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Green Design of a Cellulosic Butanol Supply Chain
Network: A Case Study of Sorghum Stem Bio-butanol in
Missouri
Li Liang and Henry J. Quesada*
Cellulosic butanol is a very promising renewable fuel to consider for the
future transportation market. However, the seasonal availability of the
raw materials, high maintenance cost, and high logistical cost of the
biomass energy supply chain are the main factors impeding the
commercialization and large-scale-production of this energy source.
Furthermore, research focusing on an environmental or green supply
chain network design of cellulosic butanol has been insufficient. This
study focused on designing a green supply chain network for cellulosic
butanol. A life cycle analysis was integrated into a multi-objective linear
programming model to optimize the cellulosic butanol supply chain
network. With the objectives of maximizing the economic profits and
minimizing the greenhouse gas emissions, the proposed model can
optimize the location and size of a bio-butanol production plant. The
mathematical model was applied to a case study in the state of Missouri,
and solved the tradeoff between the feedstock and market availabilities
of sorghum stem bio-butanol.
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INTRODUCTION
Renewable energy sources can reduce fossil fuel dependency and mitigate climate
change (Cherubini and Strømman 2011), and as such they are an attractive option to
ensure the security of future energy sources (Sharma et al. 2013). Among the various
renewable energies, biomass energy is expected to play a dominant role in the future
(Rentizelas et al. 2009). One of many biomass energies, cellulosic butanol, an alcoholic
fuel that can be used as a direct replacement for gasoline, is a very promising renewable
fuel in the future transportation market (Kumar and Gayen 2011). Because of its low
water miscibility, similar energy content and octane number to that of gasoline, and
blending ability with gasoline at any proportion, it can be directly utilized in gasoline
engines (Kumar et al. 2009; Gu et al. 2012). However, the seasonal availability of the
raw materials, high maintenance cost, and high logistical cost of the biomass energy
supply chain are the main factors that impede the commercialization and large-scaleproduction of this energy source (Baños et al. 2011).
A good way to reduce these barriers is to utilize supply chain management.
Supply chain management can effectively integrate the supply chain of a product by
minimizing its relative cost (Eskandarpour et al. 2015). In supply chain management, the
initial step is to design the supply chain network. The power of a well-designed supply
chain network is remarkable, because it impacts all the subsequent decisions in the supply
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chain (Farahani et al. 2014). Supply chain network design (SCND) considers the number,
location, and size of production plants and other associated facilities. The assignments
between warehouses and retail outlets are also considered during SCND. Decision
makers need to minimize the fixed and operation costs, while maximizing the economic
profits. However, environmental issues are not sufficiently considered during this process
(Elhedhli and Merrick 2012). Because of the quality revolution of the 1980s and supply
chain revolution of the 1990s, it has become clear that the best supply chain management
integrates environmental management with ongoing operations (Srivastava 2007). Green
SCND, which combines the supply chain scope with environmental performance metrics
at an early design stage (Miranda-Ackerman et al. 2017), is a good practice for
integrating environmental management into SCND.
Green SCND is extension of traditional SCND. It requires the supply chain
network to be designed in an environmental friendly way. In green SCND, economic
profit is not the only factor to be considered. The carbon footprint, the waste generation,
the energy use, and the material recovery, etc., are also important. Applying the green
SCND into the commercialization of bio-butanol can achieve the environmental
development of this energy resource without violating its economic performance.
However, the current literature focused on the environmental or green SCND of biobutanol is insufficient. For example, Eskandarpour et al. (2015) reviewed 87 papers about
sustainable SCND. Only six papers discussed the SCND of bio-ethanol (Mele et al. 2009;
Corsano et al. 2011; You and Wang 2011; Akgul et al. 2012; Giarola et al. 2012; You et
al. 2012), and none of the papers discussed bio-butanol SCND. For example, Giarola et
al. (2012) generated a mixed-integer linear two-stage stochastic programming model in
order to maximize the profits and minimize the GHG emissions of a multi-echelon and
multi-period bioethanol supply chain network. In this network, the biomass cost and
carbon cost are uncertain. In addition, Wang et al. (2011) developed a bi-objective
mixed-integer optimization programming model and applied it in the green SCND of a
global procurement center in a Chinese world-class company. In their model, the CO2
equivalent emissions is the only environmental metric used in the objective function.
Finally, Mele et al. (2011) combined MODA with MILP and used it to optimize a sugarethanol supply chain. In this problem, the main conflict objectives are the environmental
and economic performance of the entire supply chain.
Because of the advantages of using bio-butanol as an alternative energy supply,
such as environmental protection, fuel performance, and transportation convenience, biobutanol has sufficient superiority over bioethanol. Therefore, the green SCND of
cellulosic bio-butanol needs to be further researched.
This study focused on designing a green supply chain network for cellulosic biobutanol liquid fuel. In this research, a life cycle analysis (LCA) was used to develop a
multi-objective linear programming (MOLP) model to optimize the cellulosic bio-butanol
supply chain network. With this model, the optimal location and size of a bio-butanol
production plant were selected with the objective of maximizing the economic profits and
minimizing the environmental impacts. The mathematical model was applied to a case in
the state of Missouri (MO). The optimal location and production capacity of a sorghum
stem bio-butanol production plant were determined. To solve the MOLP model, the Ɛconstraint method was applied because of its applicability and simplicity. The Ɛconstraint method solved the MOLP model by changing the environmental objective
function to be one of the constraints.
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The results of this research can be used to support the decision-making process at
the strategic, tactical, and operational levels of cellulosic bio-butanol commercialization
and cellulosic bio-butanol supply chain optimization. The results of this research can also
be used as an introductory guideline for beginners who are interested in cellulosic biobutanol commercialization and supply chain design.

LITERATURE REVIEW
Environmental Metrics for Green Supply Chain Network Design
A traditional SCND model usually uses costs or profits as the target value in the
mathematical model to measure the economic performance of a project (Autry et al.
2013). Similarly, a green SCND model also needs target values to measure the
environmental performance and formulate a mathematical model. The metrics of
measuring a green supply chain network help to select the environmental factors used by
the green SCND model. According to a literature review of Ahi and Searcy (2015), at the
end of 2012 there were 2,555 different metrics used in 445 articles related to green supply
chain management and sustainable supply chain management. Although many of the
metrics were only used once, there were a few commonly used metrics. Air emissions,
greenhouse gas (GHG) emissions, energy use, and energy consumption were metrics
used more than 20 times. For example, Elhedhli and Merrick (2012) developed a linear
programming model for green SCND. In their model, the GHG emissions were used as
an environmental performance measurement and embedded into the objective function.
Comas Martí et al. (2015) used assignment-based formulation to design an environmental
supply chain network. The model included not only the environmental impacts, but also
the inventory level, demand uncertainty, transportation mode, and geographical
differences of the procurement cost. In their model, the carbon emissions of each supply
chain process were used as metrics to evaluate the environmental performance.
The carbon footprint, which is often quantified as GHG emissions, is a
commonly-used to measure the environmental performance of a supply chain. The GHG
emissions are defined as the total amount of GHG emitted from the supply chain
(Eskandarpour et al. 2015). Theoretically, any type of GHG emission can be used to
measure the total carbon footprint. However, for practical and economic reasons, carbon
dioxide (CO2) and methane (CH4) are the most common indicators to measure the carbon
footprint (Wright et al. 2011). Usually, GHG emissions do not need to be calculated
explicitly, but can be estimated by the quantity of consumed energy (Harris et al. 2011)
or by an economic input-output analysis from recent Error Input/Output (EIO) studies
(Pourmohammadi et al. 2008). Additionally, there are many other commonly-used
environmental metrics, such as the waste generated (Lira-Barragán et al. 2011; Pishvaee
and Pazmi 2012; Eskandarpour et al. 2013), energy utility (Papapostolou et al. 2011;
Corsano et al. 2011; Mohammadi et al. 2014), and material recovery (Minciardi et al.
2008; Harraz and Galal 2011; Amin and Zhang 2013).
Models for Green Supply Chain Network Design
In this SCND model, the main decision variables included the locations and sizes
of the warehouses and production plants, technology selection, and transportation model
selection. Because the flows within the supply chain network are usually modeled as
continuous constraints, the formulation of a SCND model often includes mixed-integer
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mathematical models with single or multiple objective function (Eskandarpour et al.
2015). The single objective function model uses some conversion factors to convert the
non-homogeneous measurements into a single objective function. For example, Zhang et
al. (2017) proposed a mixed-integer nonlinear programing model to design a green
supply chain network of an assembly manufacturing enterprise. The model used the unit
CO2 emission tax as a conversion factor to convert the CO2 emission into the financial
costs. Through this conversion, the model can use a single objective to minimize both
economic cost and CO2 emission. The multi-objective model is used when the nonhomogeneous measurements are hard to convert into a single objective function. For
example, Yeh and Chuang (2011) proposed a multi-objective mixed-integer non-linear
programming model to select a partner for a green supply chain network. Their model
had four conflicting objectives, which included product quality, time, cost, and green
appraisal score. In this study, two multi-objective genetic algorithms were used to find
the Pareto-optimal solutions and solve the conflicting objectives.
Objective models can be classified into deterministic and stochastic models
(Eskandarpour et al. 2015). For example, Yue et al. (2014) proposed a multi-objective
mixed-integer-linear-fractional programming model to address the network design
problem of a sustainable cellulosic bioelectricity supply chain. In their large-scale model,
the biomass supply system, preprocessing stage, conversion stage, and sale situation were
considered. In some particular cases, a few factors, such as customer demand,
transportation cost, waste generation, and emission generation, are not deterministic or
known. In these cases, stochastic programming can be utilized. For example, Giarola et
al. (2012) generated a mixed-integer linear two-stage stochastic programming model to
maximize the profits and minimize the GHG emissions of a multi-echelon and multiperiod bioethanol supply chain network. In their network, the biomass and carbon costs
were uncertain.
Life Cycle Analysis
An LCA refers to a quantitative environmental evaluation and assessment of the
life cycle of a product (Rebitzer et al. 2004). The framework of an LCA includes the
objective definition, inventory analysis, impact assessment, and interpretation, which are
discussed in the following paragraphs. Figure 1 shows a summary of the relationship of
these four elements in an LCA framework (ISO 14040 2006).

Fig. 1. Framework of an LCA

The first step of an LCA is to set up a well-defined objective for the study, and
then the functional units and boundaries can be defined. The boundary can be classified
into four types based on the different phases of a product: cradle-to-grave (from raw
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materials to disposal or recycling), cradle-to-gate (from raw materials to factory gate),
gate-to-gate (manufacturing gate to delivery, transportation to another manufacturing
gate, etc.), and gate-to-grave (from factory gate to disposal) (Eskandarpour et al. 2015).
Functional units serve as reference units to measure the performance of a product system
(ISO 14040 2006). Depending on the goal of the study, the functional unit must be
represented in terms of per unit output. The functional unit can also be categorized into
four types: input unit related, output unit related, unit agriculture land, and unit time
(Cherubini and Strømman 2011). The core task of an inventory analysis is to collect and
evaluate standardized data, as well as validate the pertinent data. After collecting the
initial data, the system boundaries are decided by excluding the subsystems and material
flows or by including the new unit processes. The data validation serves as a tool to
improve the data quality (Jensen et al. 1998).
An impact assessment aims at expressing the output of the complex
environmental analysis in terms of a few environmental impacts of interest. The
environmental impacts of mid-point (theme) oriented life cycle impact assessment
(LCIA) methods include the greenhouse effect, climate change, stratospheric ozone
depletion, natural resource depletion, aquatic toxicity, human toxicity, eutrophication,
acidification, etc. The environmental impacts of Endpoint (damage) oriented methods
include human health-related, ecosystem health-related, and resource damages
(Eskandarpour et al. 2015). In the mathematical model, both midpoint and endpoint
methods can be used in an environmental assessment, and either an exhaustive LCA or
partial LCA approach can be employed in the model (Eskandarpour et al. 2015).
The interpretation step analyzes the results provided by the inventory analysis and
impact assessment, and conclusions and recommendations related to the scope and goal
of the study are generated (Lo Giudice et al. 2014).
Augmented Ɛ-Constraint Method
The Ɛ-constraint method is used to optimize one of the objective functions by
having other objectives serve as constraints. Equation 1 is the original optimization
program and Eq. 2 is the transferred optimization program. Through this transformation,
the original multi-objective problem can be transferred into a single objective problem.
The right-hand side (RHS) of each constraint is determined by the payoff table. The
payoff table shows the results coming from the individual optimization of each objective
function, and these results can be obtained with a conventional linear programming (LP)
optimizer (Mavrotas 2009).
Max ( f 1 ( x ), f 2 ( x ),..., f p ( x ))
st

(1)
x S,

Max ( f 1 ( x )  eps  (s 2  s 3  ...  s p ))
st
f 2 ( x )  s 2  e2 ,
f 3 ( x )  s 3  e3 ,

(2)

...

f p (x )  s p  e p ,
x  S and s i  R  ,
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where x is the vector of the decision variables, f1(x) to fp(x) are the objective functions, S
is the feasible region, and e1 to ep are very small numbers (usually from 10-3 to 10-6).
The augmented Ɛ-constraint method is an improvement of the original Ɛconstraint method, and it allows more accurate results than the original version (Mavrotas
2009). The new method is shown below as Eq. 3. In the augmented Ɛ-constraint method,
the payoff table is obtained by Lexicographic optimization, as shown in Table 1. For
example, when optimizing f1(x) only, the optimal value of f1(x), which is f1(x1*), can be
obtained. Then, f2(x) can be optimized with the constraint that f1(x) equals f1(x1*). These
steps continue until the payoff table is completed. The range of each objective function is
obtained from the payoff table, and ei is obtained by dividing the range of the feasible
solutions into even distributed intervals (Yu and Solvang 2016).
Max f 1 ( x )
st
f 2 ( x )  e2
f 3 ( x )  e3

(3)

...

f p (x )  e p
x S,

where S2 to Sp are the slack or surplus variables of each objective function.
Table 1. Example of a Payoff Table
Max f1(x)
Max f2(x)
:
Max fp(x)

f1(x)
f1(x1*)
f1(x2*)
:
f1(xp*)

f2(x)
f2(x1*)
f2(x2*)
:
f2(xp*)

…
…
…
…
…

fp(x)
fp(x1*)
fp(x2*)
:
fp(xp*)

In this research, a deterministic MOLP model was developed. In this model, two
objective functions, environmental and economic, were used to maximize the global
supply chain profits and minimize the GHG emissions. An LCA was used to evaluate the
GHG emissions of each activity of the cellulosic bio-butanol supply chain, and the Ɛconstraint method was applied to deal with the tradeoff between the economic and
environmental objectives in the MOLP model.

PROBLEM STATEMENT
The objectives of the model presented in this article are to maximize the
economic profits and to minimize the GHG emissions of the sorghum bio-butanol supply
chain. This was achieved by:
 Selecting the optimal location and capacity of the bio-butanol production
plant,
 Determining the optimal bio-butanol transportation method.
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The problem to be addressed by the application of this model is shown in Fig. 2.
In this case, for a given sorghum stem bio-butanol supply chain network, the sorghum
stem is the cellulosic biomass feedstock and bio-butanol is the major product. The local
farmers or third-party feedstock aggregators are the feedstock suppliers, the bio-butanol
production plant is the producer, and the fuel distribution centers are the customers. The
suppliers deliver the sorghum stem to the producer by truck. Before being converted into
bio-butanol, the feedstock is stored in warehouses on the production site. To be converted
into bio-butanol, the sorghum stem needs to go through pretreatment, hydrolysis,
fermentation, and bio-butanol recovery processes. The produced bio-butanol is stored in
above-ground storage tanks (ASTs) before being delivered to the customers. The
producer creates contracts with third party distribution companies to deliver the biobutanol to customers. The bio-butanol is shipped to the customers by railcars or oil-tanker
trucks based on the distances between the producer and customers.

Fig. 2. Sorghum stem bio-butanol supply chain network

For the sorghum stem suppliers, the locations and associated annual maximum
sorghum stem supply limit were given. The costs of harvesting and delivering one unit of
sorghum stem for one mile were also known. The transportation distances between the
suppliers and producers were obtained from online Google Maps (Google, Mountain
View, CA, USA). Additionally, the GHG emissions from the sorghum stem harvest and
transportation were obtained from SimaPro 8.2.3.0 (PRé Consultants B. V., Amersfoort,
Netherlands). Given these parameters, the objective is to select the suppliers where the
total cost (harvesting and delivering) is minimum. Positive continuous variables are used
to select the best set of suppliers in order to meet the constraints and minimize total costs.
For the bio-butanol producer, the possible locations and bio-butanol yield from
the sorghum stem were given. The capital cost of building a bio-butanol production plant
with a certain capacity and bio-butanol production cost were also known. Additionally,
the GHG emissions of the bio-butanol production were obtained from the LCA tool
called GREET 2015 (U-Chicago Argonne LLC, Argonne, IL, USA).
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Table 2. Notation
Nomenclature
I
J
K
B
F
L
P
R
Dk
uBi
xBi
xBij
xFj
xFUjk
xFRjk
xFk
yj
yUk
yRk

Tij
TjL
Ijk
Πi
Πj
ΠL
Πk
EB
ETB
ETUF
ETRF
EF
CBi
CTB
CTUF
CTRF
Cj
CFj
CFk
λij
λjk
αBj

Definition
Sets
Set of sorghum stem suppliers, indexed by i
Set of bio-butanol production plant candidates, indexed by j
Set of bio-butanol customers, indexed by k
Sorghum stem feedstock, indexed by B
Bio-butanol, indexed by F
Distributor, indexed by L
Compound interest parameters
The time period of the project, indexed by p (year)
Discount Rate
Demand parameter
The demand of customer k
Decision variables
The maximum harvest limit of sorghum stem B from supplier i (t)
The amount of sorghum stem B harvested from supplier i (t)
The amount of sorghum stem B transported from supplier i to producer j (t)
The amount of bio-butanol produced from production plant j in time period p (t)
The amount of bio-butanol transported from producer j to customer k by truck (t)
The amount of bio-butanol transported from producer j to customer k by railcar
(t)
The amount of bio-butanol delivered to customer k (t)
Is 1, if the production plant j is open
Is 0, otherwise
Is 1, if the bio-butanol is delivered from bio-refinery j to customer k by truck
Is 0, otherwise
Is 1, if the bio-butanol is delivered from bio-refinery j to customer k though
railway
Is 0, otherwise
Cumulated cash flows, costs, and emissions
The amount of money exchanged between supplier i and producer j
The amount of money exchanged between producer i and distributor L
The amount of money exchanged between producer i and customer k
The cash flow of supplier i in each time period
The cash flow of producer j in each time period
The cash flow of distributor L in each time period
The cash flow of customer k in each time period
The GHG emissions of cultivating and harvesting sorghum stem B (kg CO2 eq/t)
The GHG emissions of transporting sorghum stem B (kg CO2 eq/t*mi)
The GHG emissions of transporting bio-butanol F by truck (kg CO2 eq/t*mi)
The GHG emissions of transporting bio-butanol F by railcar (kg CO2 eq/t*mi)
The GHG emissions of producing bio-butanol F (kg CO2 eq/t)
Production cost parameters
The unit cost of harvesting sorghum stem B from producer i ($/t)
The unit cost of transporting sorghum stem B ($/t*mi)
The unit cost of transporting bio-butanol F by truck ($/t*mi)
The unit cost of transporting bio-butanol F by railway ($/t*km)
The capital cost of building the bio-refinery j ($)
The unit cost of producing 1 kg of bio-butanol F from production plant j ($/t)
The selling price of bio-butanol F to customer k ($/t)
The transportation distance from harvesting site i to bio-refinery j (mi)
The transportation distance from bio-refinery j to distribution center k (mi)
The bio-butanol F yield from sorghum stem B in bio-refinery j (t/t)
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For the third-party distribution companies, the costs of delivering one unit of biobutanol by truck and railway for one mile were given. The transportation distances
between the producers and customers were obtained from online Google Maps (Google).
The GHG emissions of the bio-butanol delivered by truck and railcar were given by
SimaPro 8.2.3.0. For each customer, the location, annual demand, and bio-butanol selling
price were given. Binary variables (1 or 0) or used to select the production sites and the
delivery method (by truck or rail) based on total minimum costs.

MATHEMATICAL MODEL
Environmental Objective Function
The environmental objective function minimizes the GHG emissions of the
feedstock cultivation and harvest, feedstock transportation, bio-butanol production, and
bio-butanol transportation for the given time period, as shown by Eq. 4,

Min ei  P  (E sorghum stem harvest  E sorghum stem transportation 
Ebio bu tanol

production

 Ebio bu tanol

(4)

transportation )

where Esorghum stem harvest is the GHG emissions from sorghum stem cultivation and harvest
(kg CO2 eq), Esorghum stem transportation is the GHG emissions from feedstock transportation
(kg CO2 eq), Ebio-butanol production is the GHG emissions from bio-butanol production (kg
CO2 eq), and Ebio-butanol transportation is the GHG emissions from bio-butanol transportation
(kg CO2 eq).
The GHG emissions from sorghum stem harvest, feedstock transportation (from
suppliers to producers), biofuel transportation (from producers to customers), and biobutanol production were calculated with Eqs. 5, 6, 7, and 8, respectively:
I

E sorghum stem harvest  E B   x Bi

(5)

i i

I

J

E sorghum stem transportation  ETB   x Bij ij y j

(6)

i i j i

E bio bu tanol

transportation

 ETUF

K

J

  x FUjk jk y j yUK  ETRF

k 1 j 1

K

J

  x FRjk jk y j y RK

k 1 j 1

(7)

E bio bu tanol

J

production

 E F  x Fj  y j

(8)

j 1

Economic Objective Function
The economic objective function is shown by the following equation:
P

1
(C bio bu tanol
p
p 1 (1  R )
C sorghum stem transportation C bio bu tanol

Max ec  

C production plant

selling

C sorghum stem harvest 

production

C bio bu tanol

transportation )

(9)

set up
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where Cbio-butanol selling is the earnings of selling the bio-butanol ($), Csorghum stem harvest is the
cost of sorghum stem harvest ($), Csorghum stem transportation is the cost of sorghum stem
transportation ($), Cbio-butanol production is the cost of bio-butanol production ($), Cbio-butanol
transportation is the cost of bio-butanol transportation ($), and Cproduction plant set up is the cost of
building a bio-butanol production plant ($).
The earnings of selling the bio-butanol were calculated with Eq. 10:

C bio bu tanol

K

selling

 C Fk x Fk

(10)

k 1

The costs of the sorghum stem harvest, sorghum stem transportation, bio-butanol
production, building a bio-butanol production plant, and bio-butanol transportation were
calculated with Eqs. 11, 12, 13, 14, and 15, respectively:
I

C sorghum stem harvest  C Bi x Bi

(11)

i 1

I

J

C sorghum stem transportation  CTB  x Bij ij y j

(12)

i 1 j 1

C bio bu tanol

J

production

C production plant

C bio bu tanol

 C Fj x Fj y j

(13)

j 1
J

set up

 C j y j

transportation

(14)

j 1

 CTUF

K

J

  x FUjk jk y j yUK
k 1 j 1

 CTRF

K

J

  x FRjk jk y j y RK
k 1 j 1
(15)

The proof of the economic objective function is shown below.
The cash flow of each time period for each supplier is the earnings from selling
the sorghum stem minus the sum of the biomass harvest and biomass delivery costs:
J

J

j 1

j 1

i  Tij y j C Bi x Bi CTB  x Bij ij y j

i  I

(16)

The cash flow of each time period for each producer candidate is the selling of the
cellulosic bio-butanol minus the sum of the bio-butanol production, third party logistical
contract, and biomass purchased costs:
K

I

k 1

i 1

 j  y j ( T jk  Tij C Fj x Fj T jL )

j  J

(17)

The cash flow of each time period for the distributor is the earnings from the
contract with the producer minus the cost of bio-butanol delivery:
J

J

K

J

K

L  T jL y j CTUF   x FUjk jk y j yUk CTRF   x FRjk jk y j y Rk
j i

j 1 k 1

j 1 k 1

(18)

The cash flow of each time period for each customer is the selling of the biobutanol minus the cost of bio-butanol purchased:
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J

k  C Fk x Fk  T jk y j

k  K

(19)

j 1

Therefore, the economic objective function is given, as follows:

(20)
Constraints
The amount of sorghum stem harvested from supplier i should not exceed the
maximum harvesting limit of the supplier:

x Bi  uBi

i  I

(21)

The total amount of sorghum stem delivered to different bio-refineries from
supplier i should be equal to the amount of feedstock harvested from supplier i:
J

x Bij y j

j 1

 x Bi

i  I

(22)

The amount of sorghum stem in each bio-refinery j should be:
I

x Bij

i 1

 x Bj

j  J

(23)

The amount of bio-butanol produced in bio-refinery j is obtained by multiplying
the amount of sorghum stem in bio-refinery j with the conversion rate:

 Bj x Bj  x Fj

j  J

(24)

The amount of bio-butanol delivered from bio-refinery j to different customers
should not exceed the amount of bio-butanol produced at bio-refinery j:
K

K

 x FUjk yUk  k1 x FRjk y Rk  x Fj
k 1

j  J

(25)

The amount of bio-butanol delivered to each customer k should be:
J

J

j 1

j 1

 x FUjk yUk y j   x FRjk y Rk y j  x Fk

k  K

(26)

The amount of bio-butanol delivered from bio-refinery j to each customer k
should not exceed the demand of customer k:

Dk  x Fk

k  K
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A binary variable was introduced to select the location of the bio-refineries:

y j  1, y j  N 

j  J

(28)

A binary variable was introduced to select the bio-butanol transportation method:

yUk  1, yUk  N 

k  K

(29)

IMPLEMENTATION OF THE MULTI-OBJECTIVE LINEAR PROGRAMMING
(MOLP) MODEL: A CASE STUDY IN MISSOURI (MO)

Fig. 3. A flowchart showing the implementation of the mathematical model.

The steps to conduct the implementation of the mathematical model are shown in
Fig. 3. The first step in order to implement the mathematical model was to identify a
suitable location. In this case, the funding agency supporting the project required that the
model was implemented in the state of Missouri (MO). Following, potential sites for
customers (distribution centers) were also located. The next step required the
determination of the input parameters to conduct the implementation of the model.
Finally, results were analyzed and compared with different scenarios.
The potential sorghum production sites and fuel distributors were identified based
on production of sorghum and potential market. According to the national agriculture
statistic service (USDA 2015a), MO has a total of 155,000 ac of planted sorghum (Table
3) and there are 88,900 ac of planted sorghum farmland in southeast MO, which contains
57.35% of the total sorghum planted farmland in MO. Therefore, compared with the
other regions in MO, the southeast region of MO was a better location to source the
feedstock for the sorghum stem bio-butanol supply chain.
Table 3. Sorghum Farm Distribution in MO by Region (USDA 2015a)
Region in MO
Northeast
Central
Southwest
South Central
Southeast
Other Districts
Missouri

Area Planted (ac)
6,900
9,500
3,600
3,500
88,900
42,600
155,000
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Percentage
4.45%
6.13%
2.32%
2.26%
57.35%
27.48%
100%
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However, fewer potential customers (fuel distributors) can be found in southeast
MO. Major fuel distributors are located in the central region of MO. Figure 4 was created
through a map tool called ZeeMap (Zee Source, Cupertino, CA, USA). According to this
map, many fuel distributors are centralized around the city of St. Louis. There are only a
few customers located around southeast MO.
In the central region of MO, there are less sorghum stem producers, but there is a
larger market potential. While the southeastern region of MO has more sorghum stem
producers, the region has a smaller potential market. A tradeoff exists between the
feedstock and market availabilities. Therefore, in this case study, two scenarios were used
to compare the priority between the feedstock and market availabilities. In the first
scenario, the bio-refinery was located in the central region of MO, while in the second
scenario, the bio-refinery was located in the southeast part of MO. In each scenario, a
potential location for a bio-butanol production plant, locations of a few possible
suppliers, and locations of possible customers were given. The model was applied to both
scenarios, and the optimal solutions of each scenario were compared to select the optimal
location of a sorghum stem bio-butanol production plant in MO.

Fig. 4. Fuel distributors near the major sorghums supply counties

Scenario 1: Central MO
In this scenario, three counties, Callaway, Boone, and Osage, were selected as the
suppliers because of their larger sorghum planted areas. The sorghum planted area of
each selected county is given in Table 4. The planted area of each county was obtained
from the NASS data for 2014 (USDA 2015a), and the sorghum stem production was
calculated with a sorghum stem yield of 21.5 t/ac (Almodares et al. 2008).
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Table 4. Related Information of the Selected Suppliers in Central MO
County Name
Callaway
Boone
Osage

Area Planted (ac)
1,700
2,000
1,200

Sorghum Stem Production (t)
36,550
43,000
25,800

To lower the feedstock transportation cost, the geographical middle point of these
three counties was selected as the location of the bio-butanol production plant. Therefore,
the bio-butanol production plant in central MO was in Callaway County, as can be seen
in Fig. 5. In Figure 5, the boundary of MO is highlighted in purple, and the three selected
suppliers are highlighted in pink. Because the biomass feedstock has a transportation
distance limit of 30 mi, a blue circle was used to represent the 30-mi-radius limit of the
feedstock transportation. Because all of the suppliers were covered or almost covered by
the blue circle, a worst-case scenario was used to calculate the distances between the
producer and suppliers. There were eight possible customers in the central region. The
demand of each customer and travel distances between the producer and customers are
given in Table 5.

Fig. 5. Central MO scenario

Table 5. Information of Each Customer in Central MO
Customer
Distance (mi)
Demand (thousand t)

1
36.66
1,000

2
82.64
800

3
110.6
1,500
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4
111.85
1,000

5
126.76
1,300

6
108.74
1,500

7
104.39
2,000
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Scenario 2: Southeastern MO
In this scenario, Dunklin, Pemiscot, and New Madrid, were selected as the
suppliers because of their larger sorghum planted areas. The sorghum planted area of
each selected county are given in Table 6. The planted area of each county was obtained
from the NASS data for 2014 (USDA 2015a), and the sorghum stem production was
calculated with a sorghum stem yield of 21.5 t/ac (Almodares et al. 2008).
Table 6. Related Information of the Selected Suppliers in Southeastern MO
County Name
Dunklin
Pemiscot
New Madrid

Area Planted (ac)
4,000
3,700
2,200

Sorghum Stem Production (t)
86,000
79,550
47,300

To lower the feedstock transportation cost, the geographical middle point of these
three counties was selected as the location of the bio-butanol production plant. Therefore,
the bio-butanol production plant in the southeastern MO was in New Madrid County, as
indicated in Fig. 6. In Figure 6, the boundary of MO is highlighted in purple, and the
three selected suppliers are highlighted in pink. The blue circle is the possible sourcing
area. Because all of the suppliers were covered or almost covered by the blue circle, the
distances between the producers and suppliers were assumed to be 30 mi. Additionally,
there were eight possible customers in the southeastern region. The demand of each
customer and travel distances between the producer and customers are given in Table 7.

Fig. 6. Southeastern MO scenario

Table 7. Information of Each Customer in Southeastern MO
Customer
Distance (mi)
Demand (thousand t)

1
77.67
1,800

2
36.66
2,000

3
99.42
1,000
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85.75
1,200

5
46.6
800

6
105.63
1,000

7
155.34
1,500
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Input Parameters
To integrate the LCA into the mathematical model, the GHG emissions were used
as the environmental impact indicator. To simplify the calculation, most of the GHG
emissions were aggregated into one single indicator called CO2 equivalent emissions with
the method PICC 2007 GWP 100a V1.02 in SimaPro 8.2.3.0. However, because the data
of the iso-butanol production was gathered from GREET 2015, the calculation method
was different from that used in SimaPro. The GHG emissions could not be aggregated
into the CO2 equivalent indicator, so the GHG emissions from iso-butanol production
were represented by the total GHG emissions. Table 8 shows the LCA input parameters
and Table 9 shows the input parameters in the mathematical model.
Table 8. LCA Input Parameters
Parameter
EB
ETB
EF
ETUF
ETRF

Value
0.0325 kg CO2 eq/kg
0.000631 kg CO2 eq/(kg*mi)
2.68 kg GHG/kg
1.18E-4 kg CO2 eq/(kg*mi)
3.54E-5 kg CO2 eq/(kg*mi)

Table 9. Values of the Other Input Parameters
Parameter
uBi
CBi
CTB
CTUF
CTRF
Cj
CFj
αBj
λij

Value
Tables 3 and 4
$34.5/ton or $0.038/kg
$6.14/ton + 0.64/ton*mi or
$0.0068/kg + 0.0007/kg*mi
$0.06/ton*km or $0.00009/kg*mi
$0.03/ton*km or $0.00005/kg*mi
$140,930,000
$0.72/kg
8.5 g/L
30 mi

Reference
USDA (2015a)
U.S. EPA (2010)
Searcy et al. (2007)
The World Bank (2011)
Dutton (2017)
Zhang et al. (2011)
U.S. EPA (2010)

General Assumptions
To better understand the tradeoff between the feedstock and market availabilities,
some irrelevant variables needed to be controlled. Therefore, for both scenarios, it was
assumed that:
 the time period of this project was 5 years and a discount rate of 10%. Both were
arbitrarily chosen
 the unit sorghum stem harvest cost was the same for all of the suppliers
 the unit sorghum stem transportation cost was the same
 the transportation distance between the suppliers and producer was 30 mi
 the bio-butanol selling price was $3.00/gal for all of the customers
 both bio-butanol transportation methods were acceptable for all of the customers
 the conversion rate of bio-butanol was the same for all of the producers
When applying the Ɛ-constraint method, 600 grid points were used to divide the
feasible range of the model.
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RESULTS AND DISCUSSION
Results for the Central MO Scenario
In the first scenario, the limitation of the feedstock availability did not allow the
producer to serve all eight possible customers. Customer 5, which was 126.76 mi away
from the producer, could not be served. As such, instead of having eight customers, the
producer in central MO only had seven customers. The optimal bio-butanol transportation
method was by railcar because of its low delivery costs and GHG emissions. The
maximum profits for five years were $3,050 million, with total GHG emissions of 116.56
million t of CO2 eq over five years and an annual production size of 9,577 thousand t of
bio-butanol. The minimum GHG emission was 0 t of CO2 eq with a profit of $0. The Ɛconstraint method was used to solve the multi-objective model. The relationship between
the economic and environmental objectives was positive-linear, as shown in Fig. 7. If the
GHG emissions decreased by 194 thousand t of CO2 eq, the total profits of the biobutanol supply chain decreased by $5.3 million. Essentially, to reduce the GHG
emissions by 1 t of CO2 eq, the producer needed to pay $27.20.

Fig. 7. Tradeoff between the total profits and GHG emissions of the supply chain for the first
scenario

Results for the Southeastern MO Scenario
In the second scenario, when the production plant was located near the feedstock
sources, the demands of all of the customers were fully satisfied. However, the eight
nearby customers were not able to buy all of the feedstock resources. According to the
results, the nearby customers were only able to buy half of the total feedstock resources.
Therefore, the producer would need to explore customers further away to sell all of the
large feedstock amount. According to an extra analysis, it was feasible to serve customers
within 544 mi by railcar and customers within 272 mi by truck. Serving customers at
these distances could still result in profits for the whole bio-butanol supply chain.
In this scenario, the optimal bio-butanol transportation method was also railcar.
The maximum profits for five years were $3,403 million, with total GHG emissions of
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128.995 million t of CO2 eq over five years and an annual production yield of 10,600,000
t of bio-butanol. To solve the MOLP problem, the Ɛ-constraint method was used. The
relationship between the total profits and GHG emissions was also positive linear, as
shown in Fig. 8. If the GHG emissions decreased by 215 thousand t of CO2 eq, the total
profits of the bio-butanol supply chain decreased by $5.7 million. To reduce the GHG
emissions by 1 t of CO2 eq, the producer needed to pay $26.50.

Fig. 8. Tradeoff between the total profits and GHG emissions of the supply chain for the second
scenario

Comparing the Results from Both Scenarios
The supply chain in the southeastern MO scenario pays less to reduce 1 t of CO2
eq than the producer in the central MO scenario.

Fig. 9. Comparison of the total supply chain profits for both scenarios with the same amount of
GHG emissions
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Additionally, the maximum profits for five years of the bio-butanol supply chain
in southeastern MO was $353 million higher than that of the central MO scenario.
However, the associated GHG emissions of the southeastern MO scenario were 12.44
million t of CO2 eq higher than that of the central MO case. Therefore, to better compare
both cases, an additional analysis was conducted to determine the economic differences
between the two cases with the same amount of GHG emissions. The results of this
analysis are shown in Fig. 9.
From Fig. 9, it was obvious that the total supply chain profits of the southeastern
MO scenario were still higher than the profits of the central MO scenario, even with the
same amount of GHG emissions. Therefore, the performance of the southeastern MO
scenario was better than that of the central MO scenario. Under the assumptions made in
this study, the feedstock availability was more important than the market availability
when designing the sorghum stem bio-butanol supply chain network in MO.
Determination of the Bio-Butanol Supply Chain Production Size
According to the previous analysis, the eight nearby customers in southeastern
MO were not able to utilize all of the feedstock. Because the feedstock was not
exhausted, more customers were needed to buy the feedstock, which would increase the
production size and total profits. A further analysis was therefore conducted to determine
if having more customers could improve the performance of the supply chain network. In
addition to the eight customers nearby, this analysis included six other customers from
central MO. The results of this analysis are shown in Fig. 10.

Fig. 10. Further analysis of the relationship between the total profits and GHG emissions of the
supply chain for the southeastern MO scenario with an increased number of customers

From Fig. 10, the relationship between the total profits and GHG emissions was
still positive-linear. To reduce the GHG emissions by 1 t of CO2 eq, the producer needed
to pay approximately $24.40, which was lower than for the previous two scenarios. It is
necessary to mention that the optimal bio-butanol transportation method was by railcar.
To determine the size of the bio-butanol production plant, the environmental
objective needed to be considered. In this case, an extra analysis was conducted to study
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production plant sizes with different possible weights on the economic and environmental
objectives. The results of this analysis are shown in Table 10.
Table 10. Production Sizes for the Different Scenarios
Economic
Weight (%)
100
95
90
85
80

Total Profits (million
dollars)
6026.16
5724.85
5423.54
5122.24
4820.93

GHG Emissions (million t of
CO2 eq)
230.15
217.80
205.45
193.10
180.75

Production Size
(million t)
18.9
17.95
17.01
16.06
15.11

Sensitivity Analysis
In order to provide more insights into the modelling results, a sensitivity analysis
was conducted. In this analysis, the values of some important input parameters were
changed to study the effects of these parameters into the objective functions. To illustrate
how these parameters affect the optimal solutions, the values of important input
parameters are changed in the range of [-50%, 50%]. The total supply chain profits and
the GHG emissions were calculated based on the changes of each input parameters. The
following figures presents the results of the sensitivity analysis.
Figures 11 and 12 indicate the changes of some costs and their effects in the total
supply chain profits. The changes in sorghum stalk harvest costs and bio-butanol
transportation costs caused very limited changes in the total supply chain profits.
Changes of bio-butanol production costs and bio-butanol sale prices affected the total
supply chain profit the most. By decreasing the bio-butanol production costs by 50%, the
total profits were increased to 388 %, while the bio-butanol supply chain was nonprofitable when increasing the production costs by more than 10%. The total supply chain
profits increased by 444 % by increasing the bio-butanol sale price by 50%, while the
bio-butanol supply chain was non-profitable when decreasing the bio-butanol sale price
by more than 10%.

Fig. 11. The NPV against the percentage change in cost parameters
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Fig. 12. The NPV against the percentage change in the production cost and biofuel sale

Figure 13 indicates the change in demand and the effects on the total supply chain
profits and GHG emissions. The GHG emissions has a decreasing and linear trend as the
demand decreased. Decreasing the current demand for 10% caused a 10% decrease in
GHG emissions. The GHG emissions increased as the demand increased, though the
effects were very limited. Increasing the demand by 10% only caused a 3.37% increase in
GHG emissions. However, after increasing the current demand for more than 10%, the
GHG emissions began to decrease. Increasing the current demand for 10% caused a
0.01% decrease in GHG emissions.

Fig. 13. The objective functions against the percentage change in demand

The total supply chain profits also had the similar changing pattern when the
demand was decreased. However, the supply chain profits increased as the demand
Liang et al. (2018). “Bio-butanol supply chain,”
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increased, though the changings were very limited. The supply chain profits only
increased by 4.35% when the demand increased by 50%. It is necessary to point out that
after increasing the demand by 10%, the supply chain profits increased, but the GHG
emissions decreased.

CONCLUSIONS
1. Similar to other supply chain structures, it was found that the structural dimension of
a bio-butanol supply chain contains four tiers of a horizontal structure: supplier,
manufacturer, distributor, and customer. The bio-butanol companies are located in the
middle of the horizontal structure. The vertical structure of bio-butanol supply chains
varies, depending on the number and types of biomass feedstock produced and the
number and types of bio-butanol purchasers.
2. A multi-objective linear programming (MOLP) model combined with a life cycle
analysis (LCA) was developed to optimize the sorghum stem bio-butanol supply
chain network. The model was used to determine the bio-butanol transportation
method, as well as the location and size of a bio-butanol production plant by
optimizing both the economic and environmental objectives.
3. After applying the MOLP model it was found that the optimal location of a cellulosic
butanol production in the state of Missouri can achieve a maximum profit of $3.4
billion, total GHG emissions of 128.9 tons of CO2 eq, and a production of 10.6
million tons of bio-butanol within five years. These results would need to be
validated.
4. The model was applied in two cases in MO to deal with the tradeoff between the
feedstock and market availabilities. Under the assumptions made in this study, the
feedstock availability was more important than the market availability when
designing a sorghum stem bio-butanol supply chain network in MO.
5. Biomass feedstock and biofuel market availability are the two primary factors for
choosing the ideal location of a cellulosic bio-butanol production plant. According to
the analysis of the two scenarios in MO, the optimal location for the bio-butanol
production plant is in southeastern MO, where there is abundant sorghum stem
resources.
6. Under the assumptions of this study, the optimal transportation method for biobutanol is railcar because of its low delivery costs and GHG emissions.
7. The production size of the bio-butanol production plant was based on the tradeoff
between the economic and environmental objectives. A higher adherence to the
environmental objective resulted in a smaller production plant.
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