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Weather refers to atmospheric conditions such as temperature, humidity, air pressure, wind
speed, and rainfall, all of which influence human activities. Rainfall is particularly
important due to its impact on agriculture and water resource management. This study
classifies regions on Java Island based on rainfall patterns using the Fuzzy C-Means
algorithm. Rainfall variations are influenced by geographical, topographical, and climatic
factors, requiring methods that can capture spatial and temporal changes. Fuzzy C-Means
was selected for its ability to manage data uncertainty and overlapping clusters. To
measure rainfall pattern similarity between regions, the Dynamic Time Warping (DTW)
method was applied. Since DTW is a non-Euclidean metric and incompatible with Fuzzy C-
Means, the Multidimensional Scaling (MDS) method was used to convert DTW distance
matrices into Euclidean feature vectors. The study used secondary daily rainfall data from
NASA (2021-2024). Clustering performance was evaluated using the Silhouette
Coefficient, yielding a value of 0.413184, indicating good compactness and separation.
Results identified three clusters: low rainfall (Cluster 0), moderate rainfall (Cluster 1), and
high rainfall (Cluster 2). ANOVA results confirmed significant differences in average
rainfall between clusters, with Tukey HSD tests showing Cluster 2 significantly differs from
Clusters 0 and 1, while Clusters 0 and 1 are not significantly different. These findings
demonstrate that combining DTW, MDS, and Fuzzy C-Means effectively identifies temporal
rainfall patterns and produces statistically meaningful clustering. The spatial distribution
of each cluster is visualized using GeoJSON and a database for clearer interpretation.
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1. INTRODUCTION

Weather is the atmospheric conditions that include temperature, humidity, air pressure, wind speed,
and precipitation in a particular area at a specific time. Weather changes can occur in a relatively short period
of time and affect human activities, such as agriculture, transportation, and other activities. One of the most
important weather elements to consider is rainfall [1]. Rainfall refers to the amount of water that falls to the
Earth’s surface in liquid or solid form because of the condensation of water vapor in the atmosphere.
Understanding rainfall is crucial for planning activities that depend on weather conditions. Rainfall (mm) is
the height of rainwater collected on a flat surface, where evaporation does not occur, the water does not seep
into the ground, and the water does not flow [2]. Rainfall plays a role in various fields, such as agriculture
and water resource management in a region [3]. The importance of rainfall analysis is evident in these two
sectors, as both are highly dependent on rainfall patterns for their sustainability and efficiency. In the
agricultural sector, rainfall determines the planting time and the types of crops that are suitable to prevent
crop failure. Ironically, Java Island, which is the main producer of staple food commodities, has not been able
to achieve maximum production levels due to various issues such as climate change. Fluctuations in crop
productivity must always be monitored as part of efforts to meet food needs in anticipation of significant
population growth [4].

Java Island, as part of the Indonesian Maritime Continent, is one of the regions on the equator that is
vulnerable to the impacts of climate change, with highly complex atmospheric and oceanic dynamics that
play a significant role in the global climate cycle [5]. Additionally, the climate conditions on Java Island
exhibit temporal variations influenced by changes in the rainy and dry seasons. This spatial and temporal
diversity makes Java Island an ideal region for analysis. The island also makes a significant contribution to
the national agricultural sector, making an understanding of rainfall patterns crucial for supporting food
security [6]. A method is needed that can group rainfall data based on similarity in patterns and handle the
diversity and uncertainty in the data. Therefore, a clustering approach is used in this study. Clustering is a
technique for grouping data into several clusters based on the similarity of characteristics between data points
[7]. Rainfall data in the form of a time series is difficult to analyze directly due to seasonal fluctuations and
differences in patterns between regions, so selecting the appropriate distance measure is crucial in the
clustering process. Therefore, a distance measure more suited to the characteristics of such data is needed.
Distance measurement in time series clustering analysis uses the Dynamic Time Warping (DTW) distance.

DTW is an algorithm that determines the optimal bending path between two time series, so that the
output consists of bending path values and the distance between the two series. Euclidean distance is a type
of distance measurement in cluster analysis used to calculate the distance between data objects and cluster
centers [8]. DTW is suitable for data that shows time shifts in phenomenon patterns, such as rainfall, which
can be influenced by various external factors. DTW enables nonlinear alignment between two time series, so
that rainfall patterns can still be accurately compared even if there are time shifts in events [9]. This study
uses the non-hierarchical Fuzzy C-Means method to cluster regions based on rainfall. This method was
chosen for its flexibility in handling data with uncertainty and overlapping between clusters. However, there
are difficulties in applying DTW distance to the Fuzzy C-Means algorithm, which operates in a vector space
with a symmetric distance matrix, such as Euclidean, while Dynamic Time Warping (DTW) is known to be
a robust, outlier-insensitive alternative to other distance measures such as Euclidean distance or Manhattan
distance. DTW is particularly useful for aligning time series data that have different lengths or that exhibit
temporal distortions, such as phase shifts or time warping [10].

In this study, to address the problem, Multidimensional Scaling (MDS) was used to convert DTW into
feature vectors, so that the MDS results could be applied to the Fuzzy C-Means algorithm with Euclidean
distance between points and cluster centers. The Fuzzy C-Means method is a fuzzy logic-based clustering
algorithm that offers high flexibility in grouping data patterns [11]. The objective of this study is to analyze
the application of the Fuzzy C-Means algorithm using Dynamic Time Warping (DTW) and to evaluate the
clustering results using the Silhouette coefficient. The results of this study will be visualized through
GeoJSON and a database. The results of rainfall clustering will identify the most optimal areas based on
rainfall intensity levels and can be used as an estimate to determine which areas are prone to natural disasters
based on rainfall intensity.
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2. RESEARCH METHODS

2.1 Dynamic Time Warping

Dynamic Time Warping is a generalization of the classic algorithm for comparing discrete measures
with sequences of continuous values. Data fluctuates and varies over time, so clustering methods can no
longer use simple Euclidean distance to measure the proximity between objects. Euclidean distance is suitable
for functions of data that do not change over time or static data. Meanwhile, in forming the proximity matrix
between objects in time series data, it is also necessary to calculate the distance between time series that are
dynamic in nature, so a different clustering method from static data is required. Therefore, an alternative
measurement method that can be used is Dynamic Time Warping [12]. Dynamic Time Warping is used to
measure distance by finding the optimal bending path between two time series data [8]. Suppose there are
two time series of data, namely x = x4,x3,...,x, and y = y4,¥2, ..., im. The optimal bending path is
determined using a cost matrix C of size n x m with each element (i, j) fori = 1,2,... ,nandj = 1,2,... ,m.
Matrix € is shown in Eq. (1).

€11 C12 " G
. [ 1 Gz G .
Ci1 G2 ' Gyf
For the element (1,1), the cost matrix C is obtained from the following Eq. (2).
€11 = Wi; = Wqs, (2)
withw; ; = |X; — Y.
However, the other elements (i, j) of the cost matrix € can be calculated using Eq. (3).
wij t  Cij-q, i=1,
Wij +  Cigj, Jj=1
cij=wij+min{ci_y;Cij-1Ci-1j-1)  Others, 3

Where w; ; is the difference between X; and Y;.In the cost matrix C, the optimal warping path can be
determined from the element (n,m) to element (1,1) by considering the minimum values of
Ci-1,j,Cij—1,Ci—1,j—1, @S described in £q. (2). The next step after obtaining the optimal bending path is to
calculate the DTW distance, which is done using Eq. (4).

DTW(x,y) = crm (4)
with:
DTW (x,y): Dynamic Time Warping distance;

Cn,m: Element (n, m) of the cost matrix C.

2.2 Multidimensional Scaling

Multidimensional scaling is a statistical method for mapping data from a high-dimensional space to a
lower-dimensional space (such as 2D or 3D) with the aim of preserving as much distance or similarity
between data points as possible [13]. The main objective of MDS is to represent data in a simpler form (e.g.,
from 100 dimensions to 2 or 3 dimensions) while maintaining the relationships between data points (distance
or similarity). In the context of community detection in networks, the MDS method is used to map each node
in the network to a lower-dimensional space to make the community detection process more efficient. MDS
strives to maintain the distances between nodes as reflected in the distance matrix D € R™™ where each
element d;; indicates the distance between the nodes i and j. The steps for calculating Multidimensional
Scaling are as follows: use the centering matrix H, which is idempotent, to eliminate the average effect of the
data so that the data has an average of zero [13]. The centering matrix H is defined by Eq. (5).

1
H=1-=-11T, (5)
n

with:
I : Identity matrix of size n x n;
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1:ann x 1 column vector with all elements equal to 1.

This H matrix serves to reduce the average influence and adjust the data so that the mapping process
to a lower-dimensional space can be performed more effectively. The inner product matrix (J) obtained from
the distance matrix D can be calculated using Eq. (6).

]=—%H(D0D)H, (6)

with:

o : Hadamard product (multiplication between matrix elements);
H : The result of the centering matrix;
D : Matrix of distance calculation results.

In this case, matrix D is an n X n, distance matrix, where each element d;; indicates the distance
between the nodes i and j in the network. This matrix serves as the basis for calculations in the
Multidimensional Scaling (MDS) method, as it reflects the degree of similarity or proximity between nodes.
By maintaining this distance structure, MDS aims to produce a visual representation in a low-dimensional
space without losing important information about the relationships between nodes. Furthermore, based on the
Singular Value Decomposition (SVD) theorem for proof, matrix D can be decomposed using Eq. (7).

S = B 1 4B, (7)
with:

A: {14, 4,,...,4,} is a diagonal matrix containing the eigenvalues of D, sorted from largest to smallest,
namelyA; > A, = ..>A,;
B : eigenvector matrix of J.

The number of dimensional reductions produced depends on the number of positive eigenvalues found
in the eigen decomposition calculation based on the selected order of eigenvalues. By selecting the top p
vectors based on the positive eigenvalues of matrix D as the axes of the low-dimensional space, the data is
then projected onto these axes, resulting in an approximate representation of the nodes in p-dimensional
space, where p < n. In Multidimensional Scaling (MDS), this is used to transform the feature vectors into
dimensions using Eq. (8) below.
1
X = BAZ ®
With:

X: Input matrix in the initial iteration process of Fuzzy C-Means;
B: Eigenvector matrix of matrix J;
A: Selected eigenvalue.

The metric used to measure the difference between the original distance dij and the projected distance
d;; is Kruskal’s Stress, commonly known as Stress-1. This metric is used to evaluate the suitability of the

distance structure in the original data with the representation of the projected data in low-dimensional space
[14]. The general formula for Stress-1 is written in Eq. (9).

~ N2
Zi<j(di,j - 5i,j)
Yi<j di,jz

Stress =

9)

With:

d;; - actual distance between objects i and j;
d;; : projected distance between objects i and ;.

A smaller stress value indicates that the projection result is more accurate. In general, a stress value < 0.1 is
considered good, and a stress value < 0.05 is considered very good.
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2.3 Fuzzy C-Means

Fuzzy C-Means is a data clustering technique in which the presence of each data point in a cluster is
determined by a specific value or degree of membership. This method uses fuzzy clustering, allowing each
data point to be a member of several clusters with varying degrees of membership for each cluster. In fuzzy
theory, the membership of a data point is not explicitly stated as 1 (member) or 0 (non-member), but rather
as a membership degree ranging from 0 to 1 [15]. The steps of the FCM method are as follows:

1. Enter data in the form of an (n X m) where n denotes the number of observations and m denotes the
number of variables for each observation. The element X;; represents the i-th observation (i =

1,2, ...,n) for the j-th variable (j = 1,2,...,m).

2. Determine the number of clusters to be formed (c = 2), the exponent weight (w > 1), the maximum
iteration (Maxlter), the expected minimum error (&), the initial objective function P, = 0, and the
initial iteration t = 1.

3. Generate random numbers (uy ,i = 1,2....,n; k = 1,2,...,¢), asan element of the initial partition
matrix U of size n x m) shown in Eq. (10).

H1r M1z o Hac
U=1: : (10)
Hn1 Hnz2  *° Hnc
4. Calculate cluster center k : V. j, withk = 1,2,...,c,andj = 1,2,.. ,musing Eq. (11).
S (wad™ - X
ij _ =i 1(.u¢k) Xu) (11)

Zin=1 (.u/ik)w
5. Calculate the objective function at iteration t, P;, using Eq. (12).

n C m
2
P = zz Z(Xij —Vig)" [ ad™ | (12)
i=1k=1\|j=1
6. Calculating partition matrix changes following the equation (13)
m 21 -1
[Zj=1()(ij ) ]W‘1
p 21 _—1°
o |20 —vig) |1

7. Check the stopping condition if (|P; — P,_ 4| < & ) or (t < maximum iteration) then stop;
otherwise, t = t +1 and repeat step 4.

(13)

Wik =

2.4 Silhouette Coefficient

The silhouette coefficient is a method for measuring the quality and strength of clusters. This method
combines the concepts of cohesion, which measures the relationships between objects in a cluster, and
separation, which measures the distance between different clusters [16]. The closer the silhouette coefficient
is to 1, the higher the quality of the grouping in that cluster. Conversely, the closer the Silhouette Coefficient
is to -1, the poorer the quality of clustering in that cluster [17]. The calculated Silhouette Coefficient can
follow Eq. (14).

b(@) —a(i)

S = @, b@)

(14)

3. RESULTS AND DISCUSSION

3.1 Data Collection

The data used in this study is secondary data with daily rainfall variables from districts/cities in
Indonesia from 2021 to 2024, sourced from NASA Power on the website (https://power.larc.nasa.gov/data-
access-viewer/). Data was obtained from NASA’s Power Data Access Viewer (Prediction of Worldwide
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Energy Resources — POWER) website, which provides satellite-based data on weather, climate, and energy.
The data used covers 38 provinces and all regencies/cities in Indonesia. One millimeter of rainfall means that
one square meter of flat surface area has accumulated one millimeter of water, or one liter of water [18].
There are three rainfall categories defined by Gatlin & Petersen, NASA: rainfall < 2.54 mm/day is classified
as light rain, 2.54 <r <7.62 mm/day is classified as moderate rain, and > 7.62 mm/day is classified as heavy
rain. Topographic factors and regional weather systems are crucial in determining the amount and spatial
patterns of rainfall in each area. Additionally, the distinct characteristics of different regions can also
influence the intensity of rainfall across each province in Indonesia. The data covers 107 districts/cities on
the island of Java. The data used in this study, along with its attributes, are shown in the following Table 1.

Table 1. Data Source

Date Year District/City Province Rainfall (mm/day)
01/01/2021 2021 Kabupaten Ciamis Jawa Barat 19.36
02/01/2021 2021 Kabupaten Ciamis Jawa Barat 11.42
03/01/2021 2021 Kabupaten Ciamis Jawa Barat 8.33

: : : : iS
30/12/2024 2024 Ponorogo Jawa Timur 5.74
31/12/2024 2024  Ponorogo Jawa Timur 16.43

Data source: https://power.larc.nasa.gov/data-access-viewer/

After the data was collected, time series distance calculations were performed using the Dynamic Time
Warping (DTW) method. This method is used to measure the similarity of patterns between two time series,
in this case, the monthly rainfall time series from each district/city in East Java Province. The initial step in
DTW calculation involves forming a cost matrix E. For example, when comparing Malang Regency and
Surabaya City, the time series from Malang Regency is represented as X, and the time series from Surabaya
City as Y. Each element E(i, ) in the matrix represents the distance between the i-th element of the time
series X and the j-th element of the time series Y. After the cost matrix is formed, the process continues by
forming a cumulative matrix, considering the minimum value of the three nearest neighboring elements. The
result of the DTW process is obtained from the value in the last element of the cumulative matrix.

3.2 Dynamic Time Warping

After collecting daily rainfall data from all districts/cities in Java, the next step is to calculate the
distance between time series. This distance measurement is crucial for determining the similarity of rainfall
patterns between one region and another. At this stage, the distance between two time series is calculated for
each pair of districts/cities using several distance measurement methods, one of which is Dynamic Time
Warping (DTW). Each district/city is calculated for its distance relative to all other districts/cities, from the
first to the 107th district/city. The results of this process form a distance matrix of size 107 x 107 for each
distance measurement method used. An example of part of the DTW distance matrix between several
districts/cities on the island of Java is shown in Table 2.

Table 2. Distance Matrix

Karanganyar Wonogiri KotaBatu ... Jakarta Barat
Karanganyar 0 2385.84 5386.45 6891.38
Wonogiri 2385.84 0 4224.68 6609.04
Kota Batu 5386.45 4224.68 0 5644.65
Jakarta Barat 6891.38 6609.04 5644.65 0

After obtaining the distance matrix between regions, dimensional reduction was performed using the
Multidimensional Scaling (MDS) method. MDS aims to represent the DTW distance relationship in a two-
dimensional visual form, so that the pattern of proximity between regions can be easily interpreted spatially.

3.3 Multidimensional Scaling

The calculation process of MDS involves eigen decomposition of the distance transformation matrix.
The calculation results in 65 positive eigenvalues, which represent valid Euclidean space dimensions. The
results of Multidimensional Scaling are shown in Table 3 below.
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Table 3. The Results of Multidimensional Scaling

Dimension1 Dimension2 Dimension3 .. Dimension 65
-61.487317 534.524915 39.846388 ... 730.755166
-69.236864 292.547047 -79.313234 ... 88.813491
234577795 -159.531890 -848.503189 ... 339.932690
-180.391856  -57.861875 409.803439 .. 189.193007

After obtaining the coordinate representation of the area resulting from the Multidimensional Scaling process
with 64 dimensions, the next step is to perform clustering with Fuzzy C-Means.

3.4 Fuzzy C-Means

Implementation of the Fuzzy C-Means algorithm requires initialization. Several initializations in the
Fuzzy C-Means process involve data input. At this stage, data reduced from 65 dimensions from
Multidimensional Scaling is used as input into the Fuzzy C-Means algorithm with a size of 107 x 65. There
are several parameters with tuning hyperparameters that researchers need to determine first. These
parameters are the number of clusters ¢ (2-11), the weight exponent w (1.056), the maximum iteration
(Maxiter) (100;1000), and the smallest error tolerance value & (0.00001;0.000000001). After that, initialize
the Fuzzy C-Means parameters as shown in Table 4.

Table 4. Fuzzy C-Means Parameters

Initiation Score
Number of Clusters (n_cluster) 3
Fuzziness (m) 15
Initial objective function 0
Error Tolerance (error) 0.005

Maximum lterations (maxiter) 1000

The next step is to generate the initial membership matrix. The following is the initial membership matrix
that has been obtained.

0.136 0.206 0.658
0.224 0.414 0.362
U=]0202 0634 0.163
0.091 0.087 0.823
After calculating the cluster center, the final cluster center results are as below

200.33 —260.56 183.7 ... —497.26
Vg =|—-1485 198.18 213.2 ... 459.01 )
—-30.84 66.41 -370.11 ... 0.62

The next step is to calculate the objective function to show the convergent decrease, and the process ends at
the 19th iteration, as shown in Table 5.

Table 5. Objective Function Value
Iteration Obijective function value

1 1235714990

2 1116679980

3 1112703350
19 693628387

Based on the calculation of the objective function in Fig. 1, it can be seen that the objective function
value decreases sharply in the initial iterations (1-4), indicating that the optimization process is running
effectively from the start. After the sixth iteration, the decrease in value begins to slow down and approaches
the convergence point. There is a smaller change in the objective function value in the subsequent iterations.
From the 8th to the 10th iteration, the objective function value remains nearly unchanged, indicating that the
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clustering process has achieved optimal convergence. The iteration process stops at the 10th iteration,
indicating that the maximum iteration limit has been reached or the algorithm has met the convergence

criteria.

1e9 Objective Function Value per Iteration (Fuzzy C-Means)

Objective Function Value

2 4

6
kteration

8 10

Figure 1. Objective Function Value

Based on the calculation results, the value of iteration 19 minus iteration 18 is -411, which is smaller
than the specified error limit of 0.005. Thus, the convergence criteria have been met, so the iteration process
is stopped at iteration 19. After that, check the final membership matrix results as a result of the Fuzzy C-

Means process.
0.010608
0.021992
wx =| 0.187467

0.005354

0.983017
0.008667
0.068729

0.992445

0.006375
0.969341
0.743803
0.002201 /

Each data point (region) is assigned to the cluster with the highest membership value. Table 6 shows the

results of the clustering.

Table 6. Results of the Clustering

No Cluster0 Cluster1l Cluster2 Cluster

Regency/City

B~ WNEFEO

114 0.002069 0.005228 0.992703
115 0.001056 0.002745 0.996199
116 0.936797 0.051305 0.011898
117 0.971568 0.022168 0.006264
118 0.001054 0.002744 0.996201

0.060326 0.874011 0.065663 1
0.004817 0.008530 0.986653
0.021281 0.962865 0.015854
0.724266 0.202587 0.073148
0.007270 0.011641 0.981089

NORFDN

NOONDN -

Kabupaten Sumenep
Kabupaten Majalengka
Kota Mojokerto
Kabupaten Tegal

Kota Cimahi

Kota Administrasi Jakarta Utara
Kota Administrasi Jakarta Selatan
Kota Yogyakarta

Kabupaten Temanggung

Kota Administrasi Jakarta Timur

Distribusi Curah Hujan Berdasarkan Cluster

300

250

200

o®

150

Curah Hujan {mm/day)
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00C00W WOO ®WO 00 00 O

o

Figure 2. Boxplot Visualization
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3.5 Characteristics of Clusters based on Dynamic Time Wrapping

Cluster 0 has a median rainfall in the low range, around 5 mm per day. The data distribution is relatively
symmetrical and not too wide, but there are quite a few outliers above 50 mm per day, up to around 170 mm
per day. This pattern shows that the areas in this cluster generally experience low to moderate rainfall, but
occasionally experience fairly high-intensity rainfall.

Cluster 1 shows a median and data distribution that are almost identical to cluster 0. The difference lies
in the higher distribution of outliers, with extreme rainfall values that can reach more than 200 mm per day.
This indicates that the areas in cluster 1 have a rainfall pattern similar to cluster 0, but with a slightly greater
potential for extreme rainfall under certain conditions.

Cluster 2 has a rainfall median nearly identical to the previous two clusters, but with outlier values that
are far more extreme, exceeding 300 mm per day. The boxplot visualization in Fig. 2 shows that this cluster
has a greater spread of extreme values than the other clusters. This condition leads to the interpretation that
the areas in cluster 2 have the potential for very high or even extreme rainfall, even though on normal days
the conditions may resemble those of other clusters.

Overall, the boxplot visualization in Fig. 2 shows that cluster 0 can be categorized as an area with low
rainfall, cluster 1 as an area with moderate rainfall, and cluster 2 as an area with high rainfall. The most
striking difference among the three clusters lies in the frequency and intensity of outliers, with cluster 2
standing out with a higher potential for extreme rainfall compared to clusters 0 and 1.

3.5 Evaluation with Silhouette Coefficient and Cluster Analysis with ANOVA

Evaluation of the clustering results using the Silhouette Score yielded a value of 0.413184. This value
is quite high, indicating that the clusters formed are fairly compact and well separated. Next, cluster analysis
will be performed using ANOVA.

Table 7. ANOVA test

Sum of Squares df Mean Square F Sig.
Between Groups 10,387.013 2 5,193.507 43.014 0.000
Within Groups  16,495,758.58 136,621 120.741
Total 16,506,145.59 136,623

The hypothesis tested in this study is Ho: There is no difference in rainfall variables in each cluster,
and H;: At least one cluster is different from the others. The test criterion used is to reject Hy, if the calculated
F is greater than the table F. With a significance level of « = 0.05, the table F value obtained is 2.995.

Based on the results of the ANOVA test in Table 7, the calculated F value is 43.014, which is greater
than the table F value (43.014 > 2.995). Thus, H, is rejected. This means that there is a significant difference
between the average rainfall in each cluster formed using the Fuzzy C-Means method with the Dynamic Time
Warping (DTW) distance approach. These results indicate that DTW can effectively capture the similarity
patterns of rainfall time series, thereby producing statistically distinct regional groupings.

3.6 Cluster Analysis with Turkey HSD Test

Table 8. Turkey HSD Test

Q) @) Mean Std. Sig.  Lower  Upper
cluster cluster Difference  Error Bound Bound
(1-J)

0.08536  0.07876 0.524 -0.0992 0.2700
0.62129* 0.07994 0.000 0.4339 0.8086
-0.08536  0.07876 0.524 -0.2700 0.0992
0.53594* 0.06735 0.000 0.3781 0.6938
-0.62129* 0.07994 0.000 -0.8086 -0.4339
-0.53594* 0.06735 0.000 -0.6938 -0.3781

NN P P O O
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The research hypothesis is formulated as follows: H,, states that there is no difference in average rainfall
between clusters, while H, states that there is a difference in average rainfall between clusters. The decision
criterion used is to reject Hy, if the significance value (Sig) is < 0.05. Thus, each comparison between clusters
will be tested to determine whether the difference is significant or not.

In the comparison between Cluster 0 and Cluster 1, a Sig value of 0.524 was obtained. Since this value
is greater than 0.05, the decision made is to fail to reject H,. This means that there is no significant difference
in the average rainfall between the two clusters. In other words, the rainfall characteristics in Cluster 0 and
Cluster 1 can be said to be relatively similar.

Next, in the comparison between Cluster 0 and Cluster 2, the Sig value obtained is 0.000. This value
is less than 0.05, so the decision is to reject Hy. This indicates that there is a significant difference in the
average rainfall between Cluster 0 and Cluster 2. A similar condition is also found in the comparison between
Cluster 1 and Cluster 2, where the Sig value of 0.000 indicates a significant difference in rainfall patterns.

Based on the results of the Tukey HSD test in Table 8, it can be concluded that Cluster 2 has a rainfall
pattern that is significantly different from that of Cluster 0 and Cluster 1. Conversely, no significant
differences were found between Cluster 0 and Cluster 1, so these two clusters can be classified as having
relatively similar rainfall characteristics. This finding suggests that the main difference in rainfall data lies in
the characteristics of Cluster 2. The results of rainfall clustering are visualized on Java Island using the
Dynamic Time Warping (DTW) distance method with the Fuzzy C-Means algorithm, visualized using
GeoJSON and a database in Fig. 3.

Indonesia Rainfall Analysis

nnnnn

Wilayah Terpilih

267.8 mm +12.4% Moderate Level

Figure 3. GeoJSON Display

Fig. 3 shows the interface of the Indonesia Rainfall Analysis application, which visualizes the results
of rainfall clustering on the island of Java using the Fuzzy C-Means method. The interactive map in the center
shows the distribution of areas based on rainfall levels, with a color legend representing the categories of
light, moderate, and heavy rainfall. The data used is from NASA’s average rainfall data, with an average
rainfall value of 267.8 mm, a monthly distribution increase of +12.4% compared to the previous month, and
rainfall intensity at a moderate level. Users can filter data based on focus areas and data sources and update
the map according to selected parameters.

4. CONCLUSION

Based on the results of clustering analysis using the Fuzzy C-Means algorithm with the Dynamic Time
Warping (DTW) distance approach, three groups of regions with different rainfall characteristics were
obtained, namely low rainfall (Cluster 0), moderate rainfall (Cluster 1), and high rainfall (Cluster 2).
Validation using the Silhouette Score yielded a value of 0.413184, indicating good clustering quality, with
clusters that are sufficiently compact and distinct. The ANOVA test indicated significant differences in
average rainfall between clusters, and the Tukey HSD post-hoc test reinforced this finding by showing that
Cluster 2 was significantly different from the other two clusters, while Clusters 0 and 1 were not significantly
different. These findings suggest that the Dynamic Time Warping method is effective in capturing temporal
rainfall patterns to form statistically meaningful regional groups.
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