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Abstract: In geoenergy science and engineering, well placement optimization is the process
of determining optimal well locations and configurations to maximize economic value
while considering geological, engineering, economic, and environmental constraints. This
complex multi-million-dollar problem involves optimizing multiple parameters using com-
putationally intensive reservoir simulations, often employing advanced algorithms such
as optimization algorithms and machine/deep learning techniques to find near-optimal
solutions efficiently while accounting for uncertainties and risks. This study proposes a
hybrid workflow for determining the locations of production wells during primary oil
recovery using a multi-modal convolutional neural network (M-CNN) integrated with an
evolutionary optimization algorithm. The particle swarm optimization algorithm provides
the M-CNN with full-physics reservoir simulation results as learning data correlating an
arbitrary well location and its cumulative oil production. The M-CNN learns the correla-
tion between near-wellbore spatial properties (e.g., porosity, permeability, pressure, and
saturation) and cumulative oil production as inputs and output, respectively. The learned
M-CNN predicts oil productivity at every candidate well location and selects qualified well
placement scenarios. The prediction performance of the M-CNN for hydrocarbon-prolific
regions is improved by adding qualified scenarios to the learning data and re-training the
M-CNN. This iterative learning scheme enhances the suitability of the proxy for solving the
problem of maximizing oil productivity. The validity of the proxy is tested with a bench-
mark model, UNISIM-I-D, in which four oil production wells are sequentially drilled. The
M-CNN approach demonstrates remarkable consistency and alignment with full-physics
reservoir simulation results. It achieves prediction accuracy within a 3% relative error
margin, while significantly reducing computational costs to just 11.18% of those associated
with full-physics reservoir simulations. Moreover, the M-CNN-optimized well placement
strategy yields a substantial 47.40% improvement in field cumulative oil production com-
pared to the original configuration. These findings underscore the M-CNN’s effectiveness
in sequential well placement optimization, striking an optimal balance between predictive
accuracy and computational efficiency. The method’s ability to dramatically reduce pro-
cessing time while maintaining high accuracy makes it a valuable tool for enhancing oil
field productivity and streamlining reservoir management decisions.

Keywords: well placement; multi-modal convolutional neural network; evolutionary
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1. Introduction
In the field of geoenergy science and engineering (e.g., petroleum engineering, carbon

capture and storage, and geothermal engineering), well placement optimization refers to
the process of determining the optimal locations and configurations for wells in a reservoir
to maximize economic value (e.g., cumulative oil production, cumulative CO2 storage,
cumulative heat energy extraction, and net present value) while considering various con-
straints [1–8]. These constraints include geological factors (e.g., reservoir properties, faults,
and barriers), engineering limitations (e.g., well spacing, bottom-hole pressures, and flow
rates), economic considerations (e.g., drilling costs, operational expenses, oil prices, and
CO2 prices), and environmental regulations. The process relies on reservoir simulation
models that capture complex fluid flow involving thermal, hydrological, mechanical, and
chemical interactions. This multi-million-dollar problem involves determining several key
parameters: the number and type of wells (e.g., producers, injectors, and observation wells),
well locations (e.g., x, y, and z coordinates), well types (e.g., vertical, horizontal, directional,
and multilateral), well trajectories and completions, and operational parameters (e.g., flow
rates, bottom-hole pressures, and injection/production schedules). The challenge lies in
the complex, nonlinear relationships between variables, the computational intensity of
reservoir simulations required for each evaluation, and the need to account for uncertainties
in geological models and future economic scenarios. Therefore, the practical goal of well
placement optimization is to develop efficient algorithms, often incorporating machine
learning and artificial intelligence techniques, to find near-optimal solutions with minimal
function evaluations while considering the inherent uncertainties and risks associated with
subsurface operations.

Well placement optimization is essential to maximize the economic profits of oil
and gas field development. Various optimization methods integrated with full-physics
reservoir simulation (RS) have been used to determine well placement. For example,
gradient-based algorithms, such as the adjoint-based method [1], simultaneous perturba-
tion stochastic approximation [2], and stochastic simplest approximate gradient [9], have
been integrated with RS to optimize various field development and operating plans. Non-
gradient-based evolutionary optimization algorithms, such as particle swarm optimization
(PSO) [3–5,10] and genetic algorithms (GA) [6–8], have also been widely employed because
of their extensive population-based search capabilities. To find the global optimum, these
population-based methods are considered powerful for generating high-quality solutions
with stable convergence at affordable computational costs [11,12]. The geoenergy industry,
particularly oil and gas, has widely adopted these evolutionary algorithms as primary
optimization tools. Notably, these algorithms have been implemented in commercial soft-
ware packages such as SLB’s MEPO (2020.01) [13] and CMG’s CMOST-AI (2023.12) [14].
However, their high computational cost owing to exhaustive simulation runs for objective
function evaluations has hindered their implementation [15]. In addition, the stagna-
tion of search performance in later generations during the evolutionary process requires
improvement [16].

To alleviate the cost of an exhaustive search, various proxies have been employed to
enhance the computational efficiency of these algorithms, while reducing the number of RS
runs [17–19]. Machine learning techniques have been used to solve reservoir optimization
problems, such as support vector machines [20,21] and Extreme Gradient Boosting [22,23].
These machine learning techniques can distinguish superior solutions from those that
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violate constraints [15]. Recently, deep learning techniques such as artificial neural networks
(ANNs) and convolutional neural networks (CNNs) have been demonstrated as partial or
full substitutes for expensive reservoir simulators [24]. ANN has been actively adopted for
well placement optimization [25–27]. However, ANNs cannot preserve the spatial features
of large-scale problems because their input data are flattened into one-dimension [28].
Particularly, studies have demonstrated the excellent performance of CNNs in handling
multi-dimensional data while preserving spatial features [28–30]. The multi-modal CNN
(M-CNN), an enhanced CNN with multi-modal learning that functions by driving the
fusion of input data from multiple sources [31], has been applied to predict cumulative oil
production from near-wellbore static (e.g., permeability and porosity) and dynamic (e.g.,
pressure and saturation) properties [28,29].

Drawing inspiration from the M-CNN concept [29], this study seeks to enhance
the solution quality of well placement problems by mitigating extrapolation effects and
optimizing the learning data acquisition process. The performance of M-CNN is affected
by the quantity and quality of learning data [32]. Considering the field development cost,
the level of difficulty in applying the proxy has increased owing to the small ratio of the
available data volume to the domain volume for well placement optimization problems [28].
To develop an efficient proxy, it is essential to balance accuracy and learning data acquisition
costs. In the previous studies [28–30], generalization was achieved by randomly generating
machine learning data, which increased the RS cost. For more efficiently managing the
high computational cost of RSs associated with the acquisition of learning data, this study
couples an M-CNN with an evolutionary algorithm (i.e., PSO). While PSO and GA are
powerful for generating high-quality solutions, their high computational cost, resulting
from exhaustive simulation runs, limits their practical application. In contrast, our approach
integrates M-CNN with PSO and iterative learning, significantly reducing these costs
while enhancing model accuracy. Another challenge in applying machine learning to well
placement is the maximization problem that occurs when searching for the most productive
region in a reservoir beyond the range of the learning data. Although features are captured
well during machine learning interpolation, their predictability for extrapolation tends to
deteriorate if the problem is nonlinear and complex [33–35]. We believe that the presence
of PSO and iterative learning in the proposed framework enables the M-CNN to relieve
the cost burden of RS. Constructing an M-CNN learned with PSO results and updating
the proxy with iterative learning results are expected to allow the efficient selection of the
optimal location with reasonable learning data volume for well placements. To the best
of our knowledge, this is the first application of an evolutionary algorithm and iterative
learning to obtain a dataset for a deep learning-based proxy model in the well placement
optimization problem.

This study implements a hybrid workflow to sequentially determine locations that
maximize hydrocarbon production. The proposed hybrid framework integrates M-CNN
with PSO and iterative learning, addressing the high computational costs and accuracy
limitations of traditional methods. This approach offers a more efficient and accurate
solution for well placement optimization in dynamic, large-scale oil field developments.
PSO was integrated to generate learning data within the framework of an M-CNN as a
productivity estimator to determine the sequential placements of vertical oil production
wells. Additionally, the concept of iterative learning was introduced to the M-CNN to
mitigate the extrapolation problem. The M-CNN inputs spatial data (comprising static
(e.g., permeability and porosity) and dynamic (e.g., pressure and oil saturation) reservoir
properties) near a candidate well and outputs the oil productivity at that well location.
Moreover, to consider the inter-well distance, auxiliary data (e.g., distances between the
well and reservoir boundaries) are added as a 1D array to the full-connection stage of the
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CNN. The M-CNN dataset was generated via a PSO-driven process by running the full-
physics RSs of well-placing scenarios. The trained M-CNN is employed to evaluate the oil
productivity at every candidate location. The results of the M-CNN are compared with the
RS results for qualified (i.e., highly productive) well-placing scenarios to validate the model
consistency. In addition, the M-CNN performance is compared with that of PSO to analyze
the effect of using PSO to create datasets in the M-CNN. Expanding on the single vertical
well placement optimization introduced by Kwon et al. [28], this study also enhances
the methodology by enabling sequential well placement through a novel integration of
the M-CNN with PSO and iterative learning techniques. This hybrid approach improves
predictive accuracy and computational efficiency in dynamic reservoir scenarios, effectively
addressing limitations identified in previous studies.

In brief, the key contributions of this study can be summarized as follows:

• Development of a Hybrid Optimization Framework:
Introduced a novel hybrid framework integrating the M-CNN with PSO and iterative
learning to optimize sequential well placement in reservoir management.

• Implementation of Iterative Learning for Enhanced Accuracy:
Incorporated iterative learning to refine the training dataset, focusing on high-productivity
scenarios to address extrapolation challenges and improve model generalization.

• Utilization of PSO for Efficient Data Generation:
Leveraged PSO to generate learning data for the M-CNN, substantially reducing
computational costs typically associated with full-physics reservoir simulations.

• Validation in Dynamic Reservoir Simulation Scenarios:
Validated the proposed hybrid framework on the UNISIM-I-D benchmark model,
demonstrating high predictive accuracy with reduced computational requirements.

• Pioneer Application of Integrated M-CNN Framework:
To our knowledge, this study presents the first application of a hybrid M-CNN frame-
work combined with PSO and iterative learning for dataset generation in sequential
well placement optimization.

This paper is organized as follows: the literature review and scope of this study are
introduced in Section 1; the methodology, including the theoretical background, structure
of the M-CNN, and overall M-CNN workflow for sequential well placement optimization,
is described in Section 2; the testing of the proposed methodology on a benchmark model
UNISIM-I-D is presented in Section 3; and the conclusions based on the findings presented
in Section 3 are summarized in Section 4.

2. Methodology
2.1. Well Placement Problem

Let u ∈ U be a set of well locations in a given reservoir:

u = [u1, u2, · · · , uNw ] (1)

where Nw is the number of wells, and ui = (Xi, Yi) is the coordinate in the Cartesian
coordinate system. In this study, all wells in the reservoir were vertical and fully perforated.
As a sequential well placement, ui was drilled earlier than uj where 1 ≤ i ≤ j ≤ Nw.

Qo(u) is the expected field cumulative oil production at u:

Qo(u) =
∫ T

0
qt

o(u)dt, (2)

where T is the total production time, and qt
o is the oil production rate at time t.
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The well placement optimization problem aims to determine the optimal set of well
locations u∗ that can yield the highest oil productivity.

u∗= argmax
u∈U

(Qo(u)). (3)

To determine u∗ via a cost-efficient approach, this study implemented a hybrid of an
evolutionary optimization algorithm and deep learning algorithm. Figure 1 shows the
workflow of the hybrid proxy that consists of PSO (Module 1), M-CNN (Module 2), and
iterative learning (Module 3) for solving a sequential well placement problem. To verify
the proxy performance, the full-physics RS results (e.g., oil production rate, water cut, and
bottomhle pressure) are used as references (i.e., answers) throughout this study.
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Figure 1. The flowchart of the proposed hybrid proxy to solve a sequential well placement problem.
The optimum well locations are determined using the multi-modal convolutional neural network
(M-CNN) incorporated with particle swarm optimization (PSO) and iterative learning.

2.2. Particle Swarm Optimization

PSO is a non-gradient population-based evolutionary optimization algorithm devel-
oped by Kennedy and Eberhart [10]. Figure 2a shows a schematic of the PSO. In PSO, the
potential solutions are called particles, and a set of particles is referred to as a swarm [10].
Therefore, a swarm comprises the particles in the search space. The overall quality of
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the particles, as well as the swarm, evolves during the evolutionary process (i.e., epochs).
In this study, PSO searches for the optimal well location that reveals the highest field
cumulative oil production by running a full-physics RS at feasible well locations. That is,
the swarm evolves in the direction of increasing Qo(u).
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Figure 2. Schematic diagram of the PSO and M-CNN. (a) The PSO evolves solutions that are utilized
as learning data of the M-CNN; (b) The M-CNN learns a pattern between inputs (i.e., petrophysical
properties) and outputs (i.e., field cumulative oil production) extracted from the PSO solutions
(modified from Chu et al. [29]).

Each particle corresponds to a candidate well location u. A particle has velocity vector
v and position vector x. The particle updates its v and x values based on the best individual
and population solutions during each epoch.

v and x are updated as follows:

vk+1
i = ωvk

i + c1r1

(
xk

i,pbest − xk
i

)
+ c2r2

(
xk

i,gbest − xk
i

)
, (4)

xk+1
i = xk

i + vk+1
i , (5)

where vk
i and xk

i are the velocity and position vector of the i-th
(
1 ≤ i ≤ Np

)
particle in

the k-th (1 ≤ k ≤ Ne) epoch, respectively. Np and Ne are the population size (i.e., swarm
size) and maximum number of epochs, respectively. ω, c1, and c2 are the inertia, cognitive,
and social weight components, respectively. r1 and r2 are uniformly distributed random
numbers sampled from [0.0, 1.0]. pbest is the historical best solution of the particle and
gbest is the population historical best solution. Typically, ω is set in [0.4, 0.9]; c1 and c2 are
in [1.0, 2.0] with reference to [10]. With reference to [36], the weight components are set as
ω = 0.730 and c1 = c2 = 1.496 throughout this study. PSO solves this well placement problem
as an unconstrained problem in terms of the minimum inter-well distance because the M-
CNN needs to learn that a short inter-well distance would yield poor oil production. During
the optimization, the M-CNN learned well; thus, most solutions have sufficient inter-well
distances. The use of PSO in this study is rooted in the desire to ensure the stability and
reliability of the hybrid workflow. As this is the first attempt to integrate PSO with M-CNN
and iterative learning, we chose to start with a well-established and proven optimization
method. This approach minimizes the risks associated with using more complex or newer
algorithms, providing a solid foundation for the workflow’s performance and validation.

The proposed proxy employs PSO for two purposes. The first purpose is to generate
learning data for the M-CNN. Specifically, the RS results obtained using PSO are used
as learning data for the M-CNN: (u, QRS

o (u)), where the superscript RS refers to the full-
physics reservoir simulation. This ensures the collection of learning data from more
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hydrocarbon-prolific regions during the evolutionary process. Once the evolutionary
process is complete, the best solution in the last epoch is considered as the optimal solution
u*. Here, two stopping criteria for the evolutionary process are employed: Ne and the
last epoch Nes with early stopping (ES) activation (Nes ≤ Ne). The evolutionary process
terminates early in the Nes-th epoch if the swarm quality improvement stagnates for
the last five epochs. This early stopping criterion helps to reduce data acquisition costs,
considering the high computational cost involved in field-scale RS. The second purpose
of PSO in this study is to serve as a competitor for the developed proxy. In brief, the
proxy results are compared with the PSO results with ES paying Np × Nes RS runs, and
with the simultaneous optimization of the field cumulative oil production Qo(u) and total
computational cost.

2.3. Multi-Modal Convolutional Neural Network with Iterative Learning

Figure 2b illustrates the structure of the M-CNN developed for the sequential determi-
nation of well placements. This M-CNN inputs near-wellbore spatial properties (two static
and two dynamic) and outputs the field cumulative oil production QNN

o (u) at an arbitrary
well location u, where the superscript NN refers to a neural network (e.g., M-CNN in this
study). Here, the spatial properties are porosity ϕ(u, ru), permeability k(u, ru), pressure
P(u, ru), and oil saturation So(u, ru), where ru is the effective range from well u to an
arbitrary reservoir location for determining the size of the 3D array data. Each location
is assumed to be fully perforated. As sequential well placement enables the extraction
of dynamic properties at each installation time, this study adopts multi-modal learning
to input those properties. The features from the four spatial properties are extracted and
upscaled during the convolutional and pooling stages. After convolution and pooling, the
features are flattened and imported into the full-connection stage. In addition, the distance
data D(u) are also imported into the full-connection stage because they are scalar. D(u)
comprises the distance between the new well and reservoir boundaries and the distance
between the new and existing wells.

The PSO results (u, QRS
o (u)) are utilized as learning data for M-CNN. These learn-

ing data are split into training, validation, and test datasets for the efficient design and
construction of the M-CNN. For each dataset, the performance of the M-CNN is assessed
in terms of two indicators: loss function J and coefficient of determination R2. Favored
learning results are indicated by J values approaching zero from the right and R2 values
nearing one, signifying better model performance and fit.

The loss function J is designed to optimize the neural network’s performance by
balancing predictive accuracy with model generalizability, incorporating a regularization
term that penalizes large weights to mitigate overfitting [32].

J = RMSE + L(W) =

√
1

Nd
∑Nd

i=1

(
QRS

o (ui)− QNN
o (ui)

)2
+

α

2
∥W∥2, (6)

where RMSE is the root mean squared error, L(W) is the L2 regulation term for weight
array W, Nd is the number of data points, and α is the regularization coefficient. This study
used a regularization coefficient of α = 0.01, based on our previous work [28] where this
value effectively balanced under- and over-regularization.

The predictive accuracy of the M-CNN is quantified using R2, where values close to
1 indicate strong agreement between predicted values QNN

o and reference values QRS
o . In

other words, the high R2 values demonstrate the M-CNN’s capability to accurately predict
cumulative oil production at well locations. These results highlight the effectiveness of
iterative learning, and the quality of the dataset generated by PSO, which successfully
captured representative scenarios for productive well placements.
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R2 =

{
Nd
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o (ui)
)
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(
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o (ui)

)(
∑Nd

i=1 QNN
o (ui)

)}2{
Nd∑Nd

i=1

(
QRS

o (ui)
)2 −

(
∑Nd

i=1 QRS
o (ui)

)2
}{

Nd∑Nd
i=1 (Q

NN
o (ui))

2 −
(

∑Nd
i=1 QNN

o (ui)
)2

} , (7)

Also, the threshold for R2, denoted as θR2 , is employed to judge the acceptance of the
learning performance of the M-CNN. The learning results are accepted if all R2 for training,
validation, and test datasets are greater than θR2 .

The cumulative field oil production at every feasible well location (i.e., the active
grid block in the reservoir model) u ∈ U was rapidly estimated using the trained M-
CNN. This rapid approximation of oil estimates for the entire reservoir domain generates
a hydrocarbon productivity map similar to a quality map [2,26,37]. In the descending
order of QNN

o (u), the most highly productive Nqual grid blocks are nominated as qualified
locations. To re-validate the robustness of the M-CNN, full-physics RS is performed for
every qualified location to assess the similarity between the simulation and proxy results
in terms of the relative error ε:

ε(u) =

∣∣QRS
o (u)− QNN

o (u)
∣∣

QRS
o (u)

× 100(%), (8)

εavg =
1

Nqual
∑

Nqual
i=1 ε(ui), (9)

The grid block with the highest QRS
o is selected as the optimal well location, u*, if the

average relative error, εavg, is acceptable. If εavg > threshold θε, (u, QRS
o (u)) results of Nqual

scenarios are added to the learning data, which are further split into training, validation,
and test datasets, as shown in the flow chart (Figure 1). Subsequently, the M-CNN re-learns
and yields an updated hydrocarbon productivity map. This iterative learning is performed
until εavg ≤ θε is met.

Our hybrid approach synergistically combines the strengths of PSO and the M-CNN
to address the limitations of standalone methods. PSO efficiently generates diverse, high-
quality data, while M-CNN excels at preserving spatial features in high-dimensional
datasets. The iterative learning process progressively refines the neural network model,
enhancing its accuracy and robustness. This combination yields a more efficient and pre-
cise method for well placement optimization, overcoming the constraints of traditional
techniques. By integrating these complementary approaches, our hybrid workflow mit-
igates common issues such as extrapolation errors and overfitting, which often plague
standalone machine learning models or static optimization methods. Continuous dataset
refinement through iterative learning ensures the model remains adaptive and increasingly
accurate, leading to superior computational efficiency and predictive accuracy compared
to conventional methods.

3. Results and Discussion
3.1. Field Description

An iterative learning-based proxy was applied to determine the locations of four
vertical oil production wells for the UNISIM-I-D oil reservoir model at a primary production
stage [38]. The original UNISIM-I-D is a benchmark reservoir model that encompasses
the structural, facies, and petrophysical characteristics of the Namorado Field in Campos
Basin, Brazil [39–41]. Table 1 summarizes the rock and fluid properties of UNISIM-I-
D. Further details of the model properties are available in the original study [38]. This
benchmark reservoir model was initially introduced to create a field development plan for
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waterflooding, using 11 water injectors and 14 oil producers [42]. In this plan, waterflooding
follows a four-year primary oil recovery (i.e., natural pressure drawdown) from four vertical
oil wells installed at a four-month interval in a year, as designed in the original model [38].
Our analysis revealed that some of the primary production wells of the original model were
installed in less prolific regions with low permeability, thus inspiring our motivation for
well placement optimization for primary production. The optimization of the waterflooding
plan will be investigated in future studies.

Table 1. Summary of the reservoir properties of the UNISIM-I-D used in this study.

Property Value

Number of total grid blocks (X × Y × Z) 93,960 = 81 × 58 × 20
Number of active grid blocks 36,403

Grid block size (X × Y × Z), m × m × m 100 × 100 × 8
Depth of top layer, m 3000

Initial reservoir pressure, kg/cm2 327.0
Porosity (µ ± σ), fraction 0.13 ± 0.08
Permeability (µ ± σ), mD 132.53 ± 184.95

Oil saturation (µ ± σ), fraction 0.56 ± 0.38

Figures 3–7 visualize 3D (Figure 3) and 2D distribution maps (Figures 4–7) of the top,
middle, and bottom layers of the reservoir model for porosity, permeability, pressure, and
oil saturation. The numbers of grid blocks in the X-, Y-, and Z-directions are 81, 58, and
20, respectively, for a total of 93,960 grid blocks in the UNISIM-I-D model. The number of
active grid blocks is 36,403, which is the sum of the 2282, 2331, 2296, 802, 20, 2276, 2259,
2258, 2084, 2312, 2285, 2310, 1945, 16, 2308, 2200, 2221, 2250, 1883, and 65 active grid blocks
from the top (1st) to the bottom (20th) layers. The inactive grid blocks are colored white.
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To maximize the four-year (T = 4) primary recovery, we initialized the well setting:
all wells were removed from the reservoir model. This study focused on exploitation
strategy during the four-year primary recovery period. Thereafter, this case study focuses
on determining the locations of four primary production wells installed sequentially at the
same four-month interval. Each vertical oil production well was fully perforated, except for
the 4th, 5th, 14th, and 20th layers, where most of the grid blocks were inactive. The number
of candidate well placement scenarios is equal to the number of active grid blocks in the
top layer of the model. The numbers of candidates from the first to fourth production well
placement problems are 2282, 2281, 2280, and 2279, respectively. In addition, the operating
condition of each production well is a maximum surface liquid rate of 2000 m3/day with a
constraint of a minimum bottom-hole pressure of 150 kg/cm2.
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3.2. Generation of Learning Data Using Particle Swarm Optimization

Table 2 lists the experimental settings of PSO used for training the M-CNN
(Np = 20 and Ne = 20). The PSO algorithm parameters listed in Table 2 were adopted based
on the settings referenced from the studies by Kennedy and Eberhart [10] and Clerc and
Kennedy [36]. In this study, the PSO was performed using CMG’s CMOST-AI (2023.12) [14].
Notably, the M-CNN learned the solutions (i.e., reservoir simulation results) accrued during
the last five epochs, which exhibited a minor improvement in swarm quality. The early
stopped epochs, Nes, were the 14th, 15th, 14th, and 6th epochs from the first to the fourth
well placement problems, respectively. For example, Figure 8 shows box plots depicting
the evolution of well placement scenarios for the first well placement. The overall quality
of the learning data for the M-CNN improved progressively from the first generation to
the last generation in the PSO process. Throughout the epochs, the highest value within
the swarm increased, while its dispersion decreased. However, evolution stagnation was
observed; the (near-) optima derived using PSO were identified in the 10th epoch, after
which the evolution plateaued. Consequently, a total of 280 reservoir simulation results
were accumulated up to the 14th epoch. Another limitation of the PSO is its redundancy.
Up to the 14th epoch, 104 of the 280 results were duplicate well placement scenarios,
indicating that the number of actual learning data obtained using the PSO (Nd) was 176
(=280 − 104). This redundancy occurred because the well coordinates were integer-type
variables. Implementing an optimization algorithm to address redundancy in the solution
set is expected to streamline learning data preparation for a machine learning technique.

Table 2. Experimental setting of the particle swarm optimization (PSO) algorithm used for training
the M-CNN.

Parameter Value

Population size, Np 20
Maximum number of epochs, Ne 20

Inertia weight component, ω 0.730
Cognitive weight component, c1 1.496

Social weight component, c2 1.496
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Figure 8. The box plots to show the evolution of well placement scenarios for the 1st well through PSO.
Note that this study acquired the learning data for M-CNN through PSO. The PSO process initially
improved solution quality, with increasing highest values and decreasing dispersion, but stagnated
after the 10th epoch when (near-)optimal solutions were identified, concluding with 280 reservoir
simulation results after 14 epochs. Small circles indicate outliers of the box plots.
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3.3. Design of Multi-Modal Convolutional Neural Network

Table 3 summarizes the structure of the M-CNN used in the case study. As the initial
reservoir model had homogeneous pressure and saturation, the first well placement case
adopted a dual-modal M-CNN that inputs ϕ(u, ru) and k(u, ru). For subsequent well place-
ment cases, a quadmodal CNN with ϕ(u, ru), k(u, ru), P(u, ru), and So(u, ru) was adopted.
Here, ru = 12; thus, the 3D array size for each spatial property data was 25 × 25 × 20.

Table 3. Structure of the M-CNN.

Parameter Value

Number of input types 4
Type of inputs Porosity ϕ, permeability k, pressure P, oil saturation So

Number of convolutional layers 2
Order of convolutional stage Conv3D, BatchNormalization, AveragePooling3D

Number of hidden layers 3
Number of outputs 1

Type of outputs Field cumulative oil production Qo
Optimizer Adam

Activation function ReLU
Ratio of learning data splitting Training 60%, validation 20%, test 20%

Each M-CNN comprises convolutional and fully connected stages. The convolutional
stage consisted of two convolutional layers, two batch normalization layers, and two activa-
tion layers with ReLU [43]. Every element in each spatial input data array was normalized
to [0.0,1.0]. Hyperparameters (e.g., the number of nodes in layers, convolutional filter, size
of each filter, and type of pooling) were tuned to enhance the neural network performance.
The learning stopping criteria during training and validation were early stopping and the
maximum number of epochs. The patience in early stopping and maximum epoch number
were 20 and 300, respectively. A threshold, θR2 = 0.75, was used to evaluate the training, val-
idation, and test performances, ensuring sufficient predictive accuracy before proceeding
to subsequent steps. For iterative learning, Nqual = 10 was adopted from Kwon et al. [28],
where it was a sufficient number to select representative scenarios. Additionally, θε of
5% was set as the relative error tolerance considering Chu et al. [29], where their CNN
model yielded an average relative error of 4.27%, with the higher threshold accounting for
variability and ensuring robustness.

In this study, every M-CNN was built using the Keras deep learning library and its
back-end engine TensorFlow in Python 3.11 environments, as in our previous studies [28,29].
All computations were executed using the following computer hardware specifications:
Intel (R) Core (TM) i7–10700 CPU @ 2.9 GHz with 64.0 GB RAM and NVIDIA GeForce RTX
3060 Ti 8 GB.

3.4. Determination of the Well Locations and Performan ce Evaluation

For each sequential well placement, its learning data were divided into training (60%),
validation (20%), and test (20%) sets, a commonly used ratio in machine learning [44]. A
similar ratio was also employed in the previous studies [28–30], where it proved to be both
reliable and effective in training proxy models for well placement optimization. Then, oil
productivity at all feasible locations was evaluated using the learned proxy. Thereafter,
the top ten qualified scenarios were selected in descending order of field cumulative oil
production estimated using the proxy QNN

o . Table 4 summarizes the performance of the
proxy for the learning data and the εavg values of the top ten qualified scenarios. All R2

values exceed an θR2 of 0.75, confirming satisfactory learning performance. In addition,
three cases (excluding the fourth well) were sufficiently trained using iterative learning.
The relatively low R2 value for the 1st well was attributed to the limited dataset available
for training during its evaluation. As the iterative process progresses and more wells
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were included, the dataset expanded, enabling the model to better generalize and reduce
prediction uncertainty. This results in higher R2 values for subsequent wells, reflecting
improved predictive accuracy.

Table 4. Iterative learning performance of the M-CNN for the sequential well placement problem of
the UNISIM-I-D.

Well

Number of
Iterative
Learning

Number of
Feasible Well

Locations

Number of
Learning Data

R2 εavg (%)
for Ten Qualified

ScenariosTraining Data Test
Data

1st
well

Basecase
2282

176 0.93 0.87 13.34
1st 186 0.85 0.77 7.13

2nd (final) 196 0.89 0.84 2.64

2nd
well

Basecase
2281

209 0.95 0.93 5.31
1st (final) 219 0.94 0.90 1.66

3rd
well

Basecase
2280

180 0.91 0.87 21.53
1st (final) 190 0.96 0.94 0.68

4th
well Basecase (final) 2279 80 0.94 0.86 2.23

Second, compared with previous studies in which learning data are collected randomly,
the preparation of learning data based on evolution was more efficient. This ensured the
specialization of the constructed machine learning model for evaluating highly prolific
regions. The number of learning data for each well placement was approximately 200,
which was smaller than that reported by [26–28] (i.e., 504, 2000, and 400, respectively),
although their target reservoirs were different from each other. The reduction in the cost
of learning data preparation was further highlighted when the proposed approach was
applied to field-scale simulations.

Third, the M-CNN with iterative learning exhibited reduced εavg compared to that
without iterative learning owing to adding more high-productivity regions in its learning
data. This contributes to the search for an optimal well location. The performance of the
M-CNN in high-productivity regions increased with an increase in the number of iterative
learning attempts if the computational cost was available. The behavior of the model within
the ranges spanned by the learning data barely affects its generalization performance as a
high-productivity region (i.e., Nqual) outside the learning data [45]. These results support
the ability of iterative learning to overcome the intrinsic limitation of the extrapolation of
neural networks by adding high QNN

o scenarios to the learning dataset for the next proxy
implementation. Completing the iteration process implies that the extrapolation problem
(i.e., the maximization problem) is almost entirely converted into an interpolation problem.

Figures 9–12 show the scatter plots used to compare the reference and predicted
production for the test data scenarios and the top ten qualified scenarios for each well
placement problem. In each subfigure, the red dots represent the QRS

o and QNN
o pairs for

the test data. Similarly, the black dots represent pairs of the top ten scenarios. For the
basecases, the proxies tended to overestimate the oil productivity for the top ten scenarios.
As previously mentioned, this overestimation reveals the intrinsic limitation of machine
learning prediction for extrapolation. This limitation could be overcome by implementing
iterative learning. Based on these results, it is recommended to conduct iterative learning
up to a level at which the improvement in evaluation performance becomes insignificant
when applying machine learning for extrapolation, such as in well placement problems.
Because the production wells were installed sequentially, the number of iterative learning
applications decreased. In particular, the fourth well obtained high-quality results without
iterative learning (Figure 12) because the M-CNN had already learned the input data with
sufficient information.
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Figure 13 shows the oil productivity maps of the field cumulative oil production (i.e.,
QNN

o and QRS
o maps) obtained using M-CNN and RS. For quantitative comparison, relative

error maps (i.e., ε maps) were drawn using Equation (8) (Figure 13c,f,i,l): In Figure 13,
the black dots indicate the location of the well selected using the proposed approach. For
most real-world problems, the acquisition of QRS

o maps is extremely difficult because of
high computational costs (Figure 13b,e,h,k). By contrast, acquiring QNN

o maps is affordable
and reliable, provided that reasonable accuracy is guaranteed for the test data and final
solutions (Figure 13a,d,g,j). Overall, the QNN

o maps are similar to the corresponding QRS
o

maps, particularly in highly prolific regions. Some large ε values were obtained along
the reservoir boundary because of the low-proliferation regions, where the QRS

o values
were significantly smaller than the QNN

o values. Owing to this overestimation of QNN
o , ε

was higher than 20% because QRS
o is the denominator of Equation (8). Nevertheless, these

low-proliferation regions were not the targets of this study. Instead, this study focused
on the search for highly prolific regions. To achieve this, masking is useful in excluding
lowly productive regions based on expert knowledge, either a priori or a posteriori [29].
Furthermore, the overall quality improved during the sequential well placement problem,
as shown in Figure 13c,f,i,l.

Figures 14–16 show the production profiles at the four well locations selected using
the M-CNN, PSO with ES, and the original study [38], respectively. To maintain the oil
production rate close to the maximum surface liquid rate of 2000 m3/day for as long as
possible, the most significant factor affecting oil production was a minimum bottom-hole
pressure of 150 kg/cm2. Compared with the bottom-hole pressure, the water production
was relatively insignificant in every well during primary production.

Table 5 compares the final well locations and corresponding field cumulative oil
production: the production results of the original study [38], PSO results with ES, M-CNN
results, and PSO for simultaneous well placement. These four methods yielded different
well locations and drilling sequences, thereby yielding different four-year field cumulative
productions. Both PSO and M-CNN recommended grid block coordinates (64, 22) as the
drilling location of the third production well, indicating that both PSO and the proxy are
useful in the optimal search. The proposed proxy exhibited 47.40% in field cumulative
production compared with the original study [38]. Comparing the PSO with ES and PSO
for simultaneous optimization, the improvement of the field cumulative oil production
obtained using the M-CNN was 0.092 MMsm3 (0.81%) and 0.033 MMsm3 (0.29%), yielding
an additional profit of 57.87 MMUSD and 20.75 MMUSD when the oil price is USD 100/STB,
respectively. In summary, the accuracy of the developed proxy integrating PSO, M-CNN,
and iterative learning in the decision making of well placement problems was validated.
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Figure 16. Well production profiles at the four original well locations in the original study from the
original study [38]. (a) Oil production; (b) water cut; (c) bottom-hole pressure.

Table 5. Comparison of the oil productivity with four well locations and their field cumulative oil
production: the results of the original study [38], PSO results with early stopping (ES), M-CNN
results, and PSO without ES for simultaneous well placement. Note that M-CNN was designed based
on the PSO results with ES for an efficient generation of learning data. Also, PSO for simultaneous
well placement failed to activate ES in this study.

Method
Final Well Location (X, Y) Field Cumulative

Oil Production
(MMsm3)1st Well 2nd Well 3rd Well 4th Well

Original well placement [38] (38, 36) (21, 36) (44, 43) (31, 27) 7.742

Sequential well
placement

PSO w/ES (25, 24) (24, 41) (64, 22) (46, 10) 11.320
M-CNN (24, 36) (42, 11) (64, 22) (37, 41) 11.412

Simultaneous
well placement PSO w/o ES (43, 13) (63, 23) (34, 34) (14, 43) 11.379

Table 6 presents a comparison of computational costs based on the number of RS
runs. The RS was compared for all feasible scenarios: PSO with ES, M-CNN, and PSO
for simultaneous well placement. For sequential well placement, the PSO results with
ES were obtained from Npop × Nes RS runs. The cost of the M-CNN was the sum of
the PSO with ES cost Npop × Nes and the number of additional RS for iterative learning
Niter × Nqual , where Niter refers to the number of iterations. In the case of the PSO used for
simultaneous optimization, the experimental settings were Npop = 40 and Ne = 40, with
early stopping. The ES was not activated in this case study because the particles maintained
the evolution slowly. Thus, the number of RS runs reached 1600. Evidently, the M-CNN
proxy exhibited the advantage of computational efficiency over the full search using the
full-physics RS. The ratio of the computational cost of the proxy to that of the full search
using the RS was 11.18% (=1020/9122 × 100%). Compared with the PSO with ES results,
the M-CNN delivered a superior solution by increasing the computational cost by 4.08%
(=(1020−980)/980 × 100%). The M-CNN results showed a decrease in computational cost
of 36.25% (=(1600−1020)/1600 × 100%) compared with PSO with ES and simultaneous
well placement. Similarly to Table 6, Table 7 summarizes the total time required for all
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computations. The computational cost to execute the M-CNN was 541.5 (=271.0 + 129.2
+ 101.8 + 39.5) seconds, which is only 1.6% (=541.5/(9957 + 10,288.9 + 9625.1 +3982.8) ×
100%) of the PSO with ES cost.

Table 6. Comparison of the computational cost (the number of full-physics reservoir simulation (RS)
runs): RS runs for all feasible scenarios, PSO with ES, M-CNN, and PSO without ES for simultaneous
well placement.

Method

Number of RS Runs

1st Well
(A)

2nd Well
(B)

3rd Well
(C)

4th Well
(D)

Total
(E = A + B + C + D)

RS for all feasible scenarios Full search 2282 2281 2280 2279 9122

Sequential placement
PSO

w/ES 280 300 280 120 980

M-CNN 300 310 290 120 1020

Simultaneous placement PSO
w/o ES 1600 1600

Table 7. Comparison of the computational cost (time): RS runs for all feasible scenarios, PSO with ES,
M-CNN, and PSO without ES for simultaneous well placement.

Method

Computational Cost for RS Runs
(s)

Computational Cost for M-CNN
(s) Total

Computational
Cost (s)1st

Well
2nd
Well

3rd
Well

4th
Well

1st
Well

2nd
Well

3rd
Well

4th
Well

RS for all feasible
scenarios

Full
search 75,739.6 75,706.4 75,673.2 75,640.0 - - - - 302,759.2

Sequential
placement

PSO
w/ES 9293.2 9957.0 9293.2 3982.8 - - - - 32,526.2

M-
CNN 9957.0 10,288.9 9625.1 3982.8 271.0 129.2 101.8 39.5 34,395.3

Simultaneous
placement

PSO
w/o ES 65,097.0 - - - - 65,097.0

3.5. Discussion

Based on these numerical results, this study demonstrated that the integration of evolu-
tionary optimization, machine learning, and iterative learning produced effective solutions
for well placement optimization problems at a reasonable computational cost. While our
focus was on optimizing well locations within a sequential well placement framework,
future research aims to extend the methodology to incorporate well operating conditions
(e.g., water injection rates during waterflooding, CO2 injection rates for enhanced oil re-
covery or geological carbon storage). This expansion will enable optimization of both the
spatial arrangement of wells and operational parameters, potentially enhancing overall
field development strategies. For the sake of clarity and scope management, the current
study primarily validated the performance of the proposed methodology for well location
optimization. Subsequent research will address rate optimization and other operational
considerations, building upon this foundational work. Furthermore, the framework can
be applied to solve a variety of geoenergy engineering problems such as history match-
ing [46,47], pipeline management [48,49], and reservoir-well-surface facility-integrated
system design [50].

While this study demonstrates promising results, there are several avenues for im-
provement. Although PSO has proven effective and computationally efficient for well
placement optimization, more advanced algorithms, such as the Artificial Hummingbird
Algorithm (AHA), could yield superior convergence speed and accuracy [51]. Future
work will explore integrating these advanced algorithms into our hybrid framework to



Mathematics 2025, 13, 36 19 of 22

enhance optimization processes and performance in large-scale applications. Despite PSO’s
ability to reduce computational costs compared to exhaustive simulations, its role in dataset
generation can become a bottleneck in large-scale optimization problems, particularly with
heterogeneous or complex reservoir models. In such scenarios, PSO’s initial population
and convergence speed can significantly impact efficiency, potentially leading to extended
computation times.

Furthermore, in large-scale reservoir models with numerous candidate well place-
ments and high spatial resolution, the iterative learning process can become computa-
tionally intensive, especially when coupled with full-physics reservoir simulations. As
the number of wells increases, so does the computational burden, making optimizing the
balance between accuracy and efficiency crucial. Consequently, additional research is nec-
essary to address scalability challenges in large field-scale applications. Our future studies
will investigate the practicability of the algorithm for various complex problems, including
enhanced oil recovery and CO2 sequestration. These investigations will further refine our
approach and extend its applicability to a broader range of reservoir management scenarios.

4. Conclusions
This study designed an M-CNN, learning the PSO results, and enhanced its perfor-

mance with iterative learning to solve the sequential well placement problem in UNISIM-
I-D. After running the RS, the qualified locations selected using the M-CNN integrated
with PSO and iterative learning for the four wells were validated. In addition, the perfor-
mance of the M-CNN was compared with that of PSO. The M-CNN constructed with the
learning dataset obtained using an evolutionary algorithm (i.e., PSO) exhibited increased
accuracy and reduced computational cost. Iterative learning enabled the intensive search
of high-oil-potential regions, thereby overcoming the limitations of neural networks in an
extrapolation problem. Using the developed hybrid method, the computational cost spent
to evaluate all feasible well location cases was approximately 11.18% of the cost required
for exhaustive evaluation through RS. Despite the constraints of limited training data, the
M-CNN model, when integrated with PSO and iterative learning, demonstrated superior
performance compared to PSO alone. This hybrid approach achieved remarkable accuracy
with a relative error of less than 3% and significantly boosted cumulative oil production by
47.40% relative to the original well placement strategy. Notably, the M-CNN’s predictive
capabilities rivaled those of the exhaustive RS-based search, underscoring its efficiency
and effectiveness. This achievement highlights the robustness of the M-CNN framework
in optimizing well placement, even under data scarcity, and its potential to revolutionize
reservoir management practices by combining high accuracy with computational efficiency.
Another advantage of the proposed approach was its ability to swiftly test every candidate
location, thereby providing a detailed quality map for further examination. These results
demonstrate the efficacy of M-CNN for the multi-well placement optimization problem, as
it achieved a balance between accuracy and computational cost savings. This rapid and
precise approach can enhance decision making for well placement in multi-million-dollar
geoenergy projects.
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