I J ASST Volume 08

_ Issue 01
International Journal of

Applied Sciences and Smart Technologies
p-ISSN 2655-8564, e-ISSN 2685-943, pp. 293-320, 2026

Grouping Weekly Weather Based on Weather
Elements in Pagaralam by Using K-Means
Clustering Analysis

Sri Indra Maiyanti', Irmeilyana'”, Putri Nilam Cayo',
Dinny Indah Angelia, Angelina'

Faculty of Mathematics and Natural Sciences, University of Sriwijaya,
Jin. Lintas Timur Palembang-Prabumulih KM. 32,
Indralaya, 30129, Indonesia
*Corresponding Author: irmeilyana@unsri.ac.id

(Received 12-12-2025; Revised 01-02-2026; Accepted 02-03-2026)

Abstract

Weather is the result of the interaction and combination of various atmospheric elements that
occurs in a relatively small place or region over a short period of time. This study aims to
analyze weekly weather characteristics in Pagaralam using the K-Means Clustering method.
The data used was weekly weather in 2022 and 2023 with 15 variables, namely Maximum
temperature, Minimum temperature, Temperature, Dew, Humidity, Precipitation,
Precipitation cover, Wind gust, Wind speed, Wind direction, Sea pressure, Cloud cover, Solar
radiation, UV Index, and Moon phase. The analysis process began with data standardization,
followed by clustering using K-Means Clustering with several K values to observe variations
in cluster structure. The optimal number of clusters was determined using the elbow and
silhouette methods. The best optimal K value for each of the 2022 and 2023 data was K=3.
A small number of weeks in both years had high temperatures and solar radiation and
accompanied by lower dew, humidity, precipitation, and cloud cover than other weeks. A
small number of weeks in 2022 had low minimum temperature and were also accompanied
by lower cloud cover, dew, and humidity, but they had higher wind gusts and wind speeds
than other weeks. Meanwhile, a small number of weeks in 2023 had lower temperatures and
accompanied by higher cloud cover, wind gusts, and wind speeds than other weeks.
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1 Introduction

Weather is an atmospheric condition that occurs in a relatively small place or region
over a short period of time. Weather is the result of the interaction and combination of

various atmospheric elements such as temperature, rainfall, humidity, wind speed, and
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duration of sunlight, where changes in one element will affect other elements [1]. Weather
is a condition resulting from differences in temperature and humidity in various regions
[2-3]. Changing weather patterns on a global scale, lasting for a very long time (slow
pace) and progressing slowly (slow onset) indicate the phenomenon of climate change
[4]. Weather changes are characterized by an increase in the Earth's surface temperature
and an increase in extreme weather events such as extreme rainfall, which are the main
cause of disasters [5]. Global warming arises from increasingly intensive human
activities, such as the burning of fossil fuels, increased industrial production, and large-
scale deforestation [6], which can disrupt the balance of the Earth's meteorological and
geological cycles [3]. Global climate change is affecting the decline in coffee productivity
[7-10], including in Indonesia.

The main elements that shape weather include temperature, air pressure, humidity,
wind, and rainfall. Sunlight, clouds, lightning, and rainbows also influence the formation
of weather in a region [11]. Weather changes also occur in tropical regions like Indonesia,
which are highly sensitive to changes in weather elements. In recent years, Indonesia has
been impacted by the La Nina phenomenon, which is known to increase rainfall and
change wind direction. These changes will continue with varying intensity and affect
seasonal patterns and weather stability in various regions [12]. Detailed weather
information is highly beneficial because it impacts various sectors of life, such as
agriculture, health, tourism, and the economy [13-14].

Pagaralam Municipality, South Sumatra, is one of the areas heavily affected by
weather variability due to its location at an altitude of 500-3,000 meters above sea level
and its unique microclimate. Weather instability in this region can hamper the coffee
cultivation and post-harvest processes, while in the tourism sector [15-17], so
understanding the weather characteristics in Pagaralam is important to maintain the
sustainability of these sectors [18].

Assessment of the drought threat index in Dempo Tengah District, Pagaralam, using
GIS shows that most areas are included in the high threat zone [19]. However, in this
study, the weather element data used only rainfall within 1 month and is less visually
descriptive. Based on interviews conducted in [20-26], coffee farmers in Pagaralam stated

that the decline in coffee production was mostly due to the influence of weather.
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Information on time groups dominated by high or low values of certain weather elements
can represent the characteristics of general weather conditions for 1 harvest period. Based
on the mean difference test in [27], the variables of temperature, maximum temperature,
minimum temperature, dew point, rainfall coverage, and cloudiness in Dempo Tengah
District in 2021 were significantly different than in 2022. Likewise, the test results for 2
time periods from 2022 to 2024 showed significant differences for temperature, dew,
humidity, wind conditions, cloud cover, and sea level pressure [28].

Pagaralam's geographical conditions, which are sensitive to increasingly complex
weather changes, require analytical methods capable of explaining the interrelationships
between weather elements. Biplot analysis can map the interrelationships between
weather elements, simplifying the interpretation of complex weather data into more
concise and clear information [29]. Weather data in Pagaralam changes daily,
necessitating analytical methods to simplify and display the main patterns. The
simplification focuses on weekly weather patterns to make inter week variations more
visible. Clustering, an unsupervised data mining method, is used to group data and
consists of hierarchical and non-hierarchical clustering. Clustering is a data mining
method that can be used to extract valuable information by grouping data into clusters
with similar characteristics. Examples of non-hierarchical clustering methods are K-
means clustering [30] and K-medoids clustering [31].

Combining data using K-Means Clustering can improve data quality [32]. An
example of the application of K-Means Clustering was to assess the effectiveness of
language learning techniques on students by grouping pre-test and post-test data [33], but
the analysis results were not supported by cluster plot visualization. K-Means Clustering
was also used to group commodity priorities for food policy [34]. However, the
determination of K did not use statistical justification methods, such as the Elbow method
or the Silhouette Index and DBI (Davies-Bouldin Index) value.

Applications of K-Means Clustering include Pramoedya, et al. [35] who grouped
weather conditions in the Kediri region and obtained three optimal clusters based on the
DBI value. Cahaya, et al. [36] grouped rice potential in 35 sub-districts in Pagaralam in
2020 to 2022 period into three rice potential clusters: low, medium, and high. Another

study by Rahman, et al. [37] combined K-Means Clustering and Random Forest to group
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and classify annual weather data in Cilacap City using the silhouette and elbow methods.
However, in these studies, weather grouping generally still focuses on regions (spatially)
or uses annual data. Even though changes in weather conditions often occur rapidly from
week to week.

The purpose of this study is to analyze weekly weather clustering in Pagaralam
Municipality 2022 and 2023 based on weather elements using the K-Means Clustering
method. The results obtained by identifying the characteristics of each weather cluster
can provide basic information that can be used in practical activity planning, such as
developing agricultural cultivation calendars and other activities that depend on weather

conditions.

2 Material and Methods

The data used in this study is secondary data obtained from the website
visualcrossing.com. The data contains daily weather information for Pagaralam
Municipality, South Sumatra, in 2022 and 2023. The objects in the data matrix are weekly
periods, from January 1 to December 31 in a year, resulting in 53 weeks, with the 53rd
week consisting of only one or two days. Variables and their notations and units include:
Maximum Temperature (Tmax; X;; in °C), Minimum Temperature (Tmin; X,; in °C),
Mean temperature (Temp; X5; in °C), Dew point (Dew; X,; in °C), Relative humidity
(Hum; X5; in %), Precipitation (Precip; X¢; in mm), Precipitation Cover (Pcover; X; in
mm), Wind Gust (Wgust; Xg; in km/h), Wind Speed (WSpeed; Xo; in km/h), Wind
Direction (WDir; X,,; in degrees from North), Sea level pressure (Seapress; X;1; in
mb), Cloud cover (CCover; X;,; in %), Solar radiation (SolRad; X;3; in W/m?), UV
Index (UVI; X;4;  between 0 and 10), Moonphase  (Moophase;  Xis;
between 0 and 10). Two data matrices used were data on 15 weather elements in
Pagaralam in 2022 and 2023.

The following were the steps taken in this research:

1. Describe the data for each variable.
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2. Construct a data matrix for 2022 and 2023. For example, a data matrix consisting of n
objects (i.e. the number of weeks) and p variables (i.e. the number of weather
elements) is denoted as X = (xl-j *); wherei =1,2,..,nandj = 1,2, ...,p.

3. Standardize the data using Equations (1), (2), and (3):

Xij * —X;

zjj = T D
n
j = 2=k @
n _\2
5 = \/Zi=1(xij *—%) 3)
n—1
where
z;; : Standardized value of the i — th object on the j — th variable;
i=12,..,nj=12,..,p
x;j * : Initial value of the { — th on the j — th variable
X, :Average value of the j — th variable
s; : Standard deviation value of the j — th variable
4. Perform K-Means Clustering analysis [38-40]
a.  Determine the number of initial clusters K to be used in the analysis process.
b.  Determine the initial centroid c.
c.  Calculate the distance of each object i to centroid ¢j using Equation (4):
P
d(x;,cp) = Z(xij - ij)z (4)
j=1

where

d(x;,ci) : Euclidean distance of the i — th object to the k — th cluster centroid;
k=1,2,..,K

x;j : Standardized value of the i — th object to the k — th variable

ck;j : Centroid value of the k — th for j — th variable

d. Group each object i into the k — th cluster with the closest distance.
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e. Recalculate the centroid position ¢j based on the average value of the members

in cluster k using Equation (5).

Z?fl xij
C R — —_ 5
kj Nk ( )
where

ckj : Centroid value of the k — th for the j — th variable

x;j : Standardized value for the i — th object for the j — th variable in the

k —thcluster; i =1,2,3,...,n

ny : Number of objects in the k — th cluster

f. Repeat the calculation steps until the centroid position ¢j remains unchanged
(converges).

Determine the optimal number of clusters, K, based on the SSE (Sum of Squared
Errors in elbow method) and silhouette values. The elbow method is a method for
determining the best number of clusters in a model by looking at the optimal point
from the comparison between the number of clusters and the data variation value.
The silhouette coefficient method combines two metrics, namely cohesion which
assesses the proximity between objects within a cluster, and separation which
measures the distance between one cluster and another [40]. The silhouette
coefficient ranges from -1 to 1, with higher values indicating better cluster formation
[41]. The SSE and silhouette values are calculated by using Equation (6) and
Equation (7), respectively.

SSE = i Z Zp:(xij — ) (6)
k

=1 x;€Eck j=1
b(i) — a(i)
max(a(i) — b(i))

s(i) = (7

Where:
s(i) : Silhouette value for the i — th object
a(i) : The average value of the distance between the i — th object and all other

objects in the same cluster
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b(i) : The average value of the distance between the i — th object and objects in
other nearby clusters
max(a(i) - b(i)) : Maximum value between a(i) and b (i), used as a divisor so that
the result is in the range —1to 1

6. Interpretation of results.

Data processing and analysis using software Minitab 19, SPSS 24, and R Studio version
4.3.1.

3 Results and Discussions

The data aggregation process was carried out to convert daily weather data into
weekly data. Construct the 2022 and 2023 data matrices, respectively, as X = (xl- | *)
withi=1,2,...,53 andj = 1, 2, ...,15. The next step is to conduct a descriptive analysis
to provide an initial overview of the data distribution. This analysis includes calculating
the minimum, maximum, median, mean, and standard deviation values. Descriptive
statistics for variables in 2022 as shown in Table 1.

Data standardization on Table 2 was performed using Equation (1) based on
average and standard deviation values in Table 1. The standardized data used in a K-
Means Clustering analysis to group weekly weather conditions based on their weather
elements.

Table 1. Descriptive statistics for variables in 2022

Standard

Variable Average Minimum Maximum Median Deviation
Xy 78,8518 76.57 81.51 78.71 1.2118
X, 66.1369 63.80 67.93 66.13 0.7801
X3 71.3493 70.29 73.57 71.30 0.8060
X, 66.9453 64.46 69.01 67.03 0.9845
Xs 86.8577 79.03 91.80 87.14 2.9053
Xe 0.3794 0.07 0.99 0.33 0.2206
X; 51.5837 12.50 92.26 48.81 16.6234
Xg 18.5264 12.77 36.00 16.46 4.9401
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Variable Average Minimum Maximum Median Standard
Deviation
Xo 4.1057 2.63 8.50 3.79 1.2158
X10 210.3827 107.60 298.20  225.60 49.7460
X11 1012.3191 1010.00 1015.00 1012.00 1.0222
X1 90.9844 56.83 99.64 93.31 8.8680
X1i3 197.9790 135.90 276.90 192.30 27.0349
X1a 7.5148 5.86 9.43 7.29 0.7597
Xis 0.4772 0.10 0.87 0.45 0.2202
Table 2. Standardized data in 2022
Week-i X X, X3 X, Xia Xis
1 0.3935 0.7218  0.5060  0.6940 -0.1135 -0.6620
2 -1.0094  0.5203 -1.0183 0.5344 -0.4896 -0.9020
3 -0.9386  -0.2854 -1.3196 -0.1766 0.4506 0.1361
4 0.7825 0.3189 0.4351 0.0556 0.4506 1.2522
53 -0.8679  -2.9955 -0.9297 -1.7727 0.6386 -0.9410

The number of clusters tested was K = 2. Some of the calculation examples were
performed manually using Equation (4), while the overall clustering process was

completed using RStudio software version 4.3.1. The steps of the K-Means Clustering

analysis for the 2022 data matrix are explained below.

1.  Determine the initial centroid by randomly selecting several data points in Table 3.
The centroid for cluster 1 is denoted as ¢4, derived from the weather data from week

13. Similarly, the centroids for clusters 2 is denoted as ¢, derived from weather data

from week 45.

2. Perform iteration 1 by calculating the object's distance to the initial centroid using

the Euclidean distance in Equation (4). For example, the distance from week 2 to

the centroid in cluster 1 is
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d(x,,cq) = \/(—1.0094 —2.1971)2 + (0.5203 + 0.2854)2 + - + (—0.9020 — (1.2262))”
= 9.8346

3. The results of the Euclidean distance calculation and cluster grouping are shown in
Table 4.

4.  Iteration 2
The centroid is calculated by taking the average value of each variable in each
cluster. Based on Table 4, the weekly weather for 2022 consists of 18 weeks in
cluster 1 and 35 weeks in cluster 2. The new centroid coordinates ¢y ; are determined
using the standardized initial data and Equation (5), with the number of cluster
members being n; = 18 and n, = 35.
For example, to calculate the new centroid for variable X; in cluster 1 is based on

the X; values of 18 weeks in cluster 1. These values are based on Table 2.

0.7825 + 0.6882 + - + (—1.0919) + (—0.8679)
cl,l = 18 - 07759

New centroid for variable X; in cluster 2 is

0.3935 + (—1.0094) + -+ + (—=0.9033) + (—0.7264)
= = —0.3991

€1 =

5. By the same calculation, new centroid values for each cluster from the 2022 data
are shown in Table 5. The Euclidean distance and clustering results from the second

iteration can be seen in Table 6.

Table 3. Initial centroid values for 2022

CentrOid Xl X2 X3 b X14_ X15
c1 2.1971  -0.2854 2.2784 2.5190 1.2262
c, -1.8817 0.1358 -1.1601 -1.9939 0.0583

Table 4. Euclidean distance and clustering from iteration 1 on 2022 data

Week-i c1 c, Minimum distance Cluster-k
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1 7.8420  5.4629 5.4629 2
2 9.8346  3.3025 3.3025 2
3 85152  5.2021 5.2021 2
4 6.4918  6.8082 6.4918 1
53 9.3431  9.9322 9.3431 1

Note: Bold numbers indicate the minimum distance from week-i to the centroid ¢,

Table 5. New centroid values for the second iteration from the 2022 data

CentI'Old X1 XZ X3 b X14 X15
c1 0.7759 -0.3556  0.6872  --- 0.9833  -0.0005
(o) -0.3991 0.1829 -0.3534 .- -0.5057 0.0002

Table 6. Euclidean distance and clustering in the second iteration of 2022 data

Week-i C1 Cy Minimum distance Cluster-k
1 3.5435  2.6195 2.6195 2
2 53713 23735 2.3735 2
3 3.9657  2.3234 2.3234 2
4 2.8835  3.5707 2.8835 1
53 6.8134  7.9778 6.8134 1

Table 6 still shows differences in cluster members from the previous calculation.
Therefore, the iteration continues using the same process until the cluster members
are the same as those calculated in the previous iteration (convergence). In this case,
the calculation for K = 2 on the 2022 data matrix reaches iteration 6. New centroid
values for each cluster from the 2022 data are shown in Table 7. The Euclidean

distance and clustering results from the second iteration can be seen in Table 8.
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Table 7. New centroid values for the sixth iteration from the 2022 data

CentrOid X1 XZ X3 X14 X15
c1 0.5167 -0.3978 0.4391 0.7925  -0.0851
cy -0.3667  0.2823  -0.3116 -0.5624 0.0604

Table 8. Euclidean distance and clustering in the sixth iteration of 2022 data

Week-i c1 c, Minimum distance Cluster-k
1 34187  2.6863 2.6863 2
2 5.0844  2.2889 2.2889 2
3 3.6431 2.5060 2.5060 2
4 2.7653  3.7774 2.7653 1
53 6.3493  8.4069 6.3493 1

Furthermore, the K-Means Clustering visualization for K = 2 on the 2022 and 2023
data matrices can be seen in Figs. 1 and 2. Based on Fig. 1, the K-Means clustering results
show two clusters distributed in different positions, although some objects in both clusters
are relatively close together. In general, the distribution of each cluster indicates that each
group has distinct characteristics.

The number of clusters is evaluated to determine the optimal K value using the
elbow and silhouette methods. The stage of evaluating the number of clusters using the

elbow method is to determine the SSE value for week i in cluster k using Equation (6):

2
SSEy; = Yke1 Lxjecy Z?zl(xij — cxj)
For example, to calculate the SSE value for week 4 in cluster 1 (notated as SSE; ,) is

based on data of week 4 in Table 2 and centroid of cluster 1 (c¢q) in Table 7.

SSEy 4 = ((0.7825 —0.5167)? + (0.3189 — (—0.3978))” + - + (0.4506 — 0.7945)?

+(1.2522 - (-0.0850))°)
Calculation of the SSE value for week 53 in cluster 1 (notated as SSE; 53) is based on data

of week 53 in Table 2 and centroid of cluster 1 (¢;) in Table 7.
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SSE, 55 = ((—0.8679 — 0.5167)% + (~2.9955 — (0.3978))" + ---

+(0.6386 — 0.7945) + (—0.9410 — (—0.0850))2) = 40.3131
So, the SSE for cluster 1 is obtained as follows

SSE1 = SSEIA- + SSE1,6 + -+ SSE1,53
= 7.6470 + 14.6696 + --- + 40.3131 = 308.0786

cluster

&l

-25 00 25 50
Dim1 (39.8%)

Figure 1. K-Means clustering for K = 2 in 2022

cluster

il

Dim2 (21.1%)

0
Dim1 (48.2%)

Figure 2. K-Means clustering for K = 2 in 2023
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Based on manual calculations, the SSE value for cluster 1 was 308.0786. The
calculation process was repeated until the optimal clustering result was achieved. For
example, at K=2, the SSE value for cluster 1 was combined with the SSE value for cluster
2. Using the same steps, the SSE for cluster 2 was 270, resulting in a total SSE of 577.9574
at K=2. The overall SSE calculation results can be seen in Table 9.

Based on Table 9, the SSE value in the 2022 data matrix experienced a very sharp
decline at K = 4. At K > 4, the percentage change in the SSE value was less than 22.
This indicates that increasing the number of clusters at K > 4 did not provide optimal
clustering. Thus, the elbow method resulted an optimal number of clusters of K = 4.

The SSE value in the 2023 data matrix shows the largest decreasing at K = 3. At
K > 3, the percentage change in the SSE value becomes smaller than 23, so increasing
the number of clusters to K >3 does not provide optimal results. Thus, the elbow method
results the optimal number of clusters at K = 3.

Next, the silhouette method was used to measure the proximity between objects
within a cluster. The calculation example was performed on objects in week 4 based on
the initial data and using Equation (7).

Table 9. SSE calculation results for K-clusters in 2022 and 2023
2022 Data Matrix 2023 Data Matrix

Number of
Clusters (K) SSE Change in  %age SSE Change in %0age
Value  SSE Value Change  Value SSE Value Change

2 577.9574 0 0 513.6831 0 0

3 506.0911 71.8663 12 393.4374 120.2457 23
4 395.7869  110.3042 22 353.1861 40.2513 10
5 370.5297 25.2572 6 330.4316 22.7545 6

6 340.0241 30.5056 8 273.2691 57.1625 17
7 300.0259 39.9982 12 257.5825 15.6866 6

8 285.2293 14.7966 5 227.3601 30.2224 12
9 259.3365 25.8928 9 210.2731 17.0870 8
10 241.3491 17.9874 7 197.4074 12.8657 6

Note: Bold numbers indicate a significant decrease in SSE.
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Based on the results of previous calculations, the week 4 is included in cluster 1.

The first step taken is to calculate the distance between objects in the same cluster.

d(4,6) = \/(0.7825 — (-1.1626))" + -+ (1.2522 — (~1.1291))” = 5.0471

d(4,53) = \/(0.7825 — (-1.8679))" + - + (1.2522 — (~1.9410))" = 7.6325

The average distance between the 4th week and all objects in the same cluster is

5.0471 + 3.1511 + 3.1187 + - + 6.4894 + 7.6325
a(4) = - = 4.3903

The next step is to calculate the distance between week 4 and other objects in different

clusters.

d(4,1) = \/(0.7825 — (0.3935))" + -+ (1.2522 — (—0.6620))" = 2.9701

d(4,49) = \/(0.7825 — (—-0.9033))” + - + (1.2522 — (~0.2078))” = 4.5553

The average distance between the 4th week and all objects in different clusters.

2.9701 + 4.7830 + 4.2221 + --- + 3.9250 + 4.5553
b(4) = T = 4.6742

The silhouette coefficient values for week 4 are as follows.
@) = 4.6742 — 4.3903 — 0.0607
S =T 6742

Based on manual calculations, the silhouette coefficient value for week 4 was

0.0607. The calculation process was repeated for all objects to obtain the average
silhouette coefficient value at K=2. The overall calculation results are shown in Table 10.

According to Table 10, the highest silhouette coefficient value for the 2022 data
matrix at K=3 was 0.2722. This value is the largest compared to other cluster size,
indicating a good separation distance between clusters. Therefore, the silhouette method
indicates K=3 as the optimal number of clusters.

Table 10. Silhouette coefficient calculation results in 2022 and 2023

Silhouette Coefficient Value (sg)
2022 Data Matrix 2023 Data Matrix
2 0.2198 0.3503

Cluster (K)
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3 0.2722 0.3101
4 0.2130 0.2957
5 0.1719 0.2425
6 0.1683 0.1797
7 0.1650 0.1843
8 0.1598 0.2193
9 0.1563 0.1735
10 0.1688 0.1663

The highest silhouette coefficient value for the 2023 data matrix was at K=2, namely
0.3503. This indicates the largest distance between clusters, so the silhouette method
indicates K=2 as the optimal number of clusters. Next, a comparison was conducted to
examine the characteristics of each cluster formed. The results of the comparison of
cluster members in 2022 and 2023 can be seen in Table 11.

Table 11. Comparison of cluster members in 2022 and 2023

2022 Data Matrix 2023 Data Matrix

Month Week Silhouette Elbow Silhouett Elbow

3 Clusters 4 Clusters ¢ 3 Clusters

2 Clusters

January Week 1 2 2 2 3
Week 2 2 4 2 3
Week 3 2 4 2 3
Week 4 2 2 2 3
January/February ~ Week 5 2 4 2 3
February Week 6 1 3 1 3
Week 7 2 2 1 3
Week 8 3 1 2 3
February/March ~ Week 9 3 1 2 3
March Week 10 2 2 2 2
Week 11 2 4 2 2
Week 12 3 1 2 2
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2022 Data Matrix 2023 Data Matrix

Month Week Silhouett
Silhouette Elbow Elbow

(Y
3 Clusters 4 Clusters 3 Clusters
2 Clusters

1 2

Week 13

March/April Week 14

[S—

April Week 15
Week 16
Week 17

April/May Week 18

May Week 19
Week 20
Week 21

May/Jun Week 22

Jun Week 23
Week 24
Week 25
Week 26

Jun/July Week 27

July Week 28
Week 29
Week 30

B N R N S I S S - S SN N S 2 B \S I S R (O B (O B (O R \S R (O
N DN NN NN NN N NN N NN NN NN
N DN D NN NN NN NN NN NN N W W

July/August Week 31

August Week 32
Week 33
Week 34
Week 35

[a—
[a—
—_—

N NN
N NN

L L\

August/Sept. Week 36

[a—
—_—

[S—
[S—
[a—

September Week 37
Week 38

N W NN N N W N RN N NN NN NN NN NN DN W W

308




Mayanti et.al., IJASST, Volume 08, Issue 01, 2026

2022 Data Matrix 2023 Data Matrix

Month Week Silhouette Elbow Silhouett Elbow

3 Clusters 4 Clusters ¢ 3 Clusters

2 Clusters

Week 39 2 2 1 1
September/Oct. Week 40 2 4 1 1
October Week 41 2 4 1 1
Week 42 2 4 1 1
Week 43 2 4 1 1
October/Nov. Week 44 2 2 1 1
November Week 45 2 4 2 2
Week 46 2 4 2 2
Week 47 1 3 2 2
Week 48 2 4 2 2
November/Dec. Week 49 2 4 2 2
December Week 50 1 3 2 2
Week 51 2 2 2 2
Week 52 1 3 2 2
Week 53 1 3 2 2

Based on Table 11, the 2022 data matrix shows differences in cluster members
between the elbow and silhouette methods, indicating that each cluster has a varied data
pattern. At K =3, many weekly weather patterns cluster in the same group, so the
variation pattern remains quite general. At K =4, the data is more clearly separated, but
2 of 4 clusters have same characteristics. Meanwhile, the other two clusters have the same
members and characteristics as the 2 clusters in the K = 3 grouping results. This shows
that the clustering for K = 3 is quite appropriate in distinguishing weekly weather
characteristics more specifically. Comparison of cluster centroids can be seen in Table
12.

In Table 12, the results of the K=3 clustering of the 2022 show that each cluster has

distinct weather characteristics, as follows:

309




Mayanti et.al., IJASST, Volume 08, Issue 01, 2026

(1)  Cluster 1 consists of 5 weeks, predominantly characterized by Tmin, Dew, WGust,
Wspeed, and WDir. This condition illustrates that these weeks have stronger winds,
with minimum temperatures and dew points tending to be lower than other weeks.

(i) Cluster 2 consists of 41 weeks, indicating that most weeks in 2022 tended to be less
dominated by the more "extreme" weather elements.

(i11)) Cluster 3 consists of 7 weeks, predominantly characterized by the Tmax, Temp,
SolRad, and UVI variables, as well as the Dew, Hum, Precip, PCover, and CCover
variables. This condition illustrates that these weeks experience warmer

temperatures, but lower precipitation, dew, and humidity than other weeks.

Table 12. Comparison of cluster centroids in 2022 data

K=3 K=4
Variable Cluster Centroid Cluster Centroid
1 2 3 1 2 3 4
Tmax -0.7547 -0.1310 1.3063 1.3063 0.5650 -0.7547 -0.7938
Tmin -0.9373  0.2497 -0.7929 -0.7929 0.5075 -0.9373 0.0041
Temp -0.6461 -0.0811 0.9364 0.9364 0.6850 -0.6461 -0.8107
Dew -1.4941 0.3929 -1.2338 -1.2338 0.4691 -1.4941 0.3202
Hum -0.9511  0.4095 -1.7190 -1.7190 -0.1034 -0.9511 0.8980
Precip -0.6921  0.2607 -1.0325 -1.0325 -0.3843 -0.6921 0.8750

PCover -0.4963  0.3030 -1.4201 -1.4201 -0.2958 -0.4963  0.8732
WGust 2.4024 -0.2918 -0.0066 -0.0066 -0.2592 2.4024 -0.3229
WSpeed 24723 -0.3311 0.1733 0.1733 -0.3883  2.4723 -0.2766
WDir 1.0280 -0.1863 0.3568 0.3568 -0.1618 1.0280 -0.2096
Seapress 0.5962 -0.1632 0.5303 0.5303 -0.4373 0.5962 0.0977
CCover 0.6790 0.1456 -1.3376 -1.3376 -0.1819 0.6790 0.4574
SolRad 0.2682 -0.3217 1.6926 1.6926 0.1978 0.2682 -0.8164
UVI -0.0759 -0.2878 1.7400 1.7400 0.1403 -0.0759 -0.6956
MooPhase -0.3933 -0.0091 0.3345 0.3345 0.0485 -0.3933 -0.0641
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Number
5 41 7 7 20 5 21
of objects

Note: Bold numbers indicate the dominant variables characterizing the cluster.

Furthermore, the results of the K=4 clustering of the 2022 show that:

(1)  Cluster 1, consisting of 7 weeks, tends to have the same characteristics as cluster 3
at K=3, namely higher Tmax, Temp, SolRad, and UVI values, but lower Dew, Hum,
Precip, PCover, and PCover values compared to other weeks.

(i) Cluster 2, consisting of 20 weeks, and cluster 4 consisting of 21 weeks, each tend
not to be dominated by more "extreme" weather elements. These two clusters
represent a separation from cluster 2 at K=3.

(i) Cluster 3, consisting of 5 weeks, has the same characteristics as cluster 1 at K=3,
namely predominantly characterized by Tmin, Dew, WGust, Wspeed, and WDir.
Based on a comparison of the clustering results at the two K values in 2022 data,

the optimal number of clusters was set at K =3. Although the elbow method results show
the maximum SSE change at K=4, the resulting cluster characteristics tend to be similar
to those obtained with K=3. The silhouette coefficient value suggests K=3 as the best
choice. Based on the K=3 clustering results in Table 11, there are only 12 weeks with
slightly more extreme weather than the others. These weeks, from late February to March,
early August, and early September, are dominated by higher temperatures, solar radiation,
and UVI, but those are as opposed with dew, humidity, and precipitation. Meanwhile, in
early February, mid-November, and December, the weather is dominated by wind, dew
and humidity.

Based on Table 11, the clustering results for the 2023 data matrix k=2 and K=3 do
not result the same membership pattern. All members of one cluster at K=2 are separated
into two clusters. Thus, the three resulting clusters have distinct characteristics. This
indicates that some weeks exhibit inconsistent patterns that change as the number of
clusters increases. Visualization for K =2 on 2023 data matrix can be seen in Fig. 2.

Table 13 shows the results of clustering in the k=2, indicating that each cluster has

distinct weather characteristics, as follows:
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(1)  Cluster 1, consisting of 12 weeks, tends to be characterized by the Tmax, Temp,
WSpeed, SolRad, and UVI variables, as well as the Dew, Hum, Precip, PCover, and
CCover variables. These two variable groups have opposite values. These
conditions indicate that the weeks in this cluster are characterized by higher
temperature, wind speed, solar radiation, and UVI, but also lower Dew, humidity,
precipitation, and cover precipitation compared to other weeks.

(i) Cluster 2 consists of 41 weeks, so that most of the weeks in 2023 are likely not to

be dominated by more 'extreme' weather elements.

Table 13. Comparison of cluster centroids in 2023

K=2 K =3
Variable Cluster Centroid Cluster Centroid
1 2 1 2 3
Tmax 1.2543 -0.3671 1.5238 -0.1538 -0.9378
Tmin -0.6742 0.1973 -0.5317 0.5291 -1.0557
Temp 0.9317 -0.2727 1.2325 0.0347 -1.2214
Dew -1.5566 0.4556 -1.6116 0.6248 -0.3526
Hum -1.5863 0.4643 -1.7610 0.4321 0.3438
Precip -0.8962 0.2623 -0.8739 0.2439 0.0848
PCover -1.2357 0.3617 -1.2383 0.3025 0.2458
WGust 0.6768 -0.1981 0.3088 -0.6008 1.4672
WSpeed 1.0407 -0.3046 0.6955 -0.6193 1.1694
WDir -0.5482 0.1605 -0.9465 -0.1803 1.3850
Seapress 0.1622 -0.0475 0.4084 0.0006 -0.3729
CCover -1.0987 0.3216 -1.4463 0.1049 1.0096
SolRad 1.3950 -0.4083 1.5013 -0.3635 -0.3073
UVI 1.3662 -0.3999 1.4703 -0.3901 -0.2017
MooPhase 0.3390 -0.0992 0.2151 -0.0180  -0.1431
Number
of Objects 12 41 10 32 11
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Based on Table 13, the results of the K = 3 clustering show that each cluster has
distinct weather characteristics, as follows:

(1)  Cluster 1 which consists of 10 weeks has the same characteristics as Cluster 1 at

K = 2.

(i) Cluster 2, consisting of 32 weeks, has the same characteristics as Cluster 2 at K =

2. Most weeks in 2023 tend not to be dominated by more extreme weather elements.
(i11) Cluster 3, consisting of 11 weeks, is predominantly characterized by the Tmax,

Tmin, and Temp variables, as well as the Wgust, WSpeed, WDir, and CCover

variables. These two groups of weather elements are inversely related. These two

groups of weather elements are inversely related. It can be said that a small part of
the weeks in 2023, low temperature conditions are characterized by high cloud
cover, wind speed, and wind gust.

In cluster 1 and cluster 3, the wind direction is opposite to the North.

In the 2023 data, the optimal number of clusters using the silhouette coefficient
method was K = 2, but the difference between K = 2 and K = 3 was not significant.
Meanwhile, the optimal number of clusters using the elbow method was K = 3. Based on
the K = 3 clustering results, the weeks between January and early March and from late
March to early April were characterized by low temperatures accompanied by higher
cloud cover, wind speed, and wind gusts than other weeks. Meanwhile, in early August,
between September and early November, weather conditions tend to have characteristics
of high temperature and solar radiation but accompanied by dew, humidity, precipitation,
and cloud cover that tend to be lower than in other weeks.

The differences in weather elements that dominate a weekly time span within a 1-
year period indicate weather variability in Pagaralam. Differences in weekly clustering
results over two consecutive years also indicate changes in weather elements, which can
affect the flowering process from cultivated plants to harvest, the harvest period, and crop
production. Solar intensity, temperature, humidity, rainfall, and wind speed significantly
influence fruit formation. If the weather changes are too extreme and the plants are
vulnerable to the weather, then it can lead to pest and disease attacks, which can reduce

fruit production and even crop failure.
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For example, in Pagaralam's robusta coffee plants, the flowering process, which
typically occurs throughout the year, can shift to specific months, thus altering the harvest
period. The timing of plant maintenance strategies, such as weed control, pest and disease
management, and pruning, can also shift and be adjusted to weather conditions. This
agricultural calendar planning strategy represents an adaptive and mitigation management
strategy to minimize the risk of climate impacts on crop production. Coffee farmers can
also implement strategies such as creating rorak for drainage, proper pruning techniques,
planting shade tree species that are more effective in controlling the microclimate, and
also more intensively implementing GAP (Good Agricultural Practices) in sustainable

agriculture.

4 Conclusions

For both 2022 and 2023 data, the elbow and silhouette methods resulted different
optimal K values. However, considering the characteristics of each cluster generated at
these two different K values, the best optimal K value for each of the 2022 and 2023 data
was K=3. Most weeks in 2022 and 2023 in Pagaralam did not have dominant weather
elements, especially from April to July. Furthermore, a small number of weeks in both
years had high temperatures and solar radiation and they were accompanied by lower
dew, humidity, precipitation, and cloud cover than other weeks.

A small number of weeks in 2022 had low minimum temperature and were also
accompanied by lower cloud cover, dew, and humidity, but they had higher wind gusts
and wind speeds than other weeks. Meanwhile, a small number of weeks in 2023 had
lower temperatures and accompanied by higher cloud cover, wind gusts, and wind speeds
than other weeks.

The average weekly weather conditions in Pagaralam during certain periods
throughout 2022 and 2023 varied considerably. To overcome the impact of variability in
weather elements on the harvest period of cultivated crops, especially coffee, farmers
should implement a schedule planning strategy and also appropriate plant maintenance
management, so that coffee production can be stable and even increase.

This study used a non-hierarchical clustering method, allowing for further

comparison with other clustering methods to determine the optimal number of clusters on
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a larger data range, such as hierarchical clustering, including single linkage, complete
linkage, and average linkage methods. Another example of a clustering method used for
further research is Density-Based Spatial Clustering with Noise (DBSCAN), a density-
based clustering algorithm that groups adjacent data points (high density) and separates
noise (sparse areas) to find irregularly shaped clusters. Gaussian Mixture Models (GMM),
a probabilistic unsupervised learnng model, can also be used, assuming that the data is

generated from a combination of several different Gaussian distributions.
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