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Abstract — Models of petroleum production system are ven
complex and iterative in nature with very rough suface
involving several minimal and maximal points. Numerical
optimization using gradient-based methods ha high
tendency of entrappingin a local optimum. Gradient-free
optimization methods such as genetic algorithm (GAxre
capable of locating the region of a global optimunbut are
very slow. So, integrating GA with a local optimize can
enhance its efficiency. In this work, optimization of
petroleum production system was carried out using hybric
genetic  algorithms  (HGA).  Sequential  quadratic
programming (SQP) was used as the local method fi
optimizing four components of the system which incide the
well tubing diameter, choke size, flowline size andeparatol
pressure. The methodology has proven to be efficiefor all
considered cases.

Keywords — Choke, Genetic Agorithms, Optimization,

Petroleum Production, Separator, Squential Quadratic
Programming.

I. INTRODUCTION
Petroleum production involves two distinct |

intimately connected general systems: the reserwtiich
is a porous and permeable underground form:
containing hydrocarbon trapped by impermeable roc
water formation; and the artificial structurewhich
include the well, bottomhole and well head assess([1].
The surface gathering includes separation and g
facilities. Oil or gas production system consisfstioe
reservoir, well, flowlines, separator, pumps
transportation lines. The reservoir stores the bgaltbon
fluids and supplies it to the wellhe well provides th:
path and means of control of the flowing fluid fre
bottomhole to the surface. The flowlines transfer fiuid
from well to separator. In the separator, gas andater is
removed from the oil. The oil and gas are movec
pumps ad compressors to store tanks or sales point:
pipelines [2].

The optimization of this production system is wve
important. Optimization is the process of adjustihg
inputs to or characteristics of a device, matherak
process, or experiment to finde minimum or maximur
output or result [3]. The use afptimization strategy i
upstream sector of petroleum industry can be trasefhr
back as 1950's with new algorithms being explo[4].
The fields of interest that are optimized includanping,
drilling, history matching, well placement, recoy:
processes, facility design and operation and mahgr
aspects. Several optimization techniques are eragldyr
this purpose such as linear programming, inti
programming, and nonlinear programmi[5]. Genetic
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algorithm (GA) is one of the direct search optini@a
techniques which do natquire gradient information «
the objective function in their applicatior

Genetic algorithm was first developed [[6] and
popularized by [7] It is an evoluonary algorithm that
uses the idea of natural selection and geneticegtmal
point selection [8]GA begins with a initial set of random
solution called population. The population is made ug
individuals called chromosomes. For a binary GAche
chromosome is a string of binary bits. The chromosac
are formed via iterations in sequence. Each itmmais
regarded as a generation where the chromosome
evaluated and ranked according to their fitnessevarlhe
algorithm moves to the next genern to create new set
of chromosomes called offspring. Offsprings areated
by either merging two chromosomes together fromeu
generation using a crossover operator or modifyir
chromosome using a mutation operator. A new geioer
is usually formed from anixture of parent and offsprir
chromosomes. Parent or offsprings are selecteddbars
their fitness values. It is actually a survivaltbé fittest.
Lesser fit chromosomes are rejected to keep thalatipn
size constant. The algorithm runsr a number of times
and eventually converges to a possible optimal tg[9].
GA has found wide range of applications in
optimization of petroleum production syst

Reference [10]proposed a method to optimize w
locations under geological uncertties based on response
surfaces and experimental desigiReference [11]
presented application of stochastic search tecksitpthe
production scheduling of a group of linked oil agds
fields with the goal of maximizing total net presealue.
A genett algorithm using proble-specific crossover
operators was particularly successful in this rdc
Reference [12] developed a hybrid binary gene
algorithm to optimize the placement of vertical
horizontal wells in a real faulted reservoir. A hnadolcgy
to optimize the number and location of producerl e
new fields was developed H$3]. Optimization of well
placement using a hybrid of the genetic algorithmat
enables the evaluation of reservoir and fluid propg
well and surface equipment ecifications; as well as
economic parameters had been d[14]. Reference [15]
optimized the placement of vertical wells usingemefic
algorithm without any hybridization.Reference [16]
applied a binary genetic algorithm to optimize wiglbe,
locationand trajectory for unconventional wel

Reference [17presented a technological survey of 1
time production optimization of offshore oil and s
production systems.Reference [18] applied genetic
algorithms to scheduling and optimization of fué and
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algorithm models were developed to establish
sequence and size of all production shares. A at
mutation operator was proposed to minimize the ran
of changes in the production while m-objective fithess
evaluation technique was incorporated to igenetic
algorithm models. Reference[1pfoposed a comparati
study of three different bimspired optimizatior
methodologies applied to the optimization of a B
Catenary Riser (SCR) folofating oil production system
Reference[20] investigated reservoir  producti
optimization using genetic algorithms and artifici@ural
networks. Different optimization schemes were depet
to perform production optimization on oil reserv
simulator models. Reference[2dtoposed a methodolog
to optimize the number and placement of wells ifrekd
through two optimization stages.Reference [22]
implemented an optimization tool based on GA
optimize the numér, location and trajectory @ number
of deviated producer and injector we

Reference[23proposed an optimization strategy ba
on neural networks and genetic algorithms to cateuthe
optimal values of gas injection rate and oil rabte 6il
production system. Two cases analyzed were singlé
production system and production system posed by
two gaslifted wells. For both cases, an objective funct
was maximized to reduce production cost.
determination of optimal well locations is a chatiing
problem in oil production since it depends on ggimal
and fluid properties as welis on economic paramets
[24]. Reference [25] addressed well placeme
optimization for water injection wellsReference [26]
presented optimization of multilateral well desigmd
location in a real field using a continuous gen
algorithm. Reference [27proposed a hybrid optimize
artificial intelligent model to forecast crude ailsing
genetic algorithm. Optimization of injection ratend
injection time fo surfactant and water floodi in oil
fields was investigated by [28]Comparison of oi
recovery of both surfactant and water flooding
reservoirs with various conditions was execu
Application of hybrid techniques with improved atijom
configuration to optimize steam/solvent injectioethods
had been examined [29]Referenc [30] presented
apgication of a hybrid system of genetic algorithmd:
fuzzy logic as optimization techniques for imprayioil
recovery in sandstone reservoirs in IriReference[31]
presented a conceptual paper on intelligent m
framework for handling effects of uncainty events for
crude oil price projection.

IIl. APPROACH

The models used were nonlineéerative and with a
very rough surface. Hybrid genetic algorithm wasdufor
the optimization and to search the feasible regibiie a
local optimizer, sequential queadic programming (SQF
was used to locate precisely the optimum point.
production system model was developed in MATL
environment and its optimization toolbox was usedtlie
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task. The decision variables used were separatsspre
flow line diameer, choke diameter and well diameter.
objective function was daily oil flow rate. Popudat size
of twenty was used. The algorithm starts with aitiaih
random population and the system models were st
using the hybrid function with case studytained from
previous work of [32].After convergence was reach
optimum oil flow rate with corresponding decisi
variables were obtained. Optimization was run feo,1
three and four parameters respecti

[1l. MATHEMATICAL MODEL DEVELOPMENT

The model deelopment consists of three parts: w
tubing, choke and flowline.
A. Well Tubing Modeling

A two-phase model is required to model the fl
characteristics of oil and gas throi a vertical well. For
this workBeggs and Brill'scorrelationswere used [33].
For each step of the pressure traverse down the tbb
correlations provide flow regime, liquid hold up ck
pressure drop. The procedure is initiated for agiflow
rate, temperature and pressure at the well headheam
pressure at a given depth isculated using the following

procedures known as pressure traverse calcul [33]:

1) Based on known pressuip;at location L;, length
incrementAL is selected.

2) A pressure incrementyp corresponding to the leng
incrementAL is estimated

3) Average tenperature and pressure in the incremen
calculated.

4) Fluid properties are computed at the conditions
average temperature and press

5) Beggs and Brill Correlation[33] are used to compute
the pressure gradienidp/dL in the increment at
average eonditions of pressure, temperature, and |
inclination.

6) The pressure increment, Ap = AL(dp/dL)
corresponding to the selected length incremer
computed.

7) The values ofAp computed in steps 2 and 6 |
compared. When these are not sufficiently clo new
pressure increment is estime and steps 3 and 7 are
repeateduntitthe estimated and calculated values
sufficiently close.

8) Then. = L, + )AL andp = p, + ) Ap are set.

9) If Y AL is less than the total conduit length,
procedure is repeated from ste

The modelling equations for ell tubing including
pressure gradient equatioBeggsand Brill's correlations
for pressure gradient, friction factor computatérd 1uid

property correlationsan be found in detail i[33].

The total pressure gradieniross a pipe section is given
by the summation of pressure drops due to elevg
friction and acceleration. Thus,

ar _ (dp ap ap
dar (dL)el + (dL)f + (dL)aCC @)
wherethe elevation change componer
dp _ 9 .
(E)el = psSind (2)
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The friction component is

dp _ (fPV )f
(H) F 2g.d 3)
and the acceleration component is

dp _ (pvav)i
(E) acc  9cdl (4)
Substituting(Z) (3) and (4) into (1) we ha
dp _ (fov )f (pvdv)g
dL p sSing + == 2g.d gedL )

wherep is fluid density,g is gravitational acceleratiog,
is conversion factor@ is angle of elevationv is fluid
velocity, f is frictional factor andd, the pipe interni
diameter. Any consistent set of units can be usn
association with the above equations.
B. Fluid Property Correlations

Correlations were used for estimating fluid proes;
these include: gas compressibility factor (Z) whighs
determined using Brill and Begg's correlations nfiedi
by Standing; solution gas oil ratidRy determined using
Standing correlation; oil formation volume factcB,)
calculated from Vasquez and Beggs correlations;
viscosity (u,) from Beggs and Robinson correlatioiand
gas viscosity(u,) from Lee correlatior [33].
C. Choke Mode

Chokes are positioned between the top of the tubint
separator to protect reservoir and surface equiprfnem
pressure fluctuations and to maintain a stable #wmong
other benefits [34] Surface chokes can operate in |
distinct flow regimes: critial and subcritical flow. h
critical regime, the fluid flow is a function of bnthe
upstream pressure. Many correlations have |
developed for choke which mostly are for single gghar
assumed a critical regime. A multiphase model ckepat:
modellingboth critical and subcritical flow regime is us
[33].

The equation for flow rate in both critical and sritical
regime is given in field units as:

0.525Cqd? (1-X,)(1-y)
¢ {Plpmz [ :

X k(1-y /%) }0'5
CM, PL1

q., = por(k—1) (6)
wheregq,, is liquid flow rate in STB/dayd is choke inside
diameter in inches?, is upstream pressure in psp;, is
liquid density atPy, T, in Ibm/f® andX,is quality (ratio of
gas mass flow rate to the total mass flow rat Py, T;.
CM, andp,,, are constants to be determined based ol
fluid properties whileC, is a discharge coefficiek is
ratio of specific heats for ga€{C,) andy is the ratio of
upstream and downstream pressures.
D. Flowline Modd

Beggs and Brills correlations stated Section A is
applied for any type of pipe inclination, vertic
horizortal or inclined. Here, the floline was assumed
horizontal with zero inclination angle and modelleging
the Beggs and Brills correlations [33].
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V. OPTIMIZATION TECHNIQUES

The optimizéion techniques used in this work ¢
briefly described in this secti. SQP was used jointly
with GA to enhance its (GA) efficiency and to prevé
from sticking to a local optimun
A. Sequential Quadratic Programming

A sequence of quadratic programminpproximations
to a nonlinear pgramming problem is solv by
sequential quadratic programm (SQP) methods. A
quadratic objective function with linear constraimhade
up a quadratiprogram. The linear constraints in SQP
usually linearizations of the actual constraintoutba
selected point. The objective is a quadratic appration
to the Lagrangian function, and the problem is edltby
Newton’s method applied to the Ki-Tucker conditions
(KTC) of the problem.

To show the solution by SQP, consida general
nonlinear programming problem (NL presented as [35]

min f(x)
such that: g(x) =
I<x<u

where f and g are objective and equality constra
functions respectivelyl and u are respective lower and
upper bounds of the inequality constraints wtx is a
vector of decision variable§he QP subproblem czebe
shown to reduce to

1
Minimize: VL Ax + EAxTBAx
subject to: VgAx=—g, I<Xx+Ax<u
B is a positivedefinite quas-Newton (QN)

approximation whileL is a Lagrangian functio
The SQP algorithm can be summarized as fol [35]:
1) Initialize: B° « I(or som: other positive-definite
matrix), x° « xwhich is provided by the user
k < 0.
QP subproblem is solved which yields a solution
Ax* together with Lagrange multiplier estima
The termination criteria which include KT
fractional objective change e checked and the
program is stopped if any are satisfied to withie
specified tolerances.
The penalty weights in the penalty function
updated.
The line search algorithm is applied to yield aifpees
step size.
The solution is updated with the netep size.
All functions areevaluated at the new poi
The stepk is replaced byk + 1 and the procedure is
restarted with step 2.
B. Genetic Algorithms

GAs start the optimal search w a set of solutions
called P = {xy, x5, x5, xp}, which is known as
population with membersy; called individuals. A startin
population is initially created, and at the stafteach
iteration a population is modified by replacing avanore
individuals with new solutions, which are creatétier by
combining two individualsdfossover) or by changing an
individual (mutation). The procedure is as follo [35]:

2)

3)

4)
5)
6)

7
8)
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individual is evaluated

2) If the crossover conditionis satisfied, parer
individuals are selected, crossover parametersech
and then crossover is performed.

3) If however, mutation condition is satisfied, tr
mutation points are chosen and mutation is perfdt

4) The fitness evaluatioof offspring is performe:

5) The population is updated.

The whole of this procedure has been report [36].

V. RESULTS AND DISCUSSIONS

After running the optimization, there was |
improvement in thevalue of oil flow rate after te
generations. This is shown in Figure 1 for -variable
optimization. This is also applicabie the other tw cases.
In the figue, the best and mean values in the fithess ¢
ten generations are respectivel$69.49 and-169.13
stb/day. The negative sign in the fitness valuesefrom
the fact that the optimization software (MATL/
optimization toolbox) used was designed minimization
problem. To solve a maximization problem as in case,
the negation of the actual objective function isimizec
which is the same as maximization of the positiaéus.
For the stopping generation, the fitr values of the 20
individual san be seen to be approximately eq
indicating a satisfactory stopping po Convergence is
seen to be reached right from tH& generation when w
observe the plots of the best, worst and mean soof
generations'8— 9" which remain relatively eual.
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From Table Il for threesariable optimization, we ce
see that replacing pipeline diameter with sepal
pressure in the optimization frame work causesnapjin
the optimal oil production 016.24%. This indicates the
high sensitivity of separator pressure to the arhotfimil
production. Three different runs of the optimizatiovas
performed with the three diameters as decisionabées
while maintaining the boundaries. For each runljghtly
different optimal variables combination was obtdirmit
with the same optimal oil rate. This due to stochastic
nature of GA it is possible to obtain different solutions
every optimization run, but almost equal objec
function is obtainablas long as the simulation is allow
to reach convergence.

Table Il shows the optimization with all the fo
variables. As in the previous cases, the most Hesn
parameter found is separator pressure. Here, aingrige
pressure bounds as well as tt of the tubing diameter,
caused an increase in the optimal oil productior
1.11%.Changinghe boundaries of the other variables
not shown any appreciable change in the amountilc
production.

It can be deduced generaflpm the results presented in
Tables I-lll that the optimum pipeline size sticks to up
search interval while separator pressure stick$otveer
boundary. This is in line with literature theoryathas the
pipe line diameter increases the frictional losdecreases
[32]. So, increase in horizontal pipeline diameter
continue to reduce the frictional losses. Also,osvdr
separator pressure favors the quantity of oil pced

Table 1.Case 1 for Twd/ariable Optimization

For the twovariable optimization, the highest optin

oil production was obtained when tubing diameted Variables Interval O\s’gmgg‘ Opgr:tiéed
separator pressure were optlr_mzdébr this variable: 1 > 1 > 1 > (STB/D)
combination, the amount of oil produced has seel " 1.2] 110,60 > 1 20771 16949
increment of 2.44% by decreagithe lower bound of th . sy | [1.2] [10,40 2 30.46 169.49
separatopperational pressure. The next highest amou | %@ | di(n) | [1.2] [1.3] 2 | 230] 16964
oil production was obtained by optimizing pipel 5 Hg [?%'310. 2 2;60 igg'gg
diameter and separator pressure. For all ¢ (psia) ' o '
combinations, the optimal oil production remair | d de(in) | [12,50] [1.3] 1555] 230 169.64
significantly the same (Table ). (1/647) [12,50] (1.3] |1740| 2.30] 169.64
d. (in) Pep [1,3] [30,60 237 | 30 198.72
Burpanieatiniiiuat (psia) | [1,3] | 147,114 | 2.39 | 147 203.68

Table 2. Case 2 for Thrééariable Optimization

158 Variables Interval Optimum Values|] Optimized
Sl R 3 1 2 3 1] 2 | 3] Rate
(STBI/D)
W — [1,3] | [15,50] | [1,5] | 2.30]47.15] 5 | 171.99
= i d | dwe do [11,31]115,50]] [1,5] [2.30]28.35] 5 171.99
- (in) |a/64)| () |T1,3]][15,50]| [1,5] | 2.30] 28.69] 5 | 171.99
dp (in) [P (psia) [1,2] | [1,3] |[20,40] [ 2.00| 3.00 | 20| 205.33
il Iii\l\lﬂ/l\g |98
Fig. 1. GA Progress for Tweariable Optimizatio
Table3. Case 3 for Four-Variable Optimization
Interval Optimum Values Optimized Rate
(STB/D)
d (in) O (1/64") | dp(in) | Ps (psia) | d(in) | dwc(1/647) | dp(in) | Ps (psia)
[0.5,3] [15,50] [1,5] [20,70] 2.40 16.02 5.00 20.00 207.97
[1,3] [15,50] [1,5] [15,95] 2.412 47.01 5.00 15.00 210.30
[1.5,2.5] [20,80] [2,4] [15,55] 2.412 21.31 4 15.00 210.17
[1.5,2.5] [20,120] [2,4] [15,55] 2.412 41.93 5.00 15.00 210.17
[1.5,2.5] [20,120] [2,4] [15,55] 2.412 110.12 5.00 15.00 210.17
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exists for an optimum oil rate. Any increase beyaohe
maximum point will not only lower the oil rate babuld
render the flow unstable (Tables I - 111).

It can be observkthat the search interval affects
optimum choke size. For any run made, a separatkes
size is obtained keeping the optimum unchanged.

CONCLUSION AND RECOMMENDATION

Optimization of petroleum production system w
carried out using hybrid genetalgorithm. The algorithr
was found to be efficient in determining optimalues for
key components of the system which include tul
diameters for well and flowline, choke size andasator
pressure. It was found that a maximum tubing dian
existsfor an optimum oil flow rate and stable flow. F
choke size determination, the optimum value is caffe
bychosen search intervdt.was also found that separa
pressure is the most sensitive variable to oil potidn

rate.

Although same optimum flowate was obtained f
different choke sizes, the flow pattern may be edéht.
This can be an opportunity for integrating thisdstwvith
flow assurance

(1

(2

(3]

(4]
(5]

(6]
(7]

8
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