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Abstract	
This paper introduces a grid-based fracture-stimulated reservoir volume
(SRV) concept. SRV is defined as a volume occupied by fluid in a fracture,
whether created or caused by intersection with natural fractures.
	  Fracturing of the optimum zones is believed to contribute to higher
hydrocarbon production from shale and tight formations. This requires
choosing placement of fractures along the designed path of horizontal wells
to maximize expected SRV.
	  Additionally, a new linear programming-based approach to
mathematically optimize the placement of SRV in shale reservoirs is
presented. The approach may be useful in pad drilling and fracturing as
well as development of applications for use with shale formations.
This work aims to globally optimize the placement of surface well pads,
the location and number of wells attached to the pads, and the location
of the fractures throughout the wells. This optimum placement will also take
into account numerous practical constraints, including the length of wells,
the number of wells associated with a pad, numerous overlap constraints
inherent in unconventional gas and oil well development, the spacing
between wells and fractures, etc.
	  One approach to this challenge to optimize is based on maximizing the
fracturability index (FI) values assigned to the cells of the model values
explored by the final network, and will be constrained by the previously
mentioned considerations as well as a global maximum number of wells and
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a maximum development budget. In addition, the mathematical framework
allows for easy extensibility to other constraints, and can be customized
based on these constraints.
Keywords:	
Stimulated reservoir volume, shale reservoir, optimization, well and fracture
placement design, fracture network, well pad

1

Introduction

Simulated reservoir volume (SRV) has a long history of use in defining the effect
of fracturing in shales. Substantial evidence from sonic logs and production data
from shale wells shows that certain segments of the wells make up 70% of the total
production of wells. This paper presents a concept for identifying SRV in shale
rock. Creating hydraulic fractures leads to fracture network growth. Fracture
growth interaction with existing natural fractures causes complexity. Complexity
is a resultant network of induced and existing fractures. SRV is used to account for
this resultant complexity. These complex networks have a substantial impact on
well performance in shale and tight rocks. The shape of SRV can be predicted from
stimulated and shear propped fractures, while the volume can be correlated with
fracture network length. Britt et al. 2008 & Cipollaet et al. 2008 discussed geomechanics of a shale prospective and fracture complexity.
The size of the SRV is correlated to treatment volume based on microseismic
measurement. Figure 1 shows the relationship between treatment volume and
fracture network length for five vertical Barnett shale wells, modified after Fisher
et al. (2002, 2004).
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Figure 1 Fracture network length as a function of fluid volume injected for five vertical
wells of Barnett (modified after Fisher et al. (2002)).
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Mayerhofer et al. (2008) introduced the SRV concept as a 3D size of created
fracture network, and defined SRV as a correlation parameter for well performance.
Mayerhofer et al. (2010) linked SRV with well performance of shale reservoirs.
A direct relationship is demonstrable between fracture network length and SRV,
as shown in Figure 1 for Barnett shale wells (modified after Fisher et al. (2002)).
Anderson et al. (2010) defined SRV linked to the horizontal well by stimulated
reservoir width, areal extent and fracture half-length. Zhou et al. (2013) introduced
a method for identifying anisotropic regions in unconventional hydrocarbon
reservoirs. Anisotropy can be indicative of sweet spot zones for fracturing and
for drilling a productive well. Seismic amplitude data from receivers along two
orthogonal lines radiating from a seismic source is used. Sil et al. (2013) introduced
a method to calculate fracture parameters from common well log data. Fracture
parameters can indicate sweet spot zones in unconventional rock. Microseismic
mapping is currently used to map SRV in shale rocks. It is also used as a tool to
diagnose the effectiveness of the created hydraulic fractures, especially in multistage fracturing in horizontal wells. Zhang et al. (2015) introduced the SRV equation as follows:


SRV = SRA × H f =

n

∑A H ,
i

p

(1)

i =1

where Hf is the fracture height; SRA is the stimulated reservoir area; Hp and is the
reservoir thickness. One limitation is implicit: it seems to be only valid when hp = hf.
Cheng et al. (2015) presented an SRV formula as a function of average fracture length, average height of fractures, maximum number of fractures, maximum
horizontal stress and minimum horizontal stress as follows:

SRV =
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where
xi = Average length of the fractures in the ith cluster
hi = Average height of the fractures in the ith cluster, m
nc = Number of clusters
sH = Maximum horizontal in situ stress, N/m2
sh = Minimum horizontal in situ stress, N/m2
Additionally, a linear programming-based approach to mathematically optimize SRV is presented. This newly developed optimization approach improves
the placement of fractures in quantifiably better zones in shale reservoirs, to guarantee optimality of the reservoir development plan given the available data and
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modeling constraints. This approach will be useful in pad drilling and development of applications applied to shale formations.
This work will lead to the global optimization of the placement of surface pads,
location and design of wells attached to the pads, and location of the fractures
(SRV) throughout the wells. This design will also take into account other practical
design constraints, including length of wells, number of wells associated with a
pad, numerous overlap constraints inherent in unconventional gas and oil well
development, etc. The development will be optimized based on maximization of
the FI values explored by the final network, and will be constrained by the previously mentioned considerations, as well as a global maximum number of wells
and a maximum development budget. In addition, the mathematical framework
allows for easy extensibility to other constraints, and can be customized based on
the problem constraints.
Fracture parameters such as half-length, azimuth, width and height can
be used extensively in the fracture modeling process. Fracture geometry
can be modeled instead through SRV, as an estimated fracture volume can
give a better description of fracture parameters. SRV is represented by gridlike geometry that has a value of FI greater than the predefined threshold of
0.5. The SRV consists of a group of cells as shown in Figure 2, and SRV varies
from one stage to the next. The next section details the geometric interpretation of the SRV representation, that is, a group of grids characterized by high
values of FI.
Before entering into discussion of the mathematical definition, it is necessary
to set the objective of developing a method to predict SRV location and number
using an input map of FI’s. Such a method, when coupled with mathematically

Figure 2 Multigrid based SRV.
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developed code, could help in exploitation of the shale resource with the minimum number of wells and minimum number of fracture stages.
The paper aims at:
• Planning and automating an optimum well path and optimum fracture
design in shale and tight formation;
• Establishing a process of choice of maximum SRV for future initiation of
fractures;
• Finding out the optimum number of fracture stages;
• Optimizing the number of SRV’s.
Previous work (Alzahabi et al. 2016) identified an index to help prioritize fracture
position and scheduling. Mathematical optimization using Integer Programming
(IP) proved its superior performance in vertical well placement (for details on its
performance, see AlQahtani et al. (2013)).
Computational concepts such as dynamic programming and graph theory may
be useful in exploration of algorithms applied to a wide range of oil and gas optimization topics, the most important part of which is the computational methods
used to solve them, so that an optimum placement can be obtained. Since the
problem is a mathematically based method, the problem definition is first outlined
in the next section.

2

Problem Definition and Modeling

2.1 Geometric Interpretation
2.1.1

Fracture Geometry

Hydraulic fracture geometry dimensions may be calculated using analytical
approaches based on net pressure, fluid and rock properties. Another common approach is microseismic monitoring, which fits a rectangular box to the
microseismic event locations along the horizontal well path. SRV can be estimated based on the volume of the rectangular or principal component box, or
by summing a series of volumetric boxes (e.g., Mayerhofer et al. (2008)). For a
realistic approach, SRV is used as a representation of fractures connected to the
wells. A stimulated approximation of grids is used to represent the hydraulic
fracture.

2.2

The Developed Model Flow Chart

In this paper an approach for placing surface well pads and fractures in shale rock
is shown in Figure 3. The solution is presented in Figure 3 and Figure 4 as follows.
Figure 5a and b illustrate the two allowable designs for placing fractures and
then SRV’s.
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Direct global solution

Load reservoir parameters
and data

Generate FI values for
reservoir
Collect user designed
optimization parameters
User selects desired pad
locations
Identify viable well pad locations
Preprocess: generate frac SRV for
all wells in well pad reach
Preprocess: generate well pad,
well, frac LP model
Store model

All models built?

Join all well pad models via overlapping
constraints
Solve global model via MLP solver
Save solved global model and export for
simulator
End

Figure 3 First recommended flowchart to be used as a utility in the optimization process; it
shows the interface between pad design and SRV’s.
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Local pad –> global merging

Load reservoir parameters and
data
Generate FI values for
reservoir
Collect user-designed
optimization parameters
User selects desired pad
locations
Identify viable well pad
locations
Preprocess: generate frac SRV
for all wells in well pad reach
Preprocess: generate well pad,
well, frac LP model
Solve well pad model via MLP solver
Store model solution

All models solved?

Convert models from LP to link-based
models
Merge and trim models
Save solved global model and export
for simulator
End

Figure 4 Second recommended approach of optimization process.
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(a)

(b)

Figure 5 Four different SRV’s are located, whether staggered, or staggered and overlapping
designs. (a) Staggered design. (b) Staggered and overlapping design.

2.3

Well and Fracture Design Vector Components

1. Number of transverse fracture stages per well (5–50).
2. Number of wells of single pad (5–40).
3. Number of perforation per stage (1–6).
4. Length of horizontal well (6,000–10,000 ft.).
5. Half Length of fracture (200–600 ft.).
6. Spacing (wells, fractures), (500–1,600 ft.).
7. Pay zone thickness, (200–1,000 ft.).
8. Reservoir boundary dimensions (Ye, Xe), (rectangular shape).
9. Variable Stimulated Reservoir Volume (VSRV) with different variable
conductivity.
10. The formation is heterogeneous.
11. 
The transverse fractures fully penetrate the majority of formation,
except 10 ft. from the boundary. Fractures are contained within the
formation.
12. Multiple transverse fractures are not identical (varied fracture conducti
vity, and varied fracture propped characteristics like length and network
width).

3

Development of a New Mathematical Model

In this section, a description of the mathematical model used to solve the abovementioned problem is given, consisting of an introduction of methodology,
Objective Function, the essential sets, variables, and constant parameters followed
by presentation of the optimization procedure.

DOI: 10.7569/JSEE.2016.629521
J. Sustainable Energy Eng., Vol. 4, Nos. 3-4, December 2016

317

Alzahabi et al.: A Novel Mathematical Optimization Approach

3.1

Methodology

The following describes the numerical formulation of the newly developed
technology.

3.2

Objective Function

The problem can be formulated as follows:

max

∑A

mn Xmn

+

∑F Y

k k

(3)

An alternative objective function is to maximize the net income obtained from
unconventional reservoirs. The net income is calculated as the difference between
total income from total hydrocarbons produced and the total capital and operating
expenses, including optimum wells and fractures.

3.3 Assumptions and Constraints Considered in the Mathematical
Model
Sets, variables and decision variables are assumed as follows. For detailed explanation, see geometric interpretation of parameters in Appendix C.
where,
3.3.1

Sets

Amn, total FI values unlocked by the stage from node m to node n
Fk, total FI values unlocked by fracturing at node k
Lmn, length of stage from node m to node n
EI(n), edges inbound to node n
EO(n), edges outbound from node n
S(n), set of stages that connect to or pass through node n, represented as
edges in the network
7. Ψ(n), set of starting nodes mutually exclusive with w
8. E, set of valid edges for the network
9. Λ(m, n), set of fractures accessible from the stage between node m and
node n
10. Φ(n), set of nodes whose fracture SRV would intersect the fracture SRV of
node n
11.	Ω(n), set of stages intersected or interfered with by fracturing node n
1.
2.
3.
4.
5.
6.

3.3.2 Variables
1. Pi,j,k, total FI values unlocked by fracturing or placing well at node i, j, and k
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3.3.3 Decision Variables
2. w
	 mi,j,k binary variable equal to 1 if well m goes through node i,j,k (m = 1…
maxwell)
3. fm,ni,j,k, binary variable equal to 1 if fracture n, extending from well m, goes
through node i,j,k (n = 1…maxfrac)
4. Wn, well origin for single well originating at node n, continuous
5. Xmn, flow of connections from node m to node n, continuous
6. Yn, fracturing of node n, continuous
7. Snm, usage of stage connecting node m to node n, binary
3.3.4 Extended Sets
8. ψw(m,i,j,k), set of nodes that cannot have well if wmi,j,k = 1
9. ψf(m,n,i,j,k), set of nodes that cannot have well if fm,ni,j,k = 1
10. 	Ωw(m,i,j,k), set of nodes that cannot have well if due to constraints
on well orientation angle
11. 	Ωf(i,j,k), set of nodes neighboring node (i,j,k) along the plane of
minimum stress

(4)
(5)
(6)

3.3.5 Constant Parameters
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.

MinSpace:
MinStageSpace:
MaxStageSpace:
MaxLength:
MaxStages:
MaxFPS:
MaxWells:
MaxPads:
MaxPadCost:
MaxCost:
Thickness:
WC:

13. PCmn:

3.3.6

Minimum spacing between fractures
Minimum spacing between stages
Maximum spacing between stages
Maximum allowed length for a single well
Maximum number of active stages in a well
Maximum number of fractures per stage
Maximum number of wells per pad
Maximum number of pads per reservoir
Maximum cost for global development
Maximum cost for global development
Reservoir thickness
	Cost for initial construction of a well originating from a
pad
Cost for construction of a well segment from node m to n

Constraints

The problem is subject to the following constraints:
1. Fracture half-length length (Xf) < 0.9 (D1 + D2)

(7)
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2. The fracture propagates only along the predefined direction
of maximum stress at each location
3. Fracture half-length (Xf) < Xe & Xf <500 ft.
4. There is no fracturing in angled paths
5. Snm ∈ {0, 1} [active stage variable, may not be used.]
6. 0 ≤ Wα,n ≤ 1
7. 0 ≤ Xmn ≤ 1
8. 0 ≤ Yk ≤ 1
9. ∑p|(n, p) ∈ EO(n)Xnp − ∑m|(m, n) ∈ EI(n)Xmn ≤ 0 [flow conservation with no sink]
10. ∑Xm’, n’ ≤ 1, (m’, n’) ∈ S(n) [non-overlap constraint]
11. ∑Xw, n’ ≤ 1, n’ ∈ Ψ(n) [non-overlap constraint]
12. ∑(i, j) ∈ E(Xij *Lij) ≤ MaxLength [constrains length of well]
13. ∑kYk ≤ MaxStages [constrains number of stages in well]
14. ∑kWα, k ≤ MaxWells [constrains number of wells per pad]
15. −Xmn* MaxFPS + ∑k ∈ (m, n)Yk ≤ 0 [access to fractures for active stages;
limited to straight, level stages]
16. ∑k ∈ (n)Yk ≤ 1 [non-overlap of fracture/ SRV]
17. ∑k|dist(n, k) < MinSpaceYk ≤ 1 [minimum spacing between two fractures,
focused on node n]
18. |Ω(n)|*Yn + ∑(i, j) ∈ Ω(n)Xij ≤ |Ω(n)| [non-overlap of fracture SRV
for node k with stages that the SRV would intersect or be too
close to (within 50 ft.)]
19. WC∑kWα, k + ∑(i, j) ∈ E(Xij*PCij) + FC∑kYk ≤ MaxCost

(8)
(9)
(10)
(11)
(12)
(13)
(14)
(15)
(16)
(17)
(18)
(19)
(20)
(21)
(22)
(23)
(24)

Equation (3), corresponds to the objective function which computes the total
FI values. Equations (4), (5) and (6) ensure that these nodes cannot have a well
due to fracture-reorientation constraint angle from the minimum horizontal stress
direction, as confirmed in equation (7). Equations (7) and (9) establish the upper
limit of the fractures’ half-length. Equation (8) ensures that the fractures propagate
only in the direction of the minimum horizontal stress. Equations (11), (12) and
(13) establish the continuous range for well origin, connection flow and fracturing
nodes. Equation (14) guarantees flow conservation with no sink. Equations (15)
through (18) define three constraints including non-overlap, length of well and
number of fracture stages.

3.4 Stimulated Reservoir Volume Representation
Ideal drainage area of each SRV is shown below in Figure 6 as SRV1, SRV2 and
SRV3. It is represented in our work through stimulated grids around each created
fracture.
Figure 7 shows one horizontal well connected with four different SRV’s in a
form of multistage transverse fractures. Figure 8 shows the same number of SRV’s
connected to four different wells.
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Well origin region
(Pad reach)

Pad location at surface

SRV 3

SRV 2

SRV 1

Figure 6 Drainage volume for different SRV for different fracture stages branched out from
a single horizontal well.

Figure 7 One Horizontal well passes through four different SRV’s. Model domain shows
the molded portion of our reservoir along one horizontal well of 10,000 ft. The four different
separate regions represent four different volume SRV’s.

3.5 Optimization Procedure
The procedure includes four steps as outlined below:
Step 1: Obtain a detailed 3D map of geomechanical properties of an unconventional shale reservoir using industry standard sonic techniques.
Step 2: Use Fracturability Index algorithm (Alzahabi et al. 2016) and previously
defined SRV to create 3D distribution of the reservoir quality shale model.
Step 3: Run the Field Level Optimization procedure developed in this work to
get the optimum number of wells and fractures, as well as the placement
of the wells and fractures.
Step 4: Perform numerical (computational) simulations for the optimum results.
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Figure 8 Combination of 4 wells and SRV for the model before optimization, where the
blue cells represent the FI below the cut-off.

The sequential steps in this process, is shown in the flow charts provided in
Figure 3 and Figure 4.
The automated process is a direct tool utilizing two software programs: the
global optimizer and the reservoir simulator. The first step begins with a spreadsheet input file that is built to facilitate the entry data of the Fracturability Indices
data, or any other input maps. The currently used set of input data maps is generated using the correlation published in Alzahabi et al. (2015).
The number of optimum wells, number of optimum fractures within the wells,
and the spacing between wells and fractures will be suggested using the approach.
It is believed that fracturing the optimum zones will contribute to higher hydrocarbon production from shale and tight formations.

4

Model Building

Many wells from the Permian basin are analyzed to help build a representative geochemistry map and mineralogical Index. Petrophysical log data from two wells in
Wolfcamp were used with geostatistical techniques to construct a detailed geological model that is used here for testing. Many relationships of parameters (e.g. porosity, permeability, quartz, clay content, E) were tested in this work to understand the
Wolfcamp shale reservoir. The reservoir model has many 2D layers. The 2D nodes
have FI values assigned to it. The commercial reservoir Simulator Eclipse and Petrel
were used to populate the properties, then the correlation of FI was programmed to
generate the quality maps of Fracturability Index values, denoted by (FI), as shown
in Figure 9. The terminology quality map was introduced by Da Cruz et al. (2004)
and is commonly used in conventional reservoirs in identifying producing regions.
The heterogeneous properties of the reservoir model are represented in the FI values. These input maps serve as input for the optimization developed model.
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Map of FI values for 2D reservoir example
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Figure 9 Fracturability index distribution for the middle layer in the 80 × 80 × 5 model.

(a)

(b)

Figure 10 A comparison between SRV, before and after applying the filter of FI. Note that
some grids with assigned values of FI < 0.5 were removed in Figure 10 b. (a) One chosen
SRV before applying the filter of FI > 0.5. (b) One SRV after applying the filter of FI > 0.5.

These quality map generations were applied for each layer in the reservoir
model.
The importance of the new model proposed here lies in its simplicity and relative accuracy for the theory used in this work. More importantly, it is based on
easily obtained maps that are becoming more available in today’s applications
of shale characterization. Unlike many of the available SRV prediction tools, the
new model does not require information obtained from real microseismic data.
Therefore, the SRV can be estimated before drilling many wells in the reservoir.
Figure 10 compares a generated SRV before and after applying the filter
of FI = 0.5 on a chosen fracture stage of the shale model. Figure 10 shows the
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difference in grid-based modeling of one SRV before and after removing the cells
which have values of FI < 0.5.

4.1 Simulation Model of Well Pad and SRV’s Evaluation:
To build a fast and accurate mathematically optimized approach to locate wells
and SRV’s in the shale reservoir model, a model with random natural fractures
distribution to represent the complexity of shale rock is built. Figure 11 shows a
comparison between optimized placements of fracks in terms of SRV versus uniform optimized cases; the parameters of the reservoir model are listed in Table 1.
Number of fracks vs. cum. oil prod.

Cum oil prod., BBls thousands

140

Optimized

120

Uniform distribution

100
80
60
40
20
0

0

2

4

6

8

10

12

14

Number of fracks

Figure 11 Optimized placement of the same size SRV versus Uniform distribution of SRV
along one horizontal well.
Table 1 Parameters of the reservoir model used in validating the developed model.
Well type

Horizontal wells

Reservoir dimension, ft.

10,000 × 10,000

Fracture half length, ft.

500,600, 650,700,750

Number of hydraulic fractures/well

5–50

Number of wells/ pad

2–40

Length of horizontal well

(6,000–10,000 ft.)

Half Length of fracture, SRV half length

(200–600 ft.).

Spacing (wells, fractures)

(500–1,600 ft.)

Stage width

DOI: 10.7569/JSEE.2016.629521
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1. Input Parameters
i.
ii.
iii.
iv.

3D FI excel sheet heat map
Min Fracture stage (SRV) spacing
Reservoir dimensions X, Y, Z
	Number of wells: 2 wells (budget constraints), assuming we have
two pads at the surface, each pad has 2 wells
v. Horizontal well length 6,000 ft
vi. Overlap constraints
vii. Spacing between wells and neighboring fractures
2. Output Parameters
viii.
ix.
x.
xi.
xii.
xiii.
xiv.
xv.

Number of fractures stages (SRV) per well and per the pad
The location of surface well pads per the model.
The locations Fracture stages (SRV) along the horizontal wells
	Optimum scheduling of fracture stages (numbered rank based on
sum of FI values per the stage).
Well spacing
	Fracture dimensions (length & width assuming fracture propagates as a network through the whole fracture stage)
Predict SRV’s location and number using an input map of FI’s.
	An optimum well path and optimum fracture design placement
in shale and tight formations

Assumption
• Symmetric planar bidirectional propagation of the fracture from the
wellbore occurs perpendicular to the direction of minimum principal
stress.
• Wells are in the direction of the minimum horizontal stress (predefined
by the user).

5

Results and Discussions

This section is to evaluate the performance of FI via reservoir simulation. The
Permian basin evaluated consists of hundreds of fractures per well. Table 2 shows
the data ranges used to develop the model.
As the optimization technique has evolved, statistical algorithms and many
software packages have been developed to improve the understanding of fracture
stages and the SRV concept, and complex simulations are being implemented to
take into account a greater number of variation in input parameters; however, the
importance of considering the power of FI correlation and its predefined cut-offs
remains paramount.
DOI: 10.7569/JSEE.2016.629521
J. Sustainable Energy Eng., Vol. 4, Nos. 3-4, December 2016

325

Alzahabi et al.: A Novel Mathematical Optimization Approach

Table 2 Properties of the reservoir model used in validating the developed model.
Mineralogical properties
Parameters

Minimum value

Maximum value

Quartz, wt. %

6.00

75.0

Calcite wt. %

0.00

84.0

Clay wt. %

3.00

49.0

Pyrite wt. %

0.00

8.00

Petrophysical properties
Photoelectric Index (Pe), barns/electron

2.61

5.71

Density rz, g/cc

2.41

2.71

Geomechanical properties
E, psi
ν, ratio

0.38 E6

9.75 E6

0.02

0.38

Reservoir properties
Initial reservoir pressure, psia
Thickness, ft.
Model dimensions
Porosity, %
Permeability, Nano-darcy

5,330
900
80 × 80 × 5
Avg. : 9
Avg. : 208

The model presented in this work is based on coupling the sweet spot proxy
and optimization tool. It requires input maps of calculated Fracturability Indices.
Contrary to detailed microseismic-based techniques, it requires downhole sensing
tools.

6

Conclusions and Recommendations

In this paper an analysis of placing optimum wells and optimum fractures in the
sweet spot regions of shale reservoir is presented. These sweet spots are known as
grid assigned high values of FI. The time and number of required stages to reach
the objective function was investigated. The fracture spacing and well spacing was
assumed to be non-even. SRV size is not equal among stages due to the heterogeneous nature of the rock represented in varied FI values. The advantage of this
helps in reducing the cost of placing wells and fracture stages.
The concluding remarks from this paper are listed below.
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In this work, a mathematical optimization approach for the placement of horizontal wells and hydraulic fractures within shale reservoirs was developed. The
approach is able to provide a design that gives the optimal predicted stimulation
of sweet spot locations that are identified by the use of the Fracturability Index.
The technique suggests the optimal number of wells and fractures needed in order
to drain the shale reservoir by achieving maximum contact area, while respecting
the physical and economic constraints.
i. A
 model that includes the coupling of geomechanical and mathematical optimization was determined for the well data by use of a sophisticated Integer Programming approach. It is believed that the proposed
model arrived at in this analysis is the best of its kind in the industry. A
comparison of our proposed model versus published models (although
published models are based on other non-optimal algorithms), shows better results in terms of accuracy in placing fractures. As a final recommendation, more refined models could be proposed in future work involving
the collection of more data.
ii. Geometric placement of SRV’s and hydraulic fracture stages in shale and
tight formations should be replaced by coupled approaches of sweet spot
indices and optimization methodologies.
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Appendix A
Abbreviations
E
Young’s modulus
v
Poisons’ ratio
FCD
Dimensionless conductivity
K
Permeability
∆σh
Difference between minimum and maximum horizontal stress
FI
Fracturability Index
E
Young’s Modulus, psi
E′
Plane Strain Modulus, psi
E′
Normalized Plane Strain Modulus
ν
Poisson’s ratio
ρ
Density, lb. /ft3
x(i,j)	X_Y location of a fracture in the reservoir represents the location (I, j) in the
shale formation grid
X
Coordinate axis along well path, ft.
Y
Coordinate axis along fracture path, ft.
BHP Bottomhole pressure, psi
Qg
Gas flow rate, Mscf/d
cf
Formation compressibility, psi-1
Lf
Fracture half length, ft.
Pi
Initial reservoir pressure, psi
L
Well Lateral length, ft.
ΔX,ΔY Model grid dimensions in x and y direction, ft.
Pnet
Net pressure, psi
Xe, Ye Rectangular Reservoir shape dimensions in x and y direction, ft.
W
Horizontal well
F
Fracture stage
Dmin Min well spacing, ft.

Appendix B
Definition of the Fracturability Index Used in the Well Placement
Process
In this model every cell is assigned a number based on the calculated FI using
geomechanical properties assigned to each cell. The FI consists of a range between
0 and 1. The objective function is achieved through a sum of the total FI values
unlocked by the stage from node m to node n and the total FI values unlocked by
fracturing at node k.

DOI: 10.7569/JSEE.2016.629521
J. Sustainable Energy Eng., Vol. 4, Nos. 3-4, December 2016

329

Alzahabi et al.: A Novel Mathematical Optimization Approach

Appendix C
Geometric Interpretation of Parameters Used in Building the Model
Figure 12 demonstrates 5 wells attached to one pad. Figure 13 shows one SRV ideal
shape and ideal geometry. Figures 14 through 20 list all geometric interpretation of
network connections in wells and fractures.
Figure 14 shows a single well designated by originating at node moving in the
direction of minimum horizontal stress, where shows continuous well connections
from node m to n. Figure 15 shows a continuous flow of nodes representing fracture origin. Figure 16 defines the bounds of each individual valid SRV. Figure 17
differentiates valid versus invalid fracture locations considering minimum fracture distance. Figures 17 and 18 describe the possible geometrical representation of the well path considering other existing SRV’s. Figure 19 introduces the
main dimensions of one possible SRV including fracture stage height and width.
Figure 20 explains how SRV is represented in our model, whereas discretized SRV
is an approximation of SRV ellipse 3D, as represented in Figure 13.
Pad

D1

D2

Figure 12 Combination of 5 wells originating from one well pad.
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σmax

Frac network height, h

Frac network width, w

σmin
Frac stage half length , Xf

Figure 13 Stimulated reservoir volume (SRV) for one fracture stage.

Well origin region
(Pad reach)

Pad location at surface
Variable distance
e.x. space of 3,
next node 4 cells
away

Angular
movement of 1
(max allowed)

Well origin
Wn

Xmn

Ψ(n)
Straight, level well path.
Only connection that allows
for fracking

Figure 14 Basic network connections in a well.

DOI: 10.7569/JSEE.2016.629521
J. Sustainable Energy Eng., Vol. 4, Nos. 3-4, December 2016

331

Alzahabi et al.: A Novel Mathematical Optimization Approach

Yk = 0

Yk = 1

Node m

Node n

Potential fracture
locations (^(m, n))
Figure 15 Hydrulic Fracture stage nodes representation.

Min frac
distance

Invalid frac
(too close to
other frac)
Figure 16 Valid versus invalid nodes for fracture stage.
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Frac
height
Frac
width

Invalid frac*
(intersects SRV)

Invalid frac*
(intersects SRV)

*Handled by
Φ(n)

Figure 17 Three-dimensional representation of fracture intersection constraints.
Valid well path!

Invalid well path*
(within 50 ft of frac)

Frac
height
Invalid well path*
(intersects SRV)

Frac
width
Invalid frac
(intersects SRV)

Invalid well path*
(intersects SRV)

*Handled by
Ω(n)

Figure 18 Valid paths for neighboring wells.
Fracture height
Frac center, well
node

Fracture network width/
fracture stage length

Figure 19 Fracture stage paramters.
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σmin
σmax

Discretized SRV (sampled as approximated ellipse
centered at frac with height and width determined
by frac type)
Frac center

Frac half length

Approximate 50 ft gap (will need
to be adjusted based on scale)

Figure 20 Discretized SRV for one fracture stage.

DOI: 10.7569/JSEE.2016.629521
334  J. Sustainable Energy Eng., Vol. 4, Nos. 3-4, December 2016

