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Article Information Abstract
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climate change that disrupts the stability of conventional production

EB'\QEZES systems. The Temperature Humidity Index (THI) is a crucial indicator for
CIusterin’g' measuring environmental thermal comfort, which, combined with
Crops ’ supporting weather parameters, can map the risk of crop failure. This study

aims to analyze the clustering of THI and weather variables in the Tegal area
using a Machine Learning approach. The dataset used is daily historical
weather data for 10 years (2016—2025) from BMKG, including temperature
(T), relative humidity (RH), solar radiation (SR), wind speed (WS), and rainfall
(RF). The method includes preprocessing, normalization, THI calculation, and
clustering using K-Means and DBSCAN. K-Means identified agro-climate
vulnerability zones: Optimal, Alert, and Critical for food crop growth.
DBSCAN effectively detected dominant cluster patterns and outliers of
extreme weather anomalies. Internal evaluation shows K-Means performs
better, with a Silhouette score of 0.4057 and Davies-Bouldin Index of 0.8391,
compared to DBSCAN with 0.3957 and 2.7432. The results are expected to
support farmers and policymakers in determining adaptive cropping
patterns and mitigating climate change impacts in Tegal.

This article is an open access article under the CC BY-SA license .
BY SA

1. Introduction

The agricultural sector is the backbone of the economy in many regions, including Tegal City and
Regency. Increasing food crop productivity is a top priority to ensure regional food security. However, a
major challenge currently faced by farmers is climate change and unpredictable fluctuations in
environmental conditions, which directly affect crop growth and yields. One important indicator that
reflects the level of comfort and potential environmental stress for plants is the Temperature Humidity
Index (THI) [1] . The THI integrates air temperature and humidity into a single value to assess the thermal
suitability of an area [2] . Extreme THI fluctuations, whether too high or too low, can cause thermal stress
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in plants, resulting in decreased photosynthesis rates, stunted growth, and the risk of crop failure.
However, THI analysis cannot stand alone in determining agricultural land suitability; it requires
integration with other supporting weather parameters such as rainfall, solar radiation, and wind speed
to provide a comprehensive agro-climate picture. Therefore [3], a deep understanding of THI patterns
and their interactions with supporting weather in the Tegal region is crucial. Unfortunately, this
information need has not been met well in the field. Available weather and THI data are often only raw
numerical records that are difficult for farmers to directly interpret. This gap in understanding creates a
real urgency for a system capable of translating raw environmental data into practical, ready-to-use
information.

To overcome these problems, a computational method is needed that is able to identify hidden
patterns from complex weather data interactions. Clustering algorithms in data mining offer an effective
solution for grouping regions based on similarities in their agro-climatic characteristics. Two popular
clustering algorithms with different approaches are K-Means and DBSCAN [3], [4] . According to [5] K-
Means works by dividing data into a number of predetermined clusters, while DBSCAN is able to find
clusters with arbitrary shapes and automatically identify outliers that represent extreme weather
anomalies. Considering the differences in geographic and microclimatic characteristics between Tegal
City, which tends to be urban-coastal, and Tegal Regency, which is dominated by agricultural to
mountainous areas, a comparison of the performance of these two algorithms is very important [6] . This
study aims to conduct a clustering analysis of THI and supporting weather to map food crop cultivation
areas in Tegal into potential zones (Optimal, Alert, Critical). This comparison not only determines which
algorithm is more accurate in modeling local climate, but also provides strategic recommendations for
farmers in determining adaptive planting schedules and mitigating the risks of climate change impacts

[71.
2. Literature Review

Many studies have utilized clustering techniques in agriculture. For example, research by [8] applied
the K-Means Clustering method to group rice crop productivity data in Central Java. The results of this
study successfully divided regions based on yield metrics, demonstrating the ability of K-Means to
effectively identify agricultural spatial patterns.

Another study that focuses on food commodities is a comparison of the performance of K-Means and
K-Medoids in West Kalimantan Province [9] . which emphasizes the important role of clustering in the
classification of food agriculture areas and the determination of the best algorithm based on internal
evaluations such as the Davies-Bouldin Index (DBI). In addition to land productivity, clustering techniques
are also starting to be widely applied in the analysis of meteorological and agroclimatological data.
Previous research shows that grouping weather element parameters is very effective for mapping ideal
micro-climate areas for certain commodities [10] . In the context of thermal indices, clustering of
temperature and humidity variables has been shown to be able to identify the level of vulnerability to
environmental stress in vegetation in a more structured manner [11] .

Specifically for the application of the DBSCAN algorithm to spatial and environmental data analysis,
several previous studies have proven the effectiveness of this method in producing optimal cluster
structures [12] . The main strength of DBSCAN lies in its ability to find clusters with arbitrary shapes while
identifying noise or outliers (extreme data points that do not belong to any group) [13], [14] . This
adaptive ability becomes very crucial when dealing with agroclimatology datasets with non-uniform or
fluctuating data point distributions, thus playing an essential role in environmental resilience analysis
and food insecurity risk mitigation at the regional level [15] .

The relevance of using these two algorithms (K-Means and DBSCAN) lies in the characteristics of
historical weather data which often have both general patterns and extreme anomalies. In contrast to
the server log research by [12] which combined the two methods in a hybrid manner, this research in
the Tegal region positions K-Means and DBSCAN as comparative methods. K-Means is used to map
general agro-climatic zones (Optimal, Alert, Critical), while DBSCAN is focused on capturing specific
cluster patterns while detecting outliers that represent extreme weather anomalies. [16] .
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3. Method

Optimizing food crop cultivation, such as efforts to increase crop yields in the Tegal region, is greatly
influenced by the ability to mitigate the risks of local microclimate change. This positive impact can be
achieved through the accurate determination of the thermal comfort index or Temperature Humidity
Index (THI). To map these climate characteristics, this study utilized 10 years of historical daily average
data (from 2016 to 2025) obtained from the BMKG Tegal Meteorological Station. In its implementation,
this study adopted a comparative experimental model that compared two main clustering algorithms in
data mining: K-Means Clustering and Density-Based Spatial Clustering of Applications with Noise
(DBSCAN). The comparison of these two unsupervised learning methods aims to analyze the most
optimal, adaptive, and informative algorithm for grouping and determining the THI threshold for food
crops in the Tegal region. Operationally, the entire series of experiments was carried out through three
main phases: Input, Process, and Output. The workflow and systematic stages of this study are presented
in detail in Figure 1.
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Figure 1. Flowchart of research stages

3.1. Data Processing
In this stage, the research process is carried out systematically to transform raw data into
meaningful information through several structured steps.

3.1.1. Input Phase

This phase is the initial stage that underpins the entire agroclimatology research process. The process
begins with a literature review and journal references to establish a strong theoretical foundation regarding
microclimate parameters and their impact on food crops. The next step is the selection of sample locations:
Tegal, which encompasses the Tegal Regency and City as the research locus due to its position as one of
the most productive food crop areas in Central Java.

A crucial stage in this phase is the Collection of Daily Historical Datasets (10 Years) from 2016 to 2025,
sourced directly from the Tegal Meteorology, Climatology, and Geophysics Agency (BMKG). The collected
multivariate historical weather dataset includes five main parameters: Temperature (T), Relative Humidity
(RH), Solar Radiation (SR), Wind Speed (WS), and Rainfall (RF). Through this scheme, temperature and
humidity variables will be specifically extracted to form the Temperature Humidity Index (THI) value, while
other supporting variables serve to enrich the context of the agroclimatology analysis of the agricultural
environment in the Tegal region.

3.1.2. Process Phase

The process phase describes the core of the computational methodology and Data Mining techniques
applied in the research. The workflow begins with Dataset Validation (Quality Control) to ensure data
integrity, followed by the Data Preprocessing & Cleaning stage to handle structural anomalies such as
missing or corrupted data. Because the raw data has highly variable units and value ranges, Normalization
and Feature Scaling are performed to equalize the data scale to avoid bias when calculating mathematical
distances in the clustering algorithm.

After the data is in a clean and standard condition, a Historical THI Calculation is performed using a
combined empirical formula of temperature and humidity. The THI value formed is then fed into the
Clustering Comparison stage, where the data is processed in parallel using two different unsupervised
learning algorithm approaches, namely the K-Means Method : Clustering data based on the closest distance
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(distance-based) to the center of mass ( centroid ), and the DBSCAN Method : Clustering data based on the
level of spatial density ( density-based ) under a certain radius. These two algorithms produce their
respective clustering structures which are then evaluated objectively in the Cluster Performance Evaluation
stage.

3.1.3.  Output Phase

The final phase is the output phase that presents the results of data processing into structured
information that is ready to be interpreted for practical agricultural needs. The output from the process
phase is specifically streamed into two main output components, namely: THI K-Means Clustering Results
: This component produces a division of plant thermal comfort index zones that are clearly divided into 3
levels, namely Optimal, Alert, and Critical Zones. The density quality of this group formation is tested and
validated using the Silhouette Score value. THI DBSCAN Clustering Results : This component produces
natural density-based groupings to identify the main cluster patterns. The advantage of this DBSCAN output
is its ability to identify Clusters and Outliers ( Weather Anomalies ). Days with extreme weather conditions
that do not meet the minimum density limit are isolated separately as noise, and the quality of the
separation is also validated using the Silhouette Score.

As a result of the research (Tegal Climate Agri-Tech) , feedback from the two clustering outputs was
compared to draw conclusions about which method was most accurate. The final interpretation was used
to map the risk of environmental stress on food crops in Tegal, which can be used by farmers and
policymakers to determine climate adaptation strategies, such as adjusting planting calendars and
irrigation management.

3.2. Temperature Humidity Index (THI)

The Temperature Humidity Index (THI) in food crops is an indicator used to measure the level of
thermal comfort based on a combination of air temperature, relative humidity, solar radiation, wind
speed, and rainfall. This index basically reflects how much influence temperature and humidity have on
the ability of organisms, whether humans, animals, or plants, to adapt to the environment. According to
[17] the THI concept was initially widely used in the field of animal husbandry to assess the level of heat
stress in livestock, but has now been widely adapted in the field of agriculture to analyze the influence
of microclimate conditions on plant productivity. The THI value is obtained through an empirical formula
that combines the elements of temperature and humidity [18] . According to [19] one of the common
formulas used as in Eq. (1).

THI = T — (0.55 — 0.0055 X RH) x (T — 14.5) (1)

From the equation above, T is the air temperature (°C) and RH is the humidity (%) . This formula
provides a numerical value that indicates the level of thermal comfort. The higher the THI value, the
higher the level of heat stress experienced by the organism. In the context of plants, increased THI can
cause physiological disorders, such as decreased photosynthesis rate, increased transpiration, and
disruption of water balance in plant tissues.

3.1 K-Means Machine Learning

The K-Means algorithm is one of the most popular clustering methods in the partition-based
clustering approach that aims to minimize the distance between data in one cluster to its centroid [20] .
The main principle of K-Means according to [21] is to find the optimal position of the cluster center
(centroid) so that intra-cluster variation is minimal, this algorithm works by iterating the centroid
position update based on the average of each cluster member until the convergence condition is
reached. The main advantages of K-Means are its simplicity, speed, and efficiency in processing large
data [22] .

According to research [23] K-Means has been successfully used to cluster temperature and
humidity data on agricultural land to accurately determine microclimate zones. According to [24] this
algorithm is less effective when the resulting clusters have a non-spherical shape or high noise.
Therefore, the integration of the K-Means method and the Temperature Humidity Index (THI) is an ideal
solution for analyzing data with normal distribution characteristics and having clear separation
boundaries between regions. Through this combination, THI plays an important role in simplifying
microclimate indicators (temperature and humidity) into a single measurable thermal comfort index.
Furthermore, the K-Means algorithm is tasked with objectively clustering based on the index values. This
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hybrid approach not only improves the accuracy of zone mapping, but also simplifies the decision-making
process in agricultural land management [25] .

The real implementation of the theoretical integration is reflected in the formation of three
agroclimatic zones of plants according to [26] identified objectively by K-Means. Cluster 1 (Optimal) is
formed in the middle area with cool-warm conditions covering the ideal temperature range of 22°C-
27°C and humidity of 70%—85%, where these real conditions support maximum photosynthesis rate and
balanced transpiration for healthy plant growth. As microclimate fluctuations occur, the algorithm
identifies Cluster 2 (Alert) when the temperature begins to rise to the range of 28°C—32°C with humidity
decreasing to 60%—69%, or vice versa when the temperature drops below 21°C with humidity increasing
above 85%; this pattern triggers real conditions of plants starting to become stressed and vulnerable to
high evaporation or fungal attacks due to high humidity. The extreme critical limits were finally separated
by K-Means into Cluster 3 (Critical) which represents hot and dry conditions characterized by
temperatures above 32°C and humidity levels below 60%, which physiologically forces leaf stomata to
close completely to conserve plant water [27] .

3.2 DBScan Machine Learning

According to a research study by [28] , DBSCAN is able to identify extreme climate anomalies such as
high temperature and low humidity in multivariate weather data. This makes DBSCAN very relevant for
Temperature Humidity Index (THI) analysis because climate data often contains high spatial and
temporal variations. In addition, DBSCAN also excels in detecting natural distribution patterns in
environmental data, which are often not spherical or normally distributed as assumed by K-Means.
According to [29] , this advantage makes DBSCAN much more adaptive in handling fluctuating
microclimate parameter variability. By determining the radius parameter (eps) and the minimum
number of points (minPts), DBSCAN can map environmental zones based on the real density level of data
in the field.

Research study by [30] used DBSCAN to map agroclimatic zones based on daily temperature and
humidity data, and the results showed that DBSCAN was more accurate in identifying extreme areas than
K-Means. Meanwhile, research by [31] applied DBSCAN to detect high heat stress zones in horticultural
crops using THI data, and succeeded in producing microclimatic zoning maps with higher accuracy than
traditional methods.

4. Results and Discussion

Quantitative comparative experimental design . The approach focuses on the application of applied
data mining (specifically unsupervised learning) to analyze agroclimatology time-series data. The main
objective of this study is to compare the efficiency, internal accuracy, and practical relevance of a
distance-based algorithm (K-Means) with a density-based algorithm (DBSCAN) in identifying
Temperature Humidity Index (THI) patterns in the Tegal region.

4.1 Data Processing (Data Pre-processing and Transformation)

In the preprocessing stage, the table 1. below shows all the data structured into a Pandas dataframe.
It is important to define the attributes of each feature before further data processing. The data is stored
in .csv format, and attributes that function as features or labels are added to each record, consisting of
nine columns of information (such as station name, coordinates, date, temperature, humidity, rainfall,
irradiance, and wind speed).

Table 1. Processing data frame

No Column Non-Null Count Dtype
1 Station_Name 3653 non-null str
2 Llatitude 3653 non-null float64
3  Longitude 3653 non-null float64
4 Date 3653 non-null str
5 temperature 3653 non-null float64
6  humidity 3653 non-null int64
7  rainfall 3653 non-null str
8 radiation 3653 non-null float64
9 Kec_angin 3653 non-null str
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Normalization and initial checks were performed to verify the completeness of the data (no missing
data) and the appropriate data types. Based on Table 2. the data structure check, it was found that out
of a total of 3,653 records (indices 0 to 3652), all features had a non-null count of 3,653. Therefore, there
were no missing values, and all 3,653 valid records were used for further prediction analysis.

Table 2. Data transformation

No Station_Name Latitude Longitude Date T RH RR SS FF
0 BMKG_tegal -6.86843  109.12103 2016-01-01 28.7 82 0.0 8.0 2.0

1 BMKG_tegal -6.86843  109.12103 2016-01-02 286 82 0.0 6.5 3.0

2 BMKG_tegal -6.86843  109.12103 2016-01-03 28.8 84 210 6.5 2.0

3 BMKG_tegal -6.86843  109.12103 2016-01-04 28.2 85 186 9.5 2.0
4 BMKG_tegal -6.86843  109.12103 2016-01-05 289 81 0.0 45 2.0
3648 BMKG_tegal -6.86843  109.12103 2025-12-27 27.1 87 65 4.0 20
3649 BMKG_tegal -6.86843  109.12103 2025-12-28 288 82 387 2.0 2.0
3650 BMKG_tegal -6.86843  109.12103 2025-12-29 276 85 356 8.0 20
3651 BMKG_tegal -6.86843  109.12103 2025-12-30 28.2 83 86 6.6 2.0
3652 BMKG_tegal -6.86843  109.12103 2025-12-31 26.0 91 0.6 6.3 1.0

4.2 Average Temperature Trend Analysis 2016-2025

Temperature Trend
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Figure 2. Average temperature trend

The Figure 2. "Temperature Trend" graph above shows the fluctuations in smoothed temperature
data over a ten-year period from 2016 to the end of 2025. Although the daily or monthly data exhibits a
highly dynamic and recurring pattern of fluctuations with the lowest temperatures reaching below 26°C
(asin 2018 and 2019) and the highest temperatures reaching above 30°C (as in late 2023 and 2024) there
is a consistent long-term upward trend in temperature overall. This increase is clearly depicted by the
orange dotted line (Trend) which moves gradually upward from an average of around 27.8°C at the
beginning of 2016 to nearly 28.3°C at the end of 2025, indicating a gradual warming in the region or
location of observation over the past decade.

4.3 Average Humidity Trends 2016-2025
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Figure 3. Average humidity trend
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The "Humidity Trend" graph in the Figure 3. above shows the fluctuations in smoothed humidity
values over a ten-year period from 2016 to the end of 2025. The data exhibits a highly fluctuating annual
cyclical pattern, with the highest humidity points periodically soaring to nearly 89% (as seen in mid-2018,
2021, and 2022) and the lowest points dropping to around 65% at the end of 2019 and 2024. Behind
these sharp seasonal fluctuations, the orange dotted line (Trend) indicates a gradual, linear, long-term
downward trend in humidity, moving down from an average of around 79% at the beginning of 2016 to
nearly 78% at the end of 2025. This gradual decrease in humidity over the decade is directly proportional
to the characteristics of the macroclimate where increases in air temperature are generally followed by
a decrease in relative humidity in the observation area.

4.4 THI Trend Analysis with both Temperature and Humidity variables
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Year
Figure 4. THI Trend with T variable

The Figure 4. above shows a comparison of the fluctuations in the THI (Temperature-Humidity Index,
red line) and Air Temperature or T (Temperature, orange line) values from 2016 to the end of 2025. From
this visualization, it is clear that there is a very harmonious (in-phase) movement pattern between the
two variables, where every increase or decrease in the temperature (T) value is immediately followed by
a change in the same direction in the THI value. Annual seasonal fluctuations show that the highest
temperature (T) values approached or penetrated 30 at the end of 2023 and the end of 2024, which
simultaneously pushed the THI value to its peak in the range of 28 to almost 29. Conversely, the lowest
points of air temperature below 27 (such as in mid-2018 and mid-2019) were also linear with a sharp
decline in the THI value to touch the lowest limit at 25. The consistency of the alighment of these curves
confirms that air temperature variability plays a very dominant role and is directly proportional in
controlling the rise and fall of the thermal comfort (THI) value at the observation location throughout
the last decade.
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Figure 5. THI Trend with RH variable

The Figure 5. above shows a comparison of the fluctuations in the THI (Temperature-Humidity Index,
red line) and relative humidity or RH (Relative Humidity, blue line) values over a ten-year period from
2016 to the end of 2025. From this visualization, a fairly clear negative or inverse correlation relationship
can be seen between the two variables at their extreme moments, where when the humidity (RH) value
drops to its lowest point in the range of 65% to 70% (such as in mid-2018, late 2019, and late 2024), the
THI line actually moves up to reach its highest peak approaching 28. Conversely, when air humidity soars
high to penetrate 85% (such as in early 2016, mid-2021, and early 2022), the THI index tends to press
down to a lower level in the range of 25 to 26. This annual seasonal pattern confirms that the decrease
in air humidity which is usually accompanied by an increase in extreme temperatures significantly
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contributes to the increase in the THI (air load index) value. heat) in the observation area over the past

decade.

4.5 THI Analysis with Five Variables from 2016-2025
The distribution of THI value variables with the main variables being temperature and humidity with
the three supporting microclimate variables in the Tegal region consisting of Rainfall, Sunlight, and Wind

Speed can be seen in the following table 3.

Table 3. Results of THI processing with five variables from 2016-2025

Statistik Temperature  Humidity Rainfall Sunshine Wind speed THI
count 3653.000000 3653.0000 3653.00000 3653.00000 3653.00000 3653.00000
00 0 0 0 0

mean 28.041007 78.317000 5.214536 6.493676 3.661648 26.414428
std 0.911740 5.992029 14.667004 3.006059 1.933010 0.745302
min 24.500000 49.000000 0.000000 0.000000 0.000000 22.747750
25% 27.400000 74.000000 0.000000 4.500000 2.000000 25.988200
50% 28.100000 79.000000 0.000000 7.300000 3.000000 26.488750
75% 28.700000 83.000000 2.200000 8.800000 5.000000 26.919050
max 32.700000 95.000000 189.100000  42.800000 20.000000 29.697000

The descriptive statistics summary table above presents the characteristics of six meteorological
variables with a total of 3,653 observations. From these data, the Temperature variable has an average
value (mean) of 28.04°C with relatively stable fluctuations because its standard deviation (std) is less
than one (0.91), while the average air humidity is at a fairly high level of 78.32% with a range between
49% and 95%. The THI (Temperature-Humidity Index) index recorded an average thermal comfort value
of 26.41, with the most extreme conditions reaching a maximum index of 29.70. On the other hand, the
Rainfall variable shows the most contrasting and highly unequal variability or data distribution, where
the quartile value up to 50% is still at 0.00 mm (indicating that the majority of days do not experience
rain), but the maximum value jumps drastically to 189.10 mm, indicating that very heavy rain events
have occurred in the observation area.
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Based on the Figure 6. above, it displays a histogram graph along with a density estimation curve
(Kernel Density Estimation/KDE) to see the frequency distribution of six meteorological parameters (T,
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RH, SR, WS, RF, and THI). Based on this visualization, the temperature variable (T Distribution) and the
thermal comfort index (THI Distribution) show a normal (symmetrical) distribution pattern or approach
a bell shape. In the T parameter, the data is centered around the value of 28°C, while in the THI it is
centered around the value of 26.5. This symmetrical pattern indicates that daily fluctuations in
temperature and thermal index in the observation area tend to be stable and consistent at their average
values, with extreme events (too cold or too hot) being very rare.

Meanwhile, the RH (Humidity) distribution graph shows a negative slope pattern or is skewed to the
left (left-skewed). The peak of the data population dominates the high value area, namely in the range
of 75% to 85%, with the distribution tail extending towards lower values (around 50%). This emphasizes
the characteristics of tropical regions that are dominated by humid air conditions throughout the year.
In contrast to humidity, the SR (Solar Radiation) and WS (Wind Speed) distribution graphs show a right-
skewed tendency. In the SR distribution, the data peaks below a value of 10 and is immediately
interrupted, indicating the limits of daily radiation intensity, while in wind speed (WS), the highest
frequency is gathered at low speeds (2-5) and slopes down to values 10 and above, indicating that strong
winds are a rare phenomenon.

4.6 Correlation Matrix Between Microclimate Parameters

Based on the correlation matrix in the heatmap Figure 7. below, it can be concluded that the
strongest inverse (negative) relationship occurs between humidity and solar radiation (-0.53) and
humidity and temperature (-0.39), which indicates that the higher the intensity of sunlight and air
temperature, the lower the humidity level. Conversely, the most significant unidirectional (positive)
relationship was found between humidity and rainfall (0.31), indicating that humid air contributes
positively to the potential for rain. Meanwhile, most other parameters such as rainfall and wind speed
(-0.08) or temperature (0.11) show very weak correlations, indicating that these weather factors do not
dominate each other linearly and are influenced by more complex atmospheric dynamics.
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4.7 Results of K-Means Clustering Implementation
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Figure 8. K-Means clustering results

Based on Figure (A), based on microclimate characteristics and agricultural implications, the three
clusters divide the research area into three different comfort threshold levels. Cluster 1 (Purple) locks
the data points in the lower left area of the graph, representing the Optimal Microclimate Zone (ldeal
Temperature). In this stress-free zone, low surface air temperatures (24 ° C — 27.5 ° C) maintain the
stability of plant physiological processes without the risk of dehydration due to excessive evaporation.
Furthermore, Cluster 2 (Tosca Green) occupies a transition area in the middle of the graph, depicting the
Alert Microclimate Zone (Light Stress). This area reflects the average daily weather baseline of the
tropical region, where plants begin to adapt to light stomata but have not yet disrupted the plant's core
metabolism. Meanwhile, Cluster 3 (Yellow) groups the data that accumulates in the upper right side,
indicating the Heat Microclimate Zone (Severe Stress). This period reflects very hot and dry days (29.5 °
C > 31 ° C), where high THI values risk triggering heat stress which can reduce plant productivity and
disrupt the comfort of farmers working in the field.

The comparison graph of clustering results in figure (B) above shows the contrasting characteristics
of the K-Means and DBSCAN methods in grouping data distribution based on the variables of Air
Humidity (RH) and THI Calculation Results. In the K-Means graph, the algorithm divides the data rigidly
into three clean cluster regions without gaps based on geometric distance, where the boundaries
between groups are separated linearly following the gradient of decreasing humidity values and
increasing THI index. In contrast, the DBSCAN graph presents a more flexible mass density-based
approach by successfully detecting one very dense core group in the center, while data points that fall
outside the minimum density limit (especially in conditions of very low humidity below 65% or very high
humidity above 90%) are objectively identified as outliers (outliers or noise with a red label -1). Through
this visual comparison, it is clear that DBSCAN is superior in maintaining the integrity of the natural
cluster structure of the data while filtering out extreme weather anomalies, while K-Means is very
effective if the objective of the analysis is to map all data points into absolute category zones.

4.8 DBScan Clustering Implementation Results
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Figure 9. DBSCAN clustering results
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Based on the scatter plot graph (A) of the DBSCAN clustering results above, it can be seen that the
algorithm successfully identified two main data groups (cluster 0 in orange and cluster 1 represented by
the green dot in the lower left corner) and separated a large number of outliers or anomalous data (label
-1in blue) scattered around the main pattern. The data is massively dominated by cluster 0 which forms
a dense positive linear trend, indicating a very strong direct correlation where the increase in
temperature values (ranging from 25°C to more than 30°C) is consistently followed by an increase in THI
values (between 24 and 28). Meanwhile, anomalous points (label -1) were successfully filtered by
DBSCAN in the outer edge area of the density, including one extreme outlier in the upper right corner
with a temperature approaching 33°C and a THI almost reaching 30, which indicates very unusual
weather or climate conditions compared to the majority of other historical data.

The graph (B) shows the distribution of the new DBSCAN clustering results, the data clustering now
focuses on the relationship between Air Humidity (%) and THI (Temperature Humidity Index), where the
algorithm successfully separates most of the data into dense main groups (cluster 0 in orange), detects
very small minor clusters (cluster 1 in green at the high humidity limit of around 91-93%), and filters out
outlier points (label -1 in blue). The main data pattern of cluster 0 forms a curved distribution
(parabolic/arc-like pattern) that gathers in the air humidity range of around 63% to 93% with a
fluctuating THI index value between 24 to 28. The separation of noise data (label -1) looks very effective
in areas outside the density limit, especially in low air humidity conditions below 60% as well as one
extreme outlier at the top of the graph with a humidity level of around 70% but has a very high THI value
approaching 30, indicating the recording of anomalous or unusual weather conditions in the Tegal area.
4.9 Comparative Analysis of KMeans and DBScan Performance

K-Means Zone ° DBSCAN Zone <
® Severe Stress (Heat Stress) 30 Optimal (Good Growth)
® Light Stress (Watch) Anomaly (Extreme Weather)
»  Optimal (Ideal Temperature) Y ® Thermal Stress (Productivity Risk) ®

L

28 32
Air Temperature (T)

28
Air Temperature (T)
Figure 10. Comparison of KMeans and DBScan clustering (temperature and THI features)

Visualization in the Figure 10. above, shows a comparison of the clustering results of the relationship
between Air Temperature (T) and THI using two different algorithms, namely K-Means and DBSCAN. In
the Zona_KMeans graph (left), the algorithm divides the data in a structured manner into three stress
level regions based on certain value limits: "Optimal (Ideal Temperature)" in the low temperature area,
"Mild Stress (Alert)" in the middle area, and "Severe Stress (Heat Stress)" which dominates when the
temperature and THI soar high. In contrast, the Zona_DBSCAN graph (right) groups the majority of the
data into one large cluster assessed as "Optimal (Good Growth)" conditions, while data points that are
outside the main density, either too low, too high, or scattered on the periphery, are detected as
"Anomalies (Extreme Weather)", leaving a few points at the upper end as "Thermal Stress (Productivity
Risk)". Overall, this analysis shows that K-Means is more suitable for creating consistent categorization
of nested regions, while DBSCAN is very effective in separating normal data patterns from extreme
anomalous points or outliers.
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Figure 11. Comparison of KMeans and DBScan clustering (humidity and THI features)

Based on the visualization of the comparison of the humidity Figure 11. above, a very contrasting
characteristic difference is seen between the K-Means and DBSCAN algorithms in grouping data on the
relationship between Air Humidity (%) and THI for food crops. On the one hand, K-Means (left graph)
divides the entire data variability space rigidly and based on distance into three clean linear agroclimatic
zones, namely Optimal/ldeal Temperature at the bottom (THI < 27), Mild Stress in the middle (THI 27—
28), and Severe Stress/Heat Stress at the top (THI > 28). On the other hand, DBSCAN (right graph) works
flexibly based on the density of data points, thus successfully filtering out random points on the outer
edges as Anomaly/Extreme Weather data (orange color) including one extreme outlier with THI close to
31 at 70% humidity while the majority of the main data distribution is locked into one large, dense cluster
of Thermal Stress/Productivity Risk (blue color), leaving a small minor cluster of Optimal/Good Growth
(green color) clustered exclusively in the very high humidity area above 85%.

Table 4. Evaluation Metrics of K-Means and DBSCAN performance comparison

No Model Testing Metrics K-MEANS DBSCAN
1. Limit Validation Accuracy 99.86% 99.59%
2. Relative Accuracy of Structure 70.28% 69.78%
3. Silhouette Score 0.4057 0.3957
4. Davies-Bouldin Index 0.8391 2.7432
5. Number of Main Clusters 3 3

The performance comparison evaluation metrics table 4. in the image above shows that the K-Means
algorithm demonstrates superior performance compared to DBSCAN in grouping data into 3 main
clusters. The superiority of K-Means is clearly visible from the higher Silhouette Score value (0.4057 vs
0.3957) and the much smaller Davies-Bouldin Index value (0.8391 vs 2.7432), which indicates that the
clusters generated by K-Means have a clearer separation and a denser internal structure. In addition, K-
Means also leads slightly in terms of accuracy, both in Boundary Validation Accuracy (99.86% vs 99.59%)
and Relative Structure Accuracy (70.28% vs 69.78%). Overall, this metric analysis confirms that for these
data characteristics, the K-Means centroid-based approach is able to form a much more optimal and
efficient region partition than the density-based approach of DBSCAN.

5. Conclusions

Based on the results of the analysis and discussion, it can be concluded that the application of the K-
Means and DBSCAN methods has proven to be very effective and reliable in mapping the Temperature
Humidity Index (THI) to detect the risk of thermal stress in food crop cultivation in the Tegal City/Regency
area. The K-Means method has the advantage of providing a very proportional and spatially balanced
zoning division, where Tegal's climate variability is successfully grouped regularly into three distinct agro-
climate physical levels , namely the Optimal Zone (Ideal Temperature), Alert Zone (Light Stress), and Heat
Stress Zone (Severe Stress) with Internal evaluation shows that the K-Means method produces a more
distinct zoning grouping with a Silhouette score of 0.4057 and a Davies-Bouldin Index of 0.8391,
outperforming the DBSCAN method which has a Silhouette score of 0.3957 and a Davies-Bouldin Index
of 2.7432.
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  THI = T −  ( 0 . 55 − 0 . 0055 × RH ) × ( T − 14 . 5 )

