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Abstract. Natural gas hydrate, also known as "combustible ice", is an efficient and clean backup
energy source. The purpose of this study is to conduct a comprehensive quantitative assessment of
natural gas hydrate resources in a sea area, and to propose a site selection plan for additional wells.
Firstly, this paper obtains the geological data of 14 exploration wells in this sea area, establishes a
K-means clustering model, and derives the clustering of well data into three different regions, and
the distribution range of natural gas hydrate is obtained by calculating the location of the center of
each cluster. Secondly, combined with GIS tools, spatial interpolation analysis was carried out to
generate the spatial distribution map of each parameter (effective thickness, porosity, hydrate
saturation) in the study area. Finally, this study proposed to add five more wells in the region, and
the optimal spatial coordinates of the five well locations were obtained by constructing a multi-
objective optimization model using a genetic algorithm. This study creatively proposes a dual-stage
optimization model integrating K-means clustering and genetic algorithms, which not only addresses
the gap in comprehensive decision-making frameworks but also enhances exploration accuracy in
complex marine environments and promotes the commercialization development process.
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1. Introduction

Natural gas hydrate (commonly known as "combustible ice") is regarded as a strategic resource
for alleviating the energy crisis and realizing the low-carbon transition due to its large reserves and
clean combustion properties [1]. In recent years, with the advancement of offshore exploration
technology, the attention to its commercial exploitation has increased significantly worldwide.
However, traditional well planning methods mostly rely on empirical judgment of single geological
parameters (e.g., stratigraphic depth or rock type), which is prone to lead to problems such as low
exploration accuracy and incomplete resource coverage in complex marine environments [2].

Gao Bin et al. [3] proposed a resource distribution prediction model based on Kriging interpolation,
which can generate spatial distribution maps, but did not combine with cluster analysis to identify
resource-rich areas, resulting in a lack of systematic layout of new wells; Li En et al. [4] used ISCA-
BP neural network to construct the hydrate prediction model, but did not solve the problem of multi-
objective optimization, which makes it difficult to balance the efficiency of resource development
and economic costs. In addition, existing studies mostly focus on single technical means (e.g.,
statistical methods or spatial interpolation [5]), and have not yet formed a comprehensive decision-
making framework that integrates multidimensional parameters and intelligent optimization
algorithms [2, 6-7].

Based on this, this study proposes a two-step method of “cluster analysis + intelligent
optimization" to optimize the layout of gas hydrate exploration wells. In this paper, K-means
clustering algorithm, GIS spatial interpolation [8-10] and multi-objective genetic algorithm [2, 6] are
integrated for the first time, integrating multi-dimensional parameters such as rock type, porosity,
hydrate saturation and so on, and constructing a full-process decision-making framework of “resource
zoning - dynamic optimization". The framework of "resource zoning - dynamic optimization™ is
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constructed to systematically solve the problem of well location planning in complex marine
environment.

2. Optimal well placement based on K-means clustering algorithm or genetic
algorithm

2.1. Data sources

Geologic data, including but not limited to rock type, mineral content, and stratigraphic depth, are
available for each of the exploration wells in this study. Specific data are available on the website:
https://www.nmmcm.org.cn/notice_detail/332.

In order to conduct a more refined survey of the region, five additional wells are proposed in the
region with the objective of determining the optimal well placement to maximize reserve estimates
or achieve optimal resource development efficiency.

2.2. Optimal selection of well location based on K-means clustering algorithm

2.2.1 Modeling Principles

K-means clustering method was utilized to perform cluster analysis of the existing 14 exploration
wells to determine the distribution characteristics of the resource concentration areas and well
locations, so as to better arrange the optimal well locations after the proposed addition of 5 wells.

First, this research team already has geological data for each exploration well, including but not
limited to rock type, mineral content, and stratigraphic depth.

Next, the Elbow Method is used to determine the K-value, i.e., the number of clusters. This method
evaluates the relationship between the number of clusters and the total sum of squared errors (SSE),
and selects an "elbow point", i.e., a point where the drop in SSE suddenly slows down, as the K-value.

Next, the preprocessed data is clustered using the K-means clustering algorithm. The execution
flow of the algorithm is as follows:

Inputs: set of samples to be clustered D = {x;,x,, :**, Xy}, number of clustersK, maximum number
of iterations n.

Output: clustered clusters C = {cq, ¢y, **, Cx}

The steps are as follows:

Stepl: Randomly selectK clustering centers from the dataset D and let the corresponding vector
be (h1, M2, M)

Step2: Calculate the distance of each sample point to theK clustering center ||x; — wll3, and
group each sample point into the cluster closest to it.

Step3: Calculate the center vectors of K clusters obtained in step 2.

1
l’lk = M_kZXiECkXi (1)

Use it as a new clustering center.
Step4: Repeat Step2 and Step3 until the maximum number of iterations is satisfied 1 or the center
vectors of all clusters no longer change, output the clusters that are well clustered C = {c;, c,, -+, cx}-

2.2.2 Modeling and Solving

Cluster analysis is used to determine the location of the centers of each cluster and identify areas
of resource concentration. The preprocessed data is brought into the above model and the following
operations are performed through python:

For a dataset of n points, k from 1 to n is computed iteratively, and the sum of the squares of the
distances from each point to the center of the cluster to which it belongs is computed each time
clustering is completed; the sum of the squares becomes progressively smaller until it reaches 0 when
k==n, because each point is the center of the cluster to which it belongs itself. In this sum of squares
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change process, there will be an inflection point also known as the "elbow™" point, the rate of decline
suddenly slowed down that is considered to be the optimal value of k. K-means clustering elbow rule
results in the graph shown in Figure 1:

5 K-means clustering: Elbow method
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Number of clusters (k)

Figure 1. K-means clustering elbow rule result plot

From Figure 1, it can be observed that when k increases from 1 to 2, the SSE decreases very
significantly. When k continues to increase, the decrease of SSE slows down gradually, especially
after k=3, the decrease is much smaller. According to the elbow rule, the team chose the point where
the decline of SSE slows down significantly as the optimal k value. In this figure, k=3 appears to be
an appropriate choice because the decrease in SSE is no longer significant after this point. k=3 well
clustering results are plotted in Figure 2:
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Figure 2. k=3 clustering results for well locations

Figure 2 shows how the data points are categorized into three clusters at k = 3. Each cluster is
represented by a different color (red, green, and blue), and the center of mass of each cluster is marked
by a yellow asterisk; the distribution of the clusters shows a relatively clear spatial separation, and
the data points in each cluster are relatively concentrated in the two-dimensional space, and the
clusters are farther apart from each other, which indicates that the clustering is more effective.
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2.2.3 Analysis of results

The K-means clustering method was used to analyze the clustering of the 14 existing exploration
wells and to determine the distribution characteristics of the wells and the areas of resource
concentration. The clustering results show that the existing well locations can be divided into three
main clustering areas, and the distribution of resources within each clustering area is relatively
concentrated.

Based on the results of K-means clustering analysis, combined with GIS tools, this research team
performed spatial interpolation analysis to generate spatial distribution maps of each parameter
(effective thickness, porosity, hydrate saturation) in the study area. These spatial distribution maps
helped this research team to identify potential high resource areas not covered by existing exploration
wells.

Based on the spatial distribution map and the distribution of existing well locations, this research
team proposes an optimal siting plan for five new wells. The specific coordinates of the new well
locations are listed in Table 1.

These well locations were designed to be distributed in a circle around the center of the existing
area to cover the entire area and fully explore the resource potential in different directions.

Table 1. Optimal siting coordinates for five additional wells

X Y
38729.29 47391.43
36656.34 50244.60
33302.23 49154.78
33302.23 45628.07
36656.34 44538.26

2.3. Optimal selection of well location based on genetic algorithm modeling

2.3.1 Modeling Principles

Based on Genetic Algorithm (GA), multi-objective optimization is used to determine the location
of new wells in conjunction with existing survey data in the region. This model will consider address
data to predict potential resource distribution and find the most favorable drilling location.
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Figure 3. Flowchart of subregion-based genetic algorithm
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This problem is solved using genetic algorithm for the described modeling problem. In order to
guarantee the convergence and distribution of the multi-objective genetic algorithm while
maintaining the diversity and distribution of the solution population, this research team applies a sub-
region based evolutionary algorithm to cope with this multi-objective problem. The core idea of this
algorithm is to subdivide the target region space into multiple subregions. Before updating the
population, all contemporary individuals and their offspring are assigned to subpopulations in each
subregion. If the number of individuals in a subregion does not exceed a preset upper limit U, all
individuals are retained; if it exceeds U, the U best individuals are screened by a very large very small
strategy to populate the subpopulations in that subregion. During the execution of the algorithm, the
parent individuals of the hybridization operation must be selected from the same subregion. The
specific execution process is shown in Figure 3.

The entire solution steps are organized as follows based on the above flowchart:

Stepl: Initialize parameters. Initialize the population size N, the number of subregions S , the
maximum number of iterations T , the probability of hybridization P. and the probability of
mutation P, , generate S a vector of subregion centers w*,w?,..w* generate N a vector of

weights V = (vi',v,’), @2,...,N).

V= (Vi,vjz), (1,2,--N) (2)

Divide the N weight vectors into the S subregions.

Step2: Initialize the population. Adopt the design scheme of this paper to randomly generate 2N
individuals, and use the above regional division method to divide the population into sub-populations
ofS regions. If the number of individuals in a region does not exceed S, then all the individuals in
this region are assigned to the sub-population of this region, if the number of individuals in a region
exceeds S, then use the very large and very small selection operator to select S better individuals
into the sub-population.

Step3: Perform the hybridization mutation operation on individuals from each region separately to
ensure that both parents involved in the hybridization originate from the same region.

Step4: Update the population. The offspring produced after hybridization and mutation, as well as
the individuals in all subregions of the current generation, are rationally divided into each
corresponding region. If the number of individuals in a region does not exceed S, assign all the
individuals in this region to the sub-population of that region, and if the number of individuals in a
region exceeds S ,select S better individuals into the sub-population by using the very large very
small selection operator.

Step5: If t <T,t=1t+1, return to step Step3, otherwise output non-inferior solution.

t<T,t=t+1 (3)

2.3.2 Modeling and Solving

In order to solve the well location planning problem after the addition of five wells, a new drilling
program is planned by using the optimal well locations determined by the genetic algorithm model in
the following steps:

1) Initialize the population: At the beginning, a set of initial solutions are randomly generated that
represent the possible locations of the drilling wells. These initial solutions constitute the first
generation of the population.

2) Evaluating fitness: For each individual (drilling location), a fitness function is used to evaluate
its degree of merit in the problem space. The fitness function can take into account a variety of factors
such as distance from the target geologic formation, drilling costs, and expected output.

3) Selection operation: according to the evaluation results of the fitness function, select the better
individual as the parent of the next generation. Commonly used selection methods include roulette
selection and ranking selection.
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4) Crossover operation: By crossover operation, the chromosomes of selected individual parents
are crossed over to produce a new individual. The location and manner of crossover can be designed
according to the characteristics of the specific problem.

5) Mutation operation: Introduce a certain degree of random variation in the individuals after
crossover to increase the diversity of the population. The variation operation helps to jump out of the
local optimal solution and makes the algorithm more global search ability.

6) Generate the next generation: Generate the next generation of the population through selection,
crossover and mutation operations. Repeat this process until the stopping conditions are met (e.g., the
maximum number of iterations is reached, the fitness reaches a threshold, etc.).

7) Convergence and result output: as the iteration proceeds, the individuals in the population
gradually converge, and one or more better drilling location solutions are finally obtained. As needed,
the optimal solution or a collection of optimal solutions can be output.

2.3.3 Analysis of results

In order to arrange the well location based on the addition of five wells, the distribution range data
obtained from Problem 1 should first be spatially analyzed to identify the resource-rich and under-
explored areas. Building on this foundation, the genetic algorithm model was implemented, and the
obtained results are presented in Table 2.

Table 2. Coordinates and fitness values for the five additional well locations

X y fitness
37300 49000 0.983635997
37600 47900 0.839609769
37670 49850 0.88722716
36480 48610 0.952538086
38000 47130 0.929110263

The optimal well locations determined by the model are used to plan new drilling programs to
ensure efficient resource development and maximize economic benefits. Through a combination of
genetic algorithms and geological data analysis, this research team was able to scientifically guide
the placement of new wells to optimize resource exploration and development. This approach not
only improves the accuracy of exploration, but also provides strong decision support for future
development activities.

3. Conclusion

In this paper, based on the address data of 14 exploration wells in this sea area, the distribution
range of natural gas hydrate was obtained by establishing a K-means clustering model and calculating
the location of each cluster center. The spatial distribution map of each parameter in the study area is
derived by spatial interpolation analysis using GIS tools, and the optimal spatial coordinates of five
well locations are obtained by constructing a multi-objective optimization model combined with
genetic algorithm. There are two aspects that need to be improved in the research of this paper: the
first one is the insufficient consideration of dynamic geological constraints, and the effective
thickness, porosity and hydrate saturation are selected as the parameter basis for calculation in this
paper, and the existing model does not fully integrate the dynamic evolution parameters of the
reservoir, such as formation pressure gradient and porosity time-varying characteristics, which may
lead to the well location optimization scheme facing the risk of stability in the long-term exploitation.
The second is the algorithm convergence and accuracy limitation, K-means clustering is sensitive to
the initial center, which may lead to deviation in the identification of resource-rich zones, and the
genetic algorithm still has the risk of premature convergence under the high-dimensional solution
space. This study will introduce a dynamic coupling model in the follow-up, which will incorporate
a variety of dynamic parameters that need to be considered in the actual development into the fitness
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function of the genetic algorithm, in addition to the hybrid optimization of the algorithms used in this
paper, in order to achieve the purpose of improving the accuracy of the assessment.
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