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Abstract. Climate is a combination of weather elements over a long period of time.
Global climate change can impact the productivity of agricultural crops, including coffee
plantations in Pagar Alam, South Sumatra, Indonesia. The purpose of this study is to
cluster the time of occurrence based on weather elements data in Pagar Alam in 2023 and
2024 using -means and average linkage clustering methods. The data matrix consists of
53 weeks and 15 weather element variables. Based on the biplot and Silhouette Index
results of both data matrices, the  values used were 2 and 4. The -means clustering
results on the 2024 data matrix indicate that a cluster of the majority of weeks is
characterized by higher minimum temperature, dew point, humidity, precipitation cover,
and cloud cover. Meanwhile, in the 2023 data matrix, a cluster of the majority of weeks
is characterized by high levels of dew, humidity, and cloud cover. The average linkage
clustering results are almost similar to the -means clustering results. The results of time
data clustering can help develop strategies for timing agricultural land management
practices as an adaptation measure to weather variability.

Keywords: Average linkage, K-means clustering, Pagar Alam, weather elements, weekly
time clusters.

1 Introduction

Climate refers to the long-term average pattern of weather conditions in a particular region.
Climate is determined by several weather elements, including solar radiation, temperature,
humidity, clouds, rain, evaporation, air pressure, and wind [1]. Weather can impact all aspects
of human activity and the environment [2, 3], including coffee plantations [4] and its trade [5].
Global climate change is impacting coffee productivity [6]-[9], including in Indonesia. Coffee
productivity is influenced not only by annual climate trends but also by short-term variations
in weather conditions during critical phenological and harvesting periods. Such temporal
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variability directly affects flowering, fruit development, and bean quality [10], [11].
Understanding temporal weather variability during coffee production is therefore essential for
developing effective climate adaptation strategies and improving farm management decisions.

Indonesian coffee production declined from 2021 to 2023, most recently by 2.1% in 2023 [12].
South Sumatra, as the largest coffee producer, also saw a decline, including in Pagar Alam.
Data from the Directorate General of Plantations and BPS—Statistics Indonesia [13]-[15] show
that coffee production in Pagar Alam has fluctuated and generally declined over recent years.
Interviews conducted in previous studies [16]-[19] indicated that coffee farmers in Pagar
Alam attributed the decline in coffee production primarily to weather variability. Grouping
observation periods according to dominant meteorological conditions can provide a general
representation of weather characteristics throughout a coffee harvest period. Furthermore, the
integration of meteorological data analysis has been widely proven effective in mapping the
direct correlation between seasonal shifts and coffee bean quality degradation in similar
tropical regions [20].

Several studies have investigated weather variability in Pagar Alam and surrounding coffee-
growing regions. Most have focused on drought risk assessment or comparisons of selected
weather variables between years. A GIS-based assessment of the drought threat index in
Dempo Tengah District, Pagar Alam Municipality, showed that most areas fall into the high-
threat zone [21]. However, the analysis was limited to one month of rainfall data and did not
provide a multivariate visualization of weather variability. According to the results of mean
difference tests reported in [22], the variables of temperature, maximum temperature,
minimum temperature, dew point, rainfall coverage, and cloudiness in Dempo Tengah Sub
District in 2021 were significantly different from 2022. Similarly, test results for two time
periods, from 2022 to 2024, showed significant differences for temperature, dew, humidity,
wind conditions, cloud cover, and sea level pressure [23]. Weather conditions during a coffee
harvest period are characterized by multiple interrelated meteorological variables that change
simultaneously over time. Therefore, a multivariate analytical approach is required to describe
the underlying patterns more comprehensively. Among multivariate exploratory methods,
biplot analysis provides an initial graphical representation of the relationships among weather
variables and observation periods in a reduced-dimensional space, thereby revealing the
overall structure of the data. Subsequently, clustering methods classify observation periods
with similar meteorological characteristics into homogeneous groups [24], [25].

Clustering observation periods based on multiple meteorological variables can support climate
adaptation strategies and improve automated weather prediction systems [26]. However, the
study relied on a Kaggle dataset containing only temperature, rainfall, air pressure, and wind
speed observations collected in Australia. According to Rinaldi [27], clustering daily data
using K-means clustering can support weather pattern analysis for disaster mitigation and
resource planning purposes. However, the weather elements used are only average
temperature and average humidity over a short time span to identify two intuitive and relevant
weather patterns (“rainy weather” and “cold, humid weather”).

K-means clustering is a non-hierarchical partitioning method that is sensitive to the selection
of initial centroids but effectively partitions observations into clusters with similar
characteristics. Meanwhile, hierarchical methods, particularly average linkage and centroid
linkage, can produce more stable clusters and output a dendrogram whose structure can be



explored [28]. Average linkage defines the distance between two clusters as the average
distance between all pairs of observations, with each pair consisting of one observation from
each cluster.

Previous comparative studies on meteorological data have demonstrated the usefulness of
comparing K-means and hierarchical clustering methods for exploring complex weather
datasets [29]. Although previous studies have demonstrated the usefulness of clustering
techniques for weather analysis, several important gaps remain. Existing studies generally
employ relatively short observation periods, limited sets of meteorological variables, publicly
available datasets from regions outside Indonesia, or focus solely on daily weather
classification. Despite these advances, little attention has been given to clustering weekly
weather conditions across an entire coffee harvest year using comprehensive meteorological
variables. Moreover, studies comparing K-means and average linkage hierarchical clustering
for such data across consecutive coffee harvest years in Indonesia remain limited. Therefore,
this study aims to cluster weekly observation periods based on meteorological data collected
in Pagar Alam, South Sumatra, Indonesia, during 2023 and 2024 using K-means and average
linkage hierarchical clustering methods, and to compare the resulting clustering structures to
identify temporal weather variability between consecutive coffee harvest periods.

The resulting weekly weather clusters and their characteristic weather profiles can support
evidence-based decision making in coffee cultivation by assisting farmers in scheduling
fertilization, pruning, weed control, rejuvenation, and other management practices according
to prevailing weather conditions. In addition, the findings may serve as valuable references for
farmers, researchers, and policymakers in developing mitigation and adaptation strategies to
address weather variability in coffee-growing regions.

2 Methods

This study used secondary data on daily weather elements over a period of one year in Pagar
Alam for 2023 and 2024. The data source was the weather website www.visualcrossing.com.
The data matrix was compiled used on the weekly average of every weather elements. The
steps were as follows:

1. Construct two weather element data matrices =(C ) =12.,; =12., ,
representing data for 2023 and 2024.

2. Perform descriptive statistics for each variable.

3. Perform biplot analysis on each data matrix =~ using data standardization with Z-scores,
data reduction by PCA, and biplot graphs [24], [25], [28], [30]. The biplot representation
can be used to determine the number of clusters of observed objects (K value).

4. Normalize the data using min-max normalization, then obtain a new data matrix

where  is the new normalized value of the -th variable in the -th data set;
is the initial value of the -th in the -th data set;



is the initial minimum value of the -th variable;

is the initial maximum value of the -th variable.

. Perform K-means clustering algorithm [31]-[34] in every data matrix

5.1 Determine the K centroids, namely centroid ; =1,2, , , by analyzing the biplot

results in Step 3, and also using the sillhouette index (SI) to estimate the quality of the
formed clusters. The Silhouette Coefficient (SC) is written as:

= (), ()
where ()= L -1 is the Global Silhouette Index (SI); with K is the number
of clusters;
== = is the average SI value for cluster- ;
= ﬁ is the SI value of object - in cluster- ;
=1,2, , ;where isnumber of objects in cluster- ;

is the average distance of object- to all other objects in a same cluster;

is the average distance of object- to all other objects in other clusters.
The selection of the K value is based on the SI graphic output from R Studio version
4.3.1. The Silhouette Index is chosen because of its superior consistency in handling
dense, continuous multivariate environmental datasets compared to other internal
validation indices [35].

5.2 Calculates the distance of each object to each centroid ; =1,2, |,
2
C.=4 o = ). 3)
where ( , ) is the Euclidean distance between object- and the initial cluster
centroid- /; is the value of the -th variable in the -th object; is the value of the

-th variable centroid at centroid- .

5.3 Calculate the minimum distance from object to each centroid-; =1,2, ,

5.4 Renew the centroid at cluster- :

::l—l = 112131 ’ (4)

where s the centroid of the j-th variable in the -th cluster; and  is the number of
objects in cluster- .

5.5 Iterates until all centroids converge and are stable.
Perform agglomerative hierarchical clustering [28] on  objects from each data matrix

6.1 Start with  clusters, each containing a single entity and X  symmetric distance
matrix = ( )



6.2 Search the distance matrix for the nearest (most similar) pair of clusters. Let the
distance between “most similar” clusters and be

6.3 Merge clusters and . Label the newly formed cluster (). Update the entries in
the distance matrix by (i) deleting the rows and columns corresponding to clusters
and ; (ii) adding a row and column giving the distances between cluster ( ) and the
remaining clusters. The distances between () and the other cluster are
determined by

() = —/——> %)

where  is the distance between object in the cluster () and object in the cluster
; ( yand  are the number of items in clusters () and , respectively.
6.4 Repeat Steps 6.2 and 6.3 a total — 1 times. Record the identity of clusters that are
merged and the levels (distances or similarities) at which the mergers take place.

6.5 Visual representation of clustering results through dendograms.
7. Further data analysis.

7.1 Interpretation of the characteristics of each cluster resulting from K-means clustering
and average linkage in each data matrix 2023 and 2024 based on the values of
weather elements.

7.2 interpretation of the characteristics comparison of each cluster based on weather
elements in both data matrices.

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

3 Results and Discussion

The data used is secondary data, limited to the Pagar Alam region of South Sumatra. 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 2 or 3 days. Variables and their
notations and units include: Maximum Temperature (Tmax;  ; in ), Minimum
Temperature (Tmin; ,;in ), Mean temperature (Temp; 3;in ), Dew point (Dew; 4; in
), Relative humidity (Hum; s5; in %), Precipitation (Precip; ¢; in ), Precipitation
Cover (Pcover; 7;in ), Wind Gust (Wgust; g; in / ), Wind Speed (WSpeed; g; in
/ ), Wind Direction (WDir; 1g; in ), Sea level pressure (Seapress;
11;in ), Cloud cover (CCover; 15; in %), Solar radiation (SolRad; 13;in  / ?2), UV
Index (UVI;, 145 0 10), Moonphase (Moophase; 15; 0 10).

The entries of two data matrices used were 15 weather elements data in Pagar Alam in 2023
and 2024. Each data matrix for 2023 and 2024 consists of 53 rows and 15 columns,
representing the coordinates of each object (time per week in 1 year) in 15-dimensional space.

The following describes the results of processing the data matrix 2024, and the same process
was carried out for the data matrix 2023. Descriptive statistics are presented in Table 1. The
values of ;, , (median), and 3 were used as the segmentation boundaries for the weather



elements. A comparison of the boxplots of all variables from both data matrices can be seen in
Figure 1.

Table 1. Statistics descriptive data matrix 2024 and data matrix 2023

Variable Mean StDev Minimum 1 Median 3 Maximum
Tmax_2024 27.0 1.0 24.7 26.2 26.9 27.6  29.6
Tmax_ 2023 26.8 1.3 243 26.2 26.6 272 304
Tmin 2024 19.7 0.6 18.2 19.3 19.7 20.1 20.9
Tmin_2023 19.4 0.6 18.1 19.0 19.4 19.8  20.7
Temp 2024 22.8 0.6 21.5 223 22.7 23.0 242
Temp_2023 22.5 0.7 20.8 22.1 22.4 22.8 243
Dew_2024 20.0 1.0 17.5 19.3 20.2 20.8 216
Dew_2023 19.5 1.1 16.6 19.0 19.8 203 21.1
Hum_2024 85.7 59 68.2 82.6 87.7 90.1 92.6
Hum_2023 84.7 6.4 69.0 82.4 87.0 89.1 93.2
Precip_2024 8.9 6.4 0.2 4.4 7.7 132 251
Precip_2023 6.8 49 0.3 2.8 5.5 10.0 19.7
MooPhase_2024 0.5 0.2 0.1 0.3 0.5 0.7 0.8
MooPhase_2023 0.5 0.2 0.1 0.3 0.5 0.7 0.9

Based on Table 1, mean, standard deviation, minimum, 1, »,, 3, and maximum values of
variables on both data matrices are almost the same and not too different. Even some values
are the same with rounding 1 decimal. Based on the data value scale in Figure 1, the means of
several variables are quite different, namely Tmin, Temp, Dew, Wgust, and WSpeed. The
means of the variables in the data matrix 2024 are relatively higher than the means of the data
matrix 2023, except for WDir, Seapress, SolRad, and UVI. Meanwhile, the means for
MooPhase are relatively similar. A significant difference in the variation of variable values
occurs in the Precip variable.



Boxplot of Tmax; Tmin; Temp Boxplot of Dew._2024; Dew_2023
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Fig. 1. Boxplot of Tmax, Tmin, Temp (on upper left side), Dew (on upper right side), Pcover, CCover,
Hum (on bottom left side), Precip (on bottom right side) variables in data matrix 2024 and 2023

The coordinates of each object in the data matrix can be represented in the form of a biplot.
Furthermore, biplots can also represent the correlation between variables and the relative
relationships between objects and variables. Biplots are obtained by first performing PCA
(Principal Component Analysis) on the standardized data matrix. The variance and loading
plots of the variables, as well as the component scores for each object, are obtained from the
correlation matrix. The biplots of both data matrices can be seen in Figure 2 and Figure 3.

Based on the biplot of data matrix 2024, the Dim1 (PC1; 45.5%) and Dim2 (PC2; 18.3%) axes
explain 63.8% of the data variation. The red arrows represent the variable vectors, while the
blue dots represent the coordinates of objects or observations. The variables Tmax, UVI, and
SolRad are highly correlated with each other and have a large positive contribution to Diml. It
means that objects on the right side of the graph tend to have higher Tmax (maximum
temperature), solar radiation, and UV index. The variables Hum, PCover, and Dew also
contribute significantly to PC1 but have a large negative correlation with Tmax, SolRad, and
UVI. The variables WSpeed and Wgust have a more dominant influence on PC2 and tend to
have very low correlations with the variables that contribute significantly to PC1.
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Fig. 2. Biplot of data matrix 2024

In general, observations (blue dots) adjacent to the direction of the arrow of a variable have
higher values for that variable. For example, Week 30, 33, 34, 35, 36, 42, and 43 have higher
Tmax, SolRad, and UVI values than other weeks, indicating that the conditions of these
observed objects are closely related to high temperatures and UV radiation. Week 1, 2, 5, 7,
37,45, and 46 tend to have higher Hum, PCover, Dew, and Precip values than other weeks.

Biplot of Data Matrix 2023
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Fig. 3. Biplot of data matrix 2023

The biplot of data matrix 2023 shows that the two main dimensions (Diml = 53.2% and
Dim2= 13.9%) explain 67.1% of the data variation. The UVI and SolRad variables contribute
predominantly to PCI1. Similarly, the Hum, PCover, Precip, and CCover variables also
contribute predominantly to PCI1. These two groups of variables are highly negatively



correlated. The minimum temperature (Tmin) variable contributes highest to PC2. Tmin
variable has a very low correlation with the two groups of variables that contribute highest to
PC1. Tmax and Temp have a high correlation. Wgust and WSpeed are also highly correlated.
Observing the relative position of objects in the variable vector reveals the characteristics of
object clustering. For example, Weeks 31, 32, 34, 39, 40, 42, 43, 41, and 44 have higher UVI
and SolRad values than other weeks. Next, cluster analysis was performed to analyze the
object and variable clustering.
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Fig. 4. Silhouette Index values for each K value in data matrix 2024 (on left side) and data matrix 2023
(on right side)

The use of non-hierarchical cluster analysis, namely K-means clustering, is carried out by first
normalizing each entry of the data matrix, using equation (1). Determination of the K value in
K-means clustering is based on the Silhouette Index (SI) using equation (2) and also by using
the biplot of each data matrix. Determination of the SI value uses the help of R studio version
4.3.1. The optimal SI value is obtained at K = 2. Furthermore, based on the SI value and biplot,
clustering is carried out at K =2 and K = 4. Figure 4 is the SI of each data matrix.

K-means clustering begins by determining the initial centroids (centers) for the K clusters. For
example, for the data matrix 2024, the initial cluster centroids for K =2 are Week 49 and Week
37. For K=4, the initial cluster centroids are Week 50, Week 7, Week 14, and Week 34. These
initial cluster centroids can be seen in Table 2.

The F tests should be used only for descriptive purposes because the clusters have been
chosen to maximize the differences among objects in different clusters. The observed
significance levels are not corrected for this and thus cannot be interpreted as tests of the
hypothesis that the cluster means are equal. The significance level (alpha-value) used is 5%,
so if the probability value of the F test result (noted as p-value or Sig.) is greater than 0.05,
then the test result is considered statistically insignificant, thus failing to reject the hypothesis
that there is insufficient evidence to state a significant difference in the "variable
characteristics" between clusters. So, it can be said that the variable is not significant in
characterizing the differences between clusters.



Table 2. Initial cluster centroids for K=2 and K=4 in the data matrix 2024

K=2 K=4
Variable Cluster Cluster

1 2 1 2 3 4
Tmax 0.00 0.93 0.38 0.29 0.46 0.93
Tmin 0.42 0.54 0.37 0.85 0.77 0.54
Temp 0.00 0.93 0.39 0.27 0.54 0.93
Dew 0.55 0.09 0.39 0.73 0.90 0.09
Hum 0.90 0.09 0.55 0.90 0.90 0.09
Precip 0.44 0.03 0.17 0.38 0.82 0.03
Pcover 091 0.22 0.41 0.82 0.76 0.22
Wgust 0.92 0.30 1.00 0.22 0.15 0.30
WSpeed 0.76 0.42 1.00 0.26 0.13 0.42
WDir 0.90 0.25 0.91 0.00 0.60 0.25
Seapress 0.10 0.54 0.00 0.79 0.29 0.54
CCover 0.98 0.29 0.86 0.87 0.82 0.29
SolRad 0.01 0.84 0.65 0.14 0.50 0.84
UVI 0.00 0.83 0.73 0.13 0.60 0.83
MooPhase 0.03 0.64 0.37 0.09 0.99 0.64

Final cluster centroids and its distance, observed significance levels, and the number of
objects in each cluster can be seen in Table 3. Next, the grouping process is carried out using
equation (3) and equation (4). K-means clustering was carried out with the help of SPSS.
Convergence achieved due to no or small change in cluster centers. The maximum absolute
coordinate change for any center is 0.000. For K=2, the current iteration is 6. The minimum
distance between initial centers is 2.569. Meanwhile, for k=4, the current iteration is 4. The
minimum distance between initial centers is 1.457.

The results of the two-cluster clustering show that the distance between cluster 1 and cluster 2
is 1.191. At K=2, 36 weeks in cluster 1 are predominantly characterized by the highest Tmin,
Dew, Hum, Precip, Pcover, and CCover values. Seventeen weeks in cluster 2 are
predominantly characterized by higher Tmax, Temp, SolRad, and UVI values. Meanwhile, at
K=4, members of clusters 2 and 3, each with 17 weeks, have high Tmin, Dew, Hum, Pcover,
and CCover. An additional characteristic of cluster 3 is its highest MooPhase. Cluster 4 at K=4
shares the same characteristics as Cluster 2 at K=2, namely the highest Tmax, Temp, SolRad,
and UVI values. At K=4, a small portion of weeks (there are 5 weeks) in Cluster 1 are
characterized by high Hum, Wgust, WSpeed, WDir, and CCover. According to Table 3, at
K=2, Wgust, WSpeed, WDir, Seapress, and MooPhase variables do not significantly influence
the dissimilarity between clusters. Meanwhile, at K=4, only Seapress has a non-significant
effect.

Furthermore, the same method was used for the data matrix 2023, resulting in the summary as
in Table 4. For K=2, the current iteration is 2. The minimum distance between initial centers
is 2.768. Meanwhile, for K=4, the current iteration is 4. The minimum distance between initial
centers is 1.457.



Table 3. Final cluster centroids, observed significance levels, and the number of objects in each cluster
on data matrix 2024

K=2 K=4
Variable Final cluster centroid Sig. Final cluster centroid Sig.

1 2 1 2 3 4
Tmax 0.37 0.68 0.00 0.26 0.38 0.41 0.71 0.00
Tmin 0.60 0.42 0.02 0.40 0.65 0.59 0.41 0.02
Temp 0.39 0.61 0.00 0.27 0.42 0.42 0.64 0.001
Dew 0.76 0.33 0.00 0.55 0.79 0.73 0.30 0.00
Hum 0.86 0.42 0.00 0.75 0.88 0.82 0.39 0.00
Precip 0.45 0.15 0.00 0.21 0.51 0.46 0.09 0.00
Pcover 0.69 0.29 0.00 0.56 0.71 0.67 0.24 0.00
Wgust 0.25 0.26 0.89 0.77 0.12 0.27 0.21 0.00
WSpeed 0.23 0.34 0.09 0.72 0.12 0.24 0.30 0.00
WDir 0.60 0.49 0.18 0.93 0.50 0.64 0.42 0.001
Seapress 0.43 0.44 0.92 0.32 0.42 0.48 0.43 0.59
CCover 0.85 0.51 0.00 0.92 0.83 0.82 0.46 0.00
SolRad 0.33 0.76 0.00 0.42 0.31 0.37 0.78 0.00
UVI 0.43 0.77 0.00 0.47 0.41 0.48 0.80 0.00
MooPhase 0.52 0.49 0.75 0.32 0.29 0.80 0.49 0.00
Number 36 17 5 17 17 14

of objects

Note: A significance level > 0.05 indicates that the variable has no significant effect on determining
dissimilarity between clusters. Numbers in italics indicate the value of the variable that predominantly
characterizes the cluster.

The results of grouping 2 clusters in the data matrix 2023, it was found that the distance
between cluster 1 and cluster 2 was 1.185. At K = 2, there are 36 weeks in cluster 1
dominantly characterized by higher Dew, Hum, Precip, Pcover, WDir, and CCover values.
There are 17 weeks in cluster 2 dominantly characterized by higher Tmax, Temp, WGust,
WSpeed, SolRad, and UVI. Meanwhile, at K = 4, cluster 1 which has 21 weeks, does not have
dominant weather element characteristics. Cluster 3 which consists of 19 weeks, is
characterized by high Tmin, Dew, Hum, and CCover. While cluster 4 which only consists of 5
weeks, is characterized by high Hum, Precip, PCover, WDir, and CCover. Cluster 2 which
consists of 8 weeks, has the same characteristics as Cluster 2 at K=2, namely the highest
values for Tmax, Temp, WGust, WSpeed, SolRad, and UVI.

Based on Table 4, at K=2, the variables of Tmin, Seapress, and MooPhase do not significantly
influence dissimilarity between clusters. Meanwhile, at k=4, Seapress and MooPhase do not
significantly influence dissimilarity between clusters.

The results of K-means clustering by week within a year at K=2 for 2024 and 2023 can be
summarized in Table 5. Variables that do not significantly differentiate characteristics
between clusters were not considered in the cluster comparison for those two years.



Table 4. Final cluster centroids, observed significance levels, and the number of objects in each cluster
on data matrix 2023

K=2 K=4
Variable Final cluster centroid Sig. Final cluster centroid Sig.
1 2 1 2 3 4
Tmax 0.31 0.61 0.00 0.38 0.79 0.35 0.12 0.00
Tmin 0.51 0.47 0.52 043 0.53 0.63 0.25 0.002
Temp 0.39 0.63 0.00 0.44 0.78 0.45 0.14 0.00
Dew 0.76 0.39 0.00 0.63 0.21 0.83 0.71 0.00
Hum 0.80 0.34 0.00 0.65 0.11 0.81 0.92 0.00
Precip 0.43 0.14 0.00 0.20 0.11 0.49 0.68 0.00
Pcover 0.57 0.25 0.00 0.37 0.16 0.61 0.82 0.00
Wgust 0.26 0.61 0.00 0.39 0.75 0.20 0.38 0.00
WSpeed 0.20 0.55 0.00 0.33  0.69 0.16 0.26 0.00
WDir 0.53 0.31 0.01 0.49 0.20 0.42 0.88 0.00
Seapress 0.48 0.54 0.37 0.52  0.58 0.45 0.51 0.55
CCover 0.79 0.47 0.00 0.66 0.31 0.80 0.99 0.00
SolRad 0.39 0.77 0.00 0.55 0.89 0.40 0.19 0.00
UVI 0.38 0.79 0.00 0.53 093 0.40 0.16 0.00
MooPhas 0.46 0.57 0.21 0.57 0.58 0.39 0.42 0.17
e
Number 36 17 21 8 19 5
of objects
Table 5. Members of the two clusters and their characteristic variables
Data matrix 2024 Data matrix 2023
Variable Cluster Cluster
1 2 1 2
Tmax N N
Tmin N *
Temp v \
Dew N R
Hum v v
Precip S S
Pcover v v
Wgust * \/
WSpeed * S
WDir * \
CCover N R
SolRad R R
UVI S S
Number 36 17 36 17
of Weeks
Week Member of Member of Member of Member of
Cluster 1 Cluster 2 Cluster 1 Cluster 2
1to4 1 2 3 4 1 2 3 4
5to8 6 7 8 5 5 6 7 8
9to 12 9 10 11 12 9 10 11 12
13to0 16 1 15 16 14 13 14 15 16



Data matrix 2024 Data matrix 2023

Variable Cluster Cluster
1 2 1 2
17 to 20 1 18 19 20 17 18 19 20
7
21 to 24 2 22 23 24 21 22 23 24
1
25t0 28 2 26 27 28 25 26 27 28
5
29 to 32 2 30 31 32 29 30 31 32
9
33to0 36 35 36 33 34 36 33 34 35
37 to 40 3 38 39 40 37 38 39 40
7
41 to 44 4 43 44 42 41 43 44 42
1
45t0 48 45 46 47 48 45 46 47 48
49 to 52 50 49 51 52 49 50 51 52
53 53 53

Note: A symbol “\” indicates the dominant variable characterizing the cluster.
A symbol * indicates that the variable is not significant in determining cluster dissimilarity.

In Table 5, the variables Seapress and MooPhase are the variables that do not significantly
determine dissimilarity between the two clusters in both data matrices. Cluster 1, which
comprises the majority of Weeks (there are 36 weeks, or approximately 68% of the weeks in a
year) in both data matrices, is predominantly characterized by higher weather elements,
namely Dew, Hum, Precip, Pcover, and CCover. However, in the data matrix 2024, the
majority of these weeks are characterized by higher Tmin. While in the data matrix 2023, the
majority of these weeks are also characterized by high WDir (wind direction blowing away
from the North).

On the data matrix 2024, almost all weeks from January to July, September, and October have
the characteristics of Cluster 1. Meanwhile, weeks in August, November, and December are
characterized by Cluster 2, with higher Tmax, Temp, SolRad, and UVI values.

Meanwhile, in the data matrix 2023, weeks in early January, early February, early March,
April to mid-July, early September, almost all weeks in October, early November, and early
December are characterized by Cluster 1. Weeks in end of January, end of February, end of
July, all weeks in August, end of November, and end of December are characterized by
Cluster 2, with higher Tmax, Temp, SolRad, UVI, Wgust, and WSpeed values.

The same analysis was also performed for K=4. Therefore, based on the results of K-means
clustering on both data matrices, Wgust, WSpeed, and WDir in 2023 were more characteristic
of weather conditions than in 2024. Furthermore, Tmin did not significantly differentiate the
clusters.

Next, by using equation (5) in the average linkage algorithm, a clustering in the form of a
dendrogram was obtained in Figure 5. The data matrix used for object clustering (Weeks) was
the normalized data matrix. Meanwhile, for variable clustering, the data matrix used is the



standardized result of the original data matrix. The number of clusters in the resulting
dendogram was based on the level of similarity in the amalgamation steps.
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Fig. 5. Dendogram of variables clusters in data matrix 2024 (on upper left side) and data matrix 2023 (on
upper right side), dendrogram of observation clusters in data matrix 2024 (on bottom left side) and data
matrix 2023 (on bottom right side)

The results of K-means clustering can be compared with the results of hierarchical cluster
analysis, namely average linkage. In the dendrogram of the data matrix 2024, there are
clusters of highly correlated variables with a similarity level of 77%. These are the cluster
consisting of Tmax, Temp, SolRad, and UVI; the cluster consisting of Tmin, Dew, Hum,
Precip, PCover, and CCover; and the cluster consisting of Wgust and WSpeed.

In the amalgamation steps, four clusters were obtained in Step 49, with a similarity level of
54.3%. Therefore, all weeks, except Week 49 and Week 50, have relatively similar weather
element characteristics. In Step 51, two clusters were obtained with a similarity level of 41.9%.
According to Table 6, 38 weeks (in Cluster 1) have high Tmin, Dew, Hum, and CCover
characteristics. Thirteen weeks (in Cluster 2) were characterized by the highest Tmax, SolRad,
and UVI. Week 49 (in Cluster 3) and Week 50 (in Cluster 4) had extreme weather elements,
namely: higher Hum, PCover, Wgust, WSpeed, WDir, CCover, and UVI values.

Meanwhile, in the dendrogram of the data matrix 2023 revealed clusters of highly correlated
variables with a similarity level of 77%. These were the cluster consisting of Tmax, Temp,
Wgust, WSpeed, SolRad, and UVTI; and the cluster consisting of Dew, Hum, Precip, PCover,
and CCover.



In the amalgamation steps of the data matrix 2023, four clusters were obtained at Step 49, with
a similarity level of 60.9%. Seven weeks had weather element characteristics that were very
different from the other 46 weeks. In Step 51, two clusters were identified with a similarity
level of 48.9%. According to Table 6, 35 weeks (in Cluster 1) have high Dew, Hum, and
CCover characteristics. Seven weeks in Cluster 4 (where Cluster 4 shares a similarity level
with Cluster 2 at 48.9%) have the highest Tmax, Temp, WGust, WSpeed, SolRad, and UVI
characteristics. Weeks 4, 8, and 53 (in Cluster 3) have the highest extreme weather elements:
Dew, Hum, Precip, PCover, WDir, and CCover. Meanwhile, Cluster 3, consisting of 8 weeks,
has no dominant characteristics.

Table 6. Cluster centroids resulting from clustering using average linkage

Data matrix 2024 Data matrix 2023
Variable K=2 K=4 K=2 K=4

Centroid Cluster centroid Centroid Cluster centroid

1 2 1 2 3 4 1 2 1 2 3 4
Tmax 048 0.19 039 0.72 0.00 0.38 0.34 0.82 0.34 0.14 045 0.82
Tmin 055 039 060 038 042 037 0.49 0.58 0.56 022 028 0.58
Temp 047 0.19 042 0.63 000 039 042 0.81 0.42 0.17 047 0.81
Dew 062 047 074 027 055 039 0.71 0.19 0.76 0.75 048 0.19
Hum 0.72 073 084 037 090 0.55 0.74 0.08 0.77 0.95 050 0.08
Precip 035 030 045 0.09 043 0.17 0.37 0.12 0.39 077 0.13 0.12
Pcover 0.55 0.66 067 022 0091 0.41 0.51 0.17 0.53 095 028 0.17
Wgust 023 096 023 022 092 1.00 0.31 0.78 0.26 0.41 0.51 0.78

WSpeed 024 088 021 032 076 1.00 0.25 072 0.20 027 047 072
WDir 055 090 060 041 090 091 0.50 020 049 0.92 036 0.20
Seapress 044 005 045 043 010 000 049 0.60 049 037 050 0.60
CCover 073 092 083 046 098 086 0.75 029 077 0.99 057 0.29
SolRad 047 033 036 078 0.01 065 045 0.90 0.44 0.10 0.66 0.90

UVI 055 037 046 078 000 073 045 0.94 043 002 068 094

MooPhas
e

052 020 053 050 0.03 037 049 0.55 0.49 028 055 0.55

Number 51 2 38 13 1 1 46 7 35 3 8 7
of Weeks

Note: Numbers in italics indicate the value of the variable that predominantly characterizes the cluster.



Overall, based on the average linkage results, the majority of Weeks in both data matrices
have similar characteristics, namely high Dew, Hum, and CCover. In the 2023 data, the
weather elements WGust, WSpeed, and WDir are more characteristic of cluster dissimilarity
than in the 2024 data.

The optimal K value obtained in K-means clustering is 2. The minimum distance between two
clusters in the 2024 and 2023 data matrices is 2.569 and 2.768, respectively. In both data
matrices, the minimum distance between two clusters is higher than the minimum distance
between four clusters. Meanwhile, in the average linkage results, the similarity level between
two clusters in the 2024 and 2023 data matrices is 41.9% and 48.9%, respectively. The
similarity level in two clusters is lower than the similarity level in four clusters. The results of
the two clustering techniques give different results, namely there are differences in several
dominant weather elements that characterize each cluster. This may be due to the random
initial centroid selection in K-means clustering. Meanwhile, in average linkage, clustering
time objects through amalgamation steps.

There are several things that can be obtained from the results of comparing the K-means
clustering and the average linkage results for the weather elements, namely:

(1) In the data matrix 2024, Precip and PCover dominantly characterize the cluster of the K-
means clustering results. Conversely, this is not the case with the average linkage results.

(i1) In the data matrix 2023, the K-means clustering results show that one cluster in almost all
weeks lacks the weather elements that are dominant in determining their dissimilarity.
However, in the average linkage results, this is only true for a small number of weeks.

(iii) K-means clustering results on the data matrix 2023, the weather elements that determine
the dissimilarity between clusters tend to be the same.

The tendency of differences in weather elements that dominate a weekly time span within a 1-
year period can provide information for coffee farmers regarding the time span from flowering
to coffee fruit being ready for harvest, the length of the harvest period, and the arrangement of
plant maintenance schedules, such as fertilization, weed control, pruning, and rejuvenation.
This effective plant maintenance schedule activity is a form of mitigation against weather
variability, thereby minimizing the impact of extreme weather on plant productivity, including
coffee.

4 Conclusion

Comparing the similarity levels of the average linkage results for the data matrices 2024 and
2023, the weather elements across weeks in 2023 were more stable than across weeks in 2024.
In the 2023 data, WGust, WSpeed, and WDir better characterize the dissimilarity of weather
element clusters between weeks. K-means clustering results for the data matrix 2024 indicate
that clusters of most weeks are characterized by higher minimum temperature, dew point,
humidity, precipitation, and cloud cover. Meanwhile, in the data matrix 2023, clusters from
most weeks are characterized by higher dew point, humidity, and cloud cover. The average
linkage clustering results also show that clusters from most weeks are predominantly
characterized by the same weather elements as the K-means clustering results.



Differences in weather elements that dominate a weekly time span within a year indicate
weather variability in Pagaralam. If the condition of these weather elements is linked to coffee
cultivation activities, the results of this clustering are useful in developing a strategic schedule
for plant maintenance activities and also provide information for estimating coffee production,
harvest time, and the duration of the harvesting process.

Because the weather elements characterizing clusters obtained from different cluster analysis
methods can differ, further research should compare the clustering results from normalized
data matrices with those from standardized data matrices. Furthermore, it is also necessary to
compare the two data matrices for the two years using Procrustes analysis.
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