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ABSTRACT

Full Name : [Omar Qasim Alharbi

Thesis Title  : [Optimization of Well Placement and Path in Hydrocarbon Resep

Major Field  : [Petroleum Engineerifjg

Date of Degree: [June 202B

The optimization of well placement is amegral element of the development plan of a
field. Its essence thrives with more complex problems and, in such cases, requires further
advanced techniques and imposed constraints to obtain the optimal solution. The
optimization algorithms, e.g., Genetdgorithm (GA) and Differential Evolution (DE),

have proven their success in well placement applications as can be observed by the
numerous research papers available in the literature. These algorithms optimize an
objective function (or sometimes calledstdunction), by finding its minimum or
maximum, and it is usually represented by an economical factor, e.g., net present value

139 WKDW LOOXVWUDWHY WKH SODQYYV SURILWDELOLW\

The objective of this study is to optimize the placement of wells of any shapevertical,
horizontal, sshaped, irregular, etc., using DE optimization algorithm with NPV defined as
the objective function. The study involves both well types (producers and injectors) and
incorporates operational and economical constraints, aachminimum well spacing,
maximum inclination and azimuth angle changes, placement within reservoir boundaries,
and operating bottomhole pressure for both injectors and producers. Nonlinear inequality
formulations have been developed to ensure the saisfaaftthe minimum spacingnd

placement within reservoir boundar@nstrains.

Xii



The novelty of this research is demonstrated in the integration of each well segment
directional information (inclination, azimuth, and length) as decip@mameters. These
SDUDPHWHUY DUH VXIILFLHQW WR UHSUHVHQW WKH VHJP
assembled to create the complete well path. Local Grid Refinement was employed to better
represent the changes in the path on a smaller scalen(aithrid block). In this study,

three different reservoir examples were investigated: a reservoir with channels, a reservoir
with distributed permeability field, and Brugge field, in which in each case, a comparison
with an existing method of representitng well as a straight line was performed. Overall,

the proposed method has shown better if not comparable results to the-fitraighath
method in most scenarios. Additionally, further analysis emphasized the importance of
using an appropriate numbef segments that suffices to create freedom in designing the

well path while not causing extensive simulation time or convergence problems

Xiii
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CHAPTER 1

INTRODUCTION

One of the most important factors the success of a field development is the placement

of its wells. The placement configuration affects the amount of hydrocarbon to be produced
daily and cumulatively, the time of water breakthrough occurrence and water cut
percentages, and of course theR®QRPLF YDOXH H J QHW SUHVHQ
Furthermore, recent developments have allowed for more advanced drilling techniques,
such as horizontal and deviated wells. Generally, these wells outperform their counterparts,
vertical wells, due to the largexposure to the hydrocarbon resources they can attain. In
addition, horizontal and deviated wells can be very effective in scenarios where vertical
wells would be considered unfavorable, e.g., producing from thin reservoirs. Nowadays,
these types of wellsan be drilled, gesteered (navigated) following planned trajectories,
and monitored as well in reime. However, with complex reservoir properties, such as
formation heterogeneity and fault presence, \valectory planning requires advanced

investigation for better ultimatéeld recovery.

Moreover, there are effective algorithms that allow solving problems with one or more
optimization objectives. These algorithms have been employed extensively in the literature
for various applications, e.g., hisyo matching, production forecasting, and well
placement. These techniques can be classifiathly into gradientbasedoptimization

algorithms, e.g., gradient descent, atdchasticoptimization algorithms, e.g., Genetic



Algorithm (GA) andDifferential Ewolution (DE). Gradientbasedptimizers aim to find a

local solution which could or could not be the global optimum while stoehastic
optimizers attempt to obtain tighobal optimal solution. Furthermore, it is very important

to comprehend the probleml@and and assign a relative objective function to acquire the
best possible solution. For instance, in history matching problems, the objective function
could be an errometric e.g., 5RRW OHDQ 6T XRM$H GvHithUHe dlgérithm
would attempt to nmimize as much as possible by varying several parameters like
permeability and skin. Likewise, well placement problems involve variation in selected
parameters, such as well location, trajectory, length, number of latergl$o etgnimize

the negativeralue of NPV, hence obtaining as maximum NPV as possible.

Usually, for this example of problems, NPVtotal hydrocarborproducedare commonly
chosen as objective functions. However, optimization algorithms do not adhere to common
or engineering senseych that it could provide results that are invalid and illogical. For
example, in a well placement problem, the optimization algorithm could place a well
outside the reservoir boundaries, could place two wells in the exact location, could place
two interseting wells, etc. These failures are not comprehended by the program as its
objective was only to minimize or maximize a certeastfunction. Therefore, it is vital

to set conditions, or constraints,goidethe algorithm tachievean appropriate soligin.

In this thesis report, chapter 2 reviews the literature work regarding well placement

optimization problems and the algorithms emploigedcquire the results

Chapter 3ntroduceghe problem statemerproblem formulation, associated thecand

theobjective of thighesisresearch.



Chapter 4 reviewthe optimization algorithnused,and additional theoretical background

utilized in this research.

Chapter Soresents the investigated case examplesiaudisses the results obtained from

eachcase.

Chaoter 6 sums up and concludes this thesis report.



CHAPTER 2

LITERATURE REVIEW

2.1 Well Placement Optimization

Pan (1995%tudied one of the early applications of optimization algorithms in planning the
optimum well placement. In his work, he was able develsfrategy Figure 1) for an
offshore oil field to maximize its net present value subjgdo constraints of facility
capacity. He studied 35x35 combination of cases with variation in the starting time of
development (from 0 to 204 months, for every 6 months) and variation in the required time
to produce oil at full capacity of the faciliffrom 5 to 175 months, for every 5 months).

He solved this problem with two different approaches. The first method was to perform
1225 (35x35) simulation runs to obtain the exhaustive data set. The second approach was
to perform 35 simulation runs and w#é them to generate the 122&lizations employing

multivariate interpolation techniques, namely Least SquareKagitg (Pan, 1995)

Bittencourt & Horne (1997)raployed a Genetic Algorithm (GA) to optimize the location,
direction (vertical or horizontal), and orientation (if horizontal) of 33 wells in a real
reservoir development problem. Two cases were studied: one case was conducted with pre
knowledge of wellsdcations proposed in the real project development plan, while the other
case was investigated without prior information of wells locations. The two cases were
solved using a hybrid GA to maximize the NPV of the field. Optimization of the former
case, whichnvolved the proposed locations, has shown premature convergence at early

generations but proceeded to enhance at later modified generations. On the other hand, the

4



latter case showed a better regulated generation of new realizations. The profitsvof the t
cases were $1,203.83 million and $1,189.92 million of the former and latter cases,

respectively(Bittencourt & Horne, 1997).
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Figure 1: Optimization Strategy Developed by(Pan, 1995)

Guyaguler & Horne (2000onducted a study to select the optimal wells coordinates that

result in the maximum oil production over a tyear period. The optimization algorithm



applied was a hybrid GA (HGA). Their research involved six different runs, ichveach

has a different number of injectors and/or producers, as well as the freedom to which how
many wells are optimizable. In addition, reservoir grid and petrophysical properties are
varied, such as cases with 16 x 16 grid system or degree of heteitpge the reservoir.

The summarized description of these runs is presentédbie 1 (Guyaguler & Horne,

2000).
Table 1: Optimization runs summary (Guyaguler & Horne, 2000)
Run No. No. Producers No. Injectors Reservoir Grid Systen
1 1 - 16 x 16
2 1 1 16 x 16
3 2 - 16 x 16

3 (fixed location) )
4 1 (optimized by HGA) 32 x 32

5 3 (fixed location) 1 (optimized by HGA) 32x32

6 2 (fixed location) 2 (optimized by HGA) 32x32

Yeten et al. (2003)nvestigated the placement of nonconventional wells considering the

ZHOOVY W\SH ORFDWLRQ DQG WUDMHFWRUV\até&rtllH UHVHDUF|
ZHOOV DQG XWLOL]J]HG *$ DORQJVLGH WKUHH 3KHOSHU " DOJF
trajectory ofeach well lateral is assumed as a straight line in a 3D system and is represented
byavectory ZKLFK FRQQHFWV WKH FRRUGLQDW&d$BLQWYV RI WKI
(h). Basically, the algorithm approaches the solution pyindzing the heel and toe
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coordinated(i, j k), the inclination angld 7.), and the well length in they plane. The

authors discussed three cases with different reservoir properties:dridaakservoir with
agas cap and a bottom aquifer, an oil/water layered reservoir, and aagk fluvial
channel reservoir. The authors were able to successfully optimize the location of the wells
and their additional laterals, if any, providing minimum NPV while obeyfegimposed

constraintgYeten et al., 2003).

Wang et al. (2007proposed a solution to optimize the location of an additional well (an
injector) to a synthetic reservoir with existing producers using gradient based algorithm.
Gradient based algorithms are local optimization algorithms and are not commonly used
in well placement problems as global optimization algorithms, e.g., GA. This is attributed
to the vulnerability local optimization algorithms have to being trapped within a local
optimal solution without approaching the ultimate optimum. Nevertheless, the authors
investigate their adopted method first with an easy case of a homogenous reservoir with
four producers at each corner. Expectedly, the solution approached by the method was
locating the injector at the center. Moreover, the authors tested the methathwr aase

of a heterogeneous reservoir with two producers placed arbitrarily. The optimization
technique realistically selected a location of the injector which is reasonable with the
heterogeneity of the reservoir and favorable flow from injector toym@d(\Wang et al.,

2007).

Emerick et al. (2009) developead program that optimizes well placement considering
multiple nonlinear constraints, such as maximum well length, minimum spacing between
wells, and inactive grid cells. Genetic Algorithm was apphs the optimization method,

the cost function defined was NPV, and the decision parameters used were heel point, toe
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point, type (injector or producer), and the status (active or inactive) of each well. In this
study, several field applications were exaed. For instance, Field 1 is an offshore field
with one existing producer and an injector. The reservoir engineer plan was to add 13 more
wells (8 producers and 5 water injectors) of a maximum 800 meters length. The study
compared two strategies approadhone with initial wells locations as proposed by the
engineer, and the other with the starting points of wells being random. The results showed
that the first strategy gave higher NPV with less number of simulations as compared with
the second strateglfield 2, which is also an offshore field, had similar strategies as Field

1, meaning two optimizations were tested one with initial points suggested by the engineer
and another with random initial locations. However, this latter plan outperformed the
former. Thus, it is important to select wisely the initial locations of wells, otherwise, the

chances of attaining the optimal solution will decl{Eenerick et al., 2009).

Awotunde & Sibaweihi (201430lved a welplacement optimization problem through a
multi-objective approach. Previously mentioned work discussed mostly the use of single
objective, which is commonly to maximize the NPV. However, the authors included an

additional objective to the problem to be solved, which is to optimize VRR, or i.e., to

minimize VRR 1]. Their study conducted three cases: a case where NPV was solely used

in a single objective problem, a second case where VRR was the sole objective of the
problem, and a third case where both NPV and VRR considered intaolneltive
problem. The three cases were approached using two different optimization algorithms:
Covariance Matrix Adaptation Evolutionary Strategy (CMS&) and Differential

Evolution (DE)(Awotunde & Sibaweihi, 2014).



Awotunde & Naranjo (2014ptegratel well spacing as a constraint to optimize placement
of wells. The minimum spacing constraint was determined from the minimum circular

area imposed between any two wells in the field and is represented as follows:

" 43560A
min S

2.1)

The number of constraints increases as more wells are placed into the field. The authors

formulated an equation to compute the number of constraints as in the following:

Nwells( N
¢ 2

wells 1)

N

(2.2)

The cost function defined in the study is the net pitesalne, and the optimization of the
wells locations was achieved using a global optimization algorithm, Covariance Matrix
Adaptation Evolutionary Strategy (CMRES). In addition, a penalty approach was adopted

in which whenever the selected locations ueldne minimum well spacing constraint, a
negative NPV is added. A couple of case studies were conducted, e.g., a reservoir with four
facies of different permeability and porosity values. In this case example, 18 producers and
12 injectors were used to ddup the reservoir. Several operational and economical
constraints were defined: minimum operating bottomhole pressure of 2000 psi of all
producers, maximum water cut of 97%, minimum oil production of 100 STB/day, constant
water injection rate of 3000 STddy, and maximum bottomhole pressure of 6500 psi of

all injectors. This case was approached using GB8\and several other unconstrained
optimization techniques. The results showed that GBSwas able to find optimal well
location while satisfying all theonstraints while the unconstrained methods violated the

proposed noitinearconstraints (Awotunde & Naranjo, 2014).
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Naderi & Khamehchi (2017) comparethree different optimization algorithms
performance in solving four different cases. The optimizatigorahms used were
Genetic Algorithm (GA), Particle Swarm Optimization (PSO), and Bat Algorithm (BA).
The objective was to optimize the location of six production wells by maximizing the
objective function, NPV. Overall, the results showed that PSO néesikedomputational

time and less function evaluations. However, its best NPV was not as good as the NPV
retrieved using BA, which needed relatively higher computational time to reach its optimal
NPV. Notably, GA featured the lowest average time per fanativaluation among the
threetechniques.Table 2 summarizes the results obtained from the three optimization

algorithms (Naderi & Khamehchi, 2017).

Table 2: Optimization results summary (Naderi & Khamehchi, 2017)

Algorithm No. Function Comﬁi%aetlonal Average Time NPV

9 Evaluations (seconds) (MM$)
(seconds)

GA 800 4989 6.24 1.638

PSO 625 4624 7.40 1.854

BA 800 5040 6.30 1.993

Awotunde (2019)examined the performance of six dimensteduction techniques:
constarvcontrol (Const) approach, piecewasenstant (PWC) approach, trigonometric
approach, Bessdélinction (Bess) approach, polynomial approach, and the- data
decomposition approach. Theseethodologies were utilized in five different case
examples to find the optimal wdtication or flow rates, with the cost function defined as

10



the NPV of the field and was maximized using a glaigimization algorithm. The
objective of the first two casstudies was to optimize the wells rates, while fixing other
parameter such as location or number of wells, in which the first case involved a synthetic
reservoir with 15 wells while the second case involved 30 wells in the Brugge Field. The
remaining thre examples were aimed to find the optimal wells rates, wells locations, types

(injector or producer), and number of wegksvotunde, 2019).

Ding et al. (2020utilized particle swarm optimization algorithm to efficiently optimize
well placement. They comixeéd two objective functions in a sequential manner, which they
referred to as hybrid objective function. They first used productivity potential value (PPV),
which is a static value estimated without the need to run simulation. They run the program
using his objective for early iterations, and then switched to a dyram@&sure cost
function, which is the cumulative oil production (COP). The incorporation of the static
function resulted in computational time reduction while the integration of the dynamic
objective function preserved the accuracy of the obtained solution. The process workflow

is illustrated inFigure 2 (Ding et al., 2020).
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[ Well placement optimization coupling HOF with PSO ]

'

Initial well locations with the same
well placement scenarios

Y

PSO update <

v

Calculate PPV using Eq. (1) and (2)

Initial well location using the best results
found by PPV as the objective function

v

Run simulator to calculate TOF
(COP/NPV)

PSO update

Iteration
> Max iteration

(Optimum well placemenD

Figure 2: The optimization workflow of HOF with PSO (Ding et al., 2020)

12




2.2 Optimization Algorithms

2.2.1 Genetic Algorithm (GA)

Genetic Algorithm is a very effective algorithm. It was developed in 1970 by John Holland
on the basis of survival traits of strong species in nature. Initially, #gdknique
commences randomly. However, subsequent generations (iterations) are a result of
mutation, cros®ver, and recombination processes of its ancestors. Ultimately, the
algorithm achieves an optimal solutid-igure 3 depictsthe general flowchart of genetic

algorithms(lslam et al., 2020).

During the GA process, parent chromosomes are selected, based on fithess quality, and
evolved through recombination process of mutation and -oess, in which child
chromosomes are generated. The process repeats as child chromosomes are tested for
fitness and then subsequent selection to produce the next generation. Iteratively, successive
generations are evolving in terms of chromosome average fitness until the program breaks

upon a stopping criterion yielding the bestution (McCall, 2005).
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Initialize Process for Genetic Algorithm

v

Formation of initial population matrix

v

Calculation of net profit value for each
chromosome

v

v

Choosing individuals with the selection
operator and executing crossover

v

Recombination and mutation

v

Formation of new population matrix

'

Calculation of objective function

No

'

stopping criteria
fulfilled?

Figure 3: Typical genetic algorithm flowchart (Islam et al., 2020)

2.2.2 Particle Swarm Optimization (PSO)
Particle swarm optimization was developed by Kennedy and Eberhart in 1995. In this
method, particles fly around in the search space, in which their position and velocity are
variant. hitially, the particles velocity and position are randomly assigned. However, with

time elapsing, particles adjust their position and velocity according to calculated fitness

measure of probable solutions. Finally, the particles reach their final destinatiich
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exhibits the best fitness, and the algorithm declares that location as the optimal solution.

Figure 4 showsthe general flow chart of a PSO algoritfiisilam et al., 2020).

Initialize algorithms parameter and particles position
and velocity

v

Calculate the objective function for each particle

A 4

v
Calculate pbest and ghest

Y

Renew the velocity and position

Y

Renew the pbest and ghest values

stopping criteria
achieved?

Figure 4: Particle swarm optimization algorithm flowchart (Islam et al., 2020)

2.2.3 Differential Evolution (DE)
Differential Evolution is a metaheuristic optimization algorithm that is similar in concept
to GA. However, DE differsn that it relies more on mutation operations rather than

crossoverFigure 5 demonstrates the typical workflow chart of DE (Islam et al., 2020).
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Another key difference between the two algorithms is that DE usesalead vectors

rather than binary stin HSUHVHQWDWLRQ 7XabuU )LOLSLpD

Initialize geological, production parameter and algorithms

!

Set iteration counter, t=0
L

™~

Update iteration counter, t=t+1

v

Initialize the population

!

Update DE parameters

!

Calculate objective function

Stopping criteria
fulfilled?

Figure 5: Typical differential evolution flowchart (Islam et al., 2020).
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CHAPTER 3

PROBLEM STATEMENT & FORMULATION

3.1 Problem Statement

Modern technologies, such as eseering, have allowed drilling wells with more
complicated trajectories as compared to plast. Thus, designing advanced wells, e.g.,
wells that are changing in inclination and azimuth angles as more path is drilled, is now
feasible Figure 6). Yet, literature work does not study the optimization of the placement
of such wells where continuous path changes in azimuth and inclination angles matter.
Alternatively, it considers the well path as perfectly straight, whether the path is vertical or
with a constant angle of deviation. Therefore, the need for a study which integrates such
angular changes is arisingigure 7 shows the directional components, most importantly

the azimuth and inclination angles.

The proposed notion in this work is to idig each well to a number of segments, in which
each segment is defined with directional information (location points and angle directions)
that are adequate to create back the original well whassembled with the remaining
segments. This segmentatioreates freedom in designing the well pathus, thiswork
investigateghe placement of wellsf any drilled path i.e., not necessarily drilled in a
specific pattern, e.g.;shaped, vertical, undulated, €ftie research stigswell placement
incorpoting the optiorof changes in the inclination and azimuth angles within practical

and logical limitations. This work comprsboth well types, producers and injectors, and

17



integrate critical constraints to provide reasonable solution endorsing

engineering logic.

Figure 6: An example of a well path with angle changes (Sarraj, 2019)
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- Azimuth f&cticm
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. | / angle
g }xa . B
~~~~~~~~~~ y Drilling
____________ 4 plane «——Drill bit
............ % rotation
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i direction

Figure 7: Directional Survey Components(Gooneratne 2017)

18

petroleum



3.2 Decision Parameters

The parameters to be optimized in the undedd YHVWLIJDWHG SUREOHP DUH

location coordinate point§,, j,,k,) and angle direction6 _,,.7,..), the changes in azimuth

azi’
and inclination angles of each segment parad to its preceding segmeits ai, 7 inc)

, and the total length of the well inside the reservoir targeted secjiokdditionally, there

are other parameters which are-gedined and not left to the optimizer for the purpose of
simplicity and avoiding complicating the problem further, e.g., the number of segments
and the number of producers and injectors. Further, several constraints are imposed on
these optimizable parameters, namely, well starting points within reservoir boundaries,
maximum changes in azimuth and inclination angles of a segment relative to its preceding

segment, and a maximum inclination value of any segment.

The reason for choosing the changes of angles for each segment rather than the typical
(i, .k) is mainly for simplifying and reducing the problem dimension. If we assume that
we want to optimize the placement of a well with five segments, then we can represent it

using the typical(i, j k) representation. Alternatively, we cagpresent it using the first

segment heel point informatiof, j k, .,/ ,.) and only consider the changes in the

1
azi’

azimuth and inclination anglgs T...) for the remaining pointsTable 3 compares

the number of parameters required to define a paghwith five segments.
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Table 3: Required information to define a multi-segment well ((i, j K ) vs Proposed representations)

Method (i, ] k) Representation Proposed Representation

Parameter i i k i j k L fc
(é”;g"’r‘:];‘r’]iaﬁggl) o | 17 | 2 o | 17 | 2 | 40° | 75°

Parameter i i K - - - Ll e
Segmen® heel | 11.47 | 19.35| 2.51 - - - 3.51° | -4.80°
Segmen8 heel | 1438 | 21.95| 3.08 - - - -1.65°| -2.57°
Segment heel | 17.68 | 25.00 | 3.57 - - - 0.84° | 3.22°
Segmenb heel | 21.58 | 28.15 | 3.96 - - - -3.78°| 4.05°

Segment 5toe| 25.52 | 31.84 | 4.39 - - - - -

Therefore, the(i, j k) representation needed 18 values to define suchpatili.e.:

(3 3 UNsegments) u\l well (31)
while the proposed representation requirdddlues, i.e.:
(3 2 UNsegments) LN well (32)

Figure 8 comparesthe number ofdecision parametergequired for the algorithm to
optimizefor two conditionausing the twaepresentation methodSondition (a)compares
the number ofdecisionparametersieededwith respect tovariation in the number of

segmentgconsistent among all wellgjiven a fixed number of well©n the other hand,

20



Condition (b) compares the required optimizable parameters given a fixelenuwf
segments while varying the number of wells. It can be deduced from these two conditions
that the proposed method requires smaller number of optimizable pararreters

comparison with thei, j k) representationand the differencbetween the two methods

increases with higher number of segments or wellsus, using the proposed
representatiomould ideally reduce thdéurdenon the optimization algorithm since it will
have a smaller number of decision parameters to optitdigenately, this is anticipated

to yield better optimization resultSurther the (i, j k) representatiors almost impossible

to be directly used in the optimization algorithm and yigiteasibleresults. Thicould be
attributed to the angular constraints that will be violated when attempting to optimize the

(i, .k) points of each segmerror example, it may result in a solution of wé&lajectories

that go back in direction or wells that have impractically high values of azimuth or
inclination angles created betwesmo consecutive segments. Therefore, the proposed
representation solgethisproblemby incorporating these constraints within its decision
parameters as it uses the changes of azimuth and inclination angles between each two
consecutive segments as decision parameldreseangular changes could be easily
bounded with accegblevaluelimits during the optimizatioprocesgo achieve practical

well trajectories In addition to the (i,j,k) representation,alternative prospect

representations were investigated for feasibility. However, each has its owctiosstr
that prevent it from being adopted in the optimization algorithm. Further information on

these representations and their restrictismkocumented ippendix A.
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Figure 8: Comparing the required number ofdecision parameters usinghe (j, j k) representationvsthe proposed

representation (a) fixing the number of segments while varying the number of wells. (b) fixing the number of
wells while varying the number of segments

However, sinceéhe simulator only accept§, j k) representation, a conversion from our
proposed representation to tifej,k) representation is a mudtigure 9 shows one
segment represented with j k). Here, we can use the Pythagorean formula, the initial

point (heel point) of the segment, afigure 7 to calculate the toe poifbr the heel point

of the next segmentyiven the azimuth angle, inclination angle, andségmentength.

I (O) Side view (90°t07,) ]

Figure 9: Segment directional components
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Therefore, the following equation&duations 33 to 3.14) are derived fronfFigure 9
illustrations, wheram stands for the point index, witm 1 meaning the heel point of
Segment 1m 2 is theheelpoint of Segmen, « m N, is theheelpoint ofthe last
segmentand lady m N, 1isthe toe poinof the last segmenthese equations utilize
the selected decision parameters and pro{idek) representation of the wells and its
segments locations, meaning tfigj ,k ) of each segment which is the acceptable form by

the simulatiorsoftware

L' I (3.3)
T W (3.4)
K Legcos(T) (3.5)
Ly LeegSIN(T (3.6)
I Lysin(Z") 3.7)
. Lycos(T;') (3.8)
i, 0, (3.9)
Jn1 w7 (3.10)
k,, k, 'k (3.11)
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To better convey the conversion process, the following brief example is explained. A well
with five segments in &0 5@ 1( reservoir model with each grid dimension beiti§)

ft. can be defined using the following information:

- Well initial pointlocation, (i, j,,k,) (9,17,2
- angle values( ,,.7,.) #0q75)}

3.51¢
1.65;
0.84«
3.785

4.802
257¢

«
3.22¢
4.050,

- Well Length,L  750ft.

- Number of segments\l 5

seg

- Segment Lengthl,, 150ft.

seg

Using the given well information and utilizirigguations 33 £3.11, the coordinate points

of all segments can be calculated to yiEable 4.

+RZHYHU WKH UHVHUYRLU VLPXODWLRQ VRIWZDUH LV OLPLW
coordinate points EBRG. Further, approximating the values to their nearest integer (which

would be the center of the grid block) would not be practical and dednravery scenario
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since some reservoir models are defined with very large grid block sizes and the possibility

of two or more segments to fall within the same grid block is possible in such cases. Hence,

the well trajectory detailsould be misrepresetedin such scenariod herefore, this paper
DWWHPSWV WR VROYH WKLV SUREOHP WKURXJK WKH XV
which allows to create local grids within the original grids allowing better representation

of the welltrajectory and itsegmeQWVY ORFDWLRQV

Table4 &DOFXOD \/(/I de()i tsD@tNevproposed representation

Description (i,j k) (a2 inc)
\(gzlglyrirqgiril f?]igél point) (.17, 2) (40, 75%)
Segment 2 heel point (11.47 ,19.35, 2.51) (43.51°, 70.20°)
Segment 3 heel point (14.38, 21.95, 3.08) (41.86°, 67.63°)
Segment 4 heel point (17.68 , 25.00, 3.57) (42.70°, 70.85°)
Segment 5 heel point (21.58 , 28.15, 3.96) (38.92°, 74.90°)
Segment 5 toe point (25.52, 31.84, 4.39) -

3.3 Local Grid Refinement (LGR)

Local Grid Refinement is the process of allocating local grids within the original defined
grids (global grids).Figure 10 demonstrates an example ofCartesian local grid
refinement within &artesian global grid system. The LGR process is especialgfibiah

for cases of reservoirs where the original grids are not sufficient to capture the changes in
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the smallscale, e.g., changes of well path within a global grid. Thus, instead of defining
smaller global grids in the reservoir model and increasing dbmplexity and
computational time of the simulation, it is more efficient to create LGR where it is needed.
However, the size, and hence number, of local grids shoujddibzously selected For
instance, a very large size of grids may not suffice ttucagmalscale changes. On the

other hand, a very small size of local grids may yield undesirable convergence issues, e.g.,
the simulation would not be able to converge or would take an extremely long time to

converge

To better understand the usefulnedsthis approach, let us assume that we have the
reservoir inFigure 11, and we want to place a well froRoint A to Point B with the
illustrated path ifPart (a). Then, due to the limitations of the simulator, which only accepts
well points in the center of the gridee well path would look like iRart (b). On the other
hand,Figure 12 shows the corresponding simulator path should we have applied LGR.
Though it has not exactly replicated the planned path, the simulator path assisted by LGR
preserved more information of the planned atti the initial locations of points A and B

than the case where LGR was not used. This method would be of more sigeifia#im

more wells placed in the reservoir and more complicated path designs.

26



Figure 10: Cartesian grid refinement (Schlumberger 2021)
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Figure 12: Planned vs Simulator Path fith LGR used
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CHAPTER 4

THE OPTIMIZATION THEORY

4.1 Differential Evolution (DE)

Differential evolution (DE) is an iterative approach that attempts to solve a problem
through finding the optimum value. This metaheuristic algorithm is best known for its
capability of solving higkdimensioml problems while maintaining a low number of
assumptions made. Nonetheless, although metaheuristic algorithms, including DE, try to

solve for the optimal solutiohe solution is1ot guaranteed to be a global optimum.

The DE processstarts withthe first generation ofinitial gues (population) in which
containgheinitial candidate solutiong.he algorithm evaluates the candidate solutions for

fitness and uses these to generate subsequent candiglabesnbining existing ones
(mutation), while keeping lhe best candidates in hand (selection). NBMD QGLGDWHV
members are selecteathd combinedrandomly as well as mixed with target vector
(recombination). The new candidates are considered trial vectors and would only be

accepted should they exhibietter fithess value than the original vector.

ORUH FOHDUO\ OHWYV DVVXPH WKDW W Kvith R BUfhbBEFWLYH LV WHF
of real parameters. Then, DE randomly generate the initial populatidf, aigents or

parameter vectors symbolized &8s j * (1,2,...N, )The generation proces2 | WKH DJHQWV{

valuesis restrictedobetween defined lowamdupper limis (x_, X,) . The DE then proceeds

with the following steps:
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1. Atiterationk, the target vectok is updated using three other ageis, x: , ")

. Note thatj,r,,r, r, must be distinct from each other.

2. A mutation factorF, which is a constant between 0 ands2multiplied to the

difference between twagentsand then added to the thiadjentto yield a donor

vector v}‘ ', This step is called mutation.

vitoxS RO X (4.1)

3. The target vectorxjk and the donor vectcwik ' are used to produce a trial vector
yi * by replacing members of with their correspondents i’ * givena pre
determinedcrossoverprobability CR

s lif r dCRorm  m,,
e@(,';’jif r 'CRorm zm,,

k 1

ym, j (4 2)

wherem -« (1,2,...,M ), r is arandom number sampled fromraformdistribution

between 0 and 1, angy,_, is a random integer from 1 . The purpose ofm,

and

1

is to assure thab(‘j‘ and v}‘ are distinct from each other. iBhstep is called

recombination.

4. A comparison between the target vecté{)rand the trial vectoy'j‘ ' and whichever

yields lower function value is selected for the next gerarati

o Y i ) d)(X)

4.3
&x}‘ otherwise (4.3)
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for x;, j «(L,2,...N, ). This step is called selection.

5. Steps 2,3, and 4 (mutation, recombination, and selection) are repeated until
satisfying a predefined stoppicgterion
6. Finally, the agent from the last generation which yields the lowest function value

is chosen and reported as the best solution.

The siz of the populationN,,, is commonly determined using the following equation:

N, 4 floor(3ulnD) (4.4)

p

whereD is the dimension of the problem.

4.2 The Objective Function (Net Present Value)

It is very important for any optimization problem to sebattppropriatebjective function
(sometimes referred to as cost function). Generdlywell optimization problems, it is
more common to use the net present value (NPV) of the fieldh @®st unction.
Alternatively, cumulative oil production (COP) is another common metric used as an
objective function for such problems. However, unlike COP where it only acctmnts
total oil produced regardless of the expenses paid prior, during, andrpdsttion, the

NPV is more favorable in most scenarios sindeegtreflects realife economics. Hence,

this paper employs NPV as the main and sole objective function in the optimization
workflow. However, since the optimization algorithm approaches mimirttiz selected
objective function, the objective function in this paper is seis&the negative value of

NPV, yielding ultimatelynaximum NPV.
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The net present value (NPV)tise net discounted cashflow from an initial point of time

up to present. In wieplacement problems, the initial point of time could be the initial time

of production up to a specific point of time defin@dleNPV can be a positive or a negative
value, in which a positive valuaeansa profitable projectvhile a negative value refts
unprofitable project (expenses are higher than revekliVie¢n calculating NPV for such
problems, this term is affected by many factors, such as the number and location of wells,
their types whether producers or injectors, the operations applied fredhdaite up to
completion, e.qg., drilling and logging operations, rig equipment, etc. Thus, NPV is an

excellent metric to indicate the profitability of the field.
The net present value in this project is define(kdmn & Awotunde 2017).

N CF,
NPV | o (4.5)

nl(l r)n

whereN is the total number of discounting periods, which in this work is every month,

is the period index; is the discount rateCF, is the cash flow in period, andC_, is the

capital expenses, which is expressed as:

C C

cap facility

N prod Cprod Ninj ij Qraj (4 6)

whereC is the installation cost of the facilitie§,,,, and C,; are the drilling costs of

facility prod

a producer and an injector, respectively, ang , and N,; arethe number of produce
and injectors, respectivelyC,, is an additional cost term incorporated to account for the
expenses accompanied by drilling modern well trajectories, such those requiring advanced

tools like MWD/LWD. C

traj

is defined as follows:
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C:traj TFD c;raj ft (4 ' 7)

whereTFD is the total feet drilled of all wells within the reservoir section, &g, is

the average cost of an average foot drilled.

The termCF, is defined as:

CF, R E (4.8)

where R, is the total revenue in period while E, is the total operating expenditures in

periodn. R, and E, are defined as the following, respectively:

Rn C o, prod Q10, prod Q] g pron g proc (49)
w, prod w, prod inj inj roc
En Cn P Qn P an JQ’1W l Cop nQ10 P (4'10)
where C " is the price of produced oil per barr&,*"" is the total barrels of oil

produced in perioa, C %" is the price of produced gas per 1660andQ ®is the
total cubic feet of gas produced in perindin addition,C ""°" is the price oproducing
and treating one barrel of wate, """ is the total barrels of water produced in petipd
C."™ is the pice oftreating and injecting one barrelwéter, andQ "™ is the total barrels
of water injected in period. C,, , stands fotheoperation cost obne barrel of oilln this

project, the definitiomand assumptions made to evaluate the MRMisted inTable 5
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Table 5: Economical definitions for NPV calculation

Parameter Value Unit
C aciy 50 wl@ USD
Corod 2.5u10 UsD
C 2.5ul0 UsD
C, P 70 USD/bbl
C,% P 3 USD/MSCF
C, P 5 USD/bbl
cm 10 USD/bbl
Copn 8 USD/bbl
Cai 150 USD/ft
r 10 % (Annual rate)
r 0.7974 % (Monthly rate)
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4.3 The Penalty Approach

As emphasized earlier, this research aims to optimize the placement of wells and their path
adhering to a number of imposed constraints, such as minimum well spacing and placement
within reservoir boundaries. It is a common practice in literature to corsush
constrained optimization problem (COP) into an unconstrained optimization problem
(UOP) through integration of these constraints in the objective function. This integration
can be in the form of penalty terms or Lagrange multipliers (Awotunde &idar2014).

This work employs the penalty approach to fulfill such purpose.

Initially, it is very important to formulate the constraints expressions. For the minimum

well spacing constraint, a spherical volume withy around eachegment is assumed, in

which if any other segment from a different well falls within this volume it would be
considered a violation. The actual process starts by assuming the first well is not violating
this constraint, and so we move to the second welltiBg from the first segment of the
second well, if any segment from the first well falls within spherical volume of that first
segment, then the amount of length falling inside this sphere is stored. The process repeats
with the other segments from thense well, and then the segments from the third well will
check the first and second wells for such violation. Ultimately, the summation of all lengths

that violated the constraint is calculat¢sl) . The following nonlinear constrasexpress

the minimum spacing constraints.
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where N,,, means the total number of wellsy means the number of segment§\(ll 1

(which could be used to represent the last segment of that well\afs® m, ,means

the number of segments Wiell N 1 (the well before last)Additionally, the last

well

expression irequation 24,9, means that the distance betw&agment

1
well, Ny I Nwell L.MNyey 1)

m,_ of well N, to Segmentm, , of well N 1 should be larger than the minimum

well well

imposed distance which ig,,, .

The resultant number of constraints equatibljg can be estimated as
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Nuel

Nee | (N uN u W
n2

seg wt)) (4.12)

seg wel( n seg we(l i)

where N, ., meanshe number of segments fell n.

The second enforced constraint in this paper is to place all wells within reservoir
boundaries. The process checks each segment of each well for their coordinate points. If
that point is outside the reservoir boundariben the part that falls outside the reservoir

is cut from the well path plan and recorded, and the total lengths of all segments that

violated these constraints are summg@d_.). The following formulas represent the

nonlinearconstraints related to this restriction.
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2 o h,;, 0 ifinside reservoir
« 1y Ly, if outside reservoir

« o h,, 0 ifinside reservoir
« . . .
12 Ly, Iif outside reservoir

« = hiny O ifinside reservoir

« . . .
« 1m) Lu,, Ifoutside reservoir

« P . .
> h,y 0 ifinside reservoir
« Q(Z,l) L, if outside reservoir

« ° Nomy O ifinside reservoir

« . . .

« 2m,) L, ifoutside reservoir

«

«

« o hy 4 O if inside reservoir

« . .

« Newd) Ly 1T OUtsidE reservoir

«

« (4.13)
« g - . .
& h(Nweu,rmNe.,) 0 if inside reservoir
c , : ,
R IR L, . if outside reservoi

whereh,, ,, is the penalty value for Segment 1 of Well 2, apd is the length of Segment
1 of Well 2 that falls outside the reservboundary. And soh, " is the penalty value

for Segmentm, ~of Well N,,,, and L, is the total length oSegmentm,  of

well » well 1 aneII )

Well N, that falls outside the reservoir. The resultant number of constraints equations

well

N.,, can be estimated as

(4.14)

c,H 1 seg well n
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where N, .., means the number of segments\éll n.

Further, to incorporate these two constraints to the objective function, a normalization of

their values is required. Typically, the cost function using only NPV can be expressed as:

) NPV, k NI:)Vk (415)

However, since we are using the penalty approach and two constraints are imposed, then
two additional terms are needed. In addition, normalization of each term of the three
(including NPV) is required so that all terms are scaled and of relevant imparta
Furthermore, a scaling factor is multiplied to the two constraint terms to stress their
significance. This factor is designed to monotonically increase with more function
evaluations to assure obedience of the solution to the imposed conskqueson 4.16

expresses the objective function used in this paper.

a
NPV, Q 1 G 1 H « (4.16)

QPV,kl ékl ‘ »—g],kl C(q

)«

wherek stands for iteration numbar the search algorithmZ, , , is the median NPV of
the first iteration, £_, , and J_, ,are the maximun@, and H_, respectively, of the first

iteration. The median and maximum referred to here are the median and maximum

calculated from the solutions obtained in the first generati@rhere refers to the scaling

factor which increases as magenerations are produced, and as this value increases, the
terms that reflect the violation increase and so the search for-@alating solution is
emphasized. As a result, the objective function behavior is to focus on the primary
objective (minimizing NPV with moderate emphasis on constraints) at early iterations,

38



and stricter behavior to comply with the constraints is exhibited at later iterations.
Moreover, the scaling factor should be wisely selected, a large value may vyield to early
convergence ahsuboptimal solution, while a very small value may result in an extensive
search and a long time to find a solution. In this work, this value is selected to vary linearly
between 1 and 10, with value of one at the initial iteration and 10 at the |ash, sain be

expressed as:

© 9u k8 (4.17)

Kpax©

wherek refers to the iteration index whilke ., means the maximum number of iterations

chosen.
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CHAPTER 5

RESULTS AND DISCUSSION

Three different well placement optimization problems were investigated and solved, in
which in each the proposed approach was evaluated using different reservoir example. For
each problem, DE was employed with Equation 27 as its objective function, ih whic
within the DE algorithmF is defined as 0.88CR s set to 0.95, the population size is
selected to be 10, and the number of generations is 200. The economical parameters used
to evaluate the objective function are defined @ble 5. For all the caseshe algorithm

VROYHG IRU WKH RSWLPLIHG LQLW,XQ .ZHOQ O¥dhgDIRFDWLRQV D

changes of each segment relative to its preceding.zi; 7 inc), and the total well length

inside the reservoily.

The main scenario in each case example compares five different realizations performed

XVLQJ WKH SURSRVHG DSSURDFK LQ WKLV SDSHU WHUPHG [
another five realizations run using Straight QH 3DWK DSSURDFK ¢6/3°~ L H F
straightline vertical wells or deviated wells with a constant degree angle. Using the results

obtained from the main scenario using the GP approach, an additional scenario that

connects the initial well point to the last well point creating a strdigétpath (SLP created

from GP) was studied. The purpose of such scenario is to examine the effect of assuming

a straightline path instead of a generalized path. In addition, two sensitivity analyses of

two parameters were inspected. The first scenaribliglys the impact of the chosen

number of segments to represent the well path with. The second scenario analyzes the
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influence of selecting an appropriate minimum well spacing distance. Three different
values were used for each sensitivity analysis, phienization algorithm was run for each,

and the results were compared.

5.1 Example 1 +Channel Reservoir

The investigated reservoir in this example is synthetic and consists of four facies in four
different layers. The reservoir is divided intb 78 4 JULGV LQ ZKLFK HDFK

dimension isl50ft 150fu 150t . Figure 13illustrates the permeability distribution maps

of the four layersn alog-scale.Table 6 provides the petrophysical properties of the four
facies, andFigure 14 shows the rock and rodlkuid properties in the reservoiithe
presence of channels in the reservoir creates a potential challenge, as these channels can
cause the injected water to move rapidly to the producers through these channels, leaving
behind a ginificant amount of oil (resulting in a poor sweep efficiendy)e objective in

this example is to determine the best positions for seven wells (four producers and three
injectors) since the initial development of the fialtd for a production period tén years

For this example, the lower and upper limits of the decision parameters to be optimized are

listed inTable 7.

Several constraintaiere enforced on each producer and injector. For each producer, a
liquid rate of 15,000 bpdrasimposed as longsathe bottomhole pressure of that producer
does not decrease below a minimum value of 2,500 psi. Meaning, if the prazlooer
capable to maintain the required production rate without falling below this value, the
constraint on this producswitchesrom rateconstrained to pressuo®nstrained, and the

well continues production at that minimum bottomhole pressure regardless of the liquid
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rate. On the other hand, the imposed constraint on each injegtr keep the bottomhole
pressure at a value o090 psi, regardless of the amount of water injected, to maintain the

UHVHUYRLUYYV SUHVVXUH DQG HQHUJ\ WR SXVK LWV IOXLGV W

N o g B W N =

N O a A 0N =

10° 102 103 10° 102 10°

Figure 13: Channel reservoir permeability distribution maps

Table 6: Channel reservoir properties

Facies Color k (md) 0
1 Green 100 0.12
2 Burgundy 2100 0.37
3 Red 750 0.23
4 Blue 2 0.05
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Figure 14: Fluid & Fluid -Rock Properties of Example 1. (a) oil/water relative permeability curves, (il
viscosity, and (c) oil formation volume factor

Table 7: Lower and upper limits of the decision parameters utilized.
Parameter Lower limit Upper limit
i 1 75
i 1 75
k 1 4
L 0° 360°
Te 0° 95°
e -8° 8°
" T -8° 8°
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In this example, a spherical volume of radius equals to 1,500 feet around each seggnent
used as the minimum well spacing, in which if any segment of any other well falls within
this volume will be accounted as a penalty to the objective function. Wb@giray
Equations4.12and 4.14to this problem of seven wells with 10 segments each, wesdeed

to considerl.11x10 nonlinear constraints (minimum spacing constraintg) additional
constraints (placement within reservoir boundaries constraints). Additionally, to further
validate the proposed approach, a comparison with the approach of diregiellswas

investigated.

Five different realizationsvere performed of eaclpath approachthis workfV . SURSRVHG
approachGeneralized?athor (GP) andthe approach oft&ightLine Pathor (SLP). The
results from the fiveealizationsveresortedfrom highest to lowediased on NPVand the
highest median, andowestscenariosvere documented and plotted (askigure 15) to
compare the results of the two approacheas.worth noting that the NPV iRigure 15is

not monotonically increasing as more functiovere evaluated, and this is basically due

to the objective function being a normalized term incorporating the NPV and the
penalization termsFor this example, it can be noted thgénerally,the GPapproach
outperformed theéSLP approach As a matter of factthe mediarrealizationof the GP
approachsucceeded in providing better results than the best realization ddLiRe
approachTable 8 summarizes the resultSPV, RF,and penalty terms, obtained from the
optimization algorithm employed for this examplverall the GP method succeeded in
yielding better NPV with lower recowefactor percentagd8oRF), reflecting theefficient
placement design afvells locations angaths.Remarkably, all the cases managed to

adhere to the minimum spacing constrémiugh the high number of nonlinear constraints
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imposed However, about half the scenarios violatahsiderablythe other constraint
imposed and placed some segments outside the reservoir boungmiess 16 +17
illustrate the final placement locationtbe seven wells frorthe highest NPV casd each

approach.

Table 8: Results summary of the two methods and their highest NPV, median NPV, and lowest NPV

Method Realization NPV ($) RF (%) G, (ft) H. (ft)
Highest NPV |  7.11u10 24.49 0 0
GP Median NPV | 6.97 u1@ 25.51 0 0.2
Lowest NPV | 6.74ull 27.53 0 195.7
Highest NPV | 6.89u10 28.03 0 0.01
SLP Median NPV | 6.82ul( 27.65 0 304.2
Lowest NPV | 5.71ul( 27.57 0 185.9
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Moreover, the results obtained from the GP appraeete used to create an alternative
scenario with the same wells locations. However, a striiightpath was created
connecting the initial and end points of each well, as illustratEdjire 18. The oljective

of this compason is to invesgate if it is valid to assume a straigime pathfrom our
already obtained solutisnTable 9 presents the achieved results. It is evident that there is
a significant difference between the NPV obtained from tlesivenarios. This shows the
significance of preserving the original well informatias assuming a straighme could

lead to inaccurate and misleading results.

Table 9: A comparison betweerthe original and alternative scenarios base@n the highest NPV, median NPV,
and lowest NPV

Oridinal Scenario Alternative Scenario
g (SLP created from GP)
Method Realization
NPV (%) RF (%) NPV (3$) RF (%)
Highest NPV | 7.11u1d 24.49 6.13u16 11.86
GP Median NPV | 6.97u1d 25.51 5.75ulC 12.60
Lowest NPV | 6.74ul0 27.53 5.57ul@ 13.83
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Figure 18: 2D and 3D views of thevells fconfiguration illustrating the straight -line path created connecting the
initial point to the end point of the wells

To further investigatdjve additionalrealizations were performed witghlowernumber of
segments (5 segments) ambther five with higher segmentsumber(15 segments). This

is to examine the effect shanginghe number of decision parameters associated with the
different number of segmenits our problem Table 10 sums up the results obtained from
the additionakcenario®f different segmestnumbeand compares them with the original
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scenarioof 10 segmentdt can be inferred from the table thae 10-segmentscenario
showed a slight enhancement in terms of NPV when lookia{ egalizations in general.
However, it is obswed thatthe highest NPV case ofsegmenscenaricoutperformed its
counterpartusing 10 segments in providing efficiently high NPV with lowsRF. In
addition, selecting 15 segments resulted in less NPV overall, thus, reflecting the difficulty

encounteringhe optimization algorithm dealing withoredecision parameters.

Table 10: A comparison between three different number of segments scenarios based on their highest NPV,
median NPV, and lowest NPV

5 segments 10 segments 15 segments

Method | Realization

NPV ($) | RF (%) | NPV ($) | RF (%) | NPV ($) | RF (%)

High
|I\?p35t 7.10u1@ | 2255 | 7.11ul6 | 24.49 | 6.96ulC | 26.08

GP Mﬁg{?n 6.93ul@ | 23.81 | 6.97ul@ | 2551 | 6.92ull | 26.25

LI(\)IVF\’/\e/St 6.44u10 | 29.00 | 6.74ul@ | 2753 | 595ul0 | 25.94

A sensitivity analysis to understand the influence of minimum well spacing selection on
the optimization results was performed. Two additional cases were investigated: 300 ft and
900 ft. Table 11provides the results the of the three cases: 300 ft, 908049 ft (original
scenario). The results suggest that lowamimum well spacing distandgas contributed

in more consistent results, as observed from the smaller differences between highest and

lowest NPV realizations among the three scenarios. Wh&mbpat SLP approach solely,
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a general trend of increasing NPV is observed with less minimum well spacing distance
selected. This could be attributed to lower values allowing the optimization algorithm more
liberty in designing the wells locations and matHowever, it needs to lm®nsideredhat

the valueselection should follovindustrystandards

Table 11: A comparison between three different minimum well spacing distance scenarios according to their
highest NPV, medianNPV, and lowest NPV

o 300ft o 900ft o 150CH
Method | Realization

NPV ($) | RF (%) | NPV ($) | RF (%) | NPV ($) | RF (%)
ROest | 7.08u16 | 2289 | 6.95u10 | 25.78 | 7.11u10 | 24.49
gp | Mo | 707u6 | 2327 | 692116 | 2689 | 6.97ull | 2551
et | 6.93u16 | 2492 | 6.85u16 | 2923 | 6.74u1d | 2753
nonest | 707w | 2313 | 7.03u16 | 2334 | 6.89u16 | 28.03
stp | M | 7.00u10 | 24.25 | 6.95u10 | 2626 | 6.82u18 | 27.65
et | 6.67u16 | 2857 | 6.74u16 | 2889 | 571w | 2757

Furthermorea scenariahat differs in the NPV calculatidinom the original examplevas
perfomed The notion in this case is to increase the expenses by 20% and reduce the
revenues by 20%. This is expected to hinder both approaches, GP and SLP, with more
negative effect expected on the GP approach, since lity &bidesign more complex well
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paths will require higher expers@he purpose here is to challenge our proposed method
and examine if it still provides comparable results to the SLP mdiuupation 5.1shows

the modified cashflow relation accounting for the applied charfigase 12 provides the
results obtained from this case and compares it to the originalldeseutputstill show
more promising results frorfhe GP methodHowever, the differenceebween the two
appraoched (GP and SLP) reduced forrtolified scenarioThis is expected given the
modifiedscenario isn favor of the SLP method.

CF, 0.8R 1.2E (5.1)

Table 12: A comparison between theoriginal and the modified scenariosbasedon the highest NPV, median
NPV, and lowest NPV

Original Scenario Modified Scenario

Method Realization
NPV (3$) RF (%) NPV ($) RF (%)
HighestNPV | 7.11u16 24.49 4.55u16 22.62
GP Median NPV | 6.97 uld 25.51 4.32u10 27.70
Lowest NPV | 6.74ul@ 27.53 4.21u16 26.66
Highest NPV | 6.89uld 28.03 4.54u16 22.90
SLP Median NPV | 6.82u10 27.65 4.25ul@ 23.89
Lowest NPV 5.71u1@ 27.57 2.54u16 26.89
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5.2 Example2 zReservoir with Distributed Permeability Field

In this example, a synthetic reservoir with a distributed permeability is studied. The

reservoir is discretized int64 64 Zand each grid is af50ft 150fu 156t in thex, y,

and z dimensions. The rock and rodlkid propertiesare presented ifigure 19. The
reservoir] three layers and legermeability distribution maps are shownFigure 20.

The locations of seven wells, their trajectory, and their lengté to be optimized for
maximum NPV given a set of constraints. Thells/are split upnto four producers and
three injectors, and the optimization runs from the beginning of the field production life
and for a total production period of 10 yedvioreover, the lower and upper limits of the

decision parameters used arevghan Table 13.

To ensure logic and engineering sense is followed through the optimization process, a
number of constraintsereimposed on the seven wells. For the producers, a liquid rate of
10,000 bpd is to be maintained given that the bottomhole pressure of the producer shall not
fall below the given minimum, whiclvas set at a value of 2,500 psi. To clarify, the
producer willswitch from aiming to target 10,000 bpd once it cannot maintain a bottomhole
pressure of 2,500 psi. Oppositely, the injectors are set to inject water at a given pressure of
4,500 psi to assure pressure maintenance throughout the reservoir. Similarévithesp
example, a minimum spacing constraint is imposed on the system. A radius of 1,500 feet
VXUURXQGY HDFK VHJPHQW DQG LI DQ\ RWKHU ZHOOfV VHJI
amount of length that violates this constraint is recorded and incorporabedcalculation

of the objective function as a penalty. Olmpuations4.12and 4.14were applied for the

current example case, the resultant number of nonlinear constraints{ ware ywvith
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{y& w originating from the minimum spacing constraints anaffrom the reservoir
boundaries constraints.
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Figure 19: Fluid & Fluid -Rock Properties of Example 2. (a) oil/water relative permeability curves, (b) oil
viscosity, and (c) oil formation volume factor

Table 13: Lower and upper limits of the decision parameters utilized.
Parameter Lower limit Upper limit
E 1 64
F 1 64
G 1 3
31U 0° 360°
240 0° 95°
&30 -8° 8°
cauao 8 8°
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Figure 20: permeability distribution maps for case example 2
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A comparisorwasperformed with different scenarios including only strailiyme wells to
validate the proposed approach in this work. Five realizations are evaluated and ranked
highestto lowest in terms bthe resultant NPVThe best, median, and worst realizations
werethen plotted for the two approaches to compare, as can be shéguia 21. The
figure reflects the net present vattsculatedat each function evaluation. Moreover, it can
be inferredfrom these plots that the best realization obtained utilizing@dRemethod
exceeds itcounterpartachieved usingsLP methodby an approximate amount of 122
million dollars. The same applies for the median kwlestrealizations as they show
improved valiles when using theP approach compared wiLP approach. Once again,

a fluctuation is observed in the NPV plot resulting from the fact that the objective function
is not NPV, instead it is another normalized term accounting for NPV and penalty terms.
A summary of the results obtained from the two methods andtlinee caseare shown

in Table 14. Though that we observe small valuestdf, yet we can say that in this

example, almost all the realization succeedeal/tndviolating the imposed constraints as
these small values are notrofjor significance except forone case, thewestscenario

of the SIP method This caséhas failed tchonor this constraint and exhibited more than
300 ft of well section placed outside the boundaries of the resereosequently, this has
been reflected on the obtained relatively low NPV outpigures 23 +24 show the

RSWLPDO ZH O O VHighedR REVWds& €ah hproach, respectively.
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Table 14: Results summary of the two methods and their highest NP\nedian NPV, and lowest NPV

Method Realization NPV ($) RF (%) ) o(ft) * o(ft)
Highest NPV | 4.07 ul@ 17.12 0 0.49

GP Median NPV | 3.92u1@ 16.81 0 0.14
Lowest NPV 3.68u16 17.12 0 0.91

Highest NPV | 3.94u10 17.13 0 0.45

SLP Median NPV | 3.89u10 16.61 0 1.16
Lowest NPV 3.54ul1d 15.50 0 309.9
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Similar to Case Example 1, SLP scenario was created from the obtained GP results. The
VWUDLJKW OLQH LV FRQQHFWLQJ HDFK ZHOOfWasQLWLDO SRL
then performed with the original GP scenagshown inTable 15. The resul attained

from this scenario shows better NPV for the original scenario as compared to the SLP
createdfrom-GP scnearioHowever,when comparing this change with the previous case

example Example 1+Channel Reservairit is not as relevanfA possible explanation to

this is that in this exampléower number of segmenigereusedin the well designThus,

resultant well paths in this exampteuld beclose to SLP than Example, Wwherel0

segmentsvereused).

Table 15: A comparison between the original and alternative scenarios baseth the highest NPV, median NPV,
and lowest NPV

Oridinal Scenario Alternative Scenario
g (SLP created from GP)
Method Realization
NPV ($) RF (%) NPV (3$) RF (%)
Highest NPV 4.07 u1g 17.12 3.87ull 16.09
GP Median NPV 3.92u16 16.81 3.86u1d 16.73
Lowest NPV 3.68u16 17.12 3.41ul6 16.47
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For the sensitivity analysis of different number of segments in this case example, only one
lower case was performed. This is due to the original scenario being five segments, and the
simulation model being prone to convergence issues and extreme simtifags when
selecting number of segments of more than five. Thus, the analysis comprised the original
case of five segments and a lower number which is three segifenies 16 compares the

two values according to their NPV. The results obtained exhilitewbr differences
between the two cases. However, both cases outperformed the SLP approach in terms of

NPV results.

Table 16: A comparison betweentwo different number of segments scenariobased on the highest NPV, median
NPV, and lowest NPV

3 segments 5 segments
Method Realization
NPV ($) RF (%) NPV (3$) RF (%)
Highest NPV | 4.03ull 17.10 4.07ull 17.12
GP Median NPV 3.96u1d 17.14 3.92ul1d 16.81
Lowest NPV 3.68ul1l 15.83 3.68ull 17.12
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5.3 Example3 Brugge Field

Brugge is a synthetic field developed as a benchmark to evaluate-thopedorkflows

of waterfloodingRSWLPL]DWLRQ LQ FRPELQDWLRQ ZLWK KLVWRU\ P
includes two elongated half domes in its east and west flanks. In addition, a major fault is
present in its northern edge, and an internal fault of a slight deviation of about 20° to the
northern fault Peters et al. 2009 The reservoir in this field is discretized into
zsHw zH t r with grid dimensions oy w Hyw Ht &l . The properties of its rock and

fluid are shown irFigure 24. The reservoir layers and their respective porosity maps are
depicted inFigure 25. In addition, the main PVT data are presentedable 17. The
algorithm is programmed to find the optimum locations of seven wells (four producers and
three injectors), the changes in azimuth and inclination of each segment, aoththe
length of each well. The optimization process starts at the initial time ofifeskhd for a
production period of 10 year3he employed lower and upper limits of the decision

parameters are shownTable 18.

Table 17: PVT data of the Brugge Field(Peters et al. 2010).

Fluid Water o]]
Density (Ib./fE) 62.6 56
Compressibility (pst) 3e6 9.26e6

Viscosity (cp) 0.32 1.294

Various constraints are enforced on the system to avoid illogical and impractical outcomes.
A liquid rate of 15,000 bpd is required for each producer to maintain unless the bottomhole

pressure of that producer falls below 2,500 psi. Alternatively, theupeodvill maintain a
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pressure above 2,500 psi regardless of liquid rate. The injectors are set to inject unfixed
amount of water with the only condition being to satisfy a bottomhole pressure of 5,000
psi. These constraints aeet to allow production ofhydrocarbonswhile preserving
UHVHUYRLUTV SUHYVYV XRuithendre, Vi Knthimud BpacivgLdenstraint is
enforcedin which avalue of 1,500 feet surrounds each well segment in a spherical manner.
In case any segment of another well enters thisrgpkhe amount ééngth thatalls within

this volume will becut from the well path design and recorded, andhgoobjective
function will be penalized by such amount. Since this case example is similar to the
previous example where there are sevetsweth five segments each, then the number of

constraints is the samd y& z w
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Figure 24: Fluid & Fluid -Rock Properties of Example3. (a) oil/water relative permeability curves, (b) oil
viscosity, and (c) oil formation volumefactor
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Table 18 Lower and upper limits of the decision parameters utilized.

Parameter Lower limit Upperlimit
i 1 81
j 1 58
k 1 20
L 0° 360°
fe 0° 95°
'L _g° g°
T _g° g°

In this case example, the proposed metttaid)is compared witlfSLP method. This is in

order to assess the proposed method in such examples. Further, five different realizations
have been performed and their results are sortedHighestto lowest in which then the
highest the median, and thewestare plotted inFigure 26. The figure showthe net
present value behavior with more generations produced. Additionalljfustrates
relatively bettehigh-NPV scenario performance using @& method over its counterpart

(SLP method), with an additional 166 million do#arFurther, théowestNPV obtained

using GP method almost similar in value to the median of thePShethod. As a result,

this adds credibility to the proposed method since it reflects that in most cases, the proposed
method wouldutputbetter results than the Bimethod.Table 19 provides a summary of

the results of theéhree casesf bothmethods. lis worth mentioning that in this case study,

the reservoir is very large, at least much larger than the two cases discussed previously in

this paper. Hence, it is legwone than the previous case examples to vidcdatsh
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constraintggiventhe same numbaf wells and boundary limits of well lengdelected
Yet, one scenario has still failed to respect the minimum spacing and placement within
boundaries constraints, which is the scenario with the lowest NPV obtained usind’the SL
approach. The final configation of the wells and their respective atar all the

scenarios and for both methods are illustrateeignires 27 and 28.

Table 19: Results summary of the two methods and their highest NPV, median NPV, and lowest NPV

Method Realization | NPV ($) RF (%) G, (ft) H. (f)
Highest NPV 21.58 0 0.87
GP Median NPV 20.38 0 1.42
Lowest NPV 20.83 0 2.58

Highest NPV 21.05 0 0
SLP Median NPV 18.08 0 2.95
Lowest NPV 21.91 457.2 83.5
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Figure 26: NPV vs Number of Function Evaluations forBrugge case
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Figure 27. Well Placement from top 2D view, and two 3D views{HQHUDOL]JHG)3DVWV
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Figure 28 Well Placement from top 2D view, and two 3D view (Straight-Line Path 36/ 3}
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The results obtained using the GP methade utilized to generate an SL$dlution
similar to the two previous reservoir examples. The initial and final points of each well
were connected with a straight line. The results obtained from this scenario are

presented in comparison with the original scenaribahble 20.

Table 20: A comparison between the original and alternative scenarios basenh the highest NPV, median NPV,
and lowest NPV

Oridinal Scenario Alternative Scenario
o g (SLP created from GP)
Method Realization
NPV ($) RF (%) NPV ($) RF (%)
Highest NPV 21.58 21.63
GP Median NPV 20.38 18.92
Lowest NPV 20.83 17.24

For further analysis, five additional realizations were performed for a case of wells
with 3 segments and another of 7 segments. The reason for not selecting a number of
segments higher than that is because the reservoir is very large in size and more
segnents will result in more extensive simulation time and most probably will
encounter convergence issues. The results attained from the two additional scenarios
as well as the original case of 5 segments are all documerifetim21. The results
showedwhen comparingthe 5-segment scenario toségment scenario, better NPV
wasobserved for the-Segment case.hls could be attributed to the higgmumber of
decision parameterthe 7 segments scenario requitbge algorithm to optimize.

Overall, the scenariof 5 segments showed the masbmisingresults emphasizing
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the importance of selecting an appropriate segments numbkirefaell design An
appropriate selection shalbt be toolow numberwith less patHreedomnortoo high

resulting in more difficult optimizationassociated withthe additional decision

parameters.

Table 21: A comparison between three different number of segments scenarios based on their highest NPV,
median NPV, and lowest NPV

3 segments 5 segments 7 segments
Method | Realization
NPV ($) | RF(%)| NPV ($) | RF(%)| NPV ($) | RF (%)
Highest
NPV 24.50 26.22 25.91
Median
GP NPV 24.88 24.77 23.26
Lowest 24.26 2531 2455
NPV ' : '
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To better comprehend the impact of well spacing, several cases of different
minimum well spacings were analyzed. Additional to the original case (1500 ft), two more
cases of 300 ft and 900 ft of well spacings were selettgale 19exhibits the results of
the three cases side to side for comparison. For both methods, GP and SLP, using 300 ft
yielded the best NPV, with 1500 ft almost just as good for the GP approach. Remarkably,

using 900 ft as a minimum spacing provided the highest median for both GRRnd S

Table 22: A comparison between three different minimum well spacing distance scenarios according to their
highest NPV, median NPV, and lowest NPV

r., J300ft l, 900ft ., 190Cft
Method | Realization
NPV ($) | RF (%) | NPV ($) | RF (%) | NPV ($) | RF (%)
Highest
NPV 26.68 26.60 21.58
Median
GP NPV 24.40 23.36 20.38
Lowest 26.51 26.15 20.83
NPV ) ' )
Highest
NPV 25.86 25.28 21.05
Median
SLP NPV 25.58 25.11 18.08
Lowest 23.38 2536 21.91
NPV ) ' )
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Similar to Example la scenario thatduces the revnues and increases the expenses
by 20% eacliEquation 5.1) was perfomea@nd compared with the original casable

20 compares the results achieved from this scenario with the original scéharke

the original scenariohte modified scenario showathfavourable output from GP

method when compared to SLP results.

Table 23: A comparison between the original and the modified scenarios based the highest NPV, median NPV,
and lowest NPV

Original Scenario Modified Scenario

Method Realization
NPV ($) RF (%) NPV ($) RF (%)
Highest NPV 21.58 25.02
GP Median NPV 20.38 26.19
Lowest NPV 20.83 24.49
Highest NPV 21.05 25.68
SLP Median NPV 18.08 24.43
Lowest NPV 21.91 24.39
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CHAPTER 6
CONCLUSIONS & RECOMMENDATIONS

A new approach to optimize the placement of wells and their respective path was proposed.

The novelty in this work was in the well representation, which in this project was to divide

the well into multiple parts, or segments,allow for more freedom in the path design.

However, this does not mean that the path could not be of a stiiaghinstead, this

approach added the possibility wffinite path designs, including vertical, horizontal,

irregular, or any other desighauld the algorithm find that path to be optimm Local grid
UHILQHPHQW ZDV XWLOL]J]HG WR DFFXUDWHO\ SODFH WKH VFE

global grids and avoid any uncertainty in translating the planned path into the simulator.

A stochastic ajorithm, namely DE, was employed with a single objective function
comprising a negative NPV term and two additional penalty terms. The three terms were
normalized with scaling factors, e.g., the median NPV of the first generation was utilized
to scale dowhe NPV term. In addition, the penalization terms were moderated according
to their significance with a scaling factor. This factor was selected to be monotonically
increasing as more generations were produced, which has helped the algorithm to provide

optimum results while avoiding violating the imposed constraints as best as possible.

The work has studied three case examples in winidkach a general comparison with
straightline path wells were performesiith a performance comparisaf NPV behavior

with more function evaluations. In additioalfernative comparison scenariagre also
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analyzed for various purposeS$he significance of the number of segments was
investigated througacomparisorbetweerdifferent realizationsf low, medium, and high
number of segments. Analysithe resultsndicatedthe need for appropriate selection of
number of segments. A higitumberof segmentsnay lead to extensive simulatiime or
convergence issues, whidsdow number may natesult in sufficient freedomfavell path

design.

The recommendations outlined from this wéok future researchre as follow:

X

Applying upscaling techniques to grids where no wells are placed.

Integrating more detailechlculations of the NPV for complegpath wells

x

X

Coupling the optimization witinodel reduction techniques.

Coupling the optimization with techniques that help and guide the algorithm in the

x

searching process.
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Appendix A tAlternative Well Representations

Prospect A

The suggested decision parameteme: . These
parameters are sufficient to produce the remaining given that the segment
length is known using , in which the number of segments is set by the

user. The suggested lower limits in this representation would be:

; in which is the
minimum well length selecteby the used, , , and are the minimum
acceptable locations of which basically would be , and is calculated
using
The  suggested upper limits in this representation  would be:

; in which is the maximum
well length selected by the used, ,and are the maximum acceptable
locations of which basically mean the reservoir boundaries.

However, for different well lengths , which could differ from one generation to

another since it is a decision parameter, will be different as it follows:

Thus, we will be unable to assign the lower and upper limits of properly before

running the algorithm.
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ProspectB:

The suggested decision parameters are: . These
parameters are sufficient to prodube remaining given that the number of
segments () is known using , in which the segment length is set by the

user. The suggested lower limits in this representation would be:

; in which is the
minimum well length selected by the used, , and are the minimum
acceptable locations of which basically would be , and is calculated

using

The suggested upper limits in this representation would be:

; in which is the maximum
well length selected by the used, , and are the maximum acceptable
locations of which basically mean the reservoir boundaries.

However, for different well lengths , which could differ from one generation to

anoher since it is a decision parameter, will be different as it follows:

Thus, we will be unable to assign the lower and upper limits of properly before

running the algorithm.
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Appendix B tExample 1 Layers
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Appendix C tExample 2 Layers
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Appendix D tExample 3 Layers
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