using an input modeling software
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2. Use raw data and load discrete points into a custom distribution (i.e., empirical CDF)

3. Use the distribution suggested by the nature of the process or underlying physics

4. Assume a simple distribution and apply reasonable limits when lacking data (e.g., Pert,

Triangular)

Several softwares are available to fit distributions for collected data, e.g., @Risk, Matlab,

Minitab, SAS are some among others. Statistical methods like maximum likelihood estima-

tion is used to estimate parameters for the fitted distributions.

Goodness of fit test: After the distribution and its parameters are selected, it can be com-

pared to the collected data through visual inspection and statistical tests. Visual methods

includes histograms, comparison of fitted CDF versus the data based CDF, Q-Q plots and P-

P plots as shown in Figure A.3. The statistical tests are based on classical statistical testing

in which a null hypothesis is compared to an alternative. Three commonly used goodness of

fit tests are the Chi-Squared test, the Kolmogorov-Smirnov test, and the Anderson Darling

test. The figures below show parameter estimation, goodness of fit test, and Q-Q plot using

@Risk software.

Figure A.1: Parameter estimation.
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Figure A.2: Goodness of fit test.

Figure A.3: Q-Q plot.

The Chi-Squared (χ2) test is based on comparing the observed number of observations in

a histogram cell with the number expected, if the fitted distribution was the input model.

χ2 test can be applied to discrete distributions like binomial and Poisson distributions. The

Kolmogorov-Smirnov (K-S) test is a non-parametric test that looks at the largest (vertical)
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distance between the fitted CDF and the data-based CDF. Anderson Darling (A-D) test is a

generalization of K-S test, but puts more weight in the tails of the difference unlike K-S test

which uses equal weights. The tail of the fitted distribution is very important as the variation

in the distribution is largest in tails and it is the tails that affects queuing, utilization and

flow time statistics. Both K-S and A-D tests are restricted to continuous distributions. For

more detailed description on input modeling for simulation, readers are directed to Nelson

[89].
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