12 (1) 2026 45-57
Register: Jurnal limiah Teknologi Sistem Informasi

ISSN 2502-3357 (online) | ISSN 2503-0477 (print)

Contents lists available at www.journal.unipdu.ac.id @ E =
AR

egister

+ e me s nos Journal Page is available to www.journal.unipdu.ac.id/index.php/register

Register

Research article
Agroecological Zoning of Bangkalan Regency Using K-Means
and HDBSCAN Based on Integrated Soil Fertility and Climate

Features
Wahyudi Agustiono®, Giraldo Stevanus®,Yoga Dwitya Pramudita, Wahyudi Setiawan®*,

Deshinta Arrova Dewi*

abd Department of Information System, University of Trunodjoyo Madura, Bangkalan, Indonesia

¢ Department of Informatics, University of Trunodjoyo Madura, Bangkalan, Indonesia

¢Center for Data Science and Sustainable Technologies, INTI International University, Malaysia. Jalan Persiaran Perdana Bandar Baru Nilai,
Malaysia

email: 2 wahyudi.agustiono@trunojoyo.ac.id, » 220441100064@student.trunojovo.ac.id, ¢ yoga@trunojovo.ac.id,

4" wsetiawan@trunojoyo.ac.id, ¢deshinta.ad@newinti.edu.my * Correspondence
ARTICLE INFO ABSTRACT
Article history: Agroecological heterogeneity poses challenges for agricultural planning in
ﬁec?lVZdFSEPtembigfgzé 226025 Bangkalan Regency, Indonesia. This study aimed to delineate agroecological
Ai‘é;s}:te d ?u;zagm 2006 zones by integrating soil fertility, climate, and topographic variables using K-
Available online ]1;ne 23t 2026 Means clustering and Hierarchical Density-Based Spatial Clustering of
Applications with Noise (HDBSCAN). A total of 11,000 geospatial

Keywords:

Agroecological Zoning
K-Means Clustering
HDBSCAN

Soil-Climate Integration
Crop Suitability Mapping

Please cite this article in IEEE
style as:

W. Agustiono, G. Stevanus, Y.D.
Pramudita, W. Setiawan, D.A.
Dewi, “Agroecological Zoning of
Bangkalan Regency Using K-
Means and HDBSCAN Based on
Integrated Soil Fertility and

observations obtained from Google Earth Engine were aggregated into 277
village-level units. The dataset included soil nutrients (nitrogen, phosphorus,
and potassium), the Soil Quality Index, temperature, rainfall, humidity,
elevation, and slope. Data preparation, modeling, and evaluation were
performed as the primary methodological steps. Min-Max Scaling was applied
to normalize the data. The optimal K-Means configuration (K = 3) achieved a
Silhouette Score of 0.2668, an Inertia value of 294.5529, and a Calinski-
Harabasz Index (CHI) of 75.8821. The resulting clusters were classified as
High-Potential (52 villages), Moderate-Potential (142 villages), and
Environmental-Constraint (83 villages) zones. HDBSCAN was used to
validate clustering patterns and detect environmental anomalies. The optimal
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HDBSCAN configuration identified two density-based clusters and five noise
villages. These villages showed exceptionally high nitrogen, phosphorus, and
Soil Quality Index values, indicating localized agroecological hotspots. The
integration of K-Means and HDBSCAN offers a comprehensive framework for

agricultural planning, resource allocation, and sustainable land management.
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1. Introduction

Agriculture plays a central role in food security and economic development, particularly in agrarian
economies. Agricultural productivity is increasingly affected by soil nutrient imbalances and climate
variability [1]. Essential nutrients, such as nitrogen (N), phosphorus (P), potassium (K), and soil acidity
(measured by pH) are critical determinants of crop growth and yield [2]. Nitrogen deficiency has been
reported to reduce rice yields by up to 50%, while potassium deficiency may cause losses of up to 70%
[3]. Extreme temperatures exceeding 35 °C and irregular rainfall can disrupt crop production and, in
severe cases, lead to total crop failure [4].

These challenges are also evident in Bangkalan Regency, East Java, which has predominantly
dryland agricultural systems and considerable environmental heterogeneity. The regency experiences
low and variable rainfall, prolonged dry seasons, and unevenly soil fertility distribution across villages.
Topographic conditions range from low-lying coastal areas to inland regions with higher elevations and
steeper slopes [5], [6]. Such spatial variability leads to unequal agricultural productivity and complicates
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the formulation of site-specific development strategies. Therefore, a systematic agroecological zoning
framework is needed to identify areas with similar soil and climate characteristics [7], [8]

Machine learning approaches have been applied in agriculture for crop yield prediction, soil
quality assessment, land suitability analysis, and pest monitoring. Several studies have shown the
effectiveness of clustering techniques, including K-Means, for identifying spatial patterns in agricultural
and environmental datasets [9]. However, most previous studies have focused on either soil properties
[10], [11]. Village-level agroecological zoning that integrates soil fertility, climate, and topographic
variables within a single framework remains limited in the literature. The potential influence of extreme
observations or agroecological hotspots is also often overlooked.

Although previous studies have applied clustering techniques to agricultural zoning, most have
focused on either soil properties or climatic variables in isolation, while only a few have integrated soil
fertility, climate, and topographic factors into a unified agroecological framework. Furthermore,
existing studies generally employ partition-based clustering methods that assign all observations to
predefined groups, potentially overlooking localized agroecological hotspots and anomalous
environmental conditions. Consequently, the identification of villages with exceptionally distinct soil
fertility characteristics remains limited.

To address this gap, this study proposes an integrated Agroecological Zoning (AEZ) framework
using K-Means clustering and HDBSCAN. The framework integrates soil nutrient variables (N, P, and
K), soil quality indicators, climate parameters, and topographic characteristics to delineate
agroecological zones across the 277 villages in Bangkalan Regency. HDBSCAN is used as a
complementary density-based method to identify agroecological hotspots and validate the robustness
of the clustering structure. Table 1 shows a comparison with previous studies.

Table 1. Comparison of Previous Studies and the Present Study

Study Main Variables Method Agroecological Soil-Climate =~ Topographic
Zoning Integration Factors

[9] Land suitability PCA +K-Means Partial No Limited
variables

[7] Soil fertility  Statistical Yes Partial No
indicators analysis

[8] Soil fertility and Field-based Partial Partial No
agroforestry analysis
variables

[12] Soil, climate, and AEZ framework Yes Yes Yes
slope

[13] Soil or climate K-Means or Partial Limited Limited
variables related methods

Present Study Soil fertility, K-Means + Yes Yes Yes
climate, and HDBSCAN
topography

Table 1 shows that previous studies generally focused on either soil properties or climatic factors.
Density-based clustering for anomaly detection has rarely been incorporated. The present study
combines K-Means and HDBSCAN to simultaneously delineate agroecological zones and identify
localized agroecological hotspots at the village scale.

2. Materials and Methods

2.1. Materials

The materials used in this study consist of publicly available geospatial datasets representing the soil,
climate, and topographic characteristics of Bangkalan Regency, East Java, Indonesia. Soil parameters,
including N, P, potassium (cation exchange capacity/CEC), pH, and soil texture, were obtained from
the SoilGrids v2 database [14] . Climate data, covering temperature, humidity, rainfall, wind speed, and
sunshine duration, were collected from ERA5-Land [15] and CHIRPS [16] Topographic variables, such
as elevation and slope, were extracted from the Shuttle Radar Topography Mission (SRTM DEM) [17].
To ensure adequate spatial representation, 11,000 random sampling points were selected within the
administrative boundaries of Bangkalan Regency. Table 2 presents the dataset specifications used as
input for data collection and processing.
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Table 2.Specification and Description of Data

Specification Description

Subject area Agriculture, Agroecology, Environmental Science

Type of data Tabular data, geospatial points (CSV, raster)

Data format Raw, processed

Number of records 11,000 sampling points

Parameters Soil nutrients (N, P, K, pH, texture), climate (temperature, humidity, rainfall,

sunshine, wind speed), topography (elevation, slope), geographic coordinates
(Latitude and longitude for each sampling point)
Data source Google Earth Engine (SoilGrids v2, ERA5-Land, CHIRPS, SRTM DEM)
Data period 2021-2025
Although the data sources covered the period from 2021to 2025, only the most recent available
observations (2025) were used for the analysis. Therefore, the dataset represents a temporal snapshot of

agroecological conditions rather than a long-term multi-year average.

2.2. Methods

To ensure a systematic and reproducible research process, this study employed a structured
methodology organized into a series of sequential stages. The framework was designed to transform
raw agroecological datasets into meaningful, actionable insights through data preprocessing, feature
selection, dimensionality reduction, clustering, and interpretation. Each stage was carefully executed to
maintain data quality, ensure analytical rigor, and enhance the validity of the resulting
recommendations. The following subsections provide a detailed description of each step in the
methodological process.

Data Collection
Google Earth Engine
1. Data (SoilGrids, ERAS-Land, CHIRPS,
Acquisition
¥

Data Aggregation
11,000 sample points
— 277 village-level units
¥

| |
I Data Cleaning ’
| 3
I |
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¥
Normalization
Min-Max Scaling (0-1)

I
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Fig. 1. Methodology research of the study

The overall methodological framework of this study is illustrated in Figure 1. The framework
summarizes the sequential stages of the research, beginning with data collection and preprocessing,
followed by feature selection and dimensionality reduction, clustering, and ending with interpretation
and validation. This visual representation emphasizes the logical flow of the study and demonstrates
how each analytical stage is systematically connected to subsequent stages.
2.2.1. Data Collection
The sampled point data were aggregated according to administrative boundaries of the 277 villages in
Bangkalan Regency. Zonal statistics were calculated by averaging the values of all sampling points
within each village boundary polygon. This aggregation transformed the initial dataset of 11,000 point
observations into a village-level dataset comprising 277 records. Each record represents the mean soil,
climate, and topographic characteristics of a village unit. The resulting dataset served as the primary
input for subsequent clustering analysis.
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A total of 11,000 sampling points were generated using a uniform random sampling approach
within the administrative boundary of Bangkalan Regency in Google Earth Engine. Under this
approach, each location within the study area had an equal probability of being selected, minimizing
spatial selection bias. Environmental attributes from SoilGrids, ERA5-Land, CHIRPS, and SRTM
datasets were extracted at each sampling point and used for subsequent analysis.

2.2.2. Data Preprocessing

Data preprocessing was performed to ensure the dataset was suitable for clustering using K-Means and
HDBSCAN. Following aggregation, the dataset comprised 277 villages, each represented by aggregated
soil, climate, and topographic attributes. The first stage involved data cleaning and handling missing
values. Several records contained incomplete information, particularly for the soil type variable. A data
quality assessment revealed that 17 out of 277 villages (6.14%) had missing information in the Soil Type
attribute. Mode imputation was applied by assigning the most frequent soil type, Vertisol, to the
missing observations. This approach was used because Vertisol was the most dominant soil type across
the study area. Following imputation, no missing values remained in the dataset.

The second stage consisted of feature selection. Nine variables with high agricultural relevance
were selected as input features: N, P, K, slope, elevation, rainfall, humidity, temperature, and the Soil
Quality Index (SQI). Variables excluded were Soil Type (with near-zero variability), Soil pH (with a
limited range of 54 to 63), and geographic coordinates (to avoid proximity-based bias).

The final preprocessing stage involved data normalization using Min-Max Scaling. This
procedure transformed all variables into a common scale ranging from 0 to 1. Normalization was
particularly important because nutrient variables such as Phosphorus had values in the hundreds of
thousands, whereas slope had substantially smaller numerical ranges in comparison.

2.2.3. Clustering Method

This study used two unsupervised machine learning algorithms: K-Means and HDBSCAN, to delineate
agroecological zones and identify environmental anomalies. The combined use of these algorithms
provides complementary perspectives into agroecological heterogeneity.

K-Means clustering was used as the primary method. The algorithm partitions observations into
K predefined clusters by minimizing the within-cluster sum of squared distances between observations
and their respective cluster centroids. Villages with similar soil fertility, climate, and topographic
characteristics are grouped into the same cluster based on the Euclidean distance metric. The clustering
process used nine selected features: N, P, K, slope, elevation, rainfall, humidity, temperature, and Soil
Quality Index.

To determine the optimal number of clusters, several internal validation metrics were evaluated,
including the Silhouette Score, Davies-Bouldin Index (DBI), Within-Cluster Sum of Squares
(WCSS/Inertia), and the Calinski-Harabasz Index (CHI). The final cluster configuration was selected
based on the combined interpretation of these metrics and the practical interpretability of the resulting
clustered zones.

HDBSCAN was applied as a complementary density-based clustering method. Unlike K-Means,
HDBSCAN does not require the number of clusters to be specified in advance and can identify
observations that do not belong to any dense cluster. This characteristic makes HDBSCAN suitable for
detecting agroecological hotspots and identifying anomalous villages with extreme environmental
characteristics. The algorithm was optimized by varying the parameters min_cluster_size (5, 10, 15, 20,
25, and 30) and min_samples (1, 3, 5, and 10). The optimal parameter combination was selected based
on the highest Silhouette Score obtained.

In this study, HDBSCAN served two purposes. First, it was used to validate the robustness of the
agroecological patterns identified by K-Means clustering. Second, it enabled the detection of villages
with exceptionally distinct soil fertility characteristics. Villages classified as noise (label = -1) were
interpreted as agroecological hotspots requiring special consideration in agricultural land-use planning.
2.2.4. Model Evaluation
The Silhouette Score (SS) measures the degree of cohesion within clusters and separation between
clusters, with higher values indicating better clustering performance [18]. The Davies-Bouldin Index
(DBI) evaluates the ratio of within-cluster dispersion to between-cluster separation, where lower values
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represent more distinct clusters [19]. Inertia (WCSS) measures cluster compactness by summing the
squared distances between observations and their assigned centroids[18], [19], [20], CHI assesses the
ratio of between-cluster dispersion to within-cluster dispersion, with higher values indicating better-
defined cluster structures|[21].

For K-Means, the number of clusters was varied from K =2 to K = 8 clusters. Each configuration
was evaluated using all four metrics. For HDBSCAN, the cluster_selection_method parameter was
systematically evaluated. The SS metric was used throughout the analysis as the primary evaluation
criterion.

3. Results and Discussion
3.1. Result
3.1.1 K-Means Cluster Optimization

The optimal number of clusters was determined by evaluating K-Means performance using four
internal validation metrics: SS, DBI, WCSS/Inertia, and CHI indices. These metrics were evaluated for
cluster sizes ranging from K =2 to K =8. The comparative results are presented in Table 4 and Figure 2.

Table 4. Internal Validation Metrics for Determining
the Optimal Number of Clusters

Cluster-Size ~ SS DBI Inertia CHI

K=2 0.2284 1.7552 374.6914  62.4542
K=3 0.2668 1.3708 294.5529  75.8821
K=4 0.2534 1.3323 227.193 73.1205
K=5 0.2458 1.3373 178.1324  70.5518
K=6 0.2498 1.3882  139.4003 68.2234
K=7 0.245 1.3305 116.6279  65.9012
K=8 0.2524  1.3098 96.6532 63.4429

Figure 2 shows that the Silhouette Score (SS) reached its highest value of 0.2668 at K = 3, indicating
that the clusters at this configuration exhibit the best balance between cohesion and separation. A higher
Silhouette Score suggests that observations are well matched to their own cluster and distinctly
separated from neighboring clusters. Therefore, the S5 metric supports K = 3 as the optimal number of

clusters.
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Fig. 2. Determination of the Optimal K-Means Cluster Number Based on Internal Validation Metrics
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The Davies—Bouldin Index (DBI) achieved its lowest value of 1.3098 at K = 8 clusters. Since lower
DBI values indicate better clustering quality, this metric suggests that increasing the number of clusters
improves the compactness and distinctiveness of the cluster boundaries. Consequently, DBI identifies
K =8 as the optimal solution based on this criterion.

The WCSS (Inertia) curve shows a substantial decrease from K =2 to K = 3, followed by a more
gradual decline for higher K values. This pattern forms an "elbow" around K=3, indicating that adding
more clusters beyond this point yields diminishing improvements in within-cluster compactness. Thus,
the elbow method based on inertia also favors K = 3.

The Calinski-Harabasz Index (CHI), also known as the Variance Ratio Criterion, evaluates
clustering quality by measuring the ratio of between-cluster dispersion to within-cluster dispersion.
Higher CHI values indicate that clusters are compact internally while remaining well separated from
one another. In this study, the CHI reached its maximum value of 75.8821 at K = 3, suggesting that this
configuration provides the most effective balance between cluster cohesion and separation among all
tested configurations. The decline in CHI values for K > 3 clusters indicates that additional clusters
increase model complexity without producing a proportional improvement in cluster distinctiveness.
Therefore, the CHI results strongly support selecting K = 3 as the optimal clustering configuration for
agroecological zoning in this study.

Overall, three of the four validation metrics (SS, Inertia, and CHI) consistently identify K = 3 as
the optimal number of clusters, while only the Davies—Bouldin Index favors K = 8 clusters. Considering
the agreement among most metrics and the principle of model parsimony, K = 3 was selected as the
final clustering solution, balancing cluster quality, interpretability, and its practical usefulness for
agroecological zone delineation.

Although the Davies-Bouldin Index achieved its optimum value at K = 8 clusters, the
improvement compared with K =3 was relatively modest. In contrast, the Silhouette Score and Calinski—
Harabasz Index both reached their highest values at K = 3, while the Inertia curve exhibited a clear
elbow point at the same cluster size. These findings indicate that K = 3 provides the best compromise
between cluster quality, model simplicity, and interpretability in practice. Furthermore, the three
resulting clusters can be meaningfully interpreted as High-Potential, Moderate-Potential, and
Environmental-Constraint zones, making the solution more useful for agricultural planning than a more
fragmented eight-cluster configuration. Figure 3 shows the AEZ Zoning Map of Bangkalan Regency.

AGROECOLOGICAL ZONING MAP N JUDRAEL B
OF BANGKALAN REGENCY, MADURA A
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Figure 3. Spatial distribution of agroecological clusters in Bangkalan Regency. Cluster 1 (High-Potential Zone) is
concentrated in the western and central regions, whereas Cluster 2 and Cluster 3 occupy transitional and

environmentally constrained areas, respectively.
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The spatial distribution of Cluster 1 reveals that villages with the highest agroecological
potential are concentrated primarily in the western, central, and southern parts of Bangkalan Regency.
Based on the village coordinate analysis, Cluster 1 villages form several contiguous spatial groups,
particularly around Bangkalan, Arosbaya, Burneh, Kwanyar, Galis, and parts of Tragah Districts. This
spatial concentration suggests that favorable agroecological conditions are not randomly distributed
but occur in geographically connected areas characterized by relatively high soil fertility and overall
environmental suitability.

The quantitative analysis further supports this spatial pattern. Cluster 1 exhibits the highest
mean values of Nitrogen (2412.38), Phosphorus (324,840.61), Potassium (203.44), and Soil Quality Index
(618,744.02) among all clusters identified. These conditions indicate that villages within this zone have
superior nutrient availability and overall soil quality, both essential factors for agricultural productivity
and sustainability. In addition, the average elevation (37.37 m) and slope (1.38) remain relatively
moderate, reducing topographic constraints on agricultural activities in these areas.

The spatial clustering of high-potential villages suggests that agricultural intensification
programs can be implemented more efficiently through area-based development strategies instead of
village-by-village interventions. The concentration of Cluster 1 in geographically connected regions
may facilitate infrastructure development, irrigation management, agricultural extension services, and
coordinated land-use planning processes. Therefore, Cluster 1 represents the primary target area for
productivity enhancement and sustainable agricultural development efforts in Bangkalan Regency.
3.1.2  Cluster-to-Crop Mapping Results
The K-Means algorithm partitioned the 277 villages into three agroecological zones. The mean values
of the selected variables for each cluster are presented in Table 5.

Table 5. Average Soil Fertility, Climatic, and Topographic
Characteristics of Each Agroecological Cluster

Feature Cluster 1 Cluster 2 Cluster 3
Potassium (K) 203.44 192.54 184.08
Nitrogen (N) 2412.38 2223.80 2160.52
Phosphorus (P) 324,840.61 299,449.55 290,926.83
Elevation (m) 37.37 38.40 59.39
Humidity (%) 79.46 79.56 79.61
Slope 1.38 1.39 1.94

Soil Quality Index 618,744.02 570,380.09 554,146.35
Temperature (°C) 27.37 27.36 27.30
Rainfall 6.18 6.14 6.15

Cluster 1 represents the most favorable agroecological conditions and is classified as the High-
Potential Zone. Villages in this cluster exhibit the highest average values of N (2412.38), P (324,840.61),
and K (203.44). This cluster also recorded the highest Soil Quality Index (618,744.02) value. The average
elevation (37.37 m) and slope (1.38) are relatively moderate, indicating minimal topographic constraints
on agricultural activities. These characteristics suggest that Cluster 1 is the most suitable zone for
intensive agricultural production systems.

Cluster 2 is characterized as the Moderate-Potential Zone, representing villages with intermediate
agroecological suitability. The average values of N (2223.80), P (299,449.55), K (192.54), and Soil Quality
Index (570,380.09) are lower than those of Cluster 1 but remain higher than those of Cluster 3.
Topographic conditions are relatively favorable, with low elevation (38.40 m) and gentle slopes (1.39).
Agricultural productivity in this cluster is primarily constrained by moderate levels of soil fertility
rather than adverse environmental conditions.

Cluster 3 is classified as the Environmental-Constraint Zone and is the largest cluster in the study
area. It exhibits the lowest K concentration (184.08) and the lowest Soil Quality Index (554,146.35). A
distinguishing characteristic is its topographic condition, with the highest average elevation (59.39 m)
and slope (1.94), indicating more challenging terrain. The combination of lower soil quality and more
challenging topography may limit agricultural productivity. Villages in Cluster 3 would benefit from
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conservation-oriented agricultural practices, erosion control measures, and crop varieties adapted to
marginal environmental conditions.

The comparison among clusters shows that soil fertility variables, particularly N, P, K, and Soil
Quality Index, play a dominant role in differentiating agroecological zones in the study area. Cluster 1
consistently exhibits the highest nutrient availability, making it the most suitable zone for agricultural
intensification activities. Cluster 3 is distinguished primarily by higher elevation and slope, indicating
that topographic constraints contribute to its lower agricultural potential. Cluster 2 occupies an

intermediate position between the other two zones.
Table 6. HDBSCAN Parameter Optimization Results

min_cluster_size 1 3 5 10

\ min_samples

5 0,4651 0,4651 0,3341 0,3820
10 0,3812 0,3812 0,3812 0,3812
15 0,3795 0,3795 0,3795 0,3795
20 0,3795 0,3795 0,3795 0,3795
25 0,3795 0,3795 0,3795 0,3795
30 0,3795 0,3795 0,3795 0,3795

The highest Silhouette Score (0.4651) was achieved with min_cluster_size = 5 and min_samples =
1 or 3. This result indicates that HDBSCAN effectively distinguished high-potential agroecological
hotspots from surrounding villages in the study area. When min_cluster_size increased from 15 to 30,
the Silhouette Score remained stable at approximately 0.3795. Therefore, min_cluster_size = 5 and
min_samples = 1 were selected as the optimal parameters for the final model configuration.

Density structure of two clusters and five noise (outlier) villages
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Figure 4. PCA Projection of HDBSCAN Clustering Results

Figure 4 presents the PCA projection of the HDBSCAN clustering results in this study. Two
dominant density-based clusters were identified, representing the primary agroecological patterns
across Bangkalan Regency. Cluster 1 forms a compact high-density region, indicating villages with
relatively homogeneous environmental characteristics, whereas Cluster 2 encompasses the majority of
villages with moderate-level agroecological profiles. The five villages classified as noise (label =-1) are
located outside the principal density regions, suggesting distinctive combinations of soil fertility and
environmental conditions that distinguish them from the dominant agroecological patterns observed.
3.1.3 HDBSCAN Clustering Results and Hotspot Detection
Based on parameter optimization, the best clustering performance was achieved with min_cluster_size
=5 and min_samples = 1, resulting in a Silhouette Score of 0.4651. The HDBSCAN analysis partitioned
the dataset of 277 villages into two primary clusters and identified five villages (1.8%) as noise points
(label = -1). The remaining 272 villages (98.2%) were assigned to one of the two clusters identified.
Cluster 1 consisted of 47 villages, while Cluster 2 contained 225 villages. The distribution of villages

across clusters and noise categories is presented in Table 7.
Table 7. Distribution of Villages Across HDBSCAN Clusters and Noise Category
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Category Number of Villages Percentage (%)
Cluster 1 47 17.0
Cluster 2 225 81.2
Noise (Outliers) 5 1.8
Total 277 100.0

Figure 5 shows that all hotspot villages are concentrated in a relatively small area in the western
part of Bangkalan Regency, suggesting that exceptional agroecological conditions are spatially clustered
rather than randomly distributed across the region. These villages exhibit unusually high Nitrogen
concentrations and Soil Quality Index values compared with the regional average, indicating distinct
localized environmental advantages. The spatial concentration of hotspot villages highlights the
potential influence of local soil formation processes, land management practices, and environmental
conditions that distinguish them from surrounding villages in the study area. Consequently, these
locations may serve as priority areas for precision agriculture, field validation, and site-specific
agricultural development initiatives.

One of the key advantages of HDBSCAN is its ability to identify observations that do not belong
to any dense cluster structure. In this study, five villages were classified as noise because their soil
fertility characteristics were substantially different from those of other villages in Bangkalan Regency
as a whole. These villages exhibited exceptionally high values of Nitrogen (N), Phosphorus (P), and Soil
Quality Index, making them distinct agroecological hotspots within the region.

670000 690000 710000 730000 750000
LOCATION OF BANGKALAN REGENCY
SPATIAL DISTRIBUTION OF AGROECOLOGICAL N ‘ IN MADURA ISLAND ‘
HOTSPOT VILLAGES IDENTIFIED BY HDBSCAN \
g | [Coordinate System : WGS 84 / UTM Zone 495 Five villages were classified as noise points (label = -1) @ Sompang  pamsasen S0P ‘
& [ Proeton Tomovsene Marcator Unit of Analysis: Village (277 Villages) ‘ !

Datum WGS 84
Units Meter

Kkampis ( TANJUNG BUMI
oy S .

Java Sea ~
A% S
SEPULUH Al [~

| e

INDONESIA ‘
|
|

MODUNG

Madura Strait 0 25 S5km

)
o )
e |
g
21 KOKOP
= [ Z0OM INSET: HOTSPOT AREA
( BANGKALAN DISTRICT )
‘ 490000 700000 710000
I
R T R, CE A H R 5
s \ »i S £ g
o ~ / N [ KONANG B 5
o SN AN b jed S | Arok |
o= Parseh o ) N TANAHMERaH s B ‘ L]
s Bilaporah = / oL |
) A ) Y ) o
g T ) TRacaH ¢ q AL o5 |& Seocren g
3 31 ® +8
S ) | & ‘ s
|
@
| | Parsen
\"‘\ ,’”\'[l ¢ i§ | @ Blaperah g
ST W 21 [2
P (%] &
[
[
|

LEGEND HOTSPOT VILLAGES (NOISE, LABEL = -1) DATA SOURCE NOTES
@ Hotspot Villages (Noise, label = -1)

(5 Villages)

Vilage | Subdistrict | Latitude () Longitude () | | | vy g G

Aok Bangialay; | - T087631 ] 12774959 2. Subdistrict Boundary BIG, 2023 by HDBSCAN as noise points
Sabiyan  Bangialan | 6997202 | 112779605 | | 3 pocency Boundary st | (bt = -1) due to their distinctive
enviconmental characteristics
| compared to the main density
clusters

Hotspot villages were identified

Regency Boundary

Regular Villages. --=-~ Subdistrict Boundary
Bancaran | Bangkalan | -7.011722 | 112761328

Parseh Bangkalan = -7.072894 = 112759543
Bilaporah Bangkalan | -7.052553 112731885 Year: 2025

4 Basem; Indonesia Ti raphic Map, BIG
Village Boundary emap opographic Map.

alololn|-|7

Fig. 5. Spatial Distribution of Agroecological Hotspot Villages Identified by HDBSCAN

The identified outlier villages were Arok (Burneh District), Sabiyan (Bangkalan District),
Bancaran (Bangkalan District), Parseh (Socah District), and Bilaporah (Socah District). Among these
villages, Arok exhibited the highest nutrient concentrations, with Nitrogen (N) reaching 3.618,
Phosphorus (P) 487.168, and a Soil Quality Index of 927.939. Similarly, elevated values were observed
in the other four villages, indicating significantly higher and exceptionally fertile soil conditions
compared conditions with the regional average.

The five villages classified as noise were identified as agroecological hotspots due to their distinct
environmental characteristics. They exhibited exceptionally high Nitrogen concentrations and Soil
Quality Index values compared with the regional average of the study area. The hotspot villages were
Arok (Burneh District), Sabiyan (Bangkalan District), Bancaran (Bangkalan District), Parseh (Socah
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District), and Bilaporah (Socah District). Table 8 summarizes the characteristics of the detected outlier
villages in detail.
Table 8. Summarizes the characteristics of the detected outlier villages.

Village District Nitrogen (N) Phosphorus (P)  Soil Quality
Arok Burneh 3.618 487.168 927.939
Sabiyan Bangkalan  3.496 470.725 896.620
Bancaran Bangkalan  3.464 466.427 888.432
Parseh Socah 3.263 439.379 836.912
Bilaporah Socah 3.121 420.258 800.493

All five villages are characterized by Vertisol soils, but their nutrient concentrations are at the
extreme upper end of the observed distribution range. HDBSCAN classified them as outliers rather than
assigning them to a standard conventional cluster. This finding indicates the presence of localized
agroecological hotspots with exceptionally high soil fertility. All hotspot villages are located in the
western part of Bangkalan Regency, suggesting that exceptional agroecological conditions are spatially
clustered rather than randomly distributed across space.

The 47 villages in Cluster 1 represent areas with relatively high agricultural potential, with
favorable nutrient conditions and soil quality indicators. Cluster 2, containing 225 villages, represents
the dominant agroecological pattern across the regency. HDBSCAN merged villages that K-Means had
previously separated into the moderate-potential and environmental-constraint groups. This result
indicates that, from a density-based perspective, these villages share broadly similar agroecological
characteristics.

3.2 Discussion
3.2.1 Comparison of K-Means and HDBSCAN

K-Means partitioned all 277 villages into three clusters representing High-Potential, Moderate-
Potential, and Environmental-Constraint zones. This approach provides a comprehensive classification
framework suitable for agricultural planning purposes. HDBSCAN identified two principal density-
based clusters and classified five villages as noise points. Unlike K-Means, HDBSCAN does not force
all observations into predefined groups, thereby enabling the detection of villages with distinct or
exceptional environmental characteristics. The comparison between both methods is presented in Table

9.
Table 9. Comparative Analysis of K-Means and HDBSCAN Clustering Results

Aspect K-Means HDBSCAN

Clustering Principle Centroid-based partitioning Density-based clustering

Number of Clusters Fixed (K = 3) Automatically determined

Optimal Configuration K=3 min_cluster_size = 5, min_samples
=1

Number of Clusters Produced 3 2

Number of Noise Villages 0 5

Ability to Detect Outliers No Yes

Main Purpose Agroecological zoning Hotspot and anomaly detection

Strengths Clear and interpretable zoning Identifies unique agroecological
structure conditions
Limitation Forces all villages into clusters Produces  fewer interpretable
clusters

The results show that K-Means is more suitable for regional agroecological zoning, whereas
HDBSCAN is effective for identifying localized environmental anomalies and hotspots. The combined
use of both methods provides a more comprehensive understanding of agroecological heterogeneity
across Bangkalan Regency as a whole.

3.2.2 Comparison with Previous Studies
Previous research has consistently emphasized the influence of temperature and soil pH on
agroecological differentiation processes. Table 10 summarizes these studies and their relevance to the
present study context.

Table 4. Comparison with Previous Studies on Key Agroecological Drivers
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Reference  Key Variables Main Findings Relevance to Present Study

[22] Temperature Heat stress above 35 °C disrupts Strongly supports the finding
pollen viability, reduces that temperature is the primary
photosynthetic efficiency, and leads to  driver of cluster separation in
significant maize yield decline in agroecological analysis.
tropical/subtropical regions.

[23] Soil pH Low soil pH significantly reduces Aligns with results showing
phosphorus availability and fertilizer soil pH as the second most
efficiency, limiting crop productivity.  influential factor influencing

clustering.

[24] Soil pH Soil pH regulates phosphorus Reinforces the role of soil pH as
fractions, nutrient cycling, and a dominant variable in
microbial community activity, thereby agroecological zoning.
strongly influencing soil fertility.

[23] Soil temperature, Soil-climate interactions explain yield Strengthens observation that

climate variability anomalies better than air temperature temperature variability is the
alone, emphasizing variability over most influential factor in
absolute values. clustering.

[12] Soil type, slope, climate ~ Agroecological zoning shows that soil Provides  direct  regional
physical properties, slope, and climate evidence  supporting  the
are crucial determinants of sugarcane integration of soil and climate
suitability in East Java. variables in agroecological

clustering.

[25] Soil pH, nutrients Precise soil pH and nutrient Validates the practical

availability determine phosphorus
uptake, crop yield, and nutritional
quality in tropical systems.

significance of using soil pH
and nutrient data as actionable
clustering features.

Temperature is identified as the most influential factor. Djalovic et al. [22] showed that heat stress
above 35 °C impairs pollen viability and grain filling, reducing yields in tropical regions. This aligns
with the present study, where temperature was the primary driver of cluster separation in the dataset.
Soil pH is consistently highlighted as a decisive determinant of nutrient dynamics and soil fertility [23],
[24]. Purnamasari [12] demonstrated that soil physical characteristics, slope, and climate collectively
determine land suitability in East Java, providing regional evidence that supports the present approach
used in this study. The integration of K-Means and HDBSCAN extends previous AEZ research by
enabling both regional classification and hotspot detection within a single analytical framework for
agroecological analysis.

3.2.4 Limitation

Several limitations should be considered when interpreting the results. The analysis was based on
agroecological variables aggregated from 11,000 observation points into 277 village-level units for
analysis. This aggregation may mask within-village variability in soil fertility, topography, and climate
conditions. The spatial resolution is limited to the village level, and higher-resolution analyses using
field-level observations could provide more detailed and nuanced insights. The study used a selected
set of variables, and other relevant factors such as land use, irrigation infrastructure, and socioeconomic
conditions were not included in the analysis. Future research should integrate higher-resolution
datasets, remote sensing indicators, and temporal climate variability to improve zoning accuracy and
robustness.

4. Conclusion

This study analyzed agroecological zones in Bangkalan Regency using K-Means clustering and
HDBSCAN based on integrated soil fertility, climate, and topographic variables datasets. A total of
11,000 observation points were aggregated into 277 village-level units for analysis purposes. Nine
variables were used for clustering analysis, including N, P, K, elevation, slope, rainfall, humidity,
temperature, and Soil Quality Index. The best K-Means configuration was K = 3, supported by the
Silhouette Score, CHI, and the Elbow Method results. The three clusters represent High-Potential,
Moderate-Potential, and Environmental-Constraint zones. HDBSCAN identified five hotspot villages
(Arok, Sabiyan, Bancaran, Parseh, and Bilaporah) with exceptionally high N concentrations and Soil
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Quality Index values compared to the regional average. Furthermore, future research should
incorporate field-based soil measurements, crop yield observations, and higher-resolution
environmental datasets to improve zoning accuracy and practical applicability in agricultural planning.
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