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ABSTRACT

This study investigates the optimization of durian farming practices in Eastern
Thailand using data-driven clustering techniques. The research aims to identify
distinct agricultural patterns and improve resource allocation in durian produc-
tion. K-means clustering is applied to durian production area and yield data
from 2012 to 2023. Cluster quality is assessed using the Davies-Bouldin index
(DBI), Dunn index, and Silhouette score. The methodology included comparing
clustering results before and after log transformation of the data. Three main
clusters are identified which are large-scale high-yield producers, small-scale
lower-yield areas, and medium-scale producers with moderate yields. Notably,
log transformation did not consistently improve clustering performance with
original data often producing better-defined clusters. This finding highlights
the importance of carefully considering data pre processing methods. Further-
more, the data-driven clustering offers valuable insights for precision agriculture
by identifying regions with higher productivity allowing for targeted interven-
tions and better resource allocation. The results can guide farmers in optimizing
durian cultivation strategies, potentially leading to increased yields and more
sustainable farming practices in Eastern Thailand’s durian industry.
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1. INTRODUCTION
Southeast Asia has a great variety of fruits such as mangoes, lychees, rambutans, and longans which

grow well in the tropical climate [1], [2]. These fruits are important for local diets and also for their cultural
value [3]. Growing and selling these fruits are key to the food security and economic stability of many Southeast
Asian countries. For example, Thailand, Vietnam, Indonesia, Cambodia, and the Philippines are some of the top
exporters of tropical fruits helping to feed people both locally and around the world [4], [5]. However, farmers
in this region face big challenges. They need to produce more fruits to meet the increasing demand from both
local and international markets but they also have to do this in a way that does not harm the environment.
Climate change with more extreme weather, changes in rainfall and higher temperatures is already making it
harder to grow fruits [6], [7]. To deal with these problems, farmers are starting to use more sustainable farming
methods such as organic farming and growing crops that can handle the changing climate [8]. Moreover, fruits
are not merely agricultural products but are deeply woven into the social and cultural fabric of the region [9].
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Festivals celebrating the harvest of these fruits are common and they often play a symbolic role in religious and
cultural rituals [10]. For example, bananas and oranges are frequently given as offerings in temples and during
significant ceremonies showing their value beyond just food.

The growing global demand for tropical fruits has encouraged these countries to invest in better agri-
cultural practices, infrastructure and technologies to maintain and enhance their competitive edge in the market.
Governments and private sectors are increasingly focusing on improving supply chain efficiencies reducing post
harvest losses and ensuring that their fruits meet international quality and safety standards. Therefore, the in-
tegration of technology especially artificial intelligence (AI), machine learning, and data science has played a
significant role in transforming the agricultural sector [11]-[13]. These advanced technologies are being used
to analyze vast amounts of data collected from farms such as soil quality, weather conditions, and crop health
to make more informed decisions.

For example, AI driven predictive models can forecast crop yields and identify the best times for
planting and harvesting helping farmers optimize their resources and increase productivity [14]. Machine
learning algorithms are also being used to improve the efficiency of the supply chain by predicting demand
patterns, optimizing transportation routes, and reducing waste [15]. By analyzing historical data and real time
information, these technologies can help reduce post harvest losses and ensure that fruits reach markets at their
peak quality [16]. Additionally, data science techniques are enabling better tracking and monitoring of fruits
throughout the supply chain ensuring that they meet international quality and safety standards [17]. Therefore,
this is global trade boosts the economies of these countries and promotes cultural exchange as people around
the world become more familiar with and develop a taste for Southeast Asian fruits. The use of AI, machine
learning, and data science in agriculture is helping these countries stay competitive in the global market while
also contributing to the sustainability and efficiency of their farming practices. As a result, these technologies
are supporting economic growth and helping to preserve the cultural and agricultural heritage of the region.

One significant issue is the digital divide where many farmers lack access to the necessary technology,
internet connectivity and technical knowledge to fully benefit from these innovations [18]. The high cost of
implementing advanced technology can also be prohibitive for smart farming limiting their ability to compete
with larger agricultural enterprises [19]. Without proper support and infrastructure, the potential benefits of AI,
machine learning, and data driven farming could be unevenly distributed, exacerbating existing inequalities in
the agricultural sector. Additionally, integrating these technologies into traditional farming practices requires
careful consideration of local cultural and environmental contexts to ensure that they are both effective and
sustainable.

Therefore, this research focuses on analyzing durian farms in Eastern Thailand employing advanced
machine learning and data science methods to uncover patterns and groupings among different provinces based
on the area and production of these farms. Specifically, the study utilizes K-means clustering, a widely used
machine learning algorithm to partition the data into clusters that share similar characteristics. The Elbow and
Silhouette methods are applied to determine the optimal number of clusters ensuring that the analysis provides
meaningful and well defined groupings. Additionally, the study employs performance metrics such as the
Davies-Bouldin index (DBI) and Dunn index to evaluate the quality of the clusters formed. By integrating
these techniques, the research aims to provide actionable insights that can optimize farming practices, enhance
regional productivity, and support sustainable agricultural development in Eastern Thailand.

2. METHOD
2.1. Data collection

The data for this study is sourced from the Chanthaburi Data Center in Eastern Thailand covering
durian farming activities from 2012 to 2023. The dataset includes key variables with the province and district
which identify the specific geographic locations of the durian farms, the area of production in hectares which
indicates the total land used for cultivation and durian yield in kilograms per hectare representing the produc-
tivity of the farms. This dataset offers a detailed overview of durian farming across various provinces allowing
for an in depth examination of regional differences in farming practices and productivity.

2.2. Data cleaning and data transformation
Data cleaning is an important step in preparing a dataset for analysis, especially when dealing with

missing values and outliers. To handle missing values, start by identifying any gaps in the data. Depending
on how much data is missing and the importance of the missing values, replace them using the mean, median
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and mode of the relevant column which helps keep the dataset accurate without losing too much information.
However, if a lot of data is missing it could lead to errors, it might be better to remove the affected rows and
columns altogether.

Additionally, identifying and addressing outliers is crucial as outlier data can significantly skew re-
sults. However, in this research, outliers were not removed from the dataset. This decision was made to study
the model selection patterns under diverse data conditions and because the dataset is not particularly large.
Retaining all data points, including outliers, allows for a more comprehensive view of the data landscape. En-
suring the dataset is clean, consistent, and complete will improve the accuracy and reliability of the subsequent
analysis.

Feature scaling in the data transformation process is a crucial step, particularly when using clustering
algorithms like K-means, which are sensitive to the scale of data. In this research, log transformation was
applied as the primary method of data scaling. This approach, along with other normalization and standardiza-
tion techniques, ensures that all variables contribute equally to the analysis, preventing any single feature from
disproportionately influencing the clustering results. For instance, in the context of clustering durian farms,
features such as the area of production was log-transformed. This scaling method helps to compress the range
of large values and expand the range of small values addressing skewness in the data distribution. It ensures that
differences in the units and ranges of these features do not skew the clustering process leading to more accurate
and meaningful groupings of the data. The use of log transformation is particularly effective for variables with
a wide range and those that follow a multiplicative rather than additive pattern.

2.3. Clustering analysis
The core of this research involves the application of clustering algorithms to group provinces based

on the characteristics of their durian farms. The following steps outline the clustering process.

2.3.1. Model clustering
The K-means algorithm was chosen due to its effectiveness in partitioning data into distinct clusters

based on similarity. The algorithm works by minimizing the within cluster sum of squares and iteratively
adjusting cluster centroids to improve clustering quality [20], [21]:

WCSS =

k∑
j=1

n∑
i=1

∥x(j)
i − cj∥2,

where WCSS is the objective function to be minimized, k is the number of clusters, n is the number of
observations, x(j)

i is the i-th observation belonging to the j-th cluster and cj is the centroid of the j-th cluster.
The algorithm proceeds by alternating between two steps:
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S
(t)
i = {xp : ∥xp −m

(t)
i ∥2 ≤ ∥xp −m

(t)
j ∥2 ∀j, 1 ≤ j ≤ k},

− Update step:

m
(t+1)
i =

1

|S(t)
i |

∑
xj∈S

(t)
i

xj ,

where S
(t)
i is the set of points assigned to cluster i at iteration t and m
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The optimal number of clusters (k) was determined using the Elbow method [22], [23]. The Elbow method
involves plotting WCSS against the number of clusters (k) and looking for the Elbow point. This point can be
mathematically defined as the point of maximum curvature on the WCSS curve.

d2WCSS

dk2
.

The k value at which this second derivative is maximized can be considered the optimal number of
clusters. Alternatively, the percentage of variance explained can be used:

Variance explained = 1− WCSSk

WCSS1
,

where WCSSk is the within-cluster sum of squares for k clusters, and WCSS1 is the WCSS when k=1.
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2.3.2. Clustering validation
To validate the quality of the clusters obtained in this study, three well-known performance metrics are

employed such as the DBI [24], the Dunn index [25], and the Silhouette score [26]. Each of these metrics pro-
vides a unique perspective on the separation and compactness of the clusters which are essential characteristics
of well formed clusters.

− DBI: a lower DBI indicates better cluster separation and compactness. It was used to assess the average
similarity ratio of each cluster with its most similar cluster.

DBI =
1

k

k∑
i=1

max
j ̸=i

(
Si + Sj

dij

)
,

where Si is the average distance between each point in cluster i and the centroid of cluster i, dij is the distance
between the centroids of clusters i and j and k is the total number of clusters.

− Dunn index: this index measures the ratio between the minimum inter-cluster distance and the maximum
intra-cluster distance. Higher Dunn index values indicate well-separated and compact clusters.

Dunn index =

min
1≤i<j≤k

d(Ci, Cj)

max
1≤i≤k

δ(Ci)
,

where d(Ci, Cj) is the distance between clusters Ci and Cj , δ(Ci) is the maximum distance between points
within cluster Ci and k is the number of clusters.

− Silhouette score: this metric measures how similar each data point is to its own cluster compared to other
clusters. Higher Silhouette scores indicate well-defined clusters. The k-value that maximized the Silhouette
score was considered optimal.

s(i) =
b(i)− a(i)

max(a(i), b(i))
,

where a(i) is the average distance between point i and other points in the same cluster and b(i) is the minimum
average distance from point i to points in the nearest different cluster.

2.4. Data visualization
To gain deeper insights into the clustering results, data visualization techniques are employed. Visu-

alizing the data distribution is crucial to understanding the characteristics of the dataset before and after the
clustering process. In this study, histograms and box plots [27] are used to display the distribution of key vari-
ables such as durian production area and yield across the different provinces. Histograms help identify patterns,
trends, and outliers within the data while box plots provide a clear summary of the central tendency, variabil-
ity and potential outliers for each variable. These visualizations allow for a comparison of the distribution of
variables between different clusters and offer insights into how the data is spread across the provinces. By ex-
amining the variability and identifying outliers, it becomes easier to evaluate the effectiveness of the clustering
model and ensure that the clusters represent meaningful groupings based on the underlying data.

2.5. Interpretation of results
The clustering results are analyzed to identify key patterns and insights.

− Cluster characteristics: each cluster was analyzed to determine the common characteristics shared by
provinces within the same cluster, such as similar yields, farming practices, or environmental conditions.

− Actionable insights: based on the identified clusters, recommendations were made for optimizing agricul-
tural practices in each cluster. This included suggestions for resource allocation, technological interventions,
and sustainable farming practices tailored to the specific needs of each cluster.
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3. RESULT AND DISCUSSION
Figure 1 illustrates the distribution of average durian production area and yield for each province

across multiple years. The box plots highlight the central tendency and variability within each province with
outliers indicated beyond the whiskers. The left panel represents the average area of production (in hectares)
showing the range of land use across provinces while the right panel represents the average yield (in kilograms
per hectare) illustrating the productivity differences among provinces. The box plots provide insights into
regional variations helping to identify provinces with consistently high or low production and yield.

Figure 1. Box plot of average area of production and yield for durian farms across provinces (all years)

Figure 2 showcases a comparison between the original and log-transformed distribution of the durian
production area. The original distribution, shown on the left, reveals significant skewness with a few provinces
having much larger production areas compared to others. This skewness can create challenges in clustering
analysis, as larger values can dominate and skew the results, potentially leading to less accurate clusters. The
original data presents an uneven distribution of production areas, making it difficult for the clustering algorithm
to group provinces meaningfully.

Figure 2. Comparison of distribution characteristics in original and log-transformed area of production
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On the right, the log-transformed distribution addresses this issue by reducing the impact of extreme
values. The log transformation compresses the range of large production areas and expands the range of
smaller ones, resulting in a more balanced distribution. This normalization process helps improve the clustering
performance by ensuring that no single province disproportionately influences the results. As a result, the log-
transformed data allows for a more accurate representation of patterns and relationships among provinces in
terms of durian production, enabling better-defined and more meaningful clusters.

Figure 3 illustrates the comparison between the original and log-transformed distribution of durian
yield per hectare. The original distribution, shown on the left, demonstrates skewness, where a few provinces
exhibit significantly higher yields compared to others. This uneven distribution suggests that some regions
produce much more per hectare, while others lag behind, creating challenges for clustering algorithms to ac-
curately group similar provinces. In this original form, the data is heavily influenced by outliers, which could
result in clusters dominated by these extreme values, skewing the analysis and masking underlying patterns.

Figure 3. Comparison of distribution characteristics in original and log-transformed yield

On the right, the log-transformed distribution adjusts the skewness by compressing large yield values
and expanding smaller ones. However, it introduces certain irregularities, such as a left-skewed tendency and
bimodal patterns. Although the log transformation reduces the impact of extreme values, its effectiveness in
aiding analysis and clustering depends on the dataset’s structure. In this case, the transformation does not
consistently enhance the accuracy of reflecting variations in durian yield across provinces.

Figure 4 illustrates the clustering of provinces from 2012 to 2023 based on durian production area
and yield. Each province is assigned to one of three clusters, represented by different colors, indicating simi-
larities in farming practices, land use, and productivity. The spatial distribution of clusters highlights regional
differences in durian farming, with some provinces consistently grouped together over the years due to similar
agricultural characteristics. This visualization provides a clear geographic perspective of the clustering results
and allows for the identification of patterns and trends across the regions.
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Figure 4. Cluster assignment of provinces (2012, 2017, 2020, and 2023)
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The figure also highlights temporal changes in provincial clustering offering a deeper understanding
of how the agricultural landscape may have shifted over time. This helps to identify provinces that have
either increased and decreased in productivity and land use, thereby allowing researchers and policymakers
to monitor the evolution of durian farming regions. The geographic distribution of the clusters can further
inform strategic planning for resource allocation, technological interventions and the implementation of tailored
farming practices to optimize yield and sustainability across Eastern Thailand.

The comparison of clustering metrics before and after log transformation reveals significant insights
into the dataset’s structure and the effectiveness of the transformation (Table 1). Overall, the log transformation
generally did not improve clustering performance across the years studied. Davies-Bouldin Scores consistently
increased after transformation, indicating potentially poorer cluster separation. Silhouette scores mostly de-
creased suggesting that the original data may have had better defined clusters. The Dunn index showed mixed
results with some years improving and others deteriorating after transformation.

Table 1. Comparison of clustering metrics before and after log transform
Year Davies-Bouldin Score Dunn index Silhouette score

Before After Before After Before After
2012 0.302665 0.685463 0.396260 0.236223 0.615334 0.320194
2013 0.543252 0.653921 0.078082 0.070662 0.558279 0.489009
2014 0.593647 0.856772 0.036246 0.164710 0.520202 0.479697
2015 0.684264 0.904941 0.056896 0.162591 0.441512 0.446666
2016 0.586815 0.753699 0.098682 0.161728 0.521381 0.476560
2017 0.652970 0.742797 0.199246 0.101041 0.491824 0.407584
2018 0.634182 0.740250 0.070140 0.145778 0.479389 0.439386
2019 0.632832 0.716224 0.027092 0.124827 0.480100 0.486832
2020 0.507760 0.748040 0.220983 0.210851 0.597098 0.482537
2021 0.497913 0.741959 0.116295 0.122217 0.607284 0.475719
2022 0.528537 0.651915 0.067940 0.154245 0.625088 0.506990
2023 0.659915 0.888091 0.207901 0.105373 0.487491 0.354306

Among the years analyzed, 2022 stands out as having the most robust clustering results. It demon-
strated the best Silhouette score both before (0.625088) and after (0.506990) transformation as well as the
best Davies-Bouldin Score after transformation (0.651915). The year 2012 also showed notable performance
particularly before transformation with the best Davies-Bouldin Score (0.302665) and Dunn index (0.396260).
However, its performance declined more significantly after transformation compared to 2022, especially in
terms of Silhouette score.

The varying impact of log transformation across different years suggests that the underlying data
structure may be changing over time. This observation highlights the importance of carefully considering data
transformation techniques in clustering analysis. While log transformation is often used to handle skewed data.
In this case, it appears that the non transformed data yielded better-defined clusters in most instances. These
findings emphasize the need for a thorough understanding of the dataset’s characteristics and the potential
effects of transformations when performing cluster analysis as the optimal approach may vary depending on
the specific year and subset of data being analyzed.

Table 2 presents the summary statistics for the clusters generated based on the durian production area
and yield in 2023. The table shows the mean, minimum and maximum values for both the area of production
(in hectares) and the yield (in kilograms per hectare) for each of the three identified clusters. Cluster 0 which
consists of provinces with the largest production areas has a mean production area of 54,317.25 hectares with
yields averaging 331.12 kg/ha. This suggests that provinces in this cluster are the major producers of durian,
both in terms of land area and productivity.

Table 2. Cluster statistics for year 2023
Cluster Area of production Yield

Mean Min Max Mean Min Max
0 54,317.25 39,444 77,130 331.12 282.88 371.20
1 2,963.14 23 16,457 199.66 144.80 254.40
2 10,869.00 604 27,508 319.26 280.96 366.40

In contrast, Cluster 1 with a mean production area of only 2,963.14 hectares represents provinces
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with much smaller durian farming areas. The average yield in this cluster is lower at 199.66 kg/ha indicating
that these provinces have less land dedicated to durian farming and lower productivity per hectare. Cluster
2 with a mean production area of 10,869 hectares and an average yield of 319.26 kg/ha represents provinces
with moderate levels of production and relatively high yields. These insights provide a clear segmentation of
durian farming regions with Cluster 0 representing large scale with high yield producers while Clusters 1 and
2 represent smaller and moderate scale producers with varying levels of productivity.

Table 3 shows the cluster assignments for individual provinces and districts based on the durian pro-
duction data from 2023. Each row represents a province and its respective district, categorized into one of the
three clusters identified in the analysis. The clusters are differentiated by shared characteristics such as produc-
tion area and yield with Cluster 0 typically representing provinces with large production areas and high yields
while Clusters 1 and 2 represent provinces with smaller production areas and varying productivity levels.

Table 3. Cluster assignments for provinces and districts in 2023
Province District Cluster
Chanthaburi Khao Khitchakut 0
Chanthaburi Khlung 0
Chanthaburi Tha Mai 0
Rayong Klaeng 0
Chanthaburi Pong Nam Ron 1
Chanthaburi Soi Dao 1
Rayong Ban Chang 1
Rayong Ban Khai 1
Rayong Nikhom Phatthana 1
Rayong Pluak Daeng 1
Trat Ko Kut 1
Chanthaburi Kaeng Hang Maeo 2
Chanthaburi Laem Sing 2
Chanthaburi Makham 2
Chanthaburi Mueang Chanthaburi 2
Chanthaburi Na Yai Am 2
Rayong Khao Chamao 2
Rayong Mueang Rayong 2
Rayong Wang Chan 2
Trat Bo Rai 2
Trat Khao Saming 2
Trat Khlong Yai 2
Trat Ko Chang 2
Trat Laem Ngop 2
Trat Mueang Trat 2

This table provides a detailed breakdown of the geographic distribution of the clusters within the
provinces of Chanthaburi, Rayong, and Trat. For example, districts such as Khao Khitchakut and Khlung in
Chanthaburi are grouped into Cluster 0 indicating they are major durian production areas. In contrast, districts
such as Pong Nam Ron in Chanthaburi and Ban Chang in Rayong fall into Cluster 1 which corresponds to
regions with smaller production areas and relatively lower yields. This level of detail facilitates a more granular
understanding of how different regions contribute to overall durian production and how they vary in terms of
agricultural efficiency and land use.

In this study, the clustering analysis provided valuable insights into the patterns and groupings of
durian farms based on production area and yield across provinces in Eastern Thailand. The application of
K-means clustering, validated by multiple performance metrics such as the DBI, Dunn index, and Silhouette
score allowed for the identification of well defined clusters that reflect the diversity in agricultural practices
and productivity levels among the regions. The analysis showed that log transformation while often useful for
normalizing skewed data did not consistently improve clustering performance across all years with some years
showing better defined clusters in the original dataset. The identification of distinct clusters offers practical
implications for optimizing farming practices by highlighting key differences between regions with large-scale
production and those with lower yields. These findings provide a data-driven foundation for enhancing durian
cultivation practices through targeted resource allocation and the adoption of tailored smart farming techniques.

The clustering analysis of durian production in Eastern Thailand for 2023 reveals distinct patterns
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across the three main provinces which is Chanthaburi, Rayong, and Trat. This analysis based on production area
size and yield, categorizes districts into three clusters providing valuable insights into the region’s agricultural
landscape.

Chanthaburi exhibits the most diverse clustering with districts spread across all three clusters. The
province’s major durian producing areas including Khao Khitchakut, Khlung, and Tha Mai, fall into Cluster
0, characterized by large production areas (averaging 54,317.25 hectares) and high yields (averaging 331.12
kg/hectare). The majority of Chanthaburi’s districts such as Kaeng Hang Maeo, Laem Sing, Makham, Mueang
Chanthaburi, and Na Yai Am, belong to Cluster 2, featuring medium sized production areas (averaging 10,869
hectares) and relatively high yields (averaging 319.26 kg/hectare). A few districts, including Pong Nam Ron
and Soi Dao, fall into Cluster 1 with smaller production areas (averaging 2,963.14 hectares) and lower yields
(averaging 199.66 kg/hectare). Rayong shows a different pattern with most districts in Clusters 1 and 2. Only
Klaeng district is in Cluster 0, while Ban Chang, Ban Khai, Nikhom Phatthana, and Pluak Daeng are in Cluster
1. Khao Chamao, Mueang Rayong, and Wang Chan districts comprise Rayong’s Cluster 2 representation. Trat
presents a more homogeneous picture, with all its districts except one in Cluster 2. These include Bo Rai, Khao
Saming, Khlong Yai, Ko Chang, Laem Ngop, and Mueang Trat. The exception is Ko Kut district, which falls
into Cluster 1.

This clustering analysis provides crucial insights for precision agriculture planning and development
in Eastern Thailand. It highlights areas of high productivity such as the Cluster 0 districts in Chanthaburi
and Rayong which may serve as models for best practices. Conversely, Cluster 1 areas found across all three
provinces may benefit from targeted interventions to improve yield and expand production. The prevalence of
Cluster 2 districts particularly in Trat and parts of Chanthaburi suggests a stable mid-range production capacity
with potential for optimization. By understanding these clusters, agricultural planners and policymakers can
tailor their approaches to each area’s specific characteristics, potentially leading to more efficient resource
allocation and improved overall durian production in the region.

4. CONCLUSION
This research showed how data-driven clustering methods can be used to analyze and improve durian

farming practices in Eastern Thailand. By using K-means clustering on data about durian production areas and
yields, distinct groups of provinces with similar farming characteristics are identified. Measures like the DBI,
Dunn index, and Silhouette score ensured that the clusters were clear and meaningful. Log transformation is
applied to adjust the data, but the results varied each year, highlighting the importance of understanding the
data before making changes.

The results of this study provide useful ideas for improving durian farming through precision agricul-
ture. By identifying areas with higher productivity and making better use of resources, farmers can increase
overall yield efficiency. The clusters found in this research can also guide specific actions such as the use of
smart farming technologies designed to meet the needs of each region. These insights can help durian farming
remain sustainable despite challenges such as climate change and shifting market demands.

In future work, additional variables could be incorporated to create more comprehensive models of
durian farming efficiency. Exploring more advanced machine learning models beyond K-means, such as hierar-
chical clustering and deep learning techniques could further improve the accuracy of groupings. Additionally,
refining the data preprocessing steps including more robust handling of outliers and testing different transfor-
mation techniques would enhance the overall quality of the clustering process.
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