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Introduction

Well placement plays a crucial role in field
development, as it directly impacts production and
drilling costs. Inefficient well placement can lead to
decreased production and increased expenses. To
optimize well location, an automatic framework is
typically employed, involving multiple steps. Initially,
the user selects or randomly determines the well's
initial position. An optimization algorithm is then
used to propose and evaluate new and improved well
locations based on an objective function. This process
continues until a predetermined stopping criterion is
met. In this study, the particle swarm optimization
algorithm is utilized to optimize the location of
horizontal wells, considering operational limitations.
To enhance efficiency and avoid coupling issues, the
Ocean plugin is integrated into the Petrel software.
In 2003, Yeten et al. employed the genetic algorithm as
an optimizer and artificial neural networks to develop
an alternative approach for optimizing the placement
of horizontal wells [1]. In 2004, Badro and Kabir
utilized the genetic algorithm as an optimizer and
polytope and kriging functions as proxies to optimize
the positioning of both horizontal and vertical injection
wells [2]. In 2009, Onwanlu and Dorlofsky used the
particle swarm optimization algorithm to optimize
the location and trajectory of deviation wells [3].
They compared their method with genetic algorithm
optimization on four different models, demonstrating
the superior performance of the particle swarm
optimization algorithm. In 2021, Lyu et al. optimized
the trajectory of deviated and multi-branch wells using
the fast marching method [4]. In 2022, Kiannejad et al.

Accepted: October/14/2023

employed deep learning techniques to determine the
optimal location of horizontal wells [5].

Materials and Methods
Due to the increase in the number of design variables
in horizontal wells and the proper performance of the
particle swarm optimization algorithm, this algorithm
was used as an optimizer in this research. There are
also limitations in horizontal well drilling that should
be considered in the design of the horizontal well path.
Limitations including the minimum and maximum of
the dogleg, the maximum of the horizontal departure
of the well and determining the minimum of the
horizontal departure of the well prevent the drilling
of a deviated well instead of a horizontal well. Also,
the net present value function was considered as the
objective function of optimization.
To calculate the net present value, simulations are
needed for different production scenarios. The desired
relationship for calculating net present value is below
[6,7]:
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where T is the production time in years, months or
days, r is the annual, monthly or daily discount rate,
CAPEX is the initial costs of drilling and completing
all wells, and CFt is the cash flow at time t.

In the optimization of horizontal wells, the true depth
(TD), the Landing Point (LP) and the Kick of Point
(KOP) are optimized. Angle inclination rate is also
obtained from trigonometric relations. The KOP
modeling method is shown in Fig.1.
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Fig. 1 Calculation of KOP.

To define KOP, the concept of radius of curvature is
used, which is one of the most widely used concepts in
well path design. According to this definition, KOP is
obtained from subtracting of the TD from the well and
the radius of curvature.

The radius of curvature is also obtained from the
following rele}toi(())nship [8]:
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In this equation, BG represents the Build Gradient in
terms of degrees per 100 feet.

Considering the fact that in a horizontal well, the
angle eventually reaches the vertical or 90 degrees,
the radius of curvature is equal to the interval between
KOP to LP or Heel. After obtaining the starting point
of the horizontal section, the optimal end point and the
minimum and maximum of the horizontal departure
of the well are applied to design well path. Also, in
case of designing a deviation well, it is necessary to
determine the maximum interval between KOP and
Lp. The method of calculating the drilling path of
horizontal and diagonal wells is shown in Fig. 2.

Departure
Fig. 2 the method of calculating the horizontal and deviated
well drilling path [8].
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Results and Discussion

In this section, the horizontal and vertical well place-
ment for two heterogeneous artificial models and the
benchmark PUNQ_S3 model optimized using the de-
veloped framework. The production scenario from all
the wells also has a constant bottomhole pressure of
1000 psi and the fluid model is black oil.

Case A: Heterogeneous Synthetic Model 1

This reservoir model is divided into four parts with a
total of 2500 grids and has varying permeability dis-
tribution of 10-15-20-50 across the different parts.
The location of a horizontal well is optimized in this
model, as shown in Fig.3.
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Fig. 3 a) NPV diagram, b) The optimal location of the hori-
zontal well in model.

Case B: Heterogeneous Synthetic Model2

The geometry of this model is similar to the previous
model, but in this model, the permeability distribution
in the top three layers is equal to 50, the fourth layer’s
is 0.5, and the last layer’s is 3 md. In this model, the
location of a horizontal well was optimized by the de-
veloped framework, which is shown in Fig. 4.

Case C: benchmark model PUNQ-S3

This model is one of the benchmark heterogeneous
models that has been investigated in many papers. The
specifications of this model are given in the table below.
More details of this model are also available in refer-
ence [9]. The optimized location of a horizontal well in
this benchmark model can be observed in Fig. 5.
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Fig. 4 a) NPV diagram b) The optimal location of the hori-
zontal well in model.
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Fig. 5 a) NPV diagram b) The optimal location of the hori-

zontal well in model.

Then another horizontal well from the same platform
was added to the model. The optimal location of two
horizontal wells and the comparison of the NPV dia-
gram for both cases are shown in Fig. 6.
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Fig. 6 a) Comparison of NPV diagram. b) The optimal loca-
tion of two horizontal wells in model.

Conclusions
In this study, a comprehensive framework was devel-

oped using Petrel as the Ocean plugin, enabling us-
ers to optimize the placement of vertical, horizontal,
and deviated wells across different models. Notably,
the framework allows for easy comparison of results.
From the analysis, several key conclusions were
drawn:
* The PUNQ-S3 model, characterized by varying grid
heights and an asymmetrical reservoir, demonstrated
successful drilling of wells at appropriate depths and
ranges.
 Unlike previous studies that focused solely on op-
timizing the well path or surface points, this novel
approach considered the complete well scheme, opti-
mizing key parameters such as the KOP point, x, y, z
coordinates, and the Lp point while adhering to drill-
ing constraints.
 Through benchmark and synthetic model investiga-
tions, the presented framework consistently yielded in-
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creased NPV values by effectively navigating drilling
limitations.

Overall, this research provides valuable insights into
optimizing well placement and highlights the efficacy
of the developed framework in enhancing economic
returns in the oil and gas industry.

Nomenclatures

TD: True depth

KOP: Kick of point

LP: Landing point
NPV: Net Present Value
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1. Adaptive Neural Fuzzy Inference System (ANFIS)
2. Non-Dominated Sorting Genetic Algorithm (NSGA)
3. Similarity-based Mating Scheme

4. Black Widow Optimization (BWO)

5. Infill Wells

6. Divide-and-Conquer

7. Ocean Plugin for Petrel

8. Net Present Value
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