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Abstract: Infill drilling is one of the most effective methods to improve the performance of polymer
flooding. The difficulties related to infill drilling are determining the optimal numbers and
placements of infill wells. In this study, an improved archimedes optimization algorithm with
Halton sequence (HS-AOA) was proposed to overcome the aforementioned difficulties. First, to
optimize the infill well placement for polymer flooding, an objective function that considered the
economic influence of infill drilling was developed. Then, the novel optimization algorithm (HS-
AOA) for infill well placement was developed by combining the AOA with the Halton sequence.
The codes were developed in MATLAB and connected to a commercial reservoir simulator CMG
STARS to carry out the infill well placement optimization. Finally, the HS-AOA was compared to
the basic AOA to confirm its reliability and then used to optimize the infill well placements for
polymer flooding in a typical offshore oil reservoir. The results showed that the introduction of the
Halton sequence into AOA effectively increased the diversity of the initial objects in the AOA and
avoided the HS-AOA trapping into the local optimal solutions. The HS-AOA outperformed the
AOA. It was an effective approach to optimize the infill well placement for polymer flooding
processes. In addition, infill drilling could effectively and economically improve the polymer
flooding performance in offshore oil reservoirs. The NPV of the polymer flooding case with infill
wells determined by HS-AOA reached 3.5 x 108 $, which was an increase of 7% over that of the
polymer flooding case. This study presents an effective method for optimizing infill well placement
for polymer flooding processes. It also can serve as a valuable reference for other optimization
problems in the petroleum industry, such as joint optimization of well control and placement.

Keywords: well placement; polymer flooding; archimedes optimization algorithm; Halton
Sequence; offshore oil reservoirs; reservoir simulation

1. Introduction

Polymer flooding is a low-risk, well-known, and commercial oil recovery method that uses
polymers to increase the injected water viscosity thereby enhancing oil recovery [1-3]. The expected
outcome of using polymer flooding is to achieve an additional 15% to 20% oil recovery compared to
waterflooding [4]. Recently, as onshore oil resources start to reach peak production, offshore oil
resources become increasingly attractive. Polymer flooding has been used in many offshore oil
oilfields, such as the Dalia field (Angola), the Bohai oilfield (China), and the Dos Cuadras field (the
United States) [5-11]. Infill drilling is one of the most effective methods to improve the performance
of polymer flooding [12]. However, the difficulties related to infill drilling are determining optimal

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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numbers and placements of infill wells. Therefore, infill well placement optimization is a crucial
procedure for polymer flooding with infill wells in offshore oilfields.

Many factors, such as fluid properties, geological conditions, and development strategies affect
optimal infill well placement. Therefore, the problem of infill well placement optimization is usually
complex, nonlinear, and multimodal. To solve this problem, combining an optimization algorithm
with a reservoir numerical simulator is a widely utilized approach [13-16]. The reservoir numerical
simulator calculates the objective function (cumulative oil production or net present value (NPV)).
The optimization algorithm is utilized to perform the optimization process. Therefore, determining
a reliable optimization algorithm is important for infill well placement optimization [17-19].

There have been many previous studies addressing well placement optimization using various
algorithms (particle swarm optimization (PSO) algorithm [20,21], genetic algorithm (GA) [22,23], and
imperialist competitive algorithm (ICA) [16,24]). In particular, Emerick et al. (2009) used the GA to
optimize the well number, well placement, and well trajectory in three-dimensional reservoir models
[22]. Onwunalu and Durlofsky (2010) utilized the PSO algorithm to determine the optimal well
placement and type (vertical and non-conventional wells) [25]. Al Dossary and Nasrabadi (2016) used
ICA to find the optimal well placement by maximizing the cumulative oil production [26].

Recently, some hybrid optimization algorithms have been developed to improve the accuracy
of well placement optimization. Hamida et al. (2017) proposed an improved GA for well placement
optimization in which a similarity operator was added to the GA. They found that the modified GA
had better performance than GA [27]. Khoshneshin and Sadeghnejad (2018) developed a modified
PSO algorithm in which an inertia decrement was incorporated to affect the particle motion. They
confirmed that the modified PSO algorithm had better performance than the basic PSO in
determining the optimal well placements [28]. Janiga et al. (2019) utilized the self-adaptive clustering
technique to decrease the search space of optimization algorithms. Their findings demonstrated that
the execution time was reduced by 21% and 18% compared to GA and PSO, respectively [29].

In recent years, archimedes optimization algorithm (AOA) has gained significant attention as
one of the promising metaheuristic algorithms. Its potential in various engineering applications was
evaluated by many researchers. Hashim et al. (2021) used AOA to optimize the parameters of four
problems in engineering design. They concluded that AOA was a highly effective approach in terms
of convergence speed. It outperformed GA, PSO, and whale optimization algorithm (WOA) [30].
Abualigah et al. (2021) evaluated the performance of AOA on the design problems of a 3-bar truss,
pressure vessel, and welded beam. The results showed that the AOA had better global optimization
performance than eleven other optimization algorithms (Bat algorithm, differential evolution, grey
wolf optimizer, etc.) [31]. Khan et al. (2022) validated that AOA was a promising optimization
algorithm. It was particularly well-suited for solving the selective harmonic elimination problem and
confirmed its superiority over GA [32].

The aforementioned studies demonstrated that AOA was used in many engineering
applications and outperformed most well-known optimization algorithms. However, to the best of
our knowledge, there has been no research on the application of AOA for infill well placement
optimization problems. Therefore, in this study, AOA was introduced to determine the optimal infill
well placement for polymer flooding in a typical offshore oil reservoir. However, AOA as a
metaheuristic algorithm, also faces challenges like slow convergence speed or premature. To solve
the problems, an improved AOA with Halton sequence (HS-AOA) was proposed in this study. First,
to optimize the infill well placement for polymer flooding, an objective function that considered the
economic influence of infill drilling was developed. Then, the novel optimization algorithm (HS-
AOA) for infill well placement was developed by combining the AOA with the Halton sequence. The
codes were developed in MATLAB and connected to a commercial reservoir simulator CMG STARS
to carry out the infill well placement optimization. Finally, the HS-AOA was compared to the basic
AOA to confirm its reliability and then used to optimize the infill well placements for polymer
flooding in a typical offshore oil reservoir. This study presents an effective method for optimizing
infill well placement for polymer flooding processes. It also can serve as a valuable reference for other
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optimization problems in the petroleum industry, such as joint optimization of well control and
placement.

2. Methodology

2.1. Improved AOA with Halton Sequence

As described above, the AOA is superior to many metaheuristic algorithms. However, the AOA
also faces many challenges. One of the important challenges is that the AOA easily traps into the local
optimal solution because the initial objects are generated randomly in AOA, resulting in poor
diversity. Therefore, the HS-AOA was proposed in this study to solve the aforementioned problem.
Figure 1 presents the flowchart of HS-AOA, in which the initial objects are generated by the Halton
sequence, followed by further optimization in the framework of the AOA.

Initialize the objects

by Halton sequence to calculate the oil

L pmductlon data

‘
‘Calculate the object’s ]—‘ Cal;:::;eﬂt::i:Pv
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Figure 1. Flowchart of HS-AOA.

The following are the detailed steps for developing the HS-AOA.

(1) Initialize the objects by Halton sequence

An arbitrary decimal integer ¢ is converted into its corresponding numeral in base b: ai(t), ax(t),
as(t), ..., am(t), Subsequently, position the digits symmetrically to the right of the decimal point to
obtain the number as illustrated in Equation (1):

®,(t)=0.a,(t)a, (t)...q,(¢) 1)
Where @, () is the value of t in the Van der Corput sequence expressed in base b; m is the number

of decimal placesin @, (¢); ai(t) is the [ digit of the b expansion of ¢ in base b.
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For distinct bases b and values of t are substituted into Equation (1), the Van der Corput
sequences are generated. These sequences are then arranged to form a Halton sequence.

Halton, = (®, (1),®, (?),...,D, (?)) ()
where Halton, is the row of the Halton sequence, bi. b2...bn represent n mutually prime

integers starting from 1.
Initialize the volumes, accelerations, densities, and positions of all objects using Equation (3):

d.(t)=rand
v,(t) = rand
P 3
a.(t)=1l, +rand x(u,—1,) =123, N ®)
x,(t) =1+ Halton, x (u—1)
Where vi(t), ai(t), di(t), and x,() are the volume, acceleration, density, and position of the object
i at the t iteration, respectively; x,(f) includes the parameters that need to be optimized, such as the
placements and numbers of infill wells; lo and / are the lower limits of acceleration and position,
respectively; uoand 3 are the upper limits of acceleration and position, respectively.
(2) Calculate the object’s fitness
The parameters in the x,(f) of each object are input into an established reservoir simulation
model for polymer flooding, and the oil production data are obtained by the simulation calculations.
Then, the objective function (NPV) for drilling infill wells is calculated based on the economic

parameters, such as the injection costs, drilling costs, and oil prices. The negative value of the NPV is
treated as the fitness value as follows:

fitness, (1) =—NPV (t),i=1,2,3,---,N (4)
where N is the total object number; fitnessi(t) and NPVi(t) are the fitness value and the net present

value of the object i at the # iteration, respectively.
(3) Update volumes and densities

Update the volume (vi(t+1)) and density (di(t+1)) of the object i at the t+1th iteration by using
Equation (5):

{Vi (t+1) =rand x(v,(t)—v,())+v,(t) 5

d (t+1) =rand x (d,(t)—d.(t)) + d.(¢)
where db(t) and vs(t) are the object’s density and volume, respectively, which have the smallest
fitness values at the ¢t iteration.

The collisions between objects often result in the objects attempting to reach a state of
equilibrium over time. The aforementioned process is described by Equation (6).

[t
TO®) = eXP(t—m"“) (6)

max
where TO(t) is the transfer operator; tmis the maximum iteration number.
(4) Exploration phase

When the TO is equal to or less than 0.5, the collision does not occur between the objects. A
random object is selected to update the acceleration as follows:

d,, O +v, ()xa,,(t)
d(t+1)xv,(t+1)
where ai(t+1) is the acceleration of the object i at the t+1% iteration; dm(t), am(t), and vm(t) are a
random object’s density, acceleration, and volume at the # iteration, respectively.
The Tﬂ) is obtained as follows:

x(t+)=a,_ (t+)xrand xC,xD(t+1)x(x,, , (t)—x,(t))+x,(t) (8)

a(t+1)= )
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where x,,_, () is the position of a random object at the tt iteration; C1 is a constant; D(+1) is the
density decreasing factor at the f+1t iteration; ain(t+1) is the normalized acceleration at the #+1th
iteration, which is calculated according to the following equation.
a (t+1)—min(a (t+1))
max(a, (¢ +1)) —min(a, (¢ +1))
where l. and ua are the lower and upper limits of ain(t+1), respectively; The min(ai(t+1)) and
max(ai(t+1)) are the minimum and maximum values of the object i’s acceleration at the t+1t iteration,

a_,(t+)=u, x +1, )

respectively.
The D(t+1) is calculated by using Equation (10):
t t
D(t+1) =exp(l-—) T (10)
When TO is greater than 0.5, the collision occurs between objects. The acceleration is updated
with the optimal object.
d,(t)+v,(t)xa,(t
a,.(t+1)= b() b() b() (11)
d(t+1)xv,(t+1)

The x,(¢t+1) is determined as follows:
x(t+l)=a,_ (t+D)xD(t+1)x(C,xTO(t+1)xx,(t)—x,(¢))xC, x F x+x,(¢) (12)

where C2 and Cs are constants; TO(t+1) is the transfer operator at the t+1t iteration; F is a flag to
determine the motion direction, which is calculated by using Equation (13).

{1, 2xrand-C, <0.5
F= (13)
-1,  2xrand-C,2>0.5
where C4 is a constant.
(5) Update fitness
After updating the object’s position, recalculate the fitness values of each object by using Step
)
(6) Convergence
Repeat steps 2 to 5, and record the relationship between the fitness values and t. If all the objects
have the same fitness value at the ft iteration or ¢ = fmax, the algorithm ends, and the m is the

best object’s position. The parametersin x,,,(¢) including the placements and numbers of infill wells

are the optimal values.

2.2. Objective Function

In this study, the infill well placement was optimized to maximize the NPV. During the
calculation of NPV, the economic influence of infill drilling should be considered. Taking the oil
prices, polymer injection costs, and drilling costs into account, the NPV for polymer flooding with
infill wells was calculated as follows:

L. CF,
NPV = —— (14)
o (1+1)
CF, = (0, -0 By —(n+n)-costytn, - T, - cost, (15)

where CF: is cash flow after time t, 108 §; ¢ is the time step, years; T is the total time, year; i is the
annual discount rate. Qi is cumulative oil production during the th year of a polymer flooding
process with infill wells, which is computed by CMG STARS, t; Poi is the oil price, $/t; ni and np are
the numbers of infill injection well and infill production well, respectively; costd is the drilling cost
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for each infill well, 108 $; costp is the annual injection cost of polymer for each infill injection well, 108
$/year. Table 2 presents the parameters used in Equations (14) and (15).

Table 1. The parameters used in Equations (14) and (15).

Parameters Values
i 1.05
T (years) 15
Poit ($/m3) 428
costp ($/year) 443
costd (108%) 0.04

2.3. Handling Infeasible Solutions

To guarantee the feasibility of the optimal infill well placement, the constraints of well length,
inter-well distance, and reservoir boundary were taken into account in the infill well placement
optimization. The well length should be adequate to meet the offshore drilling requirements. The
inter-well distance was longer than 50 m to avoid well interference. When the infill well was outside
the reservoir boundary, the reservoir simulation stopped. Several methods (the dynamic penalization
method [33], the decoder method [34], the rejection method [35], etc.) were commonly used to deal
with the constraints for well placement optimization processes. In this study, the dynamic
penalization method was used in which a penalization function was constructed as follows:

Nnum
O(x) = NPV (x)—=(Cxi)* ) fh,(x) (16)
num=1
where O is the penalization function; x is the optimization parameters; C, a, and f3 are the
constants; i is the iteration step; fum is the constraint violation measure; Nnum is the number of
constraints.

3. Applications and Results

To calculate the oil production data of the polymer flooding process with infill wells, a reservoir
simulation model was first built by using CMG STARS. The reservoir simulation model considered
the polymer mechanisms (polymer viscosification, polymer adsorption, permeability reduction,
inaccessible pore volume, and polymer degradation) to improve the reliability of simulations. Then,
the optimal infill well placement was generated by coupling the HS-AOA in MATLAB software
(MATLAB, 2013) with the reservoir simulation model in CMG STARS in the optimization processes.
Finally, the performance of HS-AOA was compared to that of the basic AOA to confirm its reliability.

3.1 Reservoir Simulation Model

A reservoir simulation model was developed by utilizing CMG STARS based on the geological,
fluid properties, and production data of a typical offshore oil reservoir in Bohai Bay, China. The
geological model consisted of 64 x 45 x 3 grid blocks in the x, y, and z directions, respectively, covering
an area of about 3.75 km? (Figure 2). The grid block size is approximately 50 m x 50 m in x and y
directions, respectively. The grid block size in z direction varied from grid block to grid block and
ranged from 1 m to 30 m. The reservoir properties are displayed in Table 2.
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Figure 2. The geologic model of the typical offshore oil reservoir: (a) the oil saturation distributions,

(b) the reservoir porosity distributions, and (c) the reservoir permeability distributions.

The fluid model consisted of four components: water, polymer, oil, and solution gas, which
belonged to the aqueous phase, oleic phase, and gaseous phase, respectively. In addition, the fluid
model considered the polymer mechanisms to improve the reliability of simulations.

(1) Polymer viscosification

The increased degree of water’s viscosity caused by the polymer is an essential parameter for
the evaluation of a polymer flooding project. The viscosity of polymer solution is a function of the
size, concentration, and extension of the polymer molecule. CMG STARS was used to calculate the
polymer solution’s viscosity via the non-linear mixing rule, which is given by [36]:

/)

l—xp

h1(y)=f(xp)ln(yp)+ xwln(/lw) (17)

where p is the polymer solution’s viscosity, mPa-s; ywand ppare the viscosities of water and polymer,
respectively, mPa-s; xw and xp denotes mole fractions of the water and polymer, respectively; f(xp)
denotes the mixing function.

(2) Polymer adsorption

During polymer flooding processes, the polymer is easily attracted to the rock surface under the
action of physical forces. The polymer adsorption as the most important mechanism should be
considered in the model because the polymer concentration in the solution decreases when polymer
adsorption is obvious. The Langmuir isotherm was used to calculate the polymer adsorption as
follows [37]:

a+(bxx)xx,

Ad (18)

l+exx,
where Ad is the polymer adsorption capacity, gmol/m3; xs denotes the salinity, ppm; a, b, and c are
the parameters of Langmuir isotherm, which can be obtained by matching polymer adsorption data.

(38) Permeability reduction

The aqueous phase’s permeability decreases due to the polymer adsorption. The extent of
permeability reduction depends on many factors such as the polymer concentration, salinity, and
rock properties. For CMG-STARS, the polymer adsorption which may result in the reduction of
effective permeability is given by:

kxk
k, = e
TR (19)
R, =1+ (RRF -1)x AD (20)
MAX

where k is the standard block permeability, um? ke is the standard block effective water
permeability, um? kw is the water’s relative permeability; R« means the water’s permeability
reduction factor; ADmax stands for the maximum adsorption capacity of the rock, gmole/m3; AD
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denotes the adsorption isotherm; RRF denotes the residual resistance factor which is determined by
the experiments.
(4) Inaccessible pore volume (IPV)

The IPV refers to the small pores that remain inaccessible to the polymer solution [38]. The IPV
commonly ranges between 10% to 30% of the total pore volume, which depends on the type of rock
and polymer [39].

(5) Polymer degradation

Polymer degradation commonly occurs in oil reservoirs due to the rock shear action or other

chemical reactions. The equation describing the polymer degradation phenomena is given as follows:
aPolymer — bWater (21)

In2

rrf = (22)

1/2
where a2 and b are the reaction constants; T1 is the polymer solution’s half-life, days; rrf is the
reaction rate, 1/ day.
Table 2, Figures 3 and 4 show the values of fluid properties, polymer adsorption data, and
relative permeability curves used in the fluid model.

Table 2. The parameter values used in the reservoir simulation model.

Reservoir parameters Values
Reservoir middle depth (m) 1195
Average porosity (%) 31
Average permeability (mD) 1083
Average oil saturation (%) 63
Initial pressure (MPa) 10.99
Temperature (°C) 58
Fluid parameters Values
Oil density (kg/m?3) 850
QOil viscosity (mPa-s) 2.1478
Water density (kg/m?3) 900
Water viscosity (mPa-s) 1
Polymer density (kg/m?) 1000
Polymer molecular weight (kg/mole) 9.5
T2 (day) 750
Rock and fluid interaction parameters Values
Rock compressibility (1/kPa) 10 e
RRF 1.25
IPV 0.25
ADwmax (gmole/m?) 7.53
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Figure 3. The polymer adsorption data used in the fluid model.
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Figure 4. (a) The water and oil’s relative permeability curves and (b) fluid and gas’s relative
permeability curves.

For the offshore oil reservoir, there were 5 production wells and 3 injection wells. All the
production wells operated under a bottom-hole pressure of 3.45 MPa and the maximum injection
rates for the injection wells were 150 STBD. The cumulative oil production of the 5 production wells
was 8.1 x 10° m® and the cumulative volume of injected water of 3 injection wells was 2.54 x 106 m3
after 8 years of waterflooding. The oil production and water injection data of all the production and
injection wells were inputted into the model to restore the production and injection history of the
reservoir. A history-matching process was conducted to ensure the reliability of the parameters in
the developed model, which provided a reliable platform for subsequent infill well placement
optimization processes.
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In this study, the HS-AOA was used to optimize simultaneously the numbers of infill production
and injection wells and their placements (i, j, and k coordinates) for polymer flooding processes. In
addition, two types of infill wells (vertical and horizontal wells) were considered in the optimization
processes. The offshore oil reservoir was assumed to drill a maximum of 5 production wells and 5
injection wells, respectively. In addition, all the infill vertical wells were assumed to have perforations
in all three layers and the length of all the infill horizontal wells was assumed to be 250 m.

3.2. Results and Discussion

The HS-AOA and AOA were used to find the optimal infill well placement for polymer flooding
and their performance were compared. Table 3 presents the parameters utilized in the HS-AOA and
AOA.

Table 3. Parameters utilized in the HS-AOA and AOA.

Parameters Values
N 10
fmax 10
C 2
Czand G 3
(@ 5

Figure 5 demonstrates the changes in the NPV values of the polymer flooding with infill wells
determined by the HS-AOA and AOA. As illustrated in Figure 5, the NPV values increase as the
iteration numbers increase. The NPV values of the polymer flooding with infill wells determined
by HS-AOA (the infill well case (HS-AOA)) are larger than those of the polymer flooding with infill
wells determined by the basic AOA (the infill well case (AOA)). After 10 iterations, the infill well case
(HS-AOA) achieved the highest NPV (3.5 x 108 $).

Figure 5 also indicates that the infill well case (AOA) achieved the highest NPV when the
iteration number is 6. However, the infill well case (HS-AOA) achieves the highest NPV when the
iteration number is 8. The aforementioned results showed that basic AOA was easily trapped into
the local optimal solution while the HS-AOA avoided trapping into local optimal solution and
effectively found the globally optimal solution.

3.55

.5 | —e—HS-A0A

345 | —o—AOA

b
~

NPV, 108USD

Iteration number

Figure 5. Comparisons of the change of NPV between HS-AOA and AOA.

Table 4 gives detailed information on the optimal infill well case (HS-AOA). As shown in Table
4, the optimal numbers of infill wells for the polymer flooding are four (1 injection well and 3
production wells), which provides the theoretical basis for practical implementation
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d0i:10.20944/preprints202408.1581.v1

Perforation

Well name Well type Form To i j z

(m) (m)
20 33 1
Infill injection well 1 Vertical 1181 1191 20 33 2
20 33 3
37 33 1
38 34 1
Infill production well 1 Horizontal 1189 1196 39 35 1
40 36 2
41 37 2
43 28 2
44 29 1
Infill production well 2 Horizontal 1209 1212 45 30 2
46 31 2
47 32 2
27 28 1
28 29 1
Infill production well 3 Horizontal 1193 1195 29 30 1
30 31 2
31 32 2

Figure 6 illustrates the optimization process for the placement of the infill injection well 1 and

the infill production well 1.

— — — Existing horizontal production wells
¥ Infill vertical injection well

Tteration number is §

Iteration number is 10

/'Y Existing vertical and horizontal injection wells
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— — — Existing horizontal production wells

/¥ Existing vertical and horizontal injection wells

= = = Infill horizontal production well

Tteration number is 1 Tteration number is 4

Tteration number is § Iteration number is 10

(b)

Figure 6. The optimization processes of the placements of (a) the infill injection well 1 and (b) the infill
production well 1 (The background figure is residual oil saturation distributions at the end of the
waterflooding process).

As displayed in Figure 6a, the infill injection well 1 gradually moves to the edge area of the
reservoir where the water did not displace during the water flooding process. In this case, the infill
injection well 1 could improve the sweep range of the polymer flooding. Simultaneously, as the
increase of iteration number, the infill production well 1 gradually moves to the placement with high
residual oil saturations (Figure 6b), which was beneficial for improving its oil production
performance. All the aforementioned results indicated that the HS-AOA is an effective method for
determining the optimal infill well placement for polymer flooding, maximizing the NPV values.

Figure 7 presents the performances of the polymer flooding case with the optimal infill well case
(HS-AOA), and the optimal infill well case (AOA). As shown in Figure 7b, the oil recovery factors
(ORF) of the two optimal infill well cases are higher than that of the polymer flooding case. This
observation could be attributed to the better performance of the infill wells. The infill injection well
had a significant effect on the flow direction of the polymer, leading to an improved sweep efficiency
(Figure 6c). Simultaneously, the 3 infill production wells were located in areas with high residual oil
saturations, leading to a high oil production rate, which resulted in the decrease of water cut (Figure
6b) and residual oil saturation (Figure 6d). Therefore, the NPV values of the optimal infill well case
(HS-AOA) and the optimal infill well case (AOA) are higher than that of the polymer flooding case
(Figure 7a). Specially, the NPV value of the optimal infill well case (HS-AOA) reached 3.5 x 108 §,
which was an increase of 7% over that of the polymer flooding case. Therefore, infill drilling is an
economical method for improving polymer flooding performance.

Figure 7 also demonstrates that the NPV value of the optimal infill well case (HS-AOA) increases
by 0.1 x 108 $ compared to the NPV value of the optimal infill well case (AOA). With regards to the
water cut, it was found that the water cut of the optimal infill well case (HS-AOA) was lower than
that of the optimal infill well case (AOA). The better performance of the optimal infill well case (HS—
AOA) indicated the rationality of infill well placements which resulted in a larger sweep area and
lower residual oil saturations shown in Figure 7c,d. The aforementioned results proved the
developed HS-AOA'’s superiority compared to the basic AOA, which could be attributed to the
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introduction of the Halton sequence into the AOA, which effectively increased the diversity of the
initial objects in the AOA and avoided the HS-AOA trapping into the local optimal solutions.

Water fooding ] Polvier flooding |
3.6 100 == o0
nr b »
N ::\I z ik s
:a ] ¥, e [T it -
5 " e, w &
80 Y -]
= H 5 ]
B d £ w =
3 g, 5 3
N ; H
3% | \ W —— Water cut {Ploymer flooding case) » g
\ = « =Water cut (optimal :ﬁﬁﬁ well case | AOA)) 3
okl S e ‘Water cut {optimal well case (HS-ADA))
3.1 h & ’ = ORF (ploymer flooding case) L]
. 10 = -OP.F_iopti.Lunl infill well :asel.-\(_)ml
Polymer flooding Optimal infill ~ Optimal infill Lt OE (opfimatinfill well sase {HE-A0A)) a
case well case (AOA) well case (HS_ 012 015 201F 2020 2013 :l;ns M 0M WM N7 N0
me
AOA)
(a) (b)
— = — Existing | production wells /¥ Existing vertical and horizontal injection wells
¥ Infill vertical injection well = = = Tufill bartzuatal productin wells

Optimal infill well case (AOA)

e * N
Polymer Mooding case Optimal infill well case (AODA) Optimal infill well case (HS-A0A)

(d)

Figure 7. The performance of the polymer flooding case, the optimal infill well case (HS-AOA), and
the optimal infill well case (AOA): (a) NPV, (b) ORF and water cut, (c) polymer streamline
distributions, and (d) the residual oil saturation distributions at the end of the polymer flooding
processes.

5. Conclusions

In this study, an improved archimedes optimization algorithm with Halton sequence (HS-AOA)
was proposed to optimize the infill well placement for polymer flooding. The codes were developed
in MATLAB and connected to a commercial reservoir simulator CMG STARS to carry out the infill
well placement optimization. The HS-AOA was compared to the basic AOA to confirm its reliability
and then used to optimize the infill well placements for polymer flooding in a typical offshore oil
reservoir. The results showed that the introduction of the Halton sequence into AOA effectively
increased the diversity of the initial objects in the AOA and avoided the HS-AOA trapping into the
local optimal solutions. The HS-AOA outperformed the AOA. It was an effective approach to
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optimize the infill well placement for polymer flooding processes. In addition, infill drilling could
effectively and economically improve the polymer flooding performance in offshore oil reservoirs.
The NPV of the polymer flooding case with infill wells determined by HS-AOA reached 3.5 x 108 §,
which was an increase of 7% over that of the polymer flooding case. This study presents an effective
method for optimizing infill well placement for polymer flooding processes. It also can serve as a
valuable reference for other optimization problems in the petroleum industry, such as joint
optimization of well control and placement.
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