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AN ABSTRACT OF THE THESIS OF

Hussein Sleiman Kassem for Master of Engineering
Major: Chemical Engineering

Title: Oil and Gas Production System Optimization Using Particle Swarm Optimization

Field development planning and optimization of production system are main
factors while developing oil and gas fields. The main aim of any oil and gas
development is to maximize the economic value of projects under study. Reservoir
engineers focus on optimizing wells placement, trajectory, and type. Facility and
production engineers have as a role to set and optimize production system elements in
terms of placement, sizing and their interconnection. Literature review showed an
important research work in the field of production system optimization. This latter is
typically classified as tree-like, nodes and segments, multilayers problem, yet recent
research work only dealt with two layers optimization problems. In addition, recent
literature presented the use of genetic algorithm (GA), which is a population-based
method, as an efficient optimizer. Another optimization technique, particle swarm
optimization (PSO), is introduced in this type of problems. Both methods’ efficiency
was compared and PSO outperformed GA in terms of convergence time and value.
Literature showed that many improvements were applied to the standard algorithm.
Adaptive particle swarm optimization is applied in parallel with two newly introduced
improvements in this work: Multiple runs initialization, and Restart improvement. The
novel improved method showed better results than the standard PSO as the complexity
of the problem is increased starting from two-layers up to four-layers high complexity.
This introduced method showed robustness and high efficiency in handling multiple
layers problems.

Keywords: Field Development Planning, Production system, Optimization,
Evolutionary algorithms, PSO, GA.

Vi



CONTENTS

ACKNOWLEDGEMENTS ..o e e e \%

N 1T I 2 ¥ P Vi

LIST OF ILLUSTRATIONS . ...t e eaas IX

LIST OF TABLES ... e e e e e e e ees Xii
Chapter

[. INTRODUCGTION. ...t e e e e e e e e e e e e eaneeeaas 1

A. (@] o1 T=T1 11 = SRR 3

B. THESIS OULIINE ... neeee 3

CHAPTER Il LITERATURE REVIEW. ... 5

A. Overview of Evolutionary algorithms ...........cccccoeiiiiiiiiiii e, 8

1. Genetic AIGOMtNM ........coiiiiiiiee e 8

a.Initialization Phase.........ccoveiiiiiiiii e 9

DENCOAING ...ttt 9

C.DECOAING . ..cciiitiiiieiiii et 10

. FItNESS VAU ....coiiiiiiiii e 10

e.Propagation of the Algorithm ............cccooii, 10

fo SEIECHON .. 11

. CrOSSOVE ...ttt 11

RLMUEBEION L. 11

i. Evaluation and Replacement.........ccccooiiiiiiiiiiiiiiieee e 12

j- CONVErgenCe CHLEIA.......coiiiiiiiiiiee et 13

2. Particle Swarm OptiMIZation ..........ccccooiiiiniiise e 13

a.Propagation of the Algorithm ...........ccccoiiii, 15

I INIAlIZALION ... 15

ii. Algorithmic Parameter Selection. ..........cocccceeviieeiiiieenes 16

3. PSO IMPIOVEMENTS. ... oottt 16

a.Inertia IMProVEMENTS .........oviiiiiiie e 16

b.Constriction Factor IMprovement ...........cccovcveeeeiiiieeeeinieee e 19

¢. Coefficient Tuning IMProvemMent..........coccvvveiiieee e 20

. APSO IMPrOVEMENT.....ciiiiiieiiiiie ettt 21

CHAPTER Il METHODOLOGY ..ot 24

A. Problem Statement ... 24

vii



1. INPUL PAramMELEIS....ccviiiiiiesieeeee e 26

2. Optimization Parameters (OP) ......cccccvveiiiiiiece e 28

3. ODJECHIVE FUNCLION ..ot 30

B. Proposed Optimization Algorithm .........ccccooeiiiiiiiiiiii e, 31
1. Optimization WOrkFlOW.........c.cooiiiiiiiic e 31
a.Clustering FUNCLION (StEP 4) ...uvvvviiiiiiie e 36

2. Improvements on Standard PSO .........cccocviiiiiiicncceeses e 39
a.Adaptive Particle Swarm Optimization (APSO)........ccccvcvvverninnnn. 39

b.Multiple Runs Initialization ............c.ccooviiieiiiiiieieee e 42

C.RESIAI ... 43

CHAPTER IV RESULTS AND DISCUSSION ...cuiiiiiiiieieeeeeeee e 45
A. LY Y AT 25T © T 45
1. Case 1: Varied Number of Wells, 1 Platforms .......coccccovvveeeivciie e 45

2. Case 2: Vertical Wells — 20 Wells, 2 PIatforms. ......ccocveoveveeeiviieeee v 48

3. Case 3, Vertical Wells — 30 Wells, 3 Platforms. .......occoocvevveeeieeiiee e 49

4. Case 4, Vertical Wells — 50 Wells, 2 Platforms. ........ccccocvveveevcin e, 51

5. Case 5, Vertical Wells — 100 Wells, 5 Platforms. .......cccccoveeeveveeiiee v 52

6. Stress Test of the Proposed Algorithm. ..........cccccoovviiiiiici e 54

7. HOMZONTAI WEIIS........veeeeieeee et 55

T O 1 (o] 11 [0 o TR 57

B. Standard PSO VS, APSO .. .. 58
1. Casel: 20 wells- 1 manifolds .......oocvveiiiiiiii e 59

2. Case2: 100 wells- 1 manifolds .........cocoeveiiiieiicie e 59

3. Case3: 100wells- 5 manifolds ........cccocoviiiieiciiiie e 60

4, Case: 100 wells- 15 Manifolds ......ceeveivcviiiieciiee e 61

5. Caseb: 100wells- 15 manifolds-5 Platforms........ccccocvveiieeiceciciic e 62

6. Case6: 100 wells -15 platforms -5 manifolds -1 facility ...........ccccccevenne. 63

T CONCIUSION ...ttt ettt e e s st e e e s st b e e e s st e e e e s sbaeeesaas 64

C. Proposed Algorithm...........oiiiii e 65
Lo TWO LAYEIS et 65
a.Casel: 20 Wells-1 manifolds..........ceeeiiiiiiiiiiiiiiciieeeeee e 65

b.Case2: 100 Wells-1 manifolds............ooviiiviiiiiiiiieiiieececee e 67

c.Case3: 100 Wells-5 manifolds............cuuveeeiiiiiieieiiie e, 69

d.Case4: 100 Wells-15 manifolds............veeeiieiiieeeiiieeeeeeeeeeee e, 72

2. THIEE TAYEIS ..ottt 75
a.Caseb5: 100 Wells-15 manifolds-5 Platforms ........ccoeevvvvevivievnnenne. 75

3e FOUI AYEIS ...t 80
a.Case6: 100 Wells-15 manifolds-5 Platforms-1 Facility.................. 80

D. Limitations and Proposed Way Forward............ccccceiiiiiiiiiiiiiiiiieeeeee, 84
CHAPTER V CONCLUSION ... e e 86
REFERENGCES. ... ..o e eaas 88

viii



FIGURES

Figure Page
1- Offshore producCtion SYSTEM ........cccuiiieiieie et e e nre s 2
2- PSO solution vectors where @ represents a particle ® represents the solution vector

with the best result in all iteration of a specific particle @ represents the solution

vector with the best result through all iterations and among all particles............... 14
3- PSO poSition VECIOr UPAALE ........ccveeieiiieiieeic st 15
4-Classification of membership states with respect to the evolutionary factor f............ 22
5- Schematic of the problem for an offshore field.............cccooooeieiiii e, 25
6— PSO General WOTIKFIOW ..........ooiiiiiiiiiiiiee e 36
7- Clustering function WOrKFIOW...........cocoiiiiiiii s 39
8- APSO algorithm WOrKFIOW...........cooiiiiiiie s 41
9- Multiple runs initialization WOrKfIOW ..o 43
10- Proposed Algorithm complete WOrKFIOW ... 44

11- Single Platform location optimization using the three optimization methods (8

WEHIS) bbb 46
12— Deterministic method time performance ..o 47
13— GA VS. PSO PEITOIMANCE......c.iiiiieiteitesie sttt bbbt 47
14 — Case 1, Vertical Wells: 20 Wells, 2 P1atfOrms .........cccovveiiiiiie i 49
15 — Case 2, Vertical Wells: 30 Wells, 3 PIatforms ............ccooveininenniincnesc e 51
16 — Case 3, Vertical Wells: 50 Wells, 2 PIatforms ..o 52
17 — Case 4, Vertical Wells: 100 Wells, 5 Platforms. .........ccocoeiniiiniinincis e 54



18 — Stress test of the proposed platform optimization algorithm, Results of PSO
optimizer for high number of platforms and Wells. ..., 55
19 — Illustration of the extra parameter associated to platform placement optimization in

the case of horizontal wells: Decision of the heal and toe of the well to minimize

the platform-to-toe measured depth. ... 56
20 — Case 8, Horizontal wells: 50 wells, 5 PIatforms. ..........ccccoovoneneiniiiicinceen, 56
21 — Case 9, Horizontal wells: 100 wells, 5 Platforms. ........coccvvvveceee i, 57
22- PSO vs. APSO (20 wells- 1 manifold) .........cccoeiiiiiiiiiieee e 59
23- PSO vs. APSO (100 wells- 1 manifold) ..o 60
24- PSO vs. APSO (100wells- 5 manifold) ........ccooieiiiiiiiiiieeie e 61
25- PSO vs. APSO (100 wells- 15 manifold) .........ccccooireriniiiieieiese e 62
26- PSO vs. APSO (100 wells- 15 manifolds- 5 platforms) ..........cccccceveiinvnniinicnenn, 63
27- PSO vs. APSO (100 wells- 15 manifolds- 5 platforms- 1 facility) ..........ccceeveenenee. 64
28- 3D plot (20 wells- 1 manifold) .........cccoeiieiicceec e 66
29- 2D plot (20 wells- 1 manifold) .........ccccovvieeiiece e 66
30- Objective Function 10 runs (20 wells- 1 manifold)...........ccccocoviviiiiviciiicie e, 67
31- 3D plot (100 wells- 1 manifold) ........cccveiiviiiieiece e 68
32- 2D plot (100 wells- 1 manifold) ........ccoveiiiiiieie e 68
33- Objective Function 10 runs (100 wells- 1 manifold)...........ccccoovvvveiiiiiiiiiiiei, 69
34- 3D plot (100 wells- 5 Manifolds)........ccoeiiiiiiiicie e 70
35- 2D plot (100 wells- 5 Manifolds)........ccoeiiiiieiiiciiecec e 71
36- Objective Function 10 runs (100 wells- 5 manifolds) .........c.cccocvvveviiiiiiiiiiiei, 71
37- 3D plot (100 wells- 15 Manifolds).........ccoeiiriiieiieieseee s 73
38- 2D plot (100 wells- 15 Manifolds).........ccoeiiriiieiieieceseee e 73



39- Objective Function Initialization and main optimization loop (100 wells- 15
MANTTOIAS) ...t nee e 74
40- Objective Function of the main loop 10 runs (100 wells- 15 manifolds)................. 74

41-Zoom on the first 200 generations of the objective Function of the main loop 10 runs

(100 wells- 15 ManifoldS) .......coveieereiie e 75
42-3D plot (100 wells- 15 manifolds-5 platforms) .........ccccovvieiiiiencnnieeeeees 76
43- 2D plots (100 wells- 15 manifolds-5 platforms) .........cccooveieiinnnieee 78

44- Objective Function Initialization and main optimization loop (100 wells- 15
Manifolds-5 platforms) .........cooiiiii e 79

45- Objective Function of the main loop 10 runs (100 wells- 15 manifolds-5 platforms)

................................................................................................................................ 79
46-3D plot (100 wells- 15 manifolds-5 platforms-1 facility) .........cccocveniiiiniiiiennn 80
47- 2D plots (100 wells- 15 manifolds- 5 platforms- 1facility).........ccccoceovriniiiiinnnnn 83
48- Objective Function Initialization and main optimization loop (100 wells- 15

manifolds-5 platforms-1 facility)........c.ccccooiiieiiiiic e, 83

49- Objective Function of the main loop 10 runs (100 wells- 15 manifolds- 5 platforms-

LAACHIILY) oo 84

Xi



TABLES

Table page
1- Summary of previous reports on inertia weight improvements .............ccocveeeivennenn. 17
2-Summary of the proposed algorithm stress test results (vertical wells). ..................... 55

Xii



CHAPTER |

INTRODUCTION

With the increasing demand on oil and gas around the world associated with the
scarcity of the oil and gas reserves, oil companies are moving towards ultra-deep areas to
unlock unexplored hydrocarbon resources. The development of fields in such areas is a
very complex task as it involves sophisticated design procedure at huge expenses. The
main challenge lies in reducing the capital and operating expenditures of the offshore
production system while maintaining a prudent and optimal development performance.

An offshore field development plan mainly consists of three main components:
Reservoir, Wells and Subsea production network. At the reservoir level, reservoir
engineers conduct several subsurface studies to select the most optimal depletion plan.
Once the depletion plan (well number, type, location, rates and pressure) is set, production
engineers design the production tubing in a way to further optimize production from well
bottom-hole till the wellhead. After establishing the production characteristics at
wellheads, facility engineers design the subsea production network to bring production
from wells to the facilities for processing and export. Subsea production networks can
range in complexity from a single well with a flow linked to a host facility, to several
wells linked via a manifold producing and transferring product via subsea processing
facilities or directly to an onshore installation. Figure 1 shows a typical subsea production
network. The main components of a subsea production systems are:

e Susbea Xtrees/Wellheads incorporating flow and pressure control valves

e Manifolds for controlled gathering of various fluids streams



e Platforms for combining produced hydrocarbon
e Processing unit are processing produced hydrocarbon
e Subsea pipelines/flowlines to convey produced/injected fluids between

wellheads, manifolds, platforms and processing units

Figure 1- Offshore production system

The components of the subsea production system are interconnected. Manifolds
organize wells into clusters. These valves are the hub of oil or gas production from several
wells, which is then transported to a platform by a single pipe, the “riser”. Manifolds
reduce the number of risers connecting wells to the platform, which in turn reduces the
total pipeline length used hence allowing for more flexibility in the field operations. The
location of the manifolds, in turn, affect the length of pipelines and the capacity effect the
riser diameter etc. The number, location and capacity of each component in a subsea
production design must be specified in way to optimize production while minimizing the

total cost of the overall design.



A. Objective

This work presents an efficient optimization method applying for both onshore
and offshore fields. In onshore fields, the problem will tackle the planning of the number
and placement of drill centres as well as gathering centres. However, in offshore fields
the proposed method applies for setting the subsea production network design, mainly the
number, capacity and location of manifolds and platforms to be installed, in addition to
well and manifold designation to manifold and platform respectively. The proposed
model considers the production layout as a multi-layered system connecting nodes and
segments, where nodes represent wellheads, manifolds, platforms and segments represent
the flowlines connecting different components. This model is optimized using hybrid
evolutionary algorithm: improved particle swarm optimization (PSO). The total cost of

the subsea production system is used as the objective function of the proposed algorithm.

B. Thesis Outline

This thesis is divided into five chapters. This chapter presented the scope of our
work, motivation and its objective

In Chapter 2, an extensive literature review was conducted on evolutionary
optimization methods mainly, particle swarm optimization (PSO) and genetic algorithms
(GA) that are applied for optimization problems in general. The workflow along with the

technical improvements of these methods are described.



In Chapter 3, the optimization problem along with the input parameters,
optimization variables, and objective function are discussed.

In Chapter 4, a hybrid PSO algorithm is introduced for multi-layer production
system optimization problem. Improvements were introduced to the standard PSO by
manipulating the algorithmic parameters and applying a smart initialization which helped
in speeding up convergence and reaching a consistent result.

In Chapter 5, results of the proposed method in comparison to the GA and the
standard PSO are presented. We first compare the performance GA and the Standard PSO
on two layered system (wellheads and manifolds). We then compare the performance of
our proposed method to that of the standard PSO on four different optimization problems
with different level of complexity. Results show the superiority of the standard PSO over

GA and the newly proposed algorithm over the standard PSO.



CHAPTER I

LITERATURE REVIEW

Field development is a key activity in an oil and gas project as it comes at a huge
expense especially in offshore development where investments may reach billions of
dollars. Consequently, a group consisting of geoscientists, reservoir engineers, production
engineers and facility engineers team up to come out with the most optimal field
development plan. Field development planning can be characterized by two optimization
problems; Well placement and production layout design. In well placement, the number,
trajectory, location, type and control are altered to maximize one or more driving values;
e.g. net present value, plateau length or recovery factor. Upon optimizing well placement,
another important factor arises, that is the design of the production system. The
production system layout design involves defining the optimal number of production
system elements (i.e. manifolds, PLEMs, Platforms, and facility), location, sizing, and
allocation of flowline between different elements [1].

Many optimization methods were used for well placement optimization. These
methods can be classified into gradient based and gradient free methods. Gradient-based
methods (e.g. Conjugate gradient, Newton’s, and steepest descent methods) require
computation of the gradient of the objective function. These methods are not widely used
in well placement optimization problems because of their need to smooth objective
functions which is not the case in both well placement and platform placement problems
[2-6]. Another family of optimization’s methods used in field development planning is the
stochastic gradient-free methods such as particle swarm optimization (PSO) and genetic
algorithm (GA). Stochastic algorithms acquire their robustness of overcoming premature

converging (local optima) from their inherently randomness. Another feature of these



methods is their capability to address a wide range of optimization problems irrespective
of their complexity. Stochastic optimization methods can also be simply modified, tuned,
and assisted by other optimizers to enhance their performance, thus work in a hybrid
manner[6]. Though, no deterministic mathematical convergence can be demonstrated for
these methods; the convergence can be assessed by a maximum number of iterations,
prescribed optimal goal value [2], or an “external convergence criterion” as is the case in
the of production system optimization problem.

Another important aspect is the production system optimization. Production
system layout comprises decision about the number, positions, and capacity of assets i.e.
manifolds, PLEMs, platform, and facility. Optimizing production units’ locations and the
way these units are connected is an important decision variable in field development
planning in terms of both drilling cost and enhanced hydrocarbon recovery. This
optimization problem has as objective function the total production system cost (i.e. cost
of units in use and cost of connections between the units such as pipelines, flowlines, and
risers costs). The problem is optimized regarding two main aspects the number of units
that should be used, and the total length of the connections. Thus, an equilibrium is needed
between these two factors so that the problem is optimized. Regarding the high cost of
the units (manifolds, PLEMs, etc..) relatively to the connections’ costs, minimizing the
number of units will be a critical factor in the optimization process. However, if the small
number of units will lead to very high connections’ distance this will affect the optimal
result. In addition, the importance of minimizing the total length of the connections arises
from two main factors: not only as aforementioned by minimizing the drilling cost and
investment related to the distances, but, more importantly, from enhancing the

productivity of the reservoir. The productivity of wells and hence of the reservoir is



affected by the well tubing, risers and pipelines length through the associated hydrostatic
pressure drop in the production system due to fluid lifting. Consequently, the shorter the
distances, the lower the pressure drop and hence the higher the well productivity. [7, 8]
The optimization of the production units can be performed post-well location
optimization problem or can be treated in a joint manner (simultaneously). Dogru
considered nonlinear mixed integer programming (MINLP) in his work on optimization
of platform and wells locations. Their algorithm limits are set to be 5 platforms and 1000
points as a search space. In contrast, our algorithm is not limited by the number of
platforms or the search space; the latter is open with only lower and higher limits [9].
Although, Dogru’s method is smooth and fast for a low number of wells, time constraints
and physical limitations were observed for a well count exceeding 30. Hansen et al.
tackled the problem as multi-capacitated plant problem (MCPLP) where they considered
the location and capacity of the platforms as optimization parameters in order to minimize
the investment costs. They used mixed integer programming (MIP) with Tabu search
heuristic. Tabu search heuristic is a gradient-based optimization tool that searches in the
neighbourhood of existing solutions for local optimal solutions. The proposed models
showed computational problems for more than 30 possible locations and 100 wells [1].
Rosa and Ferreira studied the problem of platform and manifolds location. They related
the problem to the pressure drop taking place in pipelines and used MIP to maximize an
objective function; an NPV equation related to the placement of platforms and manifolds.
Their method is exhaustive in computational load as the number of optimization
parameters increases [7, 10]. Campozona et al. used an optimization algorithm
combining meta-heuristic methods such as Tabu search with integer programming (IP).

This optimizer is coupled with a reservoir simulator that receives the platforms locations



from the optimizer, calculates the associated NPV and send it back to the optimizer in a
loop manner until a convergence criterion is met. This method is applied on a simple case
of 12 wells and 1 platform and showed high computational load so that only 200 iterations
were performed [11]. Similarly, Rodrigues et al. used a multi-capacitated Platforms and
Wells Location Problem (MPWLP) algorithm that employs linear programming and aims
at minimizing costs by defining the number, location, and capacities of offshore
platforms. This method only considered one scenario with 1 platform case and, as stated
by the authors, it is not tested with various levels of complexity [12]. Recently, Sales et
al. used GA integrated with Monte Carlo simulation to handle the platform location
optimization problem. Their method showed better results with less computational load
compared to the deterministic methods (e.g. IP, MPWLP, MINLP and Tabu search). They
considered uncertainties associated to the production profile which is, in turn, related to
the platform positioning. Multiple scenarios are simulated with quick and optimal
solutions for each case [10].

In contrast to all aforementioned methods, the used method in this work is
dealing with multi-layer problem i.e. it is not restricted to wells-Platform positioning, but
it can handle problems that are of higher complexity such as “wells-manifolds-PLEMs-

Platform-Facility” problem.

A. Overview of Evolutionary algorithms

1. Genetic Algorithm

Genetic algorithm (GA) is an evolutionary algorithm that mimics the natural

laws of genetics such as crossover, mutation and other genetic operators of chromosomes



coming from two parents. Natural selection proposed by Darwin consists that all these
genetic operators applied in the propagation of the populations are focusing on making
the survival chance of fittest individuals favored.

GA is a stochastic algorithm; it also deals with a population of solutions that can
be recombined to get more fit solutions. It is a robust method as it can deal with
multidimensional problems. It is a search method that deals with large population of
solutions. Solutions are represented as chromosomes and this is the first step in GA
method to encode solutions into chromosomes. The GA consists of an iterative process
in a way that the population evolves toward the needed criteria through several steps as

follows:

a. Initialization Phase

Population of solutions with a set of properties is initialized, each solution is
represented by a chromosome that is composed of many subparts known as genes which

are the properties to be optimized.

b. Encoding

These solutions can be expressed or encoded into a binary form or can be
expressed as a real value expression. In case of binary representation, the parameters to
be optimized are represented in a vector of binary digits. Each parameter is consisting of
a constant length sub-vector in the chromosome. The length of the parameter
representation vector is dependent on the lower and upper limits of this factor take as
example if the boundaries of an optimization parameter are [0 50] so the maximum

number of binary representations is that corresponding of the conversion of 50 (=110010),



so a vector of length 6 is preserved for this parameter. The same is applied for other

parameters constituting the chromosome and are set in a conventional predefined order.

c. Decoding

Each set of properties forming a solution presented in a chromosome which is a
subpart of a group of solutions (Population). As discussed in the encoding part, know the
inverse is done by translating the binary representation of each optimization parameter
and this value is used in setting the simulation inputs to get results and then evaluate the
objective function. While decoding the chromosomes will give us the parameter value
which is also called the “phenotype”.

d. Fitness Value

This value is a main factor in natural selection method since it relies on the
survival of the fittest. So, we should know how the fitness is considered and calculated.
Fitness means of how good the solution is, hence in case of maximization problems the
highest objective function, that can used as reference, will lead into the highest fitness
value equal to one for example and the other solutions will give less and less fitness
values. These values are ranked in a decreasing order in case of maximization problems.
The first iteration of the GA consists of the first three steps beforementioned that are

encoding, decoding, and Fitness value calculation.

e. Propagation of the Algorithm

Initialization is the first step to be done so that we have initial solutions guessed
that have been ranked according to their Fitness values. Know we move to the

propagation of the algorithm that is done as described in the following section:

10



f. Selection

Selection step is dependent on the aim of the problem and then is related to the
Fitness value of the previous solutions. It is defined as the procedure of electing two
parents of the previous solutions that will mate to give new offspring of solutions by
permutating and exchanging parts (called genes in genetics) of their chromosomes. The
higher the fitness value of a solution the higher chance of being picked to mate and
reproduce in the next step. In this context, the selection pressure is defined as the extent
to which the best solutions are chosen. Note that there are many types of selection such

as Roulette wheel, Rank selection, and Tournament selection, etc.

g. Crossover

After electing the best two individuals that will mate and reproduce to give birth
to two new solution off-springs. This is done through three steps that are: Selection of
individuals for the mating process, cross site and type (can be single or multiple points
crossover) and swapping of the segments following the cross site randomly chosen.
Crossover is a stochastic procedure that is responsible of the diversity of solutions that
can be progressively enhanced by continuously permutating best parent’s multi-

parameters that will lead to an amelioration in the populations’ solutions.

h. Mutation

After crossover process new solutions are produced, however the configuration

of new chromosomes will not be intact as the natural selection theory suggests. These

11



new chromosomes will be subject to mutation that corresponds of three main processes
I.e. Flipping, interchanging, and reversing.

Flipping consists of changing of a bit of the mutated chromosome, using a
mutation chromosome, from 0 to 1 and vice-versa that will lead to the final child’s
chromosome.

Interchanging consists of randomly election of two or more positions of a chromosome
that interchange their bits.

Reversing consists of a random selection of a bit position that is reversed with
the bit next to it.

Mutation is a very important factor that can produce new solutions from out of
the box by changing some parameters of the new solutions and this is very important to

overcome the repetition of the same solutions and then overcoming local optima.

i. Evaluation and Replacement

The new solutions are then tested using the same procedures done in the
initialization phase. The chromosomes of the offspring are decoded as they are already
encoded. Then their corresponding parameters values (phenotypes) are used as simulation
inputs. Sequentially the objective functions and the Fitness values are evaluated.

As for the replacement process the old generation is killed and replaced by the
new one. This is done through two main methods: basic generational update (Nchildren
are produced from N populations and the whole population is replaced) and the steady
state update (every produced offspring is inserted to replace the worst existing member).

In our work we used the steady state update as a replacement method.

12



j. Convergence Criteria

The convergence criteria are dependent on the problem constraints. If time is
the main constraint then a maximum number of simulations will be the convergence
criterion, however a certain hoped value may be considered as optimization goal and be
index of convergence, or the propagation of the algorithm (e.g. Plateau formation) may

be also used as a factor to stop or restart the simulation in this case. [13]

2. Particle Swarm Optimization

Particle Swarm optimization (PSO) is an evolutionary algorithm developed by
Kennedy and Eberhart in 1995 [14]. It is inspired by a close behavioural review of schools
of fish and flocks of birds. Normally, fish and birds travel in groups without colliding
with one another by following the group and adjusting to its position and velocity based
on the information provided by the group itself. Each “particle” represents a solution of
the objective function and a “swarm” depicts the group of particles involved in the
optimization workflow. These particles could be further grouped into subgroups
(neighbourhood topologies) allowing the exchange of information from other particles in
addition to their own.

The position of each particle in the search space is driven by a calculated velocity
parameter based on previous iteration results. The velocity is updated by a mathematical
formulation between the prior particle velocity, its distance to the position where the
particle achieved its local best and its distance from the particle that achieved the global
best. Each particle memorizes the best position or “solution” it attains during the entire
optimization process (local best). The algorithm also memaorizes the best position attained

by any of its particles (global best)[15]. The velocity is truncated by a maximum value
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defined by the boundary of the search space. Figure 2 represents PSO solution vectors the

position and the velocity relationship are obtained by the formula below and illustrated

by Figure 3:

xi,j(k + 1) = xi,j(k) + vi,j(k + 1)

vk +1) =wxv; (k) +cpry (pbest(i,j) - xi,j(k)) + cg12 (gbest(i,j) - xi,j(k))

Where i refers to the particle, j refers to the optimization variable and k refers to

the current iteration.

t=1 It= t=3 t=4 ......... ...... It=n-1 It=n

Particle 1 ® @ o e o
Particle2 @ ) @ ) ®
Particle3 @ ® [ @ ®

@ ® @ o @
Particle5 @ ® @ ® ®
Particle6 @ o [ ® ®
Particle7 @ ® . e ®
Partice8 @ ® e ® ®
Particlem @ e e ® ®

Figure 2- PSO solution vectors where e represents a particle e represents the solution

vector with the best result in all iteration of a specific particle ® represents the solution
vector with the best result through all iterations and among all particles
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X(m,4)

X(m,n-1)

Figure 3- PSO position vector update

The velocity equation involves three main parameters; the inertia weight (w),
the cognitive weight (c,) and the social weight (c,). The inertia weight defines the impact
of the trend towards the previous particle velocity, the cognitive weight defines the impact

of the trend towards the particle local best (ppest(;,jy) and the social weight defines the
impact of the trend towards the swarm global best (gpese(; j))- It also involves two

independent uniform random variables r; and r, between 0 and 1. The main purpose of
these variables is to make the overall process stochastically dependent which helps the

optimizer avoiding local optima traps.

a. Propagation of the Algorithm

i. Initialization
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As for stochastic population-based algorithms, initialization of the first
population is important in the propagation of the optimization i.e. if we start from a good
initial position this may help the algorithm by reducing the time and the number of
simulations needed to reach optimal results. The initialization is mainly done randomly

by choosing one location from the search space.

Many researchers have investigated the effect of PSO algorithmic parameters
selection (w, c,, and c,4) on the system convergence. Jiang et al. provided a sufficient
condition after studying the convergence of the standard particle swarm system [17].
Jiang et al. suggested a set of parameters, w = 0.715 and ¢, = ¢, = 1.7 . In addition,
Zhang et al. found that up with a new process in selecting the parameters. The values of
the parameters are found to be (w = 0.724, ¢, = ¢, = 1.468) and (w = 0.785, ¢, =
cg = 1.331). [15]

Other researchers have also proposed other sets of parameters; that is for
example: w = 0.6, c = 1.7 [18] and w = 0.729, ¢ = 1.494 [19]. The velocity and
position of each particle will move within a specified range. The maximum velocity was

set at 0.1* X,,, ., as per Zhang et al. work [20].

3. PSO Improvements

a. Inertia Improvements

Inertia weight is the main factor balancing exploration and exploitation in PSO
optimization process. The contribution of the previous particle velocity to the updated

velocity is determined by the inertia weight factor [21]. Regarding the importance of this
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factor in determining the velocity (step vector of each of the optimization parameters),

many researchers studied the parametric effect of the inertia weight. Some adopted

constant inertia weight, others considered adaptive inertia weight variation. The

following table summarizes the main advancements of the inertia values.

Table 1- Summary of previous reports on inertia weight improvements

Inertia weight Formula Reference
Constant inertia weight w = constant = [0.9 — 1.2] [22]
Random inertia weight w =05+ rand() [23]

2
Sigmoid increasing o = i)s;c_l;tx; fi;r;de 5+ Wena [24]
u = 10Uog(gen)-2)
gen = maximum number of generations
Sigmoid decreasing Wstart — Wend [24]

Wi =

"1 4 eux(k-nxgen) T Wena

Wgiare = Initial limit
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Wena = final limit

n =sigmoid constant = [0.25,0.5,0.75]

Linear Decreasing o = o — _Lmax ~ Omin [25]
k Mmax . Max_iterations
w =[0.9 — 0.4]
Linear Decreasing inertia weight MAXIter — iter [26]
W = Whax — Wiax — Wnin) * MAXIter
Winax = 0.9
Win = 0.4

Chaotic descending inertia weight z =rand(0,1) [27]

z=4xzx((1-2)

Itery,q — Iter
w=(w; —wy) — + w, Xz
! g Maxiterations g

Chaotic random inertia weight z =rand(0,1) [27]

z=4%xzx((1-2)

w = 0.5xrand(0,1) + 0.5 X z

Global-local Best inertia weigh " = _ gbest; [28]

L pbest;
Natural exponential inertia . [29]

| MaXiterations
weight(el) We = Wmin + (Omax — Omin) X € 10
Natural exponential inertia . g [29]
B Maxiterationsl

weight(e2) Wt = Wmin + (Wmax = Wmin) X €

Oscillating inertia weight Wmax + Omin | Omax — Omin 2mt [30]
Wy = X COS——
2 2 T
28, 3 . .
T = , S1 ==5, S:total iterations number
3+2k 4
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.. 1
For the remaining S, = ZS’ Wi = Wimin
Wmin = 0.3, Wmaer = 0.9, k can be varied [1-7]
Simulated annealing W = Whax — Wimax — Winin) X A&D [31]
A =0.95
Logarithm Decreasing Inertia 10t 32
W = Whax + (Wmnin — Winax) logo(a + Tmax) [32]
Weight
a=1 Wpep =09 wp =04
Exponent Decreasing Inertia . [33]
_ 1442t
Weight W = (Wmnax = Winin — d1) X el’ fmax
Winar = 0.95, Wy = 0.4,dy =0.2d, =7

b. Constriction Factor Improvement

Clerc introduced a new parameter instead of the inertia weight, a constriction

factor was developed as a function of c1 and c2, which multiplies into the velocity

equation [34]. The importance of the constriction factor is that it ensures the convergence

of the system and allows the system to search in an efficient way avoiding premature

convergence.

2
k =
12— ¢ —J§2 — 49|

Viy1 = k[a)vi + Clrl(xlocalbest - xi) + Czrz(xglobalbest_xi)]
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Xiy1 = Vip1 T X

Where ¢ =cl + c2, ¢ > 4 and both c1=c2=2.05 [35].

c. Coefficient Tuning Improvement

Ratnaweera et al. proposed three improvements to the core of PSO algorithm by
addressing the coefficients tuning problem [36]:

Time Varying acceleration coefficients (TVAC): The acceleration constants ¢,
and c, represent the weighting of the stochastic acceleration terms that pull each particle
towards the pbest and gbest solutions. An important identification should be established
for c¢; and c, as both play major roles in improving the performance of the PSO. cl
represents the “self-cognition” that pulls the particle to its own historical best position,
assisting in exploring other solutions within that region. c2 represents the “social
influence” that pushes the swarm to converge to the current globally best region, leading
to faster conversions.

Thus, instead of having fixed values for ¢; and ¢, equal to 2 as initially
proposed, a change in the coefficients values incrementally based on what stage the PSO
solution is, improves the overall optimal solution of the PSO, as each stage (exploration,
exploitations, convergence, jumping out) are individually optimized.

One modification is the Time-Varying Acceleration coefficients that can be

represented as follows:

( ) iter 4

ci1=(Cir—Cq;) *x—+ Cq;

1 UMW Maxiter | Y
iter

2= (sz B CZi) * MaxlIter €2i
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Where
c1f = 2.5,¢1; = 0.5, ;¢ = 0.5,and ¢; = 2.5
MPSO-TVAC (Mutated PSO with TVAC): This improvement has the very same
idea of mutation introduced in the Genetic Algorithm, focusing on introducing new
solutions in case the Global best in stuck into a local optimum. This improvement serves
the introduction of diversity in the search space under study. In their work the mutated
based PSO is applied with the Time-Varying acceleration coefficients beforementioned.
Self-organizing Hierarchical PSO with TVAC:_In this approach the velocity
update equation is no more dependent on the previous velocity term as proposed by
Kennedy and Eberhart [37]. However, this change may lead to local optima solutions.
To solve this problem, Ratnaweera et al. proposed HPSO with TVAC. This method keeps
the velocity term from last iteration as zero and the velocity term is reinitialized using a

reinitialization velocity proportional v;,4,.

d. APSO Improvement

Zhan et al. introduced a new improvement to the core of the PSO, called the
adaptive particle swarm optimization (APSO). The PSO efficiency is studied through two
main criteria: number of evaluations needed and premature convergence. In their work
they proposed first an evolutionary state estimation (ESE) on which the APSO is based
to enhance the algorithm performance. [38]

a. ESE: or evolutionary state estimation will study the population distribution in
each generation. Based on this approach the adaptation of PSO is done. Following
are the steps describing this clustering-based approach:

1. Calculation of the mean distance of each particle i to all other particles:
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N D
1
d=§_7 Z ; (i = x7)? )

j=1,j#i

where:
N:population size
D:number of dimensions (number of optimization parameters)
2. Compute the evolutionary factor:

dg — dnin € (0,1) (5)

dmax - dmin

f=
where:
dg: globally best particle distance
A min» Amax: minimum and maximum distances respectively
3. Classification of f into one of four states S;,S,,S;,and S, representing

Exploration, exploitation, convergence, and jumping out respectively. The

membership to the evolution states is as follows S; - S, - S; = S,.

1.0
o
= 0.8
8061 5 $2 8
g 04 _| Convergence Exploitation Exploration Jumping-out
[b) .
> 02 -

0 | 1 | | T | | | |

0 01 02 03 04 05 06 07 08 09 1.0

Evolutionary factor f

Figure 4-Classification of membership states with respect to the evolutionary factor f
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b. APSO:
1. Inertia weight adaptation:
The inertia factor has an important role in balancing between global and local
search. It is not seen efficient to just decrease w with time. They propose that w follows

the evolutionary states using a sigmoid mapping:

1

Wy = W € [0.4,0.9] Vf €E [0,1] (6)

They considered w;,itiq: = 0.9 in their work.
2. Acceleration coefficients:

Exploration (Strategyl): increasing c;,and decreasing c, slightly since in this
state the particles explore their own historical best positions rather than approaching the
global best.

Exploitation (strategy2): increasing c,,and decreasing c, slightly since in this
state the particles are making use of their explored bests seeking more local niches for
best solutions. Small ¢, may help in avoiding premature convergence by local optima
deception.

Convergence state (strategy3): increasing both c;and c,slightly to find the
globally optimal solution by enhancing the global factor ¢, and then grabbing the particles
to the possible global best.

Jumping out (strategy4): decreasing c;and increasing c,,when the global best
jumps away to a better optimum. Its new position will be way far from the clustered
particles.

lci(g+1) —ci(@) <6 i=12

()
0.05<6§<0.1
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CHAPTER 111

METHODOLOGY

A. Problem Statement

Field development can be divided into subsurface and surface development.
Subsurface development planning includes the optimization of the well count, type,
trajectory, location and control. As for surface facility development planning, it includes
the optimization of the production system layout design which involves the placement
and allocation of drill centres, gathering centres, manifolds, flowlines, platforms and
facilities. Regarding surface development planning, the production system constitutes a
substantial portion of the overall cost of the field development hence engineers tend to
come up with best design that minimize cost while providing an efficient development
performance. In this course, the capacity, number, location and allocation of each
element in the production system e.g. well head, manifolds, platforms and facilities must
be optimized for obtaining the lowest cost possible.

The problem is represented by a multilayer node-segment where each node (i.e.
manifolds, platforms, and processing facilities etc..) has its own capacity (or range of
capacity) and a well-defined cost. Each segment will be joining a node from layer i — 1
to another one from layer i. The main objective is to minimize the total cost of the
production system which will require the election of the optimal number and positions of
nodes in each layer, and the allocation of nodes between consecutive layers i.e. manifolds
and wellheads. This problem is solved using a hybrid evolutionary algorithm that
couples particle swarm optimization (PSO) with a clustering technique that makes the
convergence faster and the solution more robust. The algorithm can start with a random

guess within the search space or can be well defined initial guess (i.e. initial solutions
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from Clustering techniques such as Kmeans or can be the preliminary solutions of

previous runs). Each particle (solution) represents a solution vector defining the

optimization parameters (nodes positions, connection between nodes etc..).

Spatial search space is defined by an upper and lower bound defined by the

location of the wellheads. The following is the schematic of multilayers of the production

problem, it is represented by a tree-like problem as shown in Figure 5 for an offshore

system.

Facility

Layer5: Facility
(Onshore/Offshore)

Layer4: Platforms (sea
water level)

Layer3: Main Manifolds
(sea bed level)

Layer2: Manifolds (sea
bed level)

Layerl: Wells’ Entry
Point (sea bed level)

Figure 5- Schematic of the problem for an offshore field
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1. Input Parameters

The input parameters define the number of layers of the problem and this can be
changed depending on the predefined problem i.e. onshore production systems can be
represented as two or three layers of optimization that may be the drilling sites / centers,
gathering centers and processing facility, for instance. However, offshore problems may
be much more complicated so it can be represented by three or more layers of
optimization i.e. entry points, manifolds, platforms, facilities etc....

Another input parameter that should be defined prior to solving the optimization
problem is the map data. This data can be entered as an imported map i.e. using maps
exported from Petrel or any other software. The other way is to define the lower and upper
bounds of the map and the resolution (that defines the number of grids to which this map
is divided) of the map. This two-dimensional developed map is used as the search space
where nodes are to be put. The elevation of each layer is predefined as a constant to all
nodes or can be defined as a three-dimensional map, however the elevation is not that
important in the general flow of optimization. An important aspect of this methodology
is that every layer can have its own map where prohibited areas can be excluded from the
search space of this specific layer.

Well data such as the coordinates and the type of these wells are the starting
points of this problem. These parameters are the output of well placement optimization
processes that have been studied by many researchers. The type of the wells, i.e.
horizontal or vertical, also has an impact on the algorithmic path for example in case of
vertical wells only one entry point is possible however in case of horizontal wells two

possible entry points should be considered when solving the problem.
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Another input parameter is the nodes’ number or range in each layer. This input
can be predefined based on engineering best practices or can be tuned to get the optimal
number of nodes within the range. This factor is related to another important input which
Is the capacity of nodes. In other words, how many nodes from layer i — 1 can be assigned
to each node in layer i. The nodes capacity input parameter can be defined also as a
constant value or can be varied within a range. These two inputs affect the clustering
process and the optimization process since the number of nodes in upper layer will define
the number of clusters in the previous layer. In addition, the capacity of each node will
also affect the number of elements in each cluster. Thus, these two factors have an impact
on the whole optimization results as the number of clusters and the elements of each
cluster dictates the total distance per layer TD ; and then will affect the Total Cost.

The pricing for the nodes in each layer and for the segments between each two
layers is also an important input variable. This factor will also affect the number and the
capacity of the nodes. In addition, the positioning of the nodes will be affected by the
pricing of the segment connecting it with the layers below and above it. For instance, if
all segments had the same pricing, we expect that the node connected to a cluster of nodes
in the previous layer should be located near the mean/ geometric median of the elements
of this cluster. In contrary, if the pricing was not uniform the position of the node should
be shifted towards the layer having the highest segment pricing. Assuming that the pricing
of segments per unit length joining nodes of layer i — 1 and layer i be Cs ;; Then, if
Cs ;41 > Cs ; this will lead to shifting nodes in layer i to their connected nodes in layer
i + 1 in order to minimize the total cost. Thus, the whole problem outcome is highly
dependent on the estimated pricing of nodes and segments in each layer. Enlisted below

are the input parameters that constitutes our optimization problem:
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1. Number of optimization layers “N”, i.e. if we have in the problem (wells-
manifolds-main manifolds-platforms) in this example we have N = 4 .

2. Search space boundaries and resolution

3. Wellheads’ data (i.e. wells” number, coordinates, and types)

4. Range/ maximum number of nodes at every layer of optimization (manifolds,
platforms, and facility).

5. Maximum Capacity (number/range) of each of the optimization nodes.

6. Pricing of each segment/node according to their capacities.

2. Optimization Parameters (OP)

The optimization parameters are the variables that should be varied towards
optimizing the objective function of the problem (Total Cost, CAPEX, or NPV etc...).
These parameters are seen to be critical in the defined problem, i.e. they are not fixed
values and changing any of these will affect the objective function value.

The position of nodes in layers starting from entry point which is the first layer
since wells’ position is an input parameter. Moving nodes as optimization parameters will
dictates other parameters such as the connection between nodes. The positioning of nodes
in layer n should take into consideration many variables such as the clustering of the
connected nodes in layers n — 1 and n + 1 in order to minimize the TC. The election of
these positions can be done using several methods such as choosing the positions of all
nodes and then assign to them nodes from lower layer in this case positioning is prior to
clustering and then reiterate until convergence this can be named PSO based Clustering.
The other method is that nodes in each layer can be chosen based on clustering of the

nodes of the lower layer this is a “Bottom up Clustering”. The first type of clustering
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considers the Total Cost and this due to its randomness and its dictation to PSO updates
that considers the Best Total cost value. However, the Bottom up method may not fully
consider the impact of positions of nodes in the upper layer on the positioning of nodes
in any intermediate layer (Last layer is not affected by this factor). This will be
comprehensively explicated in the Optimization Flow Section.

The connection between nodes, as mentioned, is dependent on all the other OPs.
Positions, capacities, and number of nodes in each layer in addition to the pricing weights
of segments between layers affect the connection of nodes between layers. For instance,
if pricing of segments is uniform, a node in layer n — 1 must be connected to the nearest
node in layer n until this latter’s capacity is saturated. Moreover, if a specific node in
layer n is connected to nodes in the upper and lower layers but the pricing of segments to
the upper layer Cs;,, > Cs;. In this case, the node in layer n is shifted towards the upper
layer (n + 1) node and a node from the lower layer(n — 1) may be connected to another
neighbor, nearest node in order to minimize the total cost.

Number of nodes can be considered as an input or an optimization parameter
according to the problem in hand. Pricing method (i.e. if the pricing is fixed for a specific
node or may change with the capacity) and the capacity of nodes affect the election of the
optimal number of nodes in each layer. The degree wells are spread on the map also affect
the decision of how many clusters should be defined in the upper layer which is the
number of nodes in this layer. Yet, the optimality is a trade-off between the cost of nodes
in each layer and the segments price joining each two layers. Then, engineering
assumptions or problem definition dictates whether nodes’ number is presented as an
input or as a range where it is considered as an optimization variable and is changed until

optimality is met.
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Another optimization parameter is the nodes’ capacity that is related to the
availability of each types of nodes in the market. For example, if present manifolds have
a well-defined capacity in terms of number of connections or flow rate capacity in this
case a physical limitation is present as an upper bound in terms of defining the capacity
of this specific type of nodes. The same applies for all other layer’s elements. Also, in
this case it is problem dependent to assign a specific value of capacity for each node or
use a range where this value can be optimized. The capacity of each node is highly
dependent on the number of nodes and the degree of spread of the nodes in lower layer.
In this problem, the capacity is optimized within a range. Yet, if any node exceeds its
upper bound capacity, the excess in allocated nodes from the lower layer are assigned to
other not saturated nodes in a way that optimality or sub-optimality of the run is
conserved. Other ways may be applied to meet physical limitations such as penalty on
outliers’ solutions.

Following is the list summarizing the optimization parameters under study in
this specific problem:

1. Position of nodes in each layer.
2. The connection between nodes of layer n — 1 and layer n.
3. Number of nodes at each level of optimization

4. Capacity of each node

3. Objective Function
The objective function is the total cost (TC) according to the pricing of all nodes
and segments. The main aim in this work is to minimize the total cost which forms a part

of the CAPEX. So, minimizing the total cost will lead to minimizing the CAPEX and
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then maximizing the NPV. The following is the mathematical representation of the cost

function.

N

TC = [(Cnix ny) + (Csi XTD ] (8)

i=1

Where:

TC:is the total cost ($)

N: is the number of optimization layers
Cn ;:is the cost nodes in layer i($/node)
n ;:is the number of nodes in layer i

Cs;: is the cost of segments (per unit length)between layer i

(3
— 1 and layeri (E)

TD ;:is the Total distance between nodes of layer i — 1 and layer i (m)
B. Proposed Optimization Algorithm

1. Optimization Workflow

In this section, the general workflow of the proposed algorithm is described. This
workflow involves seven sequential steps that include input datafile preparation, search
space setting, algorithmic parameter initialization, nodes assignment, objective function
evaluation, convergence checking and algorithmic parameters update. Below is a detailed
description of each of these steps in the proposed optimization algorithm.

Step 1: Read Data file
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The input parameters defining the problem such as wells’ data, search space data,
ranges of optimization parameters, and algorithmic parameters related to the PSO
algorithm (population size, cognitive and social coefficients, inertia weight etc..).All
these parameters are stored in and read from a predefined excel spreadsheet which
represents the datafile of the problem.

Step 2: Set Search Space

Upper and lower bounds of platforms and manifolds locations coordinates are
set in the datafile. These limits can be set to narrow the search space for faster
convergence and can be considered as the search space since neither a platform nor a
manifold should, basically, be located outside the field’s boundaries. Typical boundaries
can be defined as:

Xiower = MiN(Xyells)s Xupper = MaX(Xyells)
Yiower = MiN(Ywelis)s Yupper = Max(Ywelis)
Xiower < Xp() < Xupper

Ylower < Yp (1) < Yupper

Step 3: Initialization/Update of Optimization Parameters

The main optimizer used in this problem is the particle swarm optimization
algorithm. This population-based algorithm as described in Chapter 2starts by initializing
a predefined number of particles/solutions inside the swarm. These particles represented
by vectors defining all the optimization variables involved in the problem. An initial guess
is randomly obtained within the search space defined by the upper and lower boundary

positions, and specific ranges of other optimization parameters such as nodes capacity.
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Initialization can be also an input from previous optimization runs or any other
suboptimal solutions that may help in getting faster to the optimal solution.

Step 4: Nodes Connection Assignment Using Clustering method

Assignment of nodes between nodes of layer i and nodes of layer i + 1 is done
based on two main criteria i.e. the proximity of nodes in layer i to all nodes in layer i + 1
and the maximum capacities of nodes in layer i + 1.

Starting from layer of i = 1 and using a bottom up assignment method, distances
of all nodes in layer i to all nodes of layer i + 1 are calculated and stored in a matrix.
Note that, distances are calculated according to the nodes in layer i to those in layer i +
1. In this sense, the pivot is the distance from nodes of previous layer to the nodes of next
layer. In other words, if the pivot was the nodes in the higher level the clustering is then
based on the proximity of nodes in layer i + 1 to the nodes in layer i. Then, if we consider
wells-manifolds level, in case of up-bottom clustering each manifold is seen to which
wells is near and assigned accordingly. However, if the bottom up method is applied,
wells are seen to which manifold are near and the assignment is done accordingly. In this
way, the least distance can be achieved and in the same time if one manifold is not
assigned to any of the wells it can be eliminated. Thus, the number of nodes can also be
optimized in parallel to the distance optimization.

After calculating the bottom up distances, these distances are ranked in an
increasing way in order to choose in an optimized way the connectivity between nodes of
different layers.

Each node in layer i is assigned to the nearest node in layer i + 1 taking into

consideration the maximum capacity of these latter nodes. In other words, nodes are
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assigned until the nodes in the higher level are saturated. Saturated nodes cannot support
any additional connection.

In this Step, used nodes are identified and a check of the assignments of nodes
is done. In case not all nodes are assigned the algorithm will proceed to Step 5. Unless,
meaning that all nodes of the considered layer are assigned, layer index is updated layer
(i=1i+1). Sequentially, another check of whether the layer index i<
total number of layers or not. If this criterion is met the algorithm will continue to
Step 2 to assign the nodes of the next level. Unless, the process will be ended and all
nodes in all layers are then assigned.

In this step, used nodes in the lower layer are eliminated and the saturated nodes
of the higher level are also eliminated. In addition, the maximum capacity of each node
in the higher level is also updated ( maxCapacity;,; = maxCapacity; —
nodes assigned;). Where: j is the number reiterations until all nodes of layer i are
assigned.

After eliminating the used elements in the lower layer and the saturated nodes in
the upper layer. Lower and upper layers are updated accordingly to undergo a new
assignment process according to their updated attributes. Thus, the process will go to the
Step 2 again with updated pools of the same layers’ indices.

Using this method of clustering two important features were added. In one hand,
controlling nodes’ capacity in an efficient way by only defining the maximum capacity
so that a more room to consider the optimized distance is available. In the other hand,
some nodes will not be connected to any of the lower layer nodes, and then can be
eliminated. Thus, number of nodes is also controlled in parallel with the total distance

reduction.
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Step 5: Objective Function Evaluation

After deciding number of nodes in each layer and assigning connections
between nodes. The evaluation of the Cost Function (Total cost) of all the
swarms/solutions is done using the defined Objective Function “TC”. This factor affects,
as aforementioned, both the CAPEX, the productivity of wells, and, hence, the NPV.

Step 6: Checking Convergence

Convergence of the algorithm is the key factor of its efficiency. Stochastic
methods such as PSO and GA handle complex problems, though no clear criterion is set
for their convergence. They mainly rely on the number of iterations or some criteria that
should be set according to the problem under study. Following is the function that checks
convergence of the optimizer after all the parameters are set at each iteration.
Convergence criteria is considered as the maximum number of iterations that is
predefined as an input.

Step 7: PSO Parameters Update

The results of all solution in the run are stored and ranked in order to define the
Global Best and the particle Local Best for all the swarms/solutions of the population
under study. After determining the Global Best and Local Best. The Velocity term is
updated using its definition from the PSO algorithm. The Velocity is a vector defining
the change in each element of the position vector which represents the particle/solution.
The position vector for each solution is updated in Step 3.

Continue from Step3.
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Read Input data file
(Input variables, Ranges for
optimization variables)
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Initialize/Update optimization
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v

Assign to each node in layer
i+1 the nearest corresponding » Calculate the cost function
number of nodes from layer 7

Check
convergence

Figure 6— PSO General Workflow

a. Clustering Function (Step 4)

Assignment of nodes between nodes of layer i and nodes of layer i + 1 is done

based on two main criteria i.e. the proximity of nodes in layer i to all nodes in layer i + 1
and the maximum capacities of nodes in layer i + 1.

1. Starting from layer of i = 1 and using a bottom up assignment method, distances

of all nodes in layer i to all nodes of layer i + 1 are calculated and stored in a

matrix. Note that, distances are calculated accroding to the nodes in layer i to

those in layer i 4+ 1. In this sense, the pivot is the distance from nodes of previous

layer to the nodes of next layer. In other words, if the pivot was the nodes in the

higher level the clustering is then based on the proximity of nodes in layer i + 1

to the nodes in layer i. Then, if we consider wells-manifolds level, in case of up-
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bottom clustering each manifold is seen to which wells is near and assigned
accorindgly. However, if the bottom up method is applied, then the wells are seen
to which manifold are proxim and the assignment is done accordingly. In this way,
the least distance can be achieved and in the same time if one manifold is not
assigned to any of the wells it can be eliminated. Thus, the number of nodes can
also be optimized in parallel to the distance optimization.

. After calculating the bottom up distances, these distances are ranked in an
increasing way in order to choose in an optimized way the connectivity between
nodes of different layers.

Each node in layer i is assigned to the nearest node in layer i + 1 taking into
consideration the maximum capacity of these latter nodes. In other words, nodes
are assigned until the nodes in the higher level are saturated. Saturated nodes
cannot support any additional connection.

In this Step, used nodes are identified and a check of the assignments of nodes is
done. In case not all nodes are assigned the algorithm will proceed to step 5.
Unless, meaning that all nodes of the considered layer are assigned, layer index
is updated layer( i =i + 1). Sequentially, another check of whether the layer
index i < total number of layers or not. If this criterion is met the algorithm
will continue to Step 2 to assign the nodes of the next level. Unless, the process
will be ended and all nodes in all layers are then assigned.

In this step, used nodes in the lower layer are eliminated and the saturated nodes
of the higher level are also eliminated. In addition, the maximum capacity of each

node in the higher level is also updated ( max Capacity;,,; = max Capacity; —
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nodes assigned;). Where: j is the number reiterations until all nodes of layer i
are assigned.

6. After eliminating the used elements in the lower layer and the saturated nodes in
the upper layer. Lower and upper layers are updated accordingly to undergo a new
assignment process according to their updated attributes. Thus, the process will

go to the Step 2 again with updated pools of the same layers’ indices.

Using this method of clustering, two important features were added. In one hand,
controlling nodes’ capacity in an efficient way by only defining the maximum capacity
so that a more room to consider the optimized distance is available. In the other hand,
some nodes will not be connected to any of the lower layer nodes, and then can be
eliminated. Thus, number of nodes is also controlled in parallel with the total distance

reduction. Figure 7 represents the workflow of the proposed clustering method.
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o)

Based on the superiority of the PSO algorithm compared with GA, PSO was

considered as the main optimization tool in this work. Several improvements were

introduced in the literature, as described in literature review section, to enhance the

efficiency in terms of convergence and time.

a. Adaptive Particle Swarm Optimization (APSQO)

Adaptive Particle Swarm Optimization (APSO) showed superior to the Standard

PSO. Thus, APSO is considered as the main optimizer. APSO, as described in the
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literature review, is an improved version of PSO that focuses on determining the
evolutionary state of the solutions. After determining the evolutionary state of the
problem, algorithmic parameters are adapted accordingly. This will ensure a better and
smooth convergence of the problem. Figure 8 represents the steps of the APSO algorithm

applied to the defined multilayer problem.
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Figure 8- APSO algorithm workflow
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b. Multiple Runs Initialization

Initialization of the initial guess in the PSO algorithm is considered as a main
factor affecting the results of the algorithm. Hence, initialization improvement was
introduced in this context the “Multiple Runs Initialization”. Generally, PSO consists of
a population of solutions that are initialized randomly. These initial guesses are updated
using the PSO velocity and position equations.

This introduced improvement consists of the running APSO algorithm multiple
times but for few generations (i.e. 200 generations). The best result of each run is stored
as one initial solution. The process is repeated until all initial particles (solutions) are
initialized. Based on this initialization, the main optimization loop starts from a
“relatively good” initial guess.

Figure 9 describes the workflow of multiple runs initialization that is applied prior to the

main optimization loop:
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Figure 9- Multiple runs initialization workflow

Another improvement was added to the APSO algorithm the “Restart” step.

Restarting the particles of a population is done after facing the pre-convergence plateau.

This method was introduced to mutate the present solutions by reinitializing the

population randomly, but, the history of the particle’s best and Global best. The new

mutation to the PSO solution will lead to a better convergence by introducing new random

solutions to the problem after having a constant solution for a certain number of

generations. This number of generations where the solution is not converging is

predefined as an input to the problem. This parameter could be further tuned depending

on the problem under study.

Figure 10 presents the complete proposed algorithm that is introduced in this

work, this algorithm is compared with other algorithms and its superiority was verified.
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CHAPTER IV

RESULTS AND DISCUSSION

In this section, we compare the performance of three different optimization
algorithms; Deterministic Optimization Algorithm (DOA), Genetic Algorithm (GA) and
Particle Swarm Optimization (PSO) on 2 layered production system problem where the
location of platform was altered while fixing the location of a predefined number of wells.
DOA is a method that considers all possible combinations and evaluates the Objective
Function of each. The OLYMPUS case is used for illustration for many cases [39]. In
order to compare the performance and limitations of each of the employed methods,

problems with different levels of complexities are considered.

A. GAVs. PSO

In this section, we compare the performance of three different optimization
algorithms; Deterministic Optimization Algorithm (DOA), Genetic Algorithm (GA) and
Particle Swarm Optimization (PSO) on 2 layered production system problem where the
location of platform was altered while fixing the location of a predefined number of wells.
DOA is a method that considers all possible combinations and evaluates the Objective
Function of each. The OLYMPUS case is used for illustration for many cases [39]. In
order to compare the performance and limitations of each of the employed methods,

problems with different levels of complexities are considered.

1. Case 1: Varied Number of Wells, 1 Platforms
We optimized the location of one platform with different numbers of wells for

validation purpose. For this example, the three optimization methods yielded the same
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results regardless of the number of wells (up to 20 wells) as illustrated in Figure 11 for

eight wells.
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Figure 11— Single Platform location optimization using the three optimization methods
(8 wells)

A major limitation in terms of CPU and memory was noticed when applying the
DOA which made it incompatible to the proposed evolutionary algorithms. The time
consumed by the deterministic method increases exponentially with the number of wells
and exceeded 650 minutes for no more than 26 wells as illustrated in Figure 12. For a
larger well number memory limitation is faced, and this method is no longer valid. On
the other hand, PSO and GA are not affected by the number of parameters (number of

wells and platforms) as illustrated in Figure 13.
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Figure 13— GA vs. PSO performance

After excluding the deterministic methods from the comparison, we analyzed
the performance of both evolutionary algorithms, PSO and GA in terms of consistency

and convergence time at different level of complexity.
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2. Case 2: Vertical Wells — 20 Wells, 2 Platforms.

PSO showed superiority over GA. PSO converged to its best solution that
minimizes the objective function; the total cost. GA converges to a sub-optimal solution;
15 million $ larger than PSO. PSO more efficient than GA in optimizing the well number
corresponding to each platform. PSO assigns 8 wells for Platforml and 12 wells for
Platform 2 (Figure 14-B) while GA just spitted the wells equally between the two

platforms (Figure 14-A).
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Figure 14 — Case 1, Vertical Wells: 20 Wells, 2 Platforms

3. Case 3, Vertical Wells — 30 Wells, 3 Platforms.

The level of complexity is upgraded so that we can compare both methods’
performance. In this case we consider the presence of 30 defined wells subject to three
platforms that should be optimized in terms of location and number of wells assigned to
each of them. Results are shown in Figure 15. GA assigns equal number of wells to both
platforms as illustrated in Figure 15-A while PSO assigns 14 wells to Platform 1, 10 to
Platform 2 and 6 to Platform 3. PSO shows a better performance than GA: PSO converged
in less than 50 generations while GA did not converge even after 700 generations.
Furthermore, the optimal solution reached by PSO clearly outperforms that reached by

GA.
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Figure 15 — Case 2, Vertical Wells: 30 Wells, 3 Platforms

4. Case 4, Vertical Wells — 50 Wells, 2 Platforms.

As beforementioned PSO vs. GA optimization performance in terms of the total
wells distances is now compared at a higher level of complexity. In this case 50 wells are
considered that should be assigned to 2 platforms. Results are shown in Figure 16 and
illustrate the higher performance of PSO compared to GA both in terms of the optimality

of the reached solution and the required number of iterations to reach this solution.

519000 520000 521000 522000 523000 524000 525000 526000 527000 528000

6183000
000E8L9

6182000
0002819

6181000
0001819

0000819

6180000

6179000
000BLLS

519000 520000 521000 522000 523000 524000 525000 526000 527000 528000 _mermn|

A — Solution using GA

51



519000 520000 521000 522000 523000 524000 525000 526000 527000 528000

6183000
000E8L9

6182000
0002819

6181000
0001819

6180000
0000819

6179000
000BLLS

...... 51§Ubh ) ‘5‘2000‘0. ' ‘5‘2‘1‘“00‘ B 52‘2‘0‘0D. B 523‘000 o 524‘000 ' .5‘25006‘ ) ‘5‘2‘50“0. B 52‘7ID‘DU B .EEIB‘O‘DlO‘ e
B — Solution using PSO
1,322
1,320
w1318
5
= 1,316
E 1314
i
S 1312
1,310
1,308
0 20 40 60 80 100
Generation
—PSO GA

C — GA vs. PSO Performance

Figure 16 — Case 3, Vertical Wells: 50 Wells, 2 Platforms

5. Case 5, Vertical Wells — 100 Wells, 5 Platforms.

In this case we consider a highest level of complexity by considering 100
defined wells that should be clustered and connected to 5 different platforms. The number
of decision variables exceeds 100 in this case which requires more generations by both
methods to reach optimal solutions. As shown in Figure 17, PSO reached optimal solution
after about 600 generations (iterations) however the GA is stuck in a local optimum that

makes it far from convergence in this exercise. From Figure 17—A, we can see that GA is
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far from an optimal solution as depicted by wells sub-optimally connected to platforms.
This is not the case for PSO where “visual” verification does not show this issue; wells

appear to be connected to the right platform.
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Figure 17 — Case 4, Vertical Wells: 100 Wells, 5 Platforms.

6. Stress Test of the Proposed Algorithm.

Unlike the limitations encountered and reported in the literature on the feasibility

and efficiency of the optimization problem [1, 7-12], our proposed algorithm converged

regardless of the level of complexity up to the 5000 wells, 100 platforms limit case (Case

9) that we have considered. Results are presented in Figure 18 and Table 2. These results

confirm the robustness of the algorithm and its suitability to be used for any practical

platform placement optimization task.
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Figure 18 — Stress test of the proposed platform optimization algorithm, Results of PSO

optimizer for high number of platforms and wells.

Table 2—Summary of the proposed algorithm stress test results (vertical wells).

Time/Generation Number of CPU
Case/Performance (s) generations Time(s)
Case 4: 100 wells, 5 platforms 0.1 400 40
Case 5: 500 wells, 20 platforms 1.1 600 660
Case 6: 1000 wells, 50
platforms 5 800 4000
Case 7: 5000 wells, 100
platforms 20.657 1000 20657

7. Horizontal Wells.

Platform location optimization in the case of horizontal wells is to ensure a

minimum platform-to-heel measured depth. That is, the optimizer needs to select, among

other parameters, the toe and heel of the well based on that criteria (see Figure 19 for

illustration). One extra parameter, by well, is added to the optimization problem which
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adds, in turn, to the complexity of the problem. The PSO algorithm is modified to account
for the horizontal wells and shows very good convergence and consistently smooth
results. The efficiency, robustness and consistency of the used algorithm are illustrated
on Figure 20 and Figure 21 for 50 wells, 5 platforms (Case 8) and 100 wells, 5 platforms

(Case 9), respectively.

520000 520800 521600 522400 523200 524000 524800 525600 526400 52720¢ 520000 520800 521600 522400 523200 524000 524800 525600 526400

6182000
6182000

6181000
6181000

g
g
2
o

g
g
8
o

6179000

6179000

Tsa0000 520800 | 521600 | 522400 | 529200 | 504000 | 624800 | 508600 | 526400 | 8a7ank 520000 520800 521600 | 522400 523200 524000 524800 = 525600 526400 527201
A — 6 producers, 6 injectors — Original B — 6 producers, 6 injectors — Switched

well direction well direction

Figure 19 — lllustration of the extra parameter associated to platform placement
optimization in the case of horizontal wells: Decision of the heal and toe of the well to

minimize the platform-to-toe measured depth.
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8. Conclusion

Optimization parameters include platform locations, the number of wells per
platform, and the assignment of wells to platforms; that is, which wells are connected to
which platform. Furthermore, one extra optimization parameter is added in case of
horizontal well: the platform-to-heel measured depth. We have presented an efficient
optimization method that can robustly solve this problem regardless of the number of
wells and platforms. That has been illustrated up to a case comprising 5000 wells and 100
platforms.

We compared three different methods: 1) a deterministic approach that clusters
the wells considering all the possible combinations, 2) the GA algorithm assisted with
internal distance and 3) well-assignment optimizer applied as assistant in the PSO method
which is used for the first time for platform placement optimization in field development
planning. Unlike what is claimed in the literature (Sales et al. 2018), GA cannot address
this problem; it converges to a sub-optimal solution.

Different levels of complexity were considered starting from a simple one

platform case as a validation problem. Several levels of complexity were then added by
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increasing the number of wells and/or the number of platforms. In all cases, including the
nine cases presented in this paper, PSO systematically outperformed GA in terms of both
the optimality of the reached solution and the number of iterations needed to reach that
solution. GA failed to converge to a solution and got stuck in local optimum in Case 4
(100 wells, 5 platforms) and above.

In this context, we can conclude that the PSO assisted with the distance optimizer is the
most robust and efficient methodology to address this optimization problem in terms of
convergence time and objective function optimal values; regardless of the complexity of

the problem.

B. Standard PSO vs. APSO

Based on the results of the previous section PSO has shown its superiority
compared to GA. In this section we compare the efficiency of PSO with our Proposed
Algorithm “Improved APSO” algorithm. Multilayer nodes and segments problem is
considered with an increased levels of complexity. Complexity is defined by two main
factor the number of nodes and the number of layers in the defined example. Simple cases
of two layers optimization problems were studied first with an increasing number of
nodes in each layer. Then, we moved to three-layers and four-layers examples in parallel
with the increase in the nodes’ number in each layer. This systematic approach was
applied in order to define the limitations of PSO and the advantages of the newly proposed

algorithm in terms of convergence and time (i.e. number of generations to reach plateau).
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1. Casel: 20 wells- 1 manifolds

Starting from a simple case study 20 wells that should be assigned to 1 manifold
whose location should be optimized only in this case. These 20 wells were defined within
the map boundaries. As Figure 22 shows for this simple problem both PSO and APSO
converged quickly to the optimal solution. This optimal solution is the same as the result
obtained while searching for the geometric median, which is mathematically the closest
point to all points of a cluster. Thus, having only one cluster of wells in this case the only
effective factor that should be considered is the position of the manifold which represents

in this case the geometric median of the wells.
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Figure 22- PSO vs. APSO (20 wells- 1 manifold)

2. Case2: 100 wells- 1 manifolds
Now increasing the number of nodes in the first layer (i.e. the wells) to 100 wells
while keeping 1 manifold to be placed in this case also. Figure 23 shows also the very same

result for both algorithms in a very fast convergence rate. This also is the deterministic
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solution defined by the geometric median of the 100 wells under study. Thus, until this
level of complexity both algorithms showed a high efficiency in terms of convergence

value and time.
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Figure 23- PSO vs. APSO (100 wells- 1 manifold)

3. Case3: 100wells- 5 manifolds

In the third case, another level of complexity is added: the number of manifolds
is increased. Hence, now both positions of manifolds and assignment of wells to
manifolds is introduced at this level. As Figure 24 shows that both algorithms also
converged to the very same optimal solution however ASPO started from a better initial
guess and reached the optimal solution slightly faster than PSO. However, obtained
results are similar and quick to be reached and this can be returned to the relatively low

complexity of the defined example.

60



750
730
710
690
670
650
630
610
590
570

Cost (million S)

0 20 40 60 80 100
Generation

—APSO PSO

Figure 24- PSO vs. APSO (100wells- 5 manifold)

4. Case: 100 wells- 15 manifolds

Moving to higher complexity level by increasing layer two nodes to 15
manifolds, hence, increasing the positions of nodes to be optimized and then the number
of clusters to be formed to 15 cluster. Another factor is the assignment of wells to each
of these manifolds’ clusters. As Figure 25 shows that improved APSO started at this level
of complexity to show its superiority over PSO standard algorithm. The proposed
algorithm started from a better initial guess and converged to the optimal solution with
few generations’ number (200 generations). On the other hand, PSO didn’t converge to
the optimal value even after 1000 generations. This indicates that the proposed algorithm
is overcoming early convergence problem (local optimal solutions) and is moving toward
the Global optimal solution benefiting from the improvements that have been introduced

to the standard PSO.
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Figure 25- PSO vs. APSO (100 wells- 15 manifold)

5. Caseb: 100wells- 15 manifolds-5 Platforms

In this case, another layer of optimization is added to the problem which become
a 3-layers optimization problem containing wells, manifolds, and platforms. This higher
level imposes additional efforts on the optimization course i.e. the positions platforms
that represent a new clustering level of the manifolds coming from the previous layer. It
is a layer by layer clustering; however, the results of the previous layer clustering will
affect the assignment decision taken by the introduced clustering function. Figure 26
shows also the superiority of the improved APSO over the PSO also in terms of
convergence value and rate. In one hand, the proposed algorithm outperformed PSO
result by about 30 million $. On the other hand, proposed method reached its optimal
value in about 400 generations; however, PSO didn’t converge even after 2000
generations. So, increase of the complexity is giving advantage to the improved APSO

over the PSO algorithm.
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Figure 26- PSO vs. APSO (100 wells- 15 manifolds- 5 platforms)

6. Case6: 100 wells -15 platforms -5 manifolds -1 facility

Finally, a 4-layers optimization example is defined i.e. 100 wells, 15 manifolds,
5 platforms, and a facility. This high complexity level is used to compare the proposed
algorithm with the standard PSO. This tree-like 4 layers example confirmed the
superiority of the proposed algorithm over the standard PSO. Figure 27 shows that
proposed APSO algorithm outperformed the standard PSO also in terms of the
convergence value and time. Standard PSO, though after 2000 generations, is about 100
million $ far from the optimal value reached in about 500 generations by the improved
APSO. Proposed algorithm shows, then, advantage on the standard PSO while the
complexity of the problem is increased which makes it a more robust and efficient

approach to deal with these problems of high complexity.
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Figure 27- PSO vs. APSO (100 wells- 15 manifolds- 5 platforms- 1 facility)

7. Conclusion

In this section, standard PSO is compared with adaptive particle swarm
optimization introduced by Zhan et al. [38]. This improved method focuses on analysing
the evolutionary state of the problem and adapt algorithmic parameters i.e. inertia weight,
social and global cognitive factors accordingly. Four evolutionary states were defined:
exploration, exploitation, convergence, and jumping out. Each of these states has its own
special alteration on the algorithmic parameters.

Comparison of standard PSO and APSO showed a superiority of the latter
improved method on different layers of complexity. Starting from very simple examples
(i.e. two layers problems) and reaching complex multiple layers problems. Thus, APSO
Is chosen to be used as the main optimizer to which new improvements are applied in the

next section

64



C. Proposed Algorithm

In the following section, we present the results of the optimization using the
proposed algorithm i.e. Improved APSO algorithm. This algorithm that can applied for
multilayers optimization problems is a generic solution of any of these problems. In the
following two, three, and four layers examples are considered. Results of optimization
are represented in terms of the Objective function for multiple runs to ensure that the
proposed method is consistent. Positions and clusters are also represented using PETREL
software in 2D and 3D maps. Also, in this section the results are represented in order of
complexity. In this section all the three improvements are applied to the standard PSO
algorithm:

1. Parameters adaptation (APSO)

2. Smart Initialization (multiple runs initialization)

3. Mutation (Restart of the solutions)

1. Two layers

a. Casel: 20 Wells-1 manifolds

Starting from a simple two-layers example i.e. 20 wells-1 manifold. This
problem is very simple since the assignment of nodes between first and second layers is
predefined by default since we have only one node the upper layer. Thus, only the position
of the manifold is the optimization parameter in this case. Figure 30 shows that even when
the problem is repeated for 10 independent runs, the objective function is fast converging
(2-3 generations) to the very same optimal value. Figure 28 and Figure 29 represent

respectively the 3D and 2D representation of the solution. The position of the manifold
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in this case represents exactly the geometric median position which represents the nearest

point to all the cluster’s elements.
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Figure 28- 3D plot (20 wells- 1 manifold)
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Figure 29- 2D plot (20 wells- 1 manifold)
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Figure 30- Objective Function 10 runs (20 wells- 1 manifold)

b. Case2: 100 Wells-1 manifolds

Increasing the number of nodes in the first layer to 100 wells while keeping the
use of 1 manifold is another level of complexity introduced in this example. Though, 10
independent runs of the same case resulted the very same optimal solution (i.e. the
position of the manifold is the same as the geometric median of the wells). Figure 33
shows that the 10 independent runs converged in few numbers of generations to their
optimal solution. Figure 31 represents the 3D sketch of the 100 wells-1 manifold
positions and connections. In fact, manifolds and wells are in the same level i.e. in case
of offshore production system optimization both are on the seabed level, but the sketch
presents an altitude difference just for readability and clarity of the sketch. Figure 32
presents a 2D map sketch of the case in hand, this map defines the position of the manifold

and the connection between wells and manifold.Figure 32
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Figure 31- 3D plot (100 wells- 1 manifold)

-2000 0 2000 4000 6000 8000 10000 12000
o @
S ] LO
S S
© o
o o)
o] =3
S o
o© S
p=4 &
S ] LO
o =1
< =1
o ]
o] =]
S S
~ o
=B =
T T T T T T T T T T T T
-2000 0 2000 4000 6000 8000 10000 12000

PETREL

Figure 32- 2D plot (100 wells- 1 manifold)
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Figure 33- Objective Function 10 runs (100 wells- 1 manifold)

c. Case3: 100 Wells-5 manifolds

In this 2-layers example the number of nodes in the second layer is increased i.e.
the number of manifolds that represents the clusters’ number is increased. Two types of
complexities were added in this case: the positions of the manifolds, and the wells to
clusters assignment using the introduced clustering method. Figure 36 shows the
objective function results for 10 different runs of the same problem. The repetition of the
run is to make sure that the algorithm in use is consistent and robust. The results show
that in the 10 different runs, started from the very same initialization, the solutions of all
runs were found to be similar with a slight standard deviation of 0.005%.Figure 34 is a
sketch of the 3D configuration of the solution. The figure showed 5 well established
clusters where each well is connected to the nearest manifold taking into consideration

the maximum capacity of each manifold. Also, in this example the difference in altitude
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between manifolds and well heads is just for readability and clarity purposes and the
problem formulation considered them being at the seabed level. Figure 35 represents a

2D sketch of the wells-manifolds positions and connectivity.

Figure 34- 3D plot (100 wells- 5 manifolds)
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Figure 36- Objective Function 10 runs (100 wells- 5 manifolds)
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d. Case4: 100 Wells-15 manifolds

Further increase in the number of nodes in layer 2 i.e. increase the number of
manifolds that should be positioned first and, then, assigned to the corresponding wells
in the lower layer. From this level of complexity, the need to start using the smart
initialization technique arises. Figure 39 represents the objective function results that
can be divided into two main steps:

1. The smart initialization phase where about 50 runs were conducted. Each run
represents an optimization trial starting from a random initialization. The
number of initialization runs is chosen based on the number of particles in the
population of the main optimization loop i.e. in this case the size of the
population is 50 particles. These initialization runs are conducted just for 200
generations, after which the best solution in each run is stored as one initial
solution of the initialization for the main optimization loop.

2. Main optimization phase where the process starts from the stored best results from
the multiple run initialization phase. In this phase, 10 independent runs (50
particles each
as the size of the population) are conducted to test the consistency of the proposed
method.

Figure 39 shows the complete optimization process starting by the smart initialization

and ending with the main optimization loop results. Figure 40 shows the main loop

optimization results where the 10 independent runs converged to the same optimal

value. In addition, Figure 41 narrows down the figure to the results of the first 200

generations where all the runs have converged to their optimal solution with no

deviation in this case.
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Figure 37and Figure 38 represents respectively the 3D and 2D sketches of the optimal

solution i.e. the optimal manifolds positioning and clustering. Also, the manifolds are

considered on the same plan of the well heads (seabed); however, visualization of the

results imposed to vary the altitude while sketching the 3D plot.
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Figure 37- 3D plot (100 wells- 15 manifolds)
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Figure 38- 2D plot (100 wells- 15 manifolds)
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Figure 39- Objective Function Initialization and main optimization loop (100 wells- 15
manifolds)
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Figure 40- Objective Function of the main loop 10 runs (100 wells- 15 manifolds)
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Figure 41-Zoom on the first 200 generations of the objective Function of the main loop
10 runs (100 wells- 15 manifolds)

2. Three layers

a. Caseb5: 100 Wells-15 manifolds-5 Platforms

At this stage, three layers example is considered to test the proposed algorithm.
As described in the methodology section, the capacity input parameter represents the
maximum capacity of the nodes. In addition, the number of nodes is just an upper limit
input for the problem. This flexibility of the number of nodes and their capacity in parallel
with the clustering function that controls these two factors according to nodes’ positions
that is defined by the main optimizer (APSO) makes the optimization problem more
practical. As seen in Figure 42 and Figure 43, that despite the input of 5 platforms as a
maximum number of platforms (initial number of platforms), the solution ended up with
only three platforms that were placed in optimal locations and assigned in an optimal way

to the nodes in the lower layer (manifolds).
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Figure 44 represents the complete optimization process using smart initialization
(multiple run initialization) for 200 generations. The best results of each of the 50
initialization runs are stored and used as the initial guess for the main loop optimization.
The results of the main optimization loop as shown in Figure 45 represents a smooth
convergence in the 10 independent conducted runs reaching the very near optimal
solution with a standard deviation of 0.009%. This fact shows the consistency in the
results obtained using the proposed method.

Figure 42 presents the 3D sketch of this 3-layers case, where manifolds are the
clusters’ centres of the wells and, in their turn, the platforms are the clusters’ centres of
the manifolds. Manifolds and wells heads are on the same altitude level (seabed) but for
the sake of visualization of the case they are separated in the sketch. However, the

platforms are usually in offshore fields placed on the sea water level.
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Figure 42-3D plot (100 wells- 15 manifolds-5 platforms)

Figure 43 represents the 2D sketch of the solution of this 3-layers case. Figure
43-A describes layers 1-2; it shows the positioning of the manifolds in layer 2 and the
well assignment to each manifold cluster. It is important to remark that while optimizing

nodes of an intermediate layer (layer falling between two other layers) the positioning of
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these nodes is dependent on both assigned nodes in the lower layer and the node in upper
layer to which it will be assigned. Figure 43-B shows the 2D result between layers 2 and
3 i.e. manifolds- platforms layers. Although, the input number of platforms is initially 5,
the solution found that it is more optimal to use just 3 platforms that are positioned
optimally based on the introduced clustering function. Figure 43-C represents the best
solution of the overall 3-layers nodes positions and connectivity i.e. represents well heads,

manifolds, and platforms.
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Figure 44- Objective Function Initialization and main optimization loop (100 wells- 15
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Figure 45- Objective Function of the main loop 10 runs (100 wells- 15 manifolds-5
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3. Four layers

a. Case6: 100 Wells-15 manifolds-5 Platforms-1 Facility

Finally, considering the highest complexity example: 4 layers problem having
100 nodes in the first layer (100 wells), 15 nodes in the second layer (manifolds), 5 nodes
in the third layer (platforms), and 1 node in the fourth layer (facility). In this high
complexity case, the number, positions, and assignments of nodes in each layer is
considered. As the 3D sketch in Figure 46 shows, the wells are clustered to match the
connect to the 15 well-placed manifolds in layer 2. However, these 15 manifolds are
clustered into only 3 optimized -location platforms in layer3. This decision taken by the
clustering function is important since the cost of these additional platforms is found to be
higher than the additional connections’ costs in case of reduction of nodes’ number. This
is another important aspect of the proposed algorithm compared with other optimizer such

as standard PSO, GA etc...
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Figure 46-3D plot (100 wells- 15 manifolds-5 platforms-1 facility)
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Figure 48 presents the whole optimization process using smart initialization and
all improvements added to the standard algorithm. Due to the complexity of the problem,
100 particles are chosen to constitute the population. Hence, 100 runs were conducted in
the multiple run initialization process for 500 generations in this case. After initializing
the first guess of the main optimization loop, another 10 independent runs were conducted
for 2000 generations each. Figure 49 shows the results of the objective function (total
cost) for the main optimization loop. Convergence is reached after about 1500
generations. The results of the 10 independent runs show a very near optimal value with
a standard deviation of 0.019%.

Figure 47-A presents a 2D plot that describes the positions and assignment of
nodes of layers 1 and 2 (well heads and manifolds). Figure 47-B is the sketch representing
nodes and connectivity between layers 1-2-3 (well heads, manifolds, and platforms). In
layer 3 the input number of platforms was initialized to 5, however, the optimizer decided
to use just 3 platforms in this layer. So, the number of nodes is being indirectly optimized
to minimize the total cost. Figure 47-C represents the results of nodes positions and
clustering of layers 3 and 4 i.e. the positions and connectivity of platforms to the facility
in the higher layer. The position of the facility is assumed to be unconstrainted in this
case just for the sake of illustration. However, the facility usually in case of offshore is

placed onshore mainly and this will be considered in the further work.
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D. Limitations and Proposed Way Forward
Production system optimization problem under study is a very important task
that forms a major part of field development planning. Many assumptions were
considered in this work for the sake of simplicity and to make sure that the proposed
mathematical algorithm is tested. This work can be considered as a mathematical
foundation for the next Engineering decision optimization.
Factors that should be considered in future work to address some limiting
assumptions we have taken:
e Consider horizontal wells in the production system optimization
e Consider a detailed costing strategy for every component including

drilling costs
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Consider prohibited areas for the placement of nodes and while routing
the segments

Consider the dogleg severity while choosing the entry point to the wells
and other constraints while connecting nodes in different layer i.e. risers
that connect platforms to PLEMs should have a base on a well-defined
constrained distance from platform.

Consider the topology of the seabed while optimizing production system.
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CHAPTER V

CONCLUSION

Optimization of production system is at the core of the economic development
of oil and gas reservoirs. Offshore production system optimization is a challenging
problem that have been extensively studied. In this work, we represented an extensive
literature review of the methods that are used in optimizing production system problems.
However, proposed methods have limitations 1) in terms of the number of layers; they
considered only two layers problems 2) in terms of the number of nodes in each layer. In
this work, we used a recent applied method in this field of research i.e. genetic algorithm
GA, and we compared this method to another population-based method the particle
swarm optimization on a two layers example. PSO outperformed GA on all levels of
complexity.

In addition, our defined problem is not restricted to a specific number of layers;
it is a generic mathematical solution that can handle any number of layers in an
optimization problem. We first used PSO as the main optimizer assisted with other
functions i.e. clustering function. PSO algorithm that showed good results was compared
to an improved version of PSO that overcomes some convergence problems that have
been faced by the standard algorithm. Three main improvements were added to the
standard algorithm: 1. Adaptive PSO (literature), 2. Smart initialization using Multiple
runs initialization, and 3. Restart Function. These improvements led to better solutions
by the proposed algorithm compared to the Standard PSO, especially when the

complexity of the example in hand is increased. Another aspect of the proposed algorithm
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is the consistency of the obtained results while comparing the results of different
independent runs starting from the same initialization.
The proposed algorithm shows a superiority over standard PSO, in parallel with

the robustness that has been verified by the consistency of the results.
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