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Abstract

The development of shale gas resources is subject to technical challenges and markedly
affected by volatile markets that can undermine the development of new projects.
Consequently, stakeholders can greatly benefit from decision-making support tools that
integrate the complexity of the system along with the uncertainties inherent to the problem.
Accordingly, a general methodology is proposed in this work for the evaluation of integrated
shale gas and water supply chains. First, key uncertain parameters are identified from a
candidate pool via a global sensitivity analysis. Then, a two-stage stochastic model is
developed considering only the key uncertain parameters in the problem. Moreover, the
merits of modeling uncertainty and implementing the stochastic solution approach are
evaluated using the expected value of perfect information and the value of the stochastic
solution metrics. Furthermore, the conditional value-at-risk approach was implemented to
evaluate different risk-aversion levels and the corresponding impacts on the shale gas

development plan. The proposed methodology is illustrated through two real-world case
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studies involving six and eighth potential well-pad locations and two options of well-pad

layouts.

Introduction
The production of natural gas, and particularly shale gas, has gained increasing

relevance in the energy sector. Indeed, under the International Energy Agency (IEA) base
line scenario (New Policy Scenario), the natural gas demand will grow on average ~1.5% per
year from 2014 to 2040 reaching a share of roughly 24% of the global primary energy
demand by 20401. Moreover, shale gas is expected to account for around two-thirds of the
natural gas production growth for the same time period 1. Therefore, shale gas will continue
to be a major player in the global energy market. However, the production of natural gas
from sedimentary rocks with relatively low porosity and permeability entails important
potential risks and challenges for sustainable operation. First and foremost, the development
of shale gas could cause the degradation, contamination, and depletion of both surface and
underground water sources 23. Additionally, CO2 emissions represent a very important
environmental concern associated with development of shale plays 4-¢. The water related
issues are mostly due to the use of hydraulic fracturing, which is a water intensive artificial
stimulation technique required to improve the connectivity of the fracture network in the
shale formation. The water intensity in shale gas development is directly linked to the
configuration and the productivity of the well-pad. Life cycle water consumption intensity of
shale gas is estimated to be between 13 and 37 L/GJ (3.63-10.32 gallon/ million Btu), which
is relatively high when compared with conventional natural gas (2.59-2.68 gallon/ million
Btu) 7:8. Moreover, the schedule of drilling and hydraulic fracturing operations is linked to
the design and planning of gas and water transport and processing networks. Therefore, the
integration of aspects such as the selection of the well-pad configuration, i.e. length of each
horizontal well, number of hydraulic fractures per well, and number of wells per well-pad,
the design and planning of the shale gas transportation and processing network, and the
selection of the water management strategy are critical for any model-based system analysis
aimed to evaluate the development of shale gas resources °-11. Furthermore, the
development of shale gas faces the uncertainties inherent to the oil and gas sector, i.e. shale

play productivity, market conditions (gas demand and prices), freshwater availability, and
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wastewater composition 12-16, which must be considered in the evaluation of any shale gas

development.

Given these features of shale formations and the requirement of advanced production
techniques, two of the topics that have attracted significant attention from the research
community are the modeling and simulation of shale gas production systems %17-22,
Moreover, data driven or simulation based tools have been developed for the economic
assessment of natural gas production from shale gas plays 22324, including considerations
regarding the optimal well-pad layout %24, Furthermore, supply chain optimization models
have also been proposed for shale gas development 1425>-27, for the corresponding water
management problems 12152829 and for the integrated shale gas development and water
management problem?-11, Some of the aforementioned frameworks consider uncertainty in
freshwater availability 12, water demand for hydraulic fracturing as well as wastewater
production 15, gas production 131427 and gas prices 1427, Although significant progress has
been achieved in the modeling, simulation, and optimization of shale gas development,
further research efforts are needed towards the development of integrated supply chain

models that deal with the uncertainties in a systematic way.

This study focuses on the development and implementation of an integrated two-stage
stochastic optimization framework for the evaluation of shale gas resources. The stochastic
framework is based on a deterministic optimization model developed previously by the
authors 210, wherein the selection of well-pad layouts, the design and planning of the shale
gas transportation and processing network, and the selection of the water management
strategy are addressed in an integrated manner. Furthermore, a global sensitivity analysis
(GSA) 30-32 js used in order to quantify and elucidate the effects of uncertain parameters on

the economics of shale gas development.

Materials and methods

Case Study Definition



The strategic design and tactical planning of integrated shale gas and water supply
chains (see Figure 1) involve decisions regarding the selection of freshwater sources for
fracking operations, selection of well-pads layouts and locations, the design of liquid and gas
transportation network, selection of location, technology, and capacity for wastewater
treatment facilities, and the capacity and location for gas processing plants. In general,

freshwater from a set of potential sources f can be used to drill and perform fracturing

operations on a set of potential well-pad locations w. Raw natural gas, produced at well-pad
locations, is transported through a network of gas pipelines and compressors ¢ to the gas

processing plants p. Three products are produced at the gas processing plants; methane,

ethane, and Cs+. Methane is delivered via gas pipelines to the national or regional pipeline
network that delivers natural gas to different users, e.g. industrial and commercial sectors.
Ethane is delivered through liquid pipelines to petrochemical facilities. However, heavier
liquid hydrocarbons (C3+) are assumed to be sold, at a certain plant-gate price, to customers
at the gas plant locations. Besides raw shale gas, flowback and produced water (wastewater)
are also generated at well-pad locations. Wastewater, i.e., flowback water, produced water
or the corresponding blend, can be processed for reuse or recycle in water treatment
facilities h. Alternatively, wastewater can be sent to disposal or injections sites s. In a
previous work 210, the authors developed and implemented a deterministic optimization
framework for the optimal design and tactical planning of integrated shale gas and water
supply chains. The deterministic framework considers different alternatives concerning
freshwater sources and wastewater management strategies, well-pad layouts, and gas
transportation and processing units. However, uncertainties were not considered in the
problem formulation and therefore the solutions provided by such framework could be too

risky or even impractical.

In this work, uncertainties in freshwater availability, water demand for hydraulic
fracturing, gas production, wastewater production and quality, and gas spot prices (see
Figure 1) are considered. A system of six potential well-pad locations was selected as a case
study (see Figure 2). The well-pads are located in the Middle Magdalena Valley Basin (a
prospective Colombian shale play). Additionally, 2 well-pad designs (“MaxNPV” and
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“MinWI”) were evaluated °. Layout “MaxNPV” is a configuration that maximizes the well-pad
net present value (NPV), while design “MinWI” is a configuration that minimizes the well-
pad water intensity. The corresponding shale gas production profiles can be found in ref. °.
The potential gas and water transportation and processing network consists of 2 compressor
stations (2 sizes), 2 gas processing plants (2 sizes), 2 freshwater sources, 2 water treatment
plants (2 sizes), and 2 disposal sites. Three demand centers are considered, i.e. two centers
for methane and one center for ethane. Moreover, gas composition was assumed to remain
constant and a planning horizon of 10 years (represented in 40 quarters, i.e. ti, t2...ta0) was

used.

The superstructure for the integrated shale gas and water supply chain (see Figure 2)
was designed using the software ArcGIS 10.2 33 as follows: Shale gas from well-pads W1 and
W4 can be transported to the compressor station 1, while shale gas from well-pads W2 and
W3 can be sent to compressor station 2. Gas production from well-pad W6 can be
transported to compressor stations 1 and/or 2, while shale gas from well-pad W5 is sent
directly to gas processing plant 2. Based on the geochemistry information of the shale play,
wet-gas is produced from the site of the shale formation in which the 6 well-pads are located
910, Raw shale gas can be processed at the two gas plants, and then the final products, i.e. gas
methane and liquid ethane, are delivered to the three demand centers. Three delivery points
of the Colombian National pipeline network are considered as demand centers. The gas
product methane from gas processing plant 1 and 2 can be sent to two injection points
located in the southwest and southeast of the shale play, respectively. These two injection
points are then connected to several natural gas power plants. The liquid product ethane can
be delivered to an injection point located in the north of the shale play. This injection point
is connected to a petrochemical facility. The prices of methane and ethane were based on
data from the Colombian Mining and Energy Planning  Unit-UPME

(http://www1.upme.gov.co/). Three rivers provide freshwater for drilling and hydraulic

fracturing operation in the well-pad locations. Water demand at well-pads W1, W2, and W4
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can be supplied from river III; river II is the water source for well-pad W3 while water
requirements at well-pads W5 and W6 can be provided by river I. The wastewater from well-
pad locations can be transported by truck to the two wastewater treatment plants.
Additionally, the wastewater can be transported directly for deep injection from well-pad
location to the injection well located at the north of the shale play. The treated water from
the wastewater treatment facilities can be reused or recycled for drilling and hydraulic
fracturing operations in new well-pads or discharged in rivers I and II. Trucking is the only
water transportation mode considered, though additional transportation modes could be

included if appropriate.

The potential transportation network for the integrated gas and water supply chain was
based on a road network that connects the freshwater sources with the well-pad locations
(demand points) and the well-pad locations with the wastewater treatment facility sites. In
the gas transportation infrastructure design, three different pipeline capacities were used.
Each of these capacities corresponds to a specific commercial diameter with the distances
between each pair of connected nodes, e.g. the distance between a certain well-pad location
and a certain compressor station given. Process simulations, carried out with Aspen Hysys®,
were used to estimate the commercial diameters, while the software ArcGIS 10.2 33 was used
to calculate the total distances between each pair of nodes of the pipeline network. This data,
i.e,, commercial diameters and distances, was used to determine the capital cost required for
the installation of each pipeline section. Regarding compressor stations, capacities of 150
and 300 MMSCFD were considered for the case study. The corresponding capital cost was
supplied by a local engineering and construction company in Colombia, under a
confidentiality agreement. The software Aspen Hysys® was used to estimate the operational
cost, including energy consumption, for each compressors station. Three capacities were
considered for the two gas processing plants, i.e. 100, 200 and 350 MMSCFD. Simulations
carried out with Aspen Hysys® and Aspen Capital Cost Estimator® combined with
information from local engineering and construction companies in Colombia were used to

estimate the corresponding capital and operating costs.



Regarding the water management, the transportation costs for freshwater, wastewater,
and treated water were estimated based on the road network distances between each pair
of nodes of the corresponding supply chain. Freshwater availability at rivers I, II and III is
estimated to be enough to drill and hydraulic fracture 14 wells during the rainy season, i.e.
the third quarter of each year. For the first quarter of each year, which corresponds to the
dry season, the available freshwater was projected to be ~50% of the freshwater availability
during the rainy season. Additionally, the freshwater available during the second and fourth
quarters was estimated to be ~75% of the corresponding availability during the rainy
season. Moreover, the freshwater quality in terms of total dissolved solids (TDS)
concentration for the rivers I, II and III was estimated to be 130, 150 and 140 mg/],
respectively. In this study we considered spatial variations, i.e. with well-pad location, in the
TDS concentration in the wastewater, which varies between 34,300 and 106,700 mg/1. The
capacities of wastewater treatment facilities were discretized at levels of 94,500, 220,500
and 441,000 gal/day. The wastewater treatment plant 1 uses primary treatment technology
and can handle wastewater with up to 50,000 mg/1 of TDS. The wastewater treatment plant
2 utilizes secondary treatment technology and can treat wastewater with up to 120,000 mg/1
of TDS. This treatment facility reduces the TDS concentration to 100 mg/l, while no
reduction in TDS concentration can be achieved in plant 1. The capital and operating costs,
adjusted to the Colombian context, were provided by local engineering and construction
companies under a confidential agreement. A limit of 40,000 and 200,000 gal/day in the
discharge water flow rate was considered for rivers I and II. A limit of 336,000 gal/day was

set for the capacity of the deep injection well, which has an operating cost of ~0.75 USD/gal.

Deterministic optimization framework for integrated shale gas and water
supply chain management.

The main aspects and decision elements considered in the mathematical formulation of
the deterministic planning framework for integrated shale gas and water supply chains,
developed by the authors 19, are summarized in Table 1. This planning framework was used
to address a variety of case studies, including the analysis of the mathematical formulation

of water quality constraints as well as the water-energy-economics nexus associated with



the development of shale gas resources in Colombia 101134 The reader is referred to the
original publication 10 for more details regarding the mathematical formulation and
implementation of the deterministic framework, e.g., detailed description of the model

variables, constraints, and parameters.

Uncertain Parameters and Global Sensitivity Analysis (GSA)

As mentioned previously, in this study we consider six categories of uncertain
parameters, i.e. freshwater availability, water demand for hydraulic fracturing, gas
production, wastewater production flow rate, wastewater quality (TDS concentration), and
gas spot prices, for the design and planning of the integrated shale gas and water supply
chain. Data on the uncertainty in natural gas prices, low, medium, and high scenarios were
obtained from ref. 35. Additionally, variations of +/- 30% were considered for freshwater
availability, water demand for hydraulic fracturing, and wastewater production flow rate.
Similarly, variations of +/- 25% and +/- 10% were assigned to gas production profiles and
TDS concentration in wastewater, respectively. With these uncertainty descriptions, a GSA
30-32 was implemented (See Figure 3) using the group sampling methodology 3! for uncertain
parameters that depends on time and/or location, i.e. freshwater availability, gas production,
wastewater production flow rate, wastewater TDS concentration, and gas spot prices. The
deterministic optimization framework developed by the authors °10 was used to evaluate
the impact of the uncertainties on different output variables, including the NPV of the

integrated shale gas and water supply chain.

The methodology for the global sensitivity analysis consists of the following steps: First,
the set of uncertain parameters to be assessed is specified (candidate pool), e.g. six
parameters in this case, and a probability distribution function (PDF) must be selected for
each uncertain parameter. In this work a uniform distribution for all of the six uncertain

parameters was chosen. The lower and upper bounds were based either on a percentage of
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variation, i.e. for freshwater availability, water demand for hydraulic fracturing, wastewater
production flow rate, gas production profiles, and TDS concentration in wastewater, or low

and high scenarios, i.e. for natural gas prices. Then, the Sobol’s sequence 3¢ sampling strategy,

with 128 evaluation points, was implemented for the evaluation of first- (S;) and second
(S;j)-order sensitivity indices, which can be calculated using Eq. (1) and Eq. (2) ,
respectively. Indices 1, ] indicate uncertain parameters. The expression V (E(Z / R))
represents the variance of the expected value of the output variable Z, e.g., NPV associated

with the development of the shale gas play, given parameter P.. The total variance of the

output variable Z isrepresented by term V (Z) . The expression V (E (Z /P,P )) represents

i’ j
the variance of the expected value of output variable zZ given P. and P.. Finally, the total

sensitivity indices (ST,), i.e. for each uncertain parameter, can be evaluated using Eq. (3).

The GSA was implemented using the software SobolGSA 37.

\Yee m
. _V(E(ZIR,Pj))—V(E(Z/R))—V(E(Z/Pi)) i i 2)
i~ V(2Z) .

ST, =S,+2.S,; Vi )

First order effects (S;) denote output variance imputable to each uncertain parameter

without taking into consideration interactions with other parameters. Second order effects

(S;;) represent output variance attributable to binary interactions between uncertain

parameters. Total effects (ST;) denote the aggregate contribution of each uncertain

parameter to output variance, considering all possible interactions.

Stochastic Optimization Framework: mathematical formulation



Based on the outcome of the GSA, key uncertainties are identified. These key
uncertainties are defined as the uncertain parameters with greatest impact on the design
and planning of the integrated shale gas and water supply chain. Subsequently, a two-stage
stochastic optimization model 3940 (See Figure 4) is formulated using the deterministic
optimization model developed previously by the authors®10 and the outcomes from the GSA.
The decision variables associated with the design and planning of the integrated supply
chain were divided into two sets, i.e. first- and second-stage decisions. Decisions regarding
the selection of well-pad layouts and the schedule of drilling operations were chosen as first-
stage decisions, while decisions concerning gas and water transportation, processing, and
delivery were selected as the second-stage decisions. The stochastic model was then
formulated as a deterministic equivalent problem, i.e. a Mixed Integer Linear Programming
(MILP) model, using the GAMS platform 41. A summary of the main features of the stochastic

model, illustrated in Figure 4, is presented in Table 2.

Stochastic optimization models can be computationally intensive, particularly if
applications of practical scope are addressed. Instead of using the stochastic approaches, less
rigorous strategies can be used to solve optimization problems that involve uncertain
parameters. For instance, the uncertain parameters can be fixed at their expected values and
then a deterministic optimization model can be applied. On the other hand, a given set of
deterministic optimization problems can be solved and then heuristic rules can be used to
combine the corresponding solutions 3940, However, these relatively simple solution
approaches could be totally inaccurate or could lead to suboptimal solutions in many cases.
Two metrics can be used to assess the value of modeling uncertainty and implementing the
stochastic solution approach. The first, is the expected value of perfect information (EVPI)
which measures “the maximum amount a decision maker would be ready to pay in return for
complete (and accurate) information about the future”3®. The second, the value of the
stochastic solution (VSS), measures “the gain obtained from modeling random variables as
such, avoiding to replace them with average values”*2. The metric EVPI is defined as the

difference between the NPV estimated using the wait-and-see solution approach (Z ") 3940

and the optimal NPV associated with the stochastic formulation (Z"), see Figure 5. Moreover,

10



the metric VSS is equal to the difference between the optimal NPV associated with the
stochastic formulation ( Z") and the expected NPV of using the expected value solution (Z?),

see Figure 5.

Risk Management and Solution Strategy
The classical two-stage formulation results in a solution which is expected-value based

and thus does not provide any measure of risk. In practical applications of optimization
under uncertainty, decision-makers need to quantify and control the level of risk associated
with investment decisions. Therefore, different risk management approaches have been
proposed in the literature 43-45, including value-at-risk (VaR) and conditional-value-at-risk
(CVaR) 46-48, The VaR risk measure is a given user-defined percentile of loss distribution,
while CVaR approximately or exactly, i.e., under certain conditions, equals the average of
certain user-defined percentage of the worst-case loss scenarios 44 The two approaches are
discussed and compared in details in ref. 44, The CVaR has a clear practical interpretation and
is continuous with respect to the confidence level, however, it is more sensitive to estimation
errors than VaR. Both approaches can be automatically implemented using the Extended

Mathematical Programming (EMP) framework in GAMS 41.

To address the risk-aversion behavior of decision-makers, the conditional value-at-risk
(CVaR) approach#647 was implemented in order to illustrate the effects of the decision-
maker’s aversion to risk on the investments associated with the development of shale gas
resources (see Eq. (4)-(9) (based on Figure 4), parameter f captures the risk-aversion of the
decision-maker. If f = 0, the expected value (profit) term is neglected and the problem
formulation becomes the risk-averse model. If § = 1, the risk term in the combined objective
function is neglected and the problem formulation becomes equivalent to the risk-neutral
model presented in Figure 4. The scalar a varies between 0 and 1. n is an auxiliary variable
and V; is a continuous positive variable that represents the maximum of 0 and 7 —
(cTx + qT'y,). Red and blue colors are used to identify first stage and second stage decision

variables in the formulation of the two-stage stochastic model, respectively.
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CVaR Model formulation#2:

Max CVaR = ﬂ(c%wgpsqjysj+(1—ﬂ)(n—ﬁ§p%} (4)
Subject to:
Ax=b (5)
W,y,+D,x<h, VseS (6)
n—(c"x+q'y,)<v, Vses (7)
v,20 VseS (8)
xeX,y,€Y,VseS (9

The implementation of CVaR allows maximization of the expected NPV of the worst
scenarios delimited by the quantile (1- a). In this case, a triangular probability distribution
function was assumed for the uncertain parameters, i.e., with probabilities of 0.25, 0.5, and
0.25 for low, most likely, and high level of each parameter, respectively. Moreover, the effects
of economies of scale in light of uncertainty was also investigated. For this purpose, the
previous case study (6 well-pads case) was extended to accommodate two additional well-
pads (8 well-pads case study 3%). However, due to the complexity of the resulting
optimization model, the convergence of the model presented extensive running times and
low-quality solutions. Therefore, a solution strategy that exploited some of the features of
the optimization model was developed. In our model, the binary variable WellDes(d,w, t)
was identified as the critical variable that affects the most the convergence of the model.
Accordingly, a cluster-based strategy 4° was designed which involves reducing the size of
binary variable WellDes(d,w, t). This size reduction is carried out by fixing part of the
variable to a specific value. The part of the variable that is fixed is selected based on
predefined clusters. A cluster refers to a subset of well-pads w that are grouped with some

preselected criteria. The different solution strategy steps are described in Figure 6.

[nitially, the number of well-pads composing one cluster should be set. In this case study,

3 and 4 well-pads per cluster were selected for the cases with 6 and 8 well-pads respectively.
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Thus, the solution strategy is based on a total of 2 clusters. The solution of the two clusters
will be referred to as one “cycle” of the solution strategy. The number of well-pads per cluster
is an important parameter that should be carefully selected since it establishes a trade-off
between running times and quality of solutions. A high number of well-pads per cluster could
increase the running times considerably, which in combination with the iterative nature of
the strategy, will render the strategy ineffective. On the other hand, low number of well-pads
per cluster can reduce running times but the optimal solutions could be substantially far
from the optimal. Next, the number of global iterations, Gitr, and clusters iterations, itr, are
set. It should be noted that itr is implicitly set by the total number of well-pads in the case

study and the number of well-pads per cluster.

In this work, 10 global iterations and 2 clusters iterations (which make for one cycle)
were used. The global iterations refer to the number of times the algorithm iterates over one
cycle. This can be used to improve the solution obtained from the previous cycles. The next
step requires finding an initial feasible solution that serves as a starting point for the iterative
procedure, this solution is initially used to completely fix binary variable WellDes(d,w, t).
Next, the global iteration, indexed by i, is initiated. A set containing the clusters used in each
iteration, itr, must be built. For this, a selection criterion must be chosen in order to update
the clusters in every global iteration. In this work, total production per well-pad, Prod(w),
was used as the criteria for building the clusters. Parameter Prod(w) is sorted from largest
to smallest value and split into subsets each containing the same number of well-pads as set
at the beginning of the algorithm. These subsets are used to build set Cluster(c,w). It is
worth highlighting that this criterion gives priority during the optimization process to those
well-pads with an estimated higher total production, since they are the first subset to be
optimized. Other rules can be implemented such as total cost per well-pad, net income per
well-pad, and different sorting such as smallest to largest value, or balanced values. it is up
to the researcher to identify the best set of rules for each specific case. Once the clusters have
been defined, the iterations within a cycle, indexed by c, initiate. Since part of the variable
WellDes(d,w, t) is already fixed, either by an initial feasible solution or a solution from a

previous cycle, then part of the variable is freed as dictated by Cluster(c, w). The resulting
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reduced model is subsequently optimized. The iterative procedure ends once the global

iterations have been completed.

Qualitative and quantitative analysis

Uncertainty quantification and global sensitivity analysis

The qualitative results of the GSA are summarized in Figure 7. First order effects are
represented by the color intensity of the bubbles, while total effects are represented by the
sizes of the bubbles. The results indicate that uncertainty in gas production, gas prices, and
TDS concentration in wastewater are the uncertainties with largest impact on the variability
of the NPV of the integrated shale gas and water supply chain. Indeed, based on the
quantitative results, roughly 23.2%, 11.1%, and 10% of the variance of the NPV is due to the
independent effect of the uncertainty in gas production, gas prices, and TDS concentration
in wastewater, respectively. Therefore, about 44.3% of the variance in the NPV is due to the
independent effects of these three parameters. Moreover, about 14.2%, of the variance of the
NPV is due to the binary interactions between gas production, gas prices, and TDS
concentration in wastewater. In total, 58.5% of the variance of the NPV is associated with
the individual and binary interactions of these parameters. By contrast, the individual effects
for fresh water availability, waste water production, and water demand add up to 15.4%.
When total order effects are included, these parameters account for 20.5% of the NPV
variance. Additionally, the independent effect of uncertainty associated with water demand
for hydraulic fracturing, freshwater availability, and wastewater production flow rate on the
variance of any output variables shown in Figure 7 was lower than 11.7%, 9.3%, and 6.1%,
respectively. It is noteworthy that 34.4% of the variance of the water recycle share in the
water supply mix (Water Recycle Mix) is due to binary interactions of the uncertainty in
water demand with the other five parameters. In the case of freshwater availability, around
13.2% of variance in the share of recycled water is due to the binary interaction of

uncertainty in the input parameter with the remaining five parameters.
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Based on the results from the GSA, the gas production, gas prices, and TDS concentration
in wastewater will be considered as uncertain parameters in the formulation of the
stochastic model, reducing the set of uncertain parameters in the stochastic formulation
from 6 to 3 and therefore the computational burden is reduced while preserving a

reasonable model accuracy.

Stochastic optimization framework: Results and Discussion

Deterministic and Stochastic Solutions
Both the deterministic model and the two-stage stochastic approach were evaluated in

this study using the 6 well-pad case study. The model statistics for each problem formulation
are presented in Table 3. The two-stage stochastic model incorporates 27 scenarios. These
scenarios are associated with the combination of three random parameters, i.e. gas
production, gas prices, and TDS concentration in wastewater, with low, medium, and high
levels each. The optimization problems were solved using GAMS 25.1. The commercial solver
CPLEX 12.6.1 was used to address the MILP optimization problems. All runs were performed
on a server with Dual 2.4Ghz Intel Xeon E5620's with 4 Cores, 16 GB Ram running Debian
Linux. An optimality gap of 1% was set for all cases. As observed from Table 3, much more
computational effort is required to solve the two-stage stochastic model compared with the
deterministic problem formulation. The main reason for this is due to the relatively large
number of binary variables associated with the stochastic model. It is well known, that
generally the number of binary variables is a very critical factor in the computational times
needed to solve MILP optimization models using the Branch & Bound (B&B) strategies, such
as those implemented in CPLEX.

The results regarding the optimal NPV for different solution approaches are

presented in Figure 8. Specifically, the NPV for the integrated shale gas and water supply
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chain was ~$114.26 million for the deterministic formulation (Expected value (EV)
solution), in which expected values for the random parameters are used. The expected NPV
associated with the use of the EV solution is just $2.97 million. However, the NPV was
~$43.14 million when the stochastic solution approach is used, i.e. when uncertainties in gas
production, gas prices, and TDS concentration in wastewater are considered. Moreover, the
NPV for the wait-and-see solution approach was ~$153.59 million. Therefore, the metrics
EVPI and VSS could be estimated to be ~$110.45 and ~$40.17 million, respectively. We can
conclude that, since EVPI is much higher than VSS, resolving the uncertainty is more valuable
than implementing the stochastic solution approach. However, both the modeling of
uncertainty as well as the implementation of the two-stage framework could bring

significant benefits.

The selected well-pad layouts as well as the schedule of drilling and hydraulic
fracturing operations for the deterministic and the two-stage stochastic approaches are
summarized in Figure 9. In the deterministic solution approach all the well-pads locations
are selected, while in the two-stage stochastic solution well-pad W4 was not chosen. It is
noteworthy that well-pad W4 is the well-pad with the highest TDS concentration in the
wastewater. In fact, the “MinWI” layout was selected for all of the well-pad locations that
produce the wastewater with relatively high TDS concentrations. Even more important is
the fact that the selected well-pad layout for each location is the same regardless of the
solution approach. However, the schedule of drilling and hydraulic fracturing operation
varies significantly depending on the treatment of uncertainty. For instance, well-pads W1
and W6 are drilled and fractured one and eight quarters earlier in the stochastic solution.
Based on these results, the rescheduling of drilling and hydraulic fracturing operations
together with avoiding the selection of well-pad locations in which wastewater with
relatively high TDS concentration is produced seem to constitute an effective hedging
strategy for the development of the integrated shale gas and water supply chain under

uncertainty in gas production, gas prices, and TDS concentration in wastewater.
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Risk Aversion and Economy of Scale
In order to test the applicability of the cluster-based solution strategy, the two case

studies mentioned previously in this section 2.1 and 2.5, whose monolithic models were
possible to solve, were used as validation based on the risk-neutral formulation. 10 global
iterations as well as 3 well-pads per clusters (6 well-pads case study) and 4 well-pads per
cluster (8 well-pads case study), i.e., 2 clusters per cycle, were used. The computational

results are summarized in Table 4.

It can be seen from Table 4 that the cluster solution approach is able to provide better
integer solutions than the monolithic approach in both cases. Although the computational
cost associated with the cluster solution approach is much higher than that of the monolithic
approach for the 6 well-pads case study, the cluster solution approach is more efficient than
the monolithic approach for the 8 well-pads case study. For instance, the cluster solution
approach finds a better integer solution, i.e., 1% increase in the objective function, than that
provided by the monolithic approach, while reducing the computational time in ~70%. This
result confirms the adequacy of the proposed solution to tackle larger and more complex
optimization problems. Therefore, the solution strategy was implemented to solve the
stochastic optimization problems for the 8 well-pads case study while considering the
conditional value at risk (CVaR). Moreover, the effect of different risk-averse levels (1- ) on
the economic performance of shale gas development was addressed through a parametric
analysis. To this end, the parameter f was varied systematically from 0 up to 1 with a step
size of 0.25. The parameter a was kept at 10%. Moreover, the probability distribution
functions associated with the uncertainty of input data were modified in order to investigate
their impact on the economics of shale gas development. For instance, triangular
distributions were used for all of the uncertain parameters, as follows: a probability of 0.25
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was set for the lower and upper levels, while a probability of 0.5 was assigned to the most

likely value. The results are presented in Figure 10.

The effect of varying the probability distribution functions can be determined by
comparing the expected value obtained with § = 1 (1 — 8 = 0) and the equivalent two-stage
stochastic solution presented in Figure 8 for the 6 well-pads case study. For the new PDFs,
the expected value increased from $43.14 million to $55.25 million. This situation is
expected given the high value of the EVPI metric estimated previously using uniform PDFs
for the uncertain parameters. Furthermore, the 6 well-pads case study is not profitable for
risk-aversion levels equal or higher than 0.25 (1- f = 0.25). Regarding the impact of 1 — f3,
as the decision makers are willing to minimize risk, the weighted objective function for the
8 well-pad case study decreased on average $78.7 million for every increase of 0.25in 1 — .
Accordingly, the objective function when a risk-averse level of 0.75 (1 — ) is considered is
five times lower than that of the risk-neutral shale gas development. It is worth noticing that
as more well-pads are introduced lower levels of risk become profitable in comparison with
the case of 6 well-pad case study. Therefore, the economy of scales plays an important role
in compensating for risk by making the supply chain more resilient to uncertainty. By
comparing the optimal solutions for the 8 well-pad case study, risk-averse and risk-neutral
developments, it is possible to understand the key decisions that allow decision makers to
manage risk. Regarding the optimal drilling strategy (shown in Figure 11), the selection of
the well-pad layouts remains unchanged; however, the schedule of drilling and fracturing
operations undergoes some variations. For instance, when the original stochastic approach
(1 — B =0) is compared with the CVaR risk management approach with 1 — 8 = 0.75, well-
pad W3 is drilled 11 quarters latter, while well-pad W8 is drilled 11 quarters earlier. Similar
shifts are observed when different risk aversion levels are compared. It is noteworthy that
in practice, decision-makers tend to consider both the expected NPV and the CVaR of the NPV
ata given threshold. In this case the objective function could readily be modified, i.e. selecting

a given value between 0 and 1 for parameter 1 — £3, in order to consider risk using a user-
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defined value of the scalar () weighting parameter. Besides the adaptation of investment
decisions depending on the risk-aversion level, operational variables (second-stage decision
variables) were also adjusted depending on the value of the scalar 1 — . For instance, water
re-use and recycling increase as 1 — 8 increases from 0 to 0.75. This shift compensates for

uncertainty in the concentration of TDS in wastewater.

Conclusions
This work investigates the impact of uncertainty in key system parameters on the

decisions associated with the development of integrated shale gas and water supply chains.
While the ideas and formulations are general, they are made concrete by using a specific case

study derived from the Colombian context.

First, based on a deterministic model, a global sensitivity analysis was used to identify
the key uncertain parameters in the problem. Then, the stochastic model is formulated
focused only on the key uncertain parameters, which are the most influential uncertainties
in the optimization problem. For the 6 well-pads case study, the gas production, gas prices,
and TDS concentration in wastewater were identified as the key uncertain parameters. The
solution of the two-stage stochastic formualtion established that the TDS concentration in
wastewater plays an important role in the hedging strategy for the development of shale gas
resources under uncertainty. For instance, avoiding the selection of well-pad locations in
which wastewater with relatively high TDS concentration is produced together with the
rescheduling of drilling and hydraulic fracturing operations seems to be effective strategies
to mitigate potential financial losses resulting from uncertainty in spot gas prices, gas
production, and TDS concentration in wastewater. A cluster-based strategy was designed to
tackle convergence issues due to the high complexity of the resulting models. The proposed
strategy showed considerable improvement over the monolithic approach and made it
possible to investigate larger case studies (8 well-pads case study). It was possible to
quantify the cost of reducing risk in shale gas development while considering uncertainty.
Moreover, results showed that economies of scale increase resiliency of the supply chain in

light of uncertainty. These results confirm that the modeling of the uncertain parameters in

19



the design and planning of integrated shale gas and water supply chains can be crucial.
Furthermore, given the risks involved in shale gas development, it is important to include
some measures of risk, such as CVaR, in the decision-making process, since most decision
makers do not act purely on expected net present value. While the case study results are
limited to the specifics of the Colombian application, the strategies presented in this work

can be extended to other problem domains, including other energy supply chain problems.
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Table 1. Summary of the features of the deterministic planning framework for integrated
shale gas and water supply chain management 10.

Supply chain element

Description

Objective function

Revenue

Capital expenditures

Operating expenditures

Taxes and royalties

Freshwater supply
Availability

Acquisition and
transportation cost

Well-pads
Well-pad design and
installation

Shale gas production

Shale gas composition

Water demand

The objective function is defined as the maximization of the net present
value (NPV) associated with the development of a shale gas reservoir
during a predefined planning horizon. The estimation of the NPV is
function of the income for final products sales, the operating costs, the
capital investments, and taxes and royalties incurred.

The revenue refers to the earnings due to sales of final products, i.e.,
methane and ethane. In addition, depending of the characteristics of the
reservoir, it is possible to produce condensates as part of the final
products, which is this work are considered to be sold at a gate’s price.

Capital expenditures refers to the investment in new infrastructure to
transport and process raw gas into final products. In addition,
investments are also required for installation of primary and secondary
water treatment plants for recycle, re-use, and adequate disposal of
wastewater.

The operational costs entail costs associated with the operation of well-
pads, transportation of raw gas, operation of gas and water treatment
plants, and transportation of final products to customers.

Taxation is estimated based on the income for products sales and
depreciation of the assets. In this framework, taxes are defined only for
positive cash flows. A different taxation scheme can be readily adapted
to the framework. Moreover, royalties are payments to resource owners
for the permission to explore and exploit the resources found in their
lands.

Freshwater resources for drilling and fracturing of new production
wells is limited according to the season of the year, the environmental
flow, and downstream water demand.

Utilization of freshwater resources is subject to costs associated with
acquisition and transportation from water sources to well-pads.

Binary variable, WellDes(d,w, t), is used to account for decisions such
as the design of a well-pad and the optimal time of installation. The
binary variable equals 1 if drilling and hydraulic fracturing operations
based on well-pad layout d are performed at well-pad w during time
period t, the binary variable is 0 otherwise.

The gas production profile of a well-pad is determined by the design
selected for such well-pad. The corresponding production profile is
activated through binary variable WellDes(d,w, t). The activation of the
binary variable is limited by the number of drilling rigs available on site.

The composition of the raw gas is determined based on the
characteristics of the formation of interest. The proposed framework
can accommodate not only spatial but also temporal variability in
composition.

The design selected for a well-pad defines the amount of water
necessary for drilling and fracturing such well-pad. Fresh water, treated
wastewater, or a combination of both, can be used to supply the water
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Water production

Water trans. cost

Capex and Opex

Raw gas transportation
Pipeline capacity

Compressor stations

Capex and Opex

Wastewater treatment plants
Plant capacity

Material balance

Treated water trans. costs

Capex and Opex

Gas treatment plants
Plant capacity

Material balance

demand. Moreover, the concentration of TDS in water blends is
constrained to meet technical specifications for reinjecting water into
the formation.

Two streams, flowback water and produced water, are considered for
calculating the total wastewater production. The flowback water refers
to the fraction of injected water that returns to surface. The produced
water refers to water originally in the formation and is produced along
with raw gas. The wastewater can be treated for and re-used/recycled,
or disposed of via for injection in depleted wells, or discharged into
rivers.

The framework considers trucks as the transportation mode for taking
wastewater from well-pads to disposal sites or water treatment plants.

The capital expenditures account for installation of new well-pads. In
addition, the costs associated with operating each well-pad are also
included and estimated based on the productivity of each well-pad.

The transportation of raw gas from well-pads to gas treatment facilities
is limited by the installation of gas pipelines. The capacity of each
pipelines and the period in which is installed are decisions subject to
optimization.

Depending on the distance between production sites and gas processing
facilities, installation of compressor stations may be required.
Accordingly, the capacity and timing of the installation are subject to
optimization.

The installed capacity of compressor stations and flow rates determine
associated capital expenditures and operating costs, respectively.

The capacity and installation time of a wastewater treatment plant are
decisions subject to optimization. Subsequently, these decisions define
the amount of wastewater that can be processed and reutilized in future
fracturing operations.

In order to meet TDS specifications and reduce treatment intensity, the
framework accounts for blending of different wastewater qualities. A
constrain is imposed to ensure that the selected technology of the
treatment facility is adequate for treating the input stream.

Similar to wastewater transportation, treated water is transported to
new drilling sites via trucking. The associated costs are included in the
framework as part of operational costs.

Capital expenditures account for installation of water treatment plants.
Operating costs are determined based on the transportation of treated
water via trucks from water treatment facilities to new drilling sites.

Decisions regarding capacity and installation time of gas treatment
plants are subject to optimization. These decisions determine the
amount of raw gas that can be processed and sold to customers.

The efficiency in the separation of the different gas fractions is taken into
account to estimate the production of final products.
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Sales

Capex and Opex

Products transportation
Pipeline capacity

Capex

Demand supply

Disposal
Wastewater disposal

Opex

After the separation process, the fraction of condensates, C3+
hydrocarbons, are sold at the gas plant gate, whereas treated gas is sent
to final customers.

Capital expenditures are estimated based on the installed capacity
selected for a gas processing plant. Operating costs are estimated based
on input raw gas flow rates.

Final products, Methane and Ethane, are delivered to customers by
pipelines, whose capacity is subject to optimization.

The capacity selected for the installation of pipelines determines the
associated capital expenditures.

Since the framework seeks for the maximization of profit, the supply of
final products is constraint by the demand of customers included in the
case study.

Two alternatives are considered in the framework for disposal of
wastewater: 1) discharge into rivers or 2) injection in depleted wells
(deep-injection).

Some disposal methods may have associated operational costs, i.e.,
deep-injection.

Table 2. Summary of the features of the stochastic optimization framework.

Model component

Description

Objective function

First stage decisions (here and
now decisions)
First stage variables

First stage constraints

Second stage decisions (wait-
and-see decisions)

Second stage variables

The expected net present value (NPV) associated with the development
of the integrated water and shale gas supply chain was selected as the
objective function to be maximized. The objective function has a
deterministic term that depends on the first stage decisions and a
stochastic term defined as the expectation of the second-stage objective.
The deterministic term is defined as the NPV of capital investments
associated with strategic decisions. The stochastic term is the NPV
related to tactical and operational decisions.

The first stage decisions are defined as the strategic decisions involved
in the development of the integrated supply chain. These decisions are
associated with the design of the well-pads and the scheduling of drilling
and hydraulic fracturing operations.

The first stage constraints are associated with the selection of the well-
pad layout for each location and the maximum number of wells that can
be drilled during each time period.

The second stage decisions are related to the tactical and operational
decisions. These decisions include the selection of freshwater sources
for drilling and fracturing operations, the design and operation of water
and shale gas transportation and processing facilities, and the design of
transportation facilities for final products.
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Second stage constraints Second stage constraints are related to tactical and operational
constraints, including availability of freshwater, transportation and
processing capacity constraints for water and shale gas, constraints for
TDS concentration in drilling/fracturing operations and wastewater
treatment plants, and material balances for water, shale gas and final
products.

Table 3. Model statistics and computational results for the 6 well-pad case study.

Deterministic Stochastic (SP)
Total number of variables 7,779 197,375
Continuous variables 5,201 133,157
Binary variables 2,578 64,200
Total number of constraints 6,661 173,181
Non zero constraint matrix elements 87,171 2,175,617
CPU time 12.5s 542 s

Table 4. Comparison between the proposed solution strategy and a monolithic

approach for 6 and 8 well-pads and the risk-neutral formulation (8 =1 (1 — 8 = 0)).

Monolithic model Cluster solution

Casestudy Integer solution Upper Bound CPUtime  Solution  CPU time

($ Million) ($ Million) (h) ($ Million) (h)
6 well-pads 55.24 55.28 0.13 55.25 7.4
8 well-pads 289.35 313.05 135.7 292.25 41.0

27



List of figures

Figure 1. Generic integrated shale gas and water supply chain (Reproduced from ref. 919 ). The

uncertain parameters are listed in the red DOXes. ........cccocivieiiniriiniieeee e 29
Figure 2. Potential shale gas supply chain (Left-hand side) and potential water supply chain (Right-
hand side) for the CASE STUAY. ....cceiviiriiiieicecrecr et e e e sreeesreesteesreesraesneeens 29
Figure 3. Schematic for the Global Sensitivity Analysis38...........cccceriririiniinienenee e 30
Figure 4. Two-stage stochastic optimization framework. A 10 year planning horizon (represented in
40 quarters, i.e., t1, t2,..,t40) IS CONSIAETEA....c...iiiiiiiiiiii e 31
Figure 5. Value of information and the stochastic SOIUtION........ccocceiiiiiiiiiiiii e 31
Figure 6. Cluster-based SOIULiON SEIategY.......cccuvirveiririeiiniee ettt s s 33
Figure 7. Global sensitivity analysis for the design and planning of integrated shale gas and water
SUPPLY CHAINS. 1.ttt s h e et b et b st e b e sb e et sbeeateabesbe et e s beean e besbeeaneneeeneens 33
Figure 8. Optimal solutions for the 6 well-pad case Study. ........ccccceeireriiniinninee e 33
Figure 9. Deterministic versus stochastic solutions for the 6 well-pad case study. ........c.cccceevueennennee. 34

Figure 10. Effect of different risk aversion levels (1- #) on the economics of shale gas development.
Integer solution and upper bound for the monolithic solution approach are reported for 48 hours of
CPU time. The CPU time for the cluster solution approach varies between 40.9 and 43.4 hours for

the 8 well-pads case study, depending on the value of 1 — B...cc.cccoviiiiiniiniiniiiiieeeeee e 35
Figure 11. Optimal drilling strategy for case study with 8 well-pads and different levels of risk
E A S 10 I ) T OO TR URSRRPRRR 36

28



Gas production

Water demand Wastewater production Gas price
Wastewater quality
Fresh water
Well-pads Compressors Gas plants Power plants
resources . s
%) (w) (0 @) G€jg

>

' Petrochemical
------- plants

> ,\

Injection sites

—k.

| Disposal sites
()

Availability of water sources

Figure 1. Generic integrated shale gas and water supply chain (Reproduced from ref. 210,
The uncertain parameters are listed in the red boxes.

--»-- Raw Gas Flow

‘ Compressors

* Gas Treatment
Plants

Rivers

i Wellpads

Water
Treatment
Plants

A Water

Injection

National
)| s Pipeline
Network

Delivering
Pipeline

National
m— Pipeline
Network

s ROad Network
Rivers

Flgure 2 Potentlal shale gas supply chain (Left-hand side) and potentlal water supply chain
(Right-hand side) for the case study.

29



Global methods:
Uncertainty and
sensitivity analysis

i D1 P2 Pn

Parameter | ||| e e

Assign probability | I
distribution

Sampling strategy
Max NPV = f(x,y,p)

Variance P Parameter e Log Normal

decomposition uncertainty

1 T

Parameter
sensitivity Output
1 distribution

|
|
, Parameter ranking

Figure 3. Schematic for the Global Sensitivity Analysis38




Scenarios Two-stage stochastic formulation

O : : : : : : (Deterministic equivalent problem-MILP)
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Comput Chem Eng 2016; 92:230-255.) GAMS
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* EMP= Extended Mathematical Programming

Figure 4. Two-stage stochastic optimization framework. A 10 year planning horizon

(represented in 40 quarters, i.e., t1, t2,...,t40) is considered.
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Figure 5. Value of information and the stochastic solution.
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Figure 6. Cluster-based solution strategy.
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Figure 7. Global sensitivity analysis for the design and planning of integrated shale gas

and water supply chains.
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Figure 8. Optimal solutions for the 6 well-pad case study.
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Figure 9. Deterministic versus stochastic solutions for the 6 well-pad case study.
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Figure 10. Effect of different risk aversion levels (1- ) on the economics of shale gas
development. Integer solution and upper bound for the monolithic solution approach are
reported for 48 hours of CPU time. The CPU time for the cluster solution approach varies

between 40.9 and 43.4 hours for the 8 well-pads case study, depending on the value of 1 —

B.
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Figure 11. Optimal drilling strategy for case study with 8 well-pads and different levels of

risk aversion (1- f8).
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