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The optimal design and operations of shale gas supply chains under uncertainty of estimated ultimate recovery (EUR) is
addressed. A two-stage stochastic mixed-integer linear fractional programming (SMILFP) model is developed to opti-
mize the levelized cost of energy generated from shale gas. In this model, both design and planning decisions are con-
sidered with respect to shale well drilling, shale gas production, processing, multiple end-uses, and transportation. To
reduce the model size and number of scenarios, we apply a sample average approximation method to generate scenarios
based on the real-world EUR data. In addition, a novel solution algorithm integrating the parametric approach and the L-
shaped method is proposed for solving the resulting SMILFP problem within a reasonable computational time. The pro-
posed model and algorithm are illustrated through a case study based on the Marcellus shale play, and a deterministic
model is considered for comparison. VC 2015 American Institute of Chemical Engineers AIChE J, 61: 3739–3755, 2015
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Introduction

In recent years, the widespread application of horizontal

drilling and hydraulic fracturing has led to a “shale revolu-

tion,” which further results in the U.S. transitioning from an

importer to a net exporter of natural gas.1 As reported by the

Annual Energy Outlook 2015 released by the U.S. Energy

Information Administration (EIA),2 natural gas production is

expected to grow by an average rate of 1.6% per year from

2012 to 2040, more than double the 0.8% expected annual

growth rate of total consumption in the U.S. over the same

period. The 56% increase in total natural gas production is

mainly due to increased shale gas production, which will grow

by more than 10 Trillion Standard Cubic Feet (Tscf). The per-

centage of the U.S. total natural gas production from shale gas

is expected to increase from 40% in 2012 to 53% in 2040.
Despite the optimistic forecast of shale gas production given

by the EIA, a recent report by Post Carbon Institute unveils

the fact that the actual future of shale gas may not be as bright

as the EIA suggests.3 From a well-by-well-based calculation

of shale gas production throughout the U.S., they conclude

that the actual profitability of a shale well can be significantly

affected by the uncertainty in the estimated ultimate recovery

(EUR) and astounding decline rates of production ranging

from 60 to 90% in the first 3 years. Considering the significant

influence of the shale gas industry on the overall U.S. energy

sector, it is essential to design and operate emerging shale gas

supply chains with explicit consideration of EUR uncertainty

and actual shale gas production profiles.
Supply chain design and optimization under uncertainty has

long been known as a challenging problem that is vital to the

success of industrial concerns.4,5 Currently, there are publica-

tions regarding design and operations of shale gas supply

chains,6–9 and some works present a general analysis of the

uncertainty in shale gas supply chains,10–13 while only a few

of them provide a quantitative solution using mathematical

programming tools. Yang and Grossmann14 presented a mixed-

integer linear programming (MILP) model optimizing water

use life cycle for shale wells. Cafaro and Grossmann15 pro-

posed a mixed-integer nonlinear programming (MINLP)

model to determine the optimal design of a shale gas supply

chain. However, operational decisions are not addressed, and

the actual lifetime of shale wells are not properly addressed.

Gao and You16 proposed a mixed-integer linear fractional pro-

gramming (MILFP) model to address the optimal design and

operations of a shale water supply chain. Yang and Gross-

mann17 presented a new MILP model for optimizing capital

investment decisions for water use for shale gas production

through a State-Task Network. Recently, Gao and You18 con-

ducted a life cycle optimization of the shale gas supply chain

addressing both design and operational decisions to reveal the

trade-off between economic performance and green house gas

(GHG) emissions. By reviewing the existing works, we have

identified the absence of a comprehensive shale gas supply

chain model that considers design and planning decisions

under uncertainty. Meanwhile, recently published papers on

the life cycle assessment of shale gas highlights the large influ-

ence of EUR uncertainty, identified as the most critical source
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of uncertainty that can significantly influence both the eco-
nomic and environmental performances of shale gas supply
chains.8,19–21 Therefore, we consider it necessary and impor-
tant to develop a shale gas supply chain model that not only
considers both design and planning decisions but also properly
addresses EUR uncertainty.

To achieve this goal, the following challenges need to be

addressed. First, it is necessary to select the correct data and
approach to decipher EUR uncertainty. The second challenge is

to develop a novel and comprehensive model based on the EUR

distribution that can optimize the economic performance

regarding both design and planning decisions under uncertainty.
Finally, we need to be able to solve the resulting large-scale

optimization problem in a reasonable amount of time. In this

work, we derive the EUR distribution based on real data
reported in existing literature.1,22 There are two methods com-

monly applied to handle uncertainty in optimization problems.23

The first one involves Robust Optimization (RO) methods.24,25

Although RO is known for its superior computational tractabil-
ity, it is designed to address optimization problems with uncer-

tain data that are only known to belong to some uncertainty set.

Moreover, because RO considers the worst case, it may suffer

from its conservativeness and fail to give an economically
attractive optimal solution. By reviewing the reported EUR data

as shown in Figure 4, we identify a wide distribution of EUR

with distinct “long tails,” which is not suitable for applying RO
approach. Therefore, we adopt the scenario-based stochastic

programming approach to explicitly account for the EUR uncer-

tainty. Stochastic programming has been widely used to quanti-

tatively account for uncertainty in design, planning, and
scheduling problems.26–28 A two-stage SMILFP model is

hereby proposed to minimize the levelized cost of energy

(LCOE) in a shale gas supply chain. The objective is to find a
solution with the best expected performance under all scenarios.

Due to the dependence of stochastic programming on the sce-

narios, the resulting problem size may increase exponentially as

the number of scenarios increases. To tackle this challenge, we
adopt a sample average approximation (SAA) approach to gen-

erate scenarios based on the real-world EUR distribution data.29

This is combined with statistical methods to determine the
required number of scenarios to achieve the desired accu-

racy.30,31 The required number of scenarios is significantly

reduced with guaranteed solution quality due to the SAA

method. To further boost the solution process of the resulting
two-stage SMILFP problem, a novel algorithm integrating the

parametric approach and the L-shaped method is developed to

solve large-scale problems efficiently. Finally, a case study

based on the Marcellus shale play is presented to illustrate the
application of the proposed modeling framework and solution

approaches.
The major novelties of this work are summarized as

follows:
� This article is the first work that explicitly addresses EUR

uncertainty in the design and operations of shale gas sup-

ply chains;
� A novel modeling framework addressing the economic

efficiency of shale gas supply chain with multiple end cus-

tomers taken into account is developed;
� Novel solution algorithms targeting on the solution of

two-stage SMILFP problem efficiently are presented;
� A practical case study of a shale gas supply chain based

on real-world data from the Marcellus shale play is

provided.

The rest of this article is organized as follows. In the follow-
ing section, we provide the background on a general shale gas
supply chain. After that, the formal problem statement is
given, followed by the detailed model formulation. Then the
SAA method and the proposed novel algorithm are introduced.
To illustrate the application of the proposed model and solu-
tion method, one case study based on the Marcellus shale play
is presented before the conclusion of the work.

Background and Literature Review

A typical shale gas supply chain network is depicted in Fig-
ure 1. As can be seen, a shale gas supply chain can be divided
into upstream, midstream, and downstream sections.7

The upstream section involves all the phases that are
directly or indirectly related to shale gas production activities
at shale sites. There are preparation phases including potential
well exploration, leasing, acquisition, and permitting. Well
exploration is the very first phase in the shale gas supply chain,
where potential drilling sites are identified based on geologic
evaluations. Once this phase is completed, the shale well oper-
ator must sign corresponding lease contracts and obtain neces-
sary permits following existing policy and regulations. After
the preparation phases, shale site infrastructure can be
installed and drilling activities can start. Typical shale site
infrastructure includes mud ponds, drilling rigs, brine storage
tanks, onsite processing equipment, mobile wastewater treat-
ment facilities, transportation trucks, and so forth. The drilling
process normally consists of multiple stages, and each stage
involves corresponding steel casing inserting and cement
injection. After the drilling process, hydraulic fracturing, also
known as “fracking,” is implemented. Millions of gallons of
fracturing fluid as a mixture of water, sand, and chemical addi-
tives is injected into the wellbore under high pressure, such
that fractures are created and are kept open by proppant
trapped in the fractures after fracturing water pressure is
released, and shale gas flows back to the surface as a raw prod-
uct. Together with the shale gas, a certain percentage of water
flows back as highly contaminated wastewater that can either
be treated, disposed of, or reused. Corresponding water man-
agement options include Class-II disposal wells, centralized
wastewater treatment facilities, and onsite treatment.32 The
raw shale gas, depending on specific shale play location, gen-
erally has a different composition.

After a simple preprocessing step to satisfy the pipeline
requirement, the shale gas will be compressed and transported
to processing plants for further separation, identified as the
midstream section of the shale gas supply chain. A typical
design for a conventional shale gas processing plant includes
the following processes: acid removal, sulfur recovery and tail
gas cleanup, dehydration, natural gas liquids (NGLs) recovery,
fractionation, and nitrogen rejection.33,34 The size and location
of each processing plant are usually the most important design
decisions due to their high capital investment. Through this
shale gas processing, compounds and gases, oil, and water
mixed with the natural gas are removed, and two major prod-
ucts, the “pipeline-quality” sales gas and NGLs, are extracted
and sold separately.

The downstream of shale gas supply chain mainly involves
the storage, distribution, and sale of natural gas. According to
the U.S. EIA, there are four major natural gas customers,
including electric power plants, industrial customers, commer-
cial customers, and residential customers.35 As their names
indicate, in electric power plants, natural gas is used for power
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generation to supply electricity to the public. For industrial

customers, natural gas is used for heat, power, or as a chemical

feedstock by manufacturing establishments or those engaged

in mining or other mineral extraction, as well as consumers in

agriculture, forestry, and fisheries. For commercial customers,

natural gas is used by nonmanufacturing establishments or

agencies primarily engaged in the sale of goods or services.

Residential customers use natural gas in private dwellings.

Alternatively, natural gas can be transported to underground

reservoirs for temporary storage. There are three principle

types of underground storage sites in the U.S., namely,

depleted natural gas or oil fields, aquifers, and salt caverns.36

These underground reservoirs behave as a “buffer” in the shale

gas supply chain to accommodate fluctuations in demand and

price. Natural gas is mainly transported through pipeline net-

works. Depending on their exact function, there can be differ-

ent sizes of pipelines ranging from 6 in. to 48 in. in diameter.7

In the natural gas pipeline network, there are compressor sta-

tions and metering stations to provide necessary pressurization

and measurement for the gas flow. Considering the significant

capital investment for shale gas infrastructure, it is crucial to

determine the optimal network design and operations deci-

sions for the shale gas supply chain that can help to achieve

the best economic performance especially under the uncer-

tainty of shale well EUR.

Problem Statement

In this section, we formally state the problem of optimal

design and operations of a shale gas supply chain under uncer-

tainty. A superstructure of the shale gas supply chain network

taken as a reference in this study is depicted in Figure 2.

As can be seen, such a network includes a set of shale sites

with potential wells that can be drilled, a set of processing
plants where sales gas and NGLs are separated, and a set of

end customers, namely power plants, industrial customers,

commercial customers, and residential customers, where natu-

ral gas is consumed to provide energy. Following existing lit-
erature, the storage option is neglected in this shale gas supply

chain to simplify the complex network,15 although the pro-

posed modeling framework and solution algorithm are general
enough to be easily adapted to consider this issue. Shale gas is

transported through pipelines that need to be designed with

appropriate capacity. In this problem, we are given the follow-
ing parameters:
� Reference capital investment data regarding well drilling,

construction of processing plants, and installation of gas

pipelines;
� Operating costs with respect to hydraulic fracturing, shale

gas production, shale gas processing, and transportation;
� Reference capacity data related to potential processing

plants and pipelines;
� Problem specific data, including the reference production

profile of shale gas, EUR sampling data of shale well,
maximum number of wells that can be drilled for each

shale site, composition of shale gas, processing efficiency

at processing plants, sale price of NGL, minimum demand

of natural gas, and average energy generation efficiency
for different end customers.
Corresponding to the two-stage stochastic programming

method, major decision variables comprise two stages. The

first-stage decisions correspond to all the design decisions,
which are made “here-and-now” prior to the realization of

EUR uncertainty. The second-stage decisions are all the

Figure 1. Overview of shale gas supply chain network.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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operational decisions that are postponed to a “wait-and-see”

mode after EUR uncertainty and the shale gas production pro-

file is revealed. Details of these decisions variables are given

as the following:

Stage I: Design Decisions

� Number of wells to be drilled in each shale site;
� Constructions of processing plants and corresponding

capacities;
� Installation and corresponding capacities of pipelines

between shale sites, processing plants, and end customers.

Stage II: Operational Decisions

� Amount of shale gas produced at each shale site in each

time period;
� Amount of shale gas processed at each processing plant in

each time period;
� Amount of gas being sent to each end customer in each

time period;
� Amount of energy generated corresponding to different

end-use.
In this work, we make the following assumptions:

� Maximum number of wells that can be drilled at each

shale site is known beforehand;
� Shale wells within the same shale site is lumped together

in the supply chain;
� The total operational cost regarding all the activities

related to shale gas production, such as hydraulic fractur-

ing, pumping, water management, and so forth, is propor-

tional to the amount of shale gas produced;
� NGL is known to have higher unit economic value than

methane. Yet, NGL is considered as by-product of shale

gas and sold at processing plants, because we focus on

shale gas supply chain in this work;
� Minimum demand of natural gas for different end cus-

tomer is estimated based on the overall scale of shale gas

supply chain considered in this work.

The objective of this two-stage stochastic programming
problem is to optimize the expected LCOE generated from
Shale gas, which is formulated as minimizing the total
expected cost of shale gas supply chain divided by the total
energy generation.37 The LCOE can be regarded as the cost at
which electricity must be generated to break-even over the
lifetime of the project.38 Therefore, it is considered as an ideal
economic indicator in a shale gas supply chain.18 As a result,
the goal of this model is to seek the best average economic
performance of shale gas for energy generation under uncer-
tainties of EUR of shale sites. It is also worth noting that cur-
rently, the noncooperative supply chain optimization problem
is still very challenging to tackle. In this work, we assume a
cooperative model in this work following the pattern of most
existing supply chain optimization work.

Model Formulation

According to the general problem statement in the previous
section, we present the model formulation for the optimal
design and operations of shale gas supply chain networks. A
list of indices, sets, parameters, and variables is given in the
nomenclature, where all of the parameters are denoted with
lower-case symbols, and all of the variables are denoted with
upper-case symbols. A general description of the mathemati-
cal model is given as follows:

Objective: min E LCOEð Þ5 TC

TEG
5

TC1st1
X
js2JS

TC2nd;js � pjs

X
js2JS

TEG2nd;js � pjs

s.t. Mass-balance constraints (11)–(15)
Capacity constraints (16)–(20)
Bounding constraints (21)–(23)
Logic constraints (24)–(28)

Objective function

The objective of this stochastic programming model is to
optimize the expected LCOE, which is formulated as total
expected net present cost (TC) divided by total expected

Figure 2. Superstructure of shale gas supply chain network.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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energy generation (TEG). The numerator TC equals the sum
of the first-stage cost (TC1st) and the expected second-stage
cost. TC1st accounts for the total capital investment, including
the capital cost of shale well drilling and completion, installa-
tion of pipelines, and construction of processing plants. The
expected second-stage cost is the summation of the products
of the scenario probability pjs and the associated scenario cost
TC2nd,js. As we consider NGLs as by-products of sales gas,
there are negative terms accounting for the extra income from
selling NGLs. Positive terms include costs related to shale gas
production operations, shale gas processing, and gas transpor-
tation. The denominator is the product of the scenario proba-
bility pjs and the associated scenario energy generation
TEG2nd,js.

The first-stage cost refers to total capital investment at the
beginning of the planning horizon, calculated by

TC1st5Cdrilling
1st 1Cprocessing

1st 1Cpipeline
1st (1)

where Cdrilling
1st is the capital investment of shale well drilling

and completion. Cprocessing
1st is the capital investment for con-

struction of processing plants, and Cpipeline
1st is the capital invest-

ment of pipeline networks that connect shale sites, processing

plants, and end customers of natural gas. The first term is cal-
culated by

Cdrilling
1st 5

X
i2I

sdci � NNi (2)

where NNi is an integer variable that denotes the number of

wells to be drilled at shale site i; sdci denotes the capital cost
for shale well drilling and completion at shale site i;

The second term is given by

Cprocessing
1st 5

X
p2P

X
r2R

�
prir21 � YPp;r

1 PCp;r2prcr21 � YPp;r

� �
� prir2prir21

prcr2prcr21

� �� (3)

where PCp,r denotes the processing capacity for range r proc-
essing plant p; YPp is binary variable that equals 1 if process-
ing plant p is constructed; prir is the reference capital
investment for processing plant with capacity range r; and prcr

is the corresponding reference capacity for processing plant
with capacity range r.

The last term is modeled as follows

Cpipeline
1st 5

X
i2I

X
p2P

X
r2R

tprir21 � XPi;p;r1 TPCi;p;r2tprcr21 � XPi;p;r

� �
� tprir2tprir21

tprcr2tprcr21

� �� �

1
X
p2P

X
m2M

X
r2R

tprir21 � XPMp;m;r1 TPMCp;m;r2tprcr21 � XPMp;m;r

� �
� tprir2tprir21

tprcr2tprcr21

� �� � (4)

where TPCi,p,r denotes the transportation capacity of a range r
pipeline from shale site i to processing plant p; TPMCp,m,r

denotes the transportation capacity of a range r pipeline from

processing plant p to end customer m; XPi,p,r is a binary variable

that equals 1 if a pipeline is installed to transport shale gas from

shale site i to processing plant p; XPMp,m,r is a similar binary

variable indicating the construction of a pipeline transporting

natural gas from processing plant p to end customer m; tprir is

the reference capital investment of a pipeline within capacity

range r for transporting gases; and tprcr is the corresponding

reference capacity of a pipeline within capacity range r.
The second-stage cost equals the summation of expected

costs for shale gas production, shale gas processing, and gas

transportation, subtracted by the expected income from sales

of NGLs, given as

TC2nd;js5Cproduction
2nd;js 1Cprocessing

2nd;js 1Ctransportation
2nd;js 2INGLs

2nd;js (5)

Cproduction
2nd;js refers to the operating costs in shale gas produc-

tion that is proportional to the amount of shale gas produced,

calculated by

Cproduction
2nd;js 5

X
i2I

X
t2T

spci;t � SPi;t;js

11drð Þt
(6)

where SPi,t,js is the shale gas production rate at shale site i in

time period t in scenario js; spci,t is the unit cost for shale gas

production at shale site i in time period t; dr is the discount

rate per time period.
Cprocessing

2nd;js refers to the operating costs in processing plants

that is proportional to the amount of shale gas processed, given

by

Cprocessing
2nd;js 5

X
i2I

X
p2P

X
t2T

vp � STPi;p;t;js

11drð Þt
(7)

where STPi,p,t,js denotes amount of shale gas transported from
shale site i to processing plant p in time period t in scenario js;
vp is the unit processing cost for shale gas.

Ctransportation
2nd;js indicates the total transportation cost, including

the transportation of shale gas from shale sites to processing
plants and transportation of sales gas between processing
plants and different end customers

Ctransportation
2nd;js 5

X
i2I

X
p2P

X
t2T

vtcs � lspi;p � STPi;p;t;js

11drð Þt

1
X
p2P

X
m2M

X
t2T

vtcm � lpmp;m � STPMp;m;t;js

11drð Þt
(8)

where STPMp,m,t,js denotes the amount of natural gas trans-
ported from processing plant p to end customer m in time
period t in scenario js; vtcs and vtcm indicate unit variable
transportation costs for pipeline transportation of shale gas
and sales gas, respectively; lspi,p and lpmp,m indicate the dis-
tance from shale site i to processing plant p and the distance
from processing plant p to end customers m, respectively.

INGLs
2nd;js denotes the income of selling NGL at processing

plants, calculated by

INGLs
2nd;js5

X
p2P

X
t2T

plt � PLSp;t;js

11drð Þt
(9)

where PLSp,t,js denotes the amount of NGL sold at processing
plant p in time period t in scenario js; plt denotes the average
unit price of NGL in time period t.
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The total energy generation TEG2nd,js corresponding to sce-
nario js equals the summation of energy generated from differ-

ent end customers, including the electric power consumption,
industrial consumption, commercial consumption, and resi-

dential consumption, calculated by

TEG2nd;js5
X
m2M

X
t2T

X
js2JS

uem � ect �
X
p2P

STPMp;m;t;js (10)

where uem denotes the average energy utilizing efficiency at
end customer m; ect is the energy content of natural gas.

Constraints

Mass-Balance Constraints. The total shale gas production

rate at a shale site equals the sum of the individual production
rates of the different wells. Therefore, the total shale gas produc-

tion at each shale site in each time period can be calculated by

SPi;t;js5NNi � sppi;t � euri;js; 8i; t; js (11)

where sppi,t denotes the shale gas production profile of a shale

well at shale site i in time period t; we use this time-dependent
parameter to account for the decreasing feature of the shale

gas production profile of a certain well.15,18 euri,js is the
parameter accounting for different EURs of the shale well at

shale site i in scenario js.
The total amount of shale gas production at each shale site

is equal to the total amount of shale gas transported to differ-

ent processing plants

SPi;t;js5
X
p2P

STPi;p;t;js; 8i; t; js (12)

The total methane produced at a processing plant is equal to

the methane composition of the total shale gas transported

from different shale sites taking into account processing effi-
ciency. The amount of NGLs produced at a processing plant is

determined by similar equationsX
i2I

STPi;p;t;js � pef �mci5SPMp;t;js; 8p; t; js (13)

X
i2I

STPi;p;t;js � pef � lci5SPLp;t;js; 8p; t; js (14)

where SPMp,t,js is the amount of natural gas produced at proc-
essing plant p in time period t in scenario js; pef is the process-

ing efficiency in terms of raw shale gas; mci denotes the
average methane composition in shale gas at shale site i;
SPLp,t,js stands for the amount of NGLs produced at process-
ing plant p in time period t in scenario js; lci is the average

NGL composition in shale gas at site i.
The total amount of natural gas produced at a processing

plant is equal to the sum of natural gas transported from the
processing plant to different end customers

SPMp;t;js5
X
m2M

STPMp;m;t;js; 8p; t; js (15)

Capacity Constraints. The amount of shale gas trans-

ported by pipeline from shale site i to processing plant p is
bounded by the capacity of pipelines, given by

STPi;p;t;js �
X
r2R

TPCi;p;r; 8i; p; t; js (16)

The amount of natural gas transported by pipeline from
processing plant p to end customer m is bounded by the

capacity of pipelines, given by the following constraints

STPMp;m;t;js �
X
r2R

TPMCp;m;r; 8p; m; t; js (17)

The total amount of shale gas from all the shale sites proc-

essed by each processing plant should not exceed its process-

ing capacity X
i2I

STPi;p;t;js �
X
r2R

PCp;r; 8p; t; js (18)

The total amount of natural gas transported from all the

processing plants to each end customer should meet their min-

imum demands

dmm;t �
X
p2P

STPMp;m;t;js; 8m; t; js (19)

where dmm,t denotes the minimum demand of natural gas at

demand node m in time period t.
Similarly, the total amount of NGLs sold at all the process-

ing plants is also bounded below by its minimum demand,

given as

dlt �
X
p2P

PLSp;t;js; 8t; js (20)

where dlt denotes the minimum demand for NGLs in time

period t.

Bounding Constraints. The constraints for the capacity of

pipeline transporting shale gas from shale site i to processing

plant p are given by

tprcr21 � XPi;p;r � TPCi;p;r � tprcr � XPi;p;r; 8i; p; r � 2 (21)

Similarly, the constraints for the capacity of pipelines trans-

porting natural gas are given by

tprcr21 � XPMp;m;r � TPMCp;m;r

� tprcr � XPMp;m;r; 8p; m; r � 2
(22)

If a processing plant is established, its processing capacity

should be bounded by the corresponding capacity range; other-

wise, its capacity should be zero. This relationship can be

modeled by the following inequality

prcr21 � YPp;r � PCp;r � prcr � YPp;r; 8p; r � 2 (23)

Logic Constraints. For the drilling issue of the shale well,

we have the following logic constraints.
The total number of wells drilled all shale sites should sat-

isfy the following constraintX
i2I

NNi � tln; 8i (24)

where tln denotes the minimum total number of wells that are

planned to be drilled in this project.
The total number of wells that can be drilled at shale site i

over the planning horizon is bounded by

NNi � tmni; 8i (25)

where tmni denotes the maximum number of wells that can be

drilled at shale site i.
For all the pipelines in this supply chain, we assume only

one capacity range r can be chosenX
r2R

XPi;p;r � 1; 8i; p (26)
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X
r2R

XPMp;m;r � 1; 8p; m (27)

Similarly, only one capacity range r can be selected for all

processing plants X
r2R

YPp;r � 1; 8p (28)

Solution Approaches

Scenario-based stochastic programming models are often

computationally demanding, because their model size will

increase exponentially as the number of scenarios increases.39

In this shale gas supply chain model, if we only consider three

shale sites in total and 100 independent EUR scenarios for

each of them, then there will be 1003 5 1,000,000 scenarios in

total. Moreover, the resulting problem is a large-scale two-

stage SMILFP problem, which is known to be computationally

challenging due to its combinatorial natural and pseudocon-

vexity.40,41 Considering the complexity of this shale gas sup-

ply chain model, it is necessary to develop solution strategies

to circumvent these computational challenges and improve

solution efficiency.

SAA method

In this work, we consider a SAA approach for the two-stage

stochastic programming problem.29,42 As a common approach

to reduce a scenario set to a manageable size, the basic idea of

this approach is to generate a sample of the uncertain parame-

ter (normally the parameters are assumed to be independent

identically distributed) to approximate the original expected

objective value by calculating the sample average. We use

Monte Carlo methods to generate scenarios based on existing

EUR data of 2600 shale wells as reported in the Marcellus

shale play.22,31 Oracle Crystal Ball43 software is applied as the
sample generator.

In the SAA approach, the number of scenarios is determined
by the desired level of solution accuracy, which can be meas-
ured by the confidence interval of the optimal solution. A
well-controlled choice of the sample can significantly reduce
the computational time and improve the accuracy of optimal
solutions. In this work, we determine the proper sample size
following the framework given in Figure 3.

As can be seen in Figure 3, to determine the “optimal” num-
ber of scenarios N*, we first solve the stochastic programming
problem with a small initial sample size n0 (e.g., 10–100).
Based on the optimal solutions obtained, we can then calculate
the Monte Carlo sampling variance estimator S(n0) using the
following equation

Sðn0Þ5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn0

s51

ðEðLCOEÞ2LCOEsÞ2

n021

vuuuut
(29)

where LCOE, as mentioned before, is the levelized cost of
energy generated from shale gas, that is, our objective value,
and LCOEs corresponds to scenario s. Based on this sampling
variance estimator, we are able to calculate the confidence
interval of 12a, given as

EðLCOEÞ2
za=2Sðn0Þffiffiffiffiffi

n0
p ;EðLCOEÞ1

za=2Sðn0Þffiffiffiffiffi
n0
p

� �
(30)

where za/2 is the standard normal deviation such that 12a/2
satisfies a standard normal distributed variable z � N(0,1),
Pr(z � za/2) 5 12a/2. For example, if we consider a 98% con-
fidence interval (12a 5 98%), then za/2 5 2.06.

Given the sampling variance estimator S(n0) and the desired
confidence interval H, we can calculate the minimum number
of required scenarios by the following equation

N�5
za=2Sðn0Þ

H

� �2

(31)

Based on the minimum number of scenarios obtained
above, we update the sample size and then solve the new sto-
chastic programming problem again following the same strat-
egy. A verifying step is added to make sure the required
confidence interval is achieved after solving the updated sto-
chastic programming problem. If this stopping criterion is sat-
isfied, the corresponding optimal solution is taken as a good
approximation of the exact optimal solution of the original sto-
chastic programming problem.30

In this work, by setting an initial sample size of 100 scenar-
ios and considering a 98% confidence interval, we finalize the
required number of scenarios as 300. In Figure 4, a compari-
son between the exact EUR distribution data derived from lit-
erature22 and that from sample approximation is presented.

As can be seen, the SAA approach provides an excellent
approximation of the original EUR distribution. In addition,
suppose we consider 100 discrete EUR scenarios for each of
the 10 shale sites, the total number of scenarios would be
10010 (�1020). By applying the SAA technique, a sample size
of around 300 is enough to find the optimal solution with 98%
possibility. However, we note that the resulting stochastic pro-
gram is still a large-scale two-stage SMILFP problem that can
be challenging to solve. In the following section, we introduce

Figure 3. Flowchart on determining the sample size.

[Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]
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a novel algorithm taking advantage of the special structure of

the problem to tackle the resulting SMILFP problem.

A novel optimization algorithm

SMILFP is a specially class of MINLP that includes both

fractional objective resulting from MILFP and L-shaped con-

straints due to the stochastic programming formulation. The

large-scale two-stage stochastic programming problem is diffi-

cult to solve.39 Moreover, it is known that global optimization

of MILFP problems can be computationally intractable

because of their combinatorial nature and pseudoconvex-

ity.44–46 Consequently, as a combination of these two types of

challenging optimization problems, the resulting two-stage

SMILFP problem is not expected to be solved efficiently by

any off-the-shelf solvers. By exploiting the problem structure,

we propose a novel and efficient optimization algorithm that

combines the parametric approach as well as the L-shaped

method as an effective way to tackle this difficult problem. In

this work, we first apply the parametric algorithm based on the

exact Newton’s method to circumvent the computational chal-

lenge resulting from the fractional objective function.47–49 As

a result, a parameter uc is introduced to replace the fractional

objective function with a linear parametric function, and the

original SMILFP problem is transformed to a set of stochastic

mixed-integer linear programming (SMILP) subproblems tar-

geting on finding the optimal value of uc. To further improve

the computational efficiency, the resulting two-stage SMILP

subproblem is solved using the L-shaped method.50,51 To pro-

vide a comprehensive idea of this algorithm, a flowchart of

this novel solution algorithm is given at first. Afterwards, we

present the general-form model formulation and solution strat-

egies. At last, a pseudocode of this novel solution algorithm is

provided. The detailed model formulations of dual-

subproblems and the corresponding cutting planes are

included in Appendix B.
The whole solution algorithm is summarized in Figure 5. As

can be seen, this solution algorithm integrates the parametric

algorithm and the L-shaped method through the inner and

outer loops. In the outer loop, we apply the parametric algo-

rithm to transform the original SMILFP problem to an equiva-

lent parametric SMILP problem. In the inner loop, L-shaped

method is used to tackle the two-stage SMILP problem. Based

on the solution of each subproblem corresponding to different

scenarios considered, we are able to updates either optimality

cuts or feasibility cuts to the master problem, thus updating

the LB and UB in the inner loop. Once the inner loop con-

verges, the parameter uc can be updated, which leads to the
next outer iteration.

Next, we consider a general form of the SMILFP model for-
mulation (P0) to illustrate this solution approach in detail

ðP0Þ ! min
x;ys

cTx1
X
s2S

psq
T
s ys

X
s2S

psr
T
s ys

(32)

s:t:Ax5b; x � 0 (33)

Wys5hs2Tsx; ys � 0; s 2 S (34)

First, by applying parametric algorithm, (P0) can be trans-
formed into the following parametric form (P1)

ðP1Þ ! min
x;ys

FðucÞ5cTx1
X
s2S

psq
T
s ys2uc �

X
s2S

psr
T
s ys (35)

s:t:Ax5b; x � 0 (36)

Wys5hs2Tsx; ys � 0; s 2 S (37)

then the target is to find a parameter uc such that F(uc) 5 0.47

As F(uc) does not have a closed-form analytical expression,
we can apply a numerical root finding method, namely the
exact Newton’s method, to solve the subproblem and update
the parameter uc.47

Because (P1) is an SMILP problem, we can apply the well-
known L-shaped method and solve the resulting two-stage
SMILP.52,53 The corresponding master problem and subpro-
blem are given as follows:

Figure 4. Comparison of EUR distribution between
exact data for Marcellus derived from litera-
ture and data from SAA.

[Color figure can be viewed in the online issue, which

is available at wileyonlinelibrary.com.]

Figure 5. Flowchart of the solution algorithm integrat-
ing parametric approach and L-shaped
method.

[Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]
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Master Problem:

ðP2Þ ! min
x;ys

cTx1h (38)

s:t:Ax5b; x � 0 (39)

h � eox1do; o51:::N (40)

ef x1df � 0; o51:::N0 (41)

Subproblem:

ðP3Þ! min
x;ys

FðucÞ5
X
s2S

psq
T
s ys2uc �

X
s2S

psr
T
s ys (42)

s:t:Wys5hs2Tsx; ys � 0; s 2 S (43)

where the inequalities (40) and (41) in (P2) are “optimality

cuts” and “feasibility cuts,” respectively that link the master

problem and the subproblem; eo, do, ef, and df are coefficients

for the Benders cut, which can be calculated based on the solu-

tion to the corresponding subproblems. In each inner iteration

of the L-shaped method, we first solve the master problem to

obtain the initial first-stage decisions. These design decisions

are then fixed in the solution of subproblems. Corresponding

optimality cuts and feasibility cuts are generated following the

above formulations. Depending on the solution of all the sub-

problems, we update the cut planes in the master problem and

go to the next iteration. Detailed formulation of these equa-

tions is provided in Appendix B.
To better illustrate the proposed solution algorithm, a pseu-

docode is given in Figure 6.

Case Studies

To illustrate the applicability of the proposed model and

solution strategy, one specific case study based on the Marcel-

lus shale play is considered in this work. A detailed descrip-

tion of this problem is given below. It is worth noting that the

proposed modeling framework and optimization algorithm are

general enough, so their application is not limited to any spe-

cific case study region. Moreover, to illustrate the practicality
of the proposed SMILFP model, we consider a traditional

SMILP model that minimizes the total cost for comparison.
The corresponding results are summarized in Appendix D.

In this case study, a total of 10 potential shale sites are con-

sidered, and each of them can drill up to four to eight shale
wells at maximum.54 All the drilling decisions are made at the

beginning of the planning horizon. An exponentially decreas-
ing approximation of the shale gas production profile is con-

sidered, which is a function of time and given in Appendix
A.15 There are three potential shale gas processing plants.

Four types of end customers of shale gas are considered,
including power plants, industrial customers, commercial cus-

tomers, and residential customers. The capital investment of
processing plants and pipelines are evaluated using a piece-

wise approximation approach, and four capacity ranges are
considered with respect to corresponding design decisions.

The total planning horizon is 10 years, which is close to the
real lifetime of shale wells, and it is divided into 10 time peri-

ods (1 year per time period).15,55 In this work, we adopt a 10%
discount rate for each year.56 All the detailed input data are

based on existing literature and given in Appendix A. The
resulting problem has 174,375 continuous variables (Stage I:

180; Stage II: 174,195), 190 discrete variables (Stage I: 190;
Stage II: 0), and 249,421 (Stage I: 433; Stage II: 248,988) con-

straints. All of the models and solution procedures are
coded in GAMS 24.4.157 on a PC with an IntelVR CoreTM i5-

2400 CPU @ 3.10 GHz and 8.00 GB RAM, running Window
8, 64-bit operating system. Furthermore, the MILP problems

are solved using CPLEX 12.6. The absolute optimality toler-
ance for all solvers is set to 1026. The optimality tolerance for

the inner loop in the proposed global optimization method is
set to 1022, and the optimality tolerance for the outer loop is

set to 1023.

Computational results

As discussed in the solution approach section, we propose a

novel global optimization algorithm to tackle this two-stage
SMILFP problem, which integrates the parametric algorithm

as well as the L-shaped method. By applying the parametric
algorithm, we are able to circumvent the fractional-form

objective and solve an MILP problem instead. In each iteration
of the outer loop, the introduced parameter uc is updated.

Meanwhile, the inner loop of this algorithm consists of the
L-shaped method. Through a set of iterations between the

master problem and subproblem, the lower bound and upper
bound keep updating until the final stopping criterion is satis-

fied. In this work, we choose CPLEX as the MILP solver, and
the initial value of uc is set to 0. We note that general-purpose

global MINLP solvers, namely BARON and SBB, cannot
return any feasible solution to this problem within 10 h, so we

only present the computational results of the proposed solution
algorithm. In Figure 7, we explicitly present the converging

process of this algorithm as it solves the case study.
The total computational time is 1590 CPU sec, and there are

a total of three outer loop iterations corresponding to the para-

metric algorithm. In the first outer loop iteration, the L-shaped
method takes 17 inner iterations to converge. In the second

outer loop iteration, where the parameter uc is updated, the
L-shaped method takes 34 inner iterations to converge. In the

third outer loop iteration, 95 inner iterations are required for
the L-shaped method to converge to the optimal value of

parameter uc*, such that F(uc*) is smaller than the optimality

Figure 6. Pseudocode of the global optimization
algorithm.
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tolerance. It is worth noting that as the value of the parametric
objective function approaches the optimal value, more inner
iterations are required to converge to the specified tolerance.

Optimization results

As can be seen in Figure 8, we present the optimal design of
the shale gas supply chain under EUR uncertainty. The overall
trend is to build a centralized supply chain network. Instead of
drilling evenly in more shale sites with less shale wells for
each site, only three shale sites, namely shale site 2, shale
site 7, and shale site 10, are selected among the 10 potential
shale sites as the optimal shale gas producers. A total of 12
shale wells are drilled, of which five wells are assigned to
shale site 2, four wells are assigned to shale site 7, and three
wells are assigned to shale site 10. By exploring the possible
reasons, we find that: first, the chosen shale sites 2, 7, and 10
have relatively higher average EUR considering the given
sample data. In addition, the distances between the aforemen-
tioned shale sites and processing plant 2, which is planned to
be constructed, are relatively shorter. Therefore, we conclude
that the final selection of these shale sites is a decision based
on simultaneous considerations of both EUR and transporta-
tion factors. As a result, more shale gas is expected to be pro-
duced under a fixed drilling, fracturing, and completion cost.

Moreover, the corresponding transportation investment as well

as operating cost can be reduced to some extent. Similar to the

drilling decisions, only one of the three potential shale gas

processing plants is constructed with a large processing

capacity, given as 22.8 Billion Standard Cubic Feet per year

(Bscf/year). Although it might be possible to reduce the over-

all transportation cost by building more processing plants with

smaller sizes considering the relative position of shale sites

and processing plants, the overall capital investment of proc-

essing plants is expected to be greater due to the economies of

scale, and more importantly, uncertain shale gas production

for each shale site. To summarize, we conclude that a single,

large size processing plant is a more reliable and economical

choice under EUR uncertainty.
To illustrate the value of our stochastic programming

model, we present the results of the Expected Value of Perfect

Information (EVPI) and the Value of the Stochastic Solution

(VSS).52 The EVPI measures the maximum price a decision

maker would be ready to pay in return for complete and accu-

rate information about the future (i.e., the exact EUR data in

this work). To calculate the EVPI, we solve each scenario in

isolation and then compute the average of the individual opti-

mal solutions. This value is known as the average performance

in case of perfect information. The EVPI is defined as the dif-

ference between the average performance with perfect infor-

mation and the optimal stochastic solution. Conversely, the

VSS shows the superiority of the optimal stochastic solution

over that of a single deterministic model with all uncertainties

replaced by their expected values. To obtain the VSS, we

solve the deterministic model where all EUR parameters are

replaced by their expectations, and then we evaluate that solu-

tion (fixing all design decisions) against all the scenarios, and

compute its average performance. The VSS is defined as the

difference between the optimal stochastic solution and the

average performance of the deterministic solution. The

detailed results are given in Figure 9.
As shown in Figure 9, the orange line is the objective value

obtained by solving the SMILFP problem, which is $0.0038/

MJ. The green dots indicate the exact objective values

obtained with fixed design decisions from the deterministic

model. Depending on the exact scenarios, the deviation can be

significant, leading to the conclusion that EUR uncertainty

Figure 7. Converging process of the proposed algo-
rithm.

[Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]

Figure 8. Optimal design of shale gas supply chain network under EUR uncertainty.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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does pose great impacts on the final economic efficiency of a

shale gas supply chain. The green line crossing these green

dots shows the average performance of the deterministic

model, which is $0.0055/MJ. Similarly, the blue dots are the

objective values obtained with perfect information (no uncer-

tainty) on EUR for all scenarios, and the corresponding blue

line shows the average performance in case of perfect infor-

mation, which is $0.0037/MJ. We notice a smaller spread of

the blue dots compared with that of the green dots, which indi-

cates that improper design decisions from deterministic mod-

els will exaggerate the impacts of uncertain EUR on economic

performance. Based on these values, we calculate the EVPI

and VSS as $0.0001/MJ and $0.0017/MJ, respectively. The

stochastic programming model certainly shows great potential

to improve the overall economic performance of shale gas

supply chain over a deterministic one: the LCOE is improved

by over 30%. Additionally, the stochastic programming model

performs quite well even compared with the perfect informa-

tion model, of which the LCOE is only 3% less.
In Figure 10, we rearrange the results of the green and blue

dots to present the corresponding possibility distributions to

better present the solutions from both the deterministic model

and the model with perfect information. In addition, we pres-

ent the drilling schedule and the supply chain design corre-

sponding to the deterministic model for a better comparison,

included in Appendix C.
From the comparison, we conclude that when EUR uncer-

tainty are taken into account, the deterministic model based on

nominal values will result in significant variance of economic

performance depending on the exact realization of uncertainty,

and the average economic performance is much worse than

that of stochastic model (30% higher LCOE). Moreover, it is

impressive to see that the stochastic model can provides an

optimal solution whose average performance is very close to

the ideal one with perfect information (3% lower LCOE).

Therefore, it is proven to be of great importance to account for

the EUR uncertainty when conducting shale gas supply chain

optimization.

Figure 9. Results of EVPI and VSS with 300 scenarios considered.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 10. Possibility distribution of solutions from (a)
deterministic model with nominal uncer-
tainty value and (b) model with perfect infor-
mation.

[Color figure can be viewed in the online issue, which

is available at wileyonlinelibrary.com.]

Figure 11. Sankey diagram of shale gas flow in the
supply chain network.

[Color figure can be viewed in the online issue, which

is available at wileyonlinelibrary.com.]
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In the rest of this section, we focus on analyzing the optimal
solutions obtained from the stochastic programming problem.
One important concern is about the shale gas flow through the
shale gas supply chain network. In Figure 11, we use a Sankey
diagram to visualize the flow of shale gas within this shale gas
supply chain network. As can be seen, with different shale
wells drilled, shale sites 2, 7, and 10 produce different
amounts of shale gas. Approximately 19.9 Bscf of shale gas is
expected to be produced at shale site 2, 15.0 Bscf of shale gas
is expected to be produced at shale site 7, and 11.7 Bscf at
shale site 10. A total of 46.6 Bscf of shale gas is transported to
processing plant 2 via pipeline. After being processed and sep-
arated, the sales gas is transported to different end customers,
while NGLs are sold to nearby market. According to the opti-
mal results, 3.2% of the natural gas is sent directly to power
plants for electricity generation; 4.2% of the natural gas is
transported to industrial customers; 70.4% of the natural gas is
transported commercial customers, and 22.1% of the natural
gas is sent to residential customers. The decision on the final
distribution of natural gas involves comprehensive considera-
tion of product transportation as well as the average
energy generation efficiency corresponding to different end
customers.

The overall cost distribution is summarized in Figure 12, in
which the total expected cost is classified into two categories,
namely capital investment and operating cost, and further ana-
lyzed corresponding to different processes within this shale
gas supply chain. A total cost of $275.1 million is expected
over this planning horizon, of which 61.0% is the operating
cost, including $2.9 million spent on transportation, $121.1
million on shale gas processing, and $43.8 million on the shale
gas production. The remaining 39% of the total cost is capital
investment, of which $18.9 million is spent on pipeline instal-
lation, $55.0 million is contributed to construction of process-
ing plants, and $33.4 million is for well drilling activities. The
detailed cost breakdowns are given in the pie-charts as shown
below. From this cost breakdown, we conclude that shale gas
production and processing account for the major operating
costs, and decisions on construction of processing plants and
drilling activities lead to the greatest capital investment. Cor-
respondingly, the variables related to these activities are

expected to be the key drivers for operating cost and capital

invest.

Conclusion

To the best of our knowledge, this is the first article that sys-

tematically addresses the optimal design and operations of shale

gas supply chains under uncertainty. A scenario-based two-stage

stochastic programming model was developed as a large-scale

SMILFP problem. The objective was to optimize the LCOE gen-

erated from shale gas. All of the design decisions are made in

the master problem, including drilling schedule, decisions on

construction of processing plants, and corresponding pipeline

designs. Meanwhile, recourse operating decisions are made in

subproblems corresponding to different EUR sampling data,

including the shale gas production, planning on shale gas proc-

essing, and distribution to end customers. To solve this computa-

tionally challenging problem efficiently, we applied the SAA

method and proposed a novel algorithm integrating the paramet-

ric algorithm and the L-shaped method to take advantage of the

model structure. One case study based on the Marcellus shale

play was presented to illustrate the applicability of the proposed

modeling framework and solution algorithm. The results indi-

cated that the stochastic programming model was a superior

choice for determining the optimal economic performance of a

shale gas supply chain under EUR uncertainty. The shale gas

production and processing activities account for the major oper-

ating costs, and decisions on construction of processing plants

and drilling activities lead to the greatest capital investment. It is

worth noting that the proposed model and solution approaches

could be easily extended to consider other uncertainties, such as

prices, demands, and property parameters. Moreover, instead of

assuming a cooperative model, we may consider addressing the

noncooperative case using game theoretical modeling

approach,58 which will be addressed in a future work.
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Figure 12. Cost breakdown regarding capital investment and operating cost.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Notation

Sets

I = set of shale sites indexed by i
M = set of end customers indexed by m
P = set of processing plants indexed by p
T = set of time periods indexed by t
R = set of capacity levels indexed by r

JS = set of scenarios indexed by js

Parameters

dlt = minimum demand for NGL in time period t
dmm;t = minimum demand of natural gas at end customer m in time

period t
dr = discount rate per time period

ect = energy content of natural gas
euri;js = parameter accounting for different EUR at shale site i in sce-

nario js
lci = NGL composition in shale gas at shale site i

lpmp;m = distance from processing plant p to end customer m
lspi;p = distance from shale site i to processing plant p
mci = methane composition in shale gas at shale site i
pef = processing efficiency of shale gas
plt = average unit price of NGL in time period t

prcr = reference capacity for processing plant with capacity range r
prir = reference capital investment for processing plant with capacity

range r
sdci = unit cost for shale well drilling and completion at shale site i

in time period t
spci;t = unit cost for shale gas production at shale site i in time period

t
sppi;s = shale gas production of a shale well of age s at shale site i

tln = minimum total number of wells to be drilled in this project
tmni = maximum number of wells that can be drilled at shale site i

over the planning horizon
tprcr = reference capacity of pipeline with capacity range r transport-

ing gases
tprir = reference capital investment of pipeline with capacity range r

transporting gases
ue = average energy utilizing efficiency at end customer m
vp = unit processing cost for shale gas

vtcm = unit variable transportation cost for pipeline transporting natu-
ral gas

vtcs = unit variable transportation cost for pipeline transporting shale
gas

Continuous variables

PCp;r = processing capacity for range r processing plant p
PLSp;t;js = amount of NGL sold at processing plant p in time period

t in scenario js
SPi;t;js = shale gas production rate at shale site i in time period t in

scenario js
SPLp;t;js = amount of NGL produced at processing plant p in time

period t in scenario js
SPMp;t;js = amount of natural gas produced at processing plant p in

time period t in scenario js
STPi;p;t;js = amount of shale gas transported from shale site i to proc-

essing plant p in time period t in scenario js
STPMp;m;t;js = amount of natural gas transported from processing plant p

to end customer m in time period t in scenario js
TPCi;p;r = transportation capacity of range r pipeline from shale site

i to processing plant p
TPMCp;m;r = transportation capacity of range r pipeline from process-

ing plant p to end customer m

Binary variables

XPi;p = 0–1 variable. Equal to 1 if pipeline is installed to transport
shale gas from shale site i to processing plant p

XPMp;m = 0–1 variable. Equal to 1 if pipeline is installed to transport
natural gas from processing plant p to end customer m

YPp = 0–1 variable. Equal to 1 if processing plant p is constructed

Integer variables

NNi = number of wells to be drilled at shale site i
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Appendix A
In this section, we provide the input data of the Case Studies

Section (Table A1).

Table A1. Input Data for the Case Studies

Parameter Indices Value Reference

dlt(Mscf/year) – 2000–3000 Ref. 59
dmm;t(Mscf/year) m1 87,934–107,474 Ref. 59

m2 50,011–61,125
m3 34,258–41,871
m4 55,699–68,076

ect(MJ/Mscf) – 1,105 Ref. 60
euri;js – 2.46–49.79 Refs. 1 and 22
lci – 0.05–0.15 Ref. 15
lpmp;m(mile) – 5–30 Ref. 15
lspi;p(mile) – 5–30 Ref. 15
mci – 0.85–0.95 Ref. 15
pef – 0.97 Ref. 15
plt($/Mscf gas) – 20–40 Ref. 61
prcr(Mscf/year) r1 12,000,000 Ref. 34

r2 120,000,000
r3 1,200,000,000

prir($) r1 40,326,500 Ref. 34
r2 160,542,690
r3 639,131,600
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Appendix B
In this work, we propose a novel solution algorithm integrating

parametric approach and L-shaped method to tackle the two-stage

SMILFP problem. In the inner loop of this novel algorithm, a

classical L-shaped method is implemented. By solving the dual-

problem of the original subproblem in the inner iteration, we are

able to obtain the corresponding Benders cut and update solution

to the master problem. In this section, we present the detailed

model formulation of both the dual-subproblem and Benders cuts

max fsub5
X
i2I

X
t2T

NNfix
i;t
� euri;js � sppi;t � umb1i;t
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TPMCfix
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(B1)

s:t:! umb1i;t1umb2i;t �
spci;t

ð11drÞt
(B2)

2umb4p;t1vcp5t � 2
plt

ð11drÞt
(B3)

2umb3p;t1umb5p;t � 0 (B4)

2umb2i;t1pef �mci � umb3p;t1pef � lci
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�
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(B5)

umb6 � 2uc (B6)

Where umb1i,t, umb2i,t, umb3p,t, umb4p,t, umb5p,t, umb6 are

dual variables corresponding to original mass-balance constraints

(11), (12), (13), (14), (15), and (10), respectively. Similarly,

vcp1i,p,t, vcp2p,m,t, vcp3p,t, vcp4m,t, vcp5t are dual variables cor-

responding to original capacity constraints (16), (17), (18), (19),

and (20), respectively. After solving the subproblem, the corre-

sponding optimality cut and feasibility cut can be calculated by

the following equations:
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By adding these newly generated cuts to the master problem,

we can solve the updated master problem to obtain an updated

solution, which further leads to the updates of lower and upper

bounds for this two-stage SMILFP problem.

Appendix C
In this section, we present the detailed design decisions

obtained by solving the deterministic model, which is given by

the following Figure 1C.

Figure C1. Optimal design of shale gas supply chain network for deterministic model.

TABLE A1. Continued

Parameter Indices Value Reference

sdci($/well) – 270,000–292,000 Ref. 62
spci;t($/Mscf) – 1.2–1.4 Ref. 62
sppi;s(Mscf/year) – sppi;s5a � tb;

a:16,000–18,000;
b: 20.37

Ref. 15

tln – 12 Refs. 54,59
tmni – 48 Ref. 54
tprcr(Mscf/year) r1 64,094 Ref. 15

r2 402,213
r3 2,600,166
r4 16,809,161

tprir(Mscf/year) r1 45,954 Ref. 15
r2 138,327
r3 423,871
r4 1,297,056

uem m1 0.50 Refs. 63–65
m2 0.64
m3 0.80
m4 0.76

vp($/Mscf) – 3.6 Ref. 34
vtcm($/Mscf) – 0.003 Refs. 15 and 62
vtcs($/Mscf) – 0.003 Refs. 15 and 62



As can be seen in Figure 1C, although the same shale sites

are chosen, the number of wells being drilled in each shale site

is different. The main difference regarding the design decisions

is on the construction of the processing plants. In the two-stage

SMILFP model, only processing plant 2 is constructed, while

in the deterministic model, both processing plant 1 and proc-

essing plant 3 are constructed with 5.0 Bscf/year and 5.2 Bscf/

year processing capacity, respectively. As a result, the down-

stream distribution of natural gas is different. Natural gas from

processing plant 1 will be transported to industrial and com-

mercial customers for end-use. Meanwhile, processing plant 3

targets on satisfying the demand of power plants and residen-

tial customers. The different design decisions of deterministic

model result in the sacrifice of economic efficiency when the

EUR uncertainty is taken into account, causing a 31% higher

unit cost of energy in the deterministic model than the stochas-

tic programming one.

Appendix D
In this section, we summarize the difference between solu-

tions from the proposed SMILFP model and that from a SMILP

model. The objectives of them are minimizing the LCOE gener-

ated from shale gas and minimizing the total cost, respectively.

A similar optimal shale gas supply chain network can be

obtained from this SMILP model, as shown in Figure 1D.

Figure D2. Sankey diagram of shale gas flow in the
supply chain network for SMILP model.

Figure D1. Optimal design of shale gas supply chain network under EUR uncertainty for SMILP model.

Figure D3. Cost breakdown regarding capital investment and operating cost for SMILP model.
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As can be seen, the major difference is about the drilling sched-

ule. Shale sites 6, 7, 8, and 9 are chosen for shale gas production,

and up to seven wells are drilled in shale site 9. In the SMILP

model, the processing plant 3 is constructed with identical capacity

to processing plant 2 as in the SMILFP model. Although the total

cost of the SMILP model is 2.2% lower due to a 9.6% reduction

in shale gas production, the corresponding LCOE is $0.0041/MJ,

11% higher than $0.0037/MJ obtained from SMILFP model.

The expected shale gas flow is presented in a similar Sankey

diagram as shown in Figure D2. As can be seen, as in the

SMILP model, the only objective is minimizing the total cost

without considering economic efficiency. Thus, almost all of the

natural gas is transported to the nearest customer, known as

industrial customer in this specific case study, to save corre-

sponding transportation cost and investment. Obviously, a more

balanced end-use distribution of natural gas can be obtained by

solving the SMILFP model against the SMILP one.

At last, we present the cost breakdown of the solution to this

SMILP model in Figure D3. As can be observed, although the

exact costs for different process in this shale gas supply chain

are different, the overall cost breakdowns for both operating

cost as well as capital investment remain the same.

To conclude, first of all the SMILP model verifies some of

the results obtained from the proposed SMILFP model, namely

the supply chain design and cost breakdown. Meanwhile, the

advantage of SMILFP model over the SMILP model in obtain-

ing more meaningful solutions is demonstrated through the anal-

ysis of shale gas flow and LCOE.
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