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Bencana alam merupakan salah satu permasalahan yang sering terjadi di 
Indonesia. Menurut Data Informasi Bencana Indonesia (DIBI) tahun 2020-2024, 
Provinsi Jawa Timur menduduki peringkat ketiga dengan frekuensi kejadian 
bencana alam tertinggi di Pulau Jawa. Pemetaan daerah rawan bencana secara 
sistematis sangat diperlukan untuk mendukung upaya mitigasi dan penanganan 
yang lebih efektif. Penelitian ini bertujuan untuk mengelompokkan 38 
kabupaten/kota di Provinsi Jawa Timur berdasarkan kerawanan terhadap 
bencana alam. Metode yang digunakan adalah Fuzzy C-Means untuk proses 
pengelompokan, serta Silhouette Coefficient sebagai alat evaluasi kualitas 
cluster. Data yang digunakan berupa data sekunder dengan indikator jumlah 
kejadian, jumlah korban, dan jumlah kerusakan akibat bencana banjir, tanah 
longsor, cuaca ekstrem, kekeringan, gempa bumi, erupsi gunung api, serta 
kebakaran hutan dan lahan. Hasil pengelompokkan menghasilkan tiga cluster, 
yaitu daerah dengan tingkat kerawanan tinggi, sedang, dan rendah. Evaluasi hasil 
clustering dilakukan menggunakan Silhouette Coefficient dengan nilai sebesar 
0,2807, yang menunjukkan bahwa hasil clustering berada pada kategori cukup 
baik serta mengindikasikan adanya keterbatasan dalam pemisahan cluster akibat 
penggunaan indikator yang masih terbatas dan adanya tumpang tindih 
karakteristik antar wilayah. Meskipun demikian, hasil penelitian ini dapat 
memberikan kontribusi sebagai dasar pertimbangan dalam perumusan kebijakan 
mitigasi bencana, terutama untuk menentukan prioritas intervensi dan 
memperkuat kesiapsiagaan di wilayah dengan tingkat kerawanan bencana tinggi. 

Natural disasters are one of the most common problems in Indonesia. According 
to Data Informasi Bencana Indonesia (DIBI) from 2020 to 2024, East Java Province 
ranks third in terms of the frequency of natural disasters on the island of Java. 
Systematic mapping of disaster-prone areas is essential to support more 
effective mitigation and management efforts. This study aims to group 38 
districts/cities in East Java Province based on their vulnerability to natural 
disasters. The methods used are Fuzzy C-Means for the grouping process and 
Silhouette Coefficient as a tool for evaluating cluster quality. The data used is 
secondary data with indicators of the number of incidents, number of victims, 
and amount of damage caused by floods, landslides, extreme weather, drought, 
earthquakes, volcanic eruptions, and forest and land fires. The clustering results 
produced three clusters, namely areas with high, medium, and low vulnerability 
levels. The clustering results were evaluated using the Silhouette Coefficient with 
a value of 0.2807, which indicates that the clustering results are in the fairly good 
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category and indicate limitations in cluster separation due to the use of limited 
indicators and overlapping characteristics between regions. Nevertheless, the 
results of this study can contribute as a basis for consideration in the formulation 
of disaster mitigation policies, especially in determining intervention priorities 
and strengthening preparedness in areas with high disaster vulnerability. 

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

How to Cite:  Setiawan, D., & Oktafianto, K. (2025). Clustering Of Natural Disaster-Prone Areas In East Java 
Province Using Fuzzy C-Means Method. Journal of Mathematics Education and Science, 8(2), 162-174.  
https://doi.org/10.32665/james.v8i2.5170 

INTRODUCTION 

According to Law No. 24 of 2007 on Disaster Management, a disaster is defined as a series 
of events that disrupts and threatens the lives and livelihoods of surrounding communities. These 
events are caused by natural, non-natural, or human factors and result in loss of human life, 
environmental damage, loss of property, and psychological impact (DPR RI, 2007). Indonesia is a 
country prone to natural disasters (Rahmi, 2024). This is due to geographical, geological, and 
climatological factors (Pascapurnama et al., 2018). Geologically, it is located in the Pacific Ring of 
Fire, home to 127 active volcanoes, and where three major tectonic plates converge, frequently 
causing earthquakes and tsunamis (Prasetyo et al., 2024). 

The varied topography, ranging from mountains to lowlands, increases the risk of landslides 
and flooding (Septian et al., 2020). Climate change also exacerbates the frequency of extreme 
weather events such as heavy rains and droughts (Faruf et al., 2023). Anthropogenic factors such 
as land use change and urbanization further worsen disaster vulnerability (Marto et al., 2024). 
These conditions cause Indonesia to be hit by natural disasters that occur repeatedly every year.  

According to data from the Disaster Information Database (DIBI) managed by the National 
Disaster Management Agency (BNPB), between 2020 and 2024, there were 20.475 natural 
disasters in Indonesia, with the highest number of incidents occurring on Java Island, totaling 9.131 
incidents (Pusdatinkom BNPB, 2025).  

East Java Province was selected as the study area because it has a high vulnerability to 
various types of natural disasters. Based on DIBI data from 2020 to 2024, East Java Province ranks 
third among the provinces with the highest frequency of natural disasters on Java Island, with 1.312 
incidents. Second is Central Java Province with a total of 2.898 incidents, and first place is West 
Java Province with 4.171 disaster incidents (Pusdatinkom BNPB, 2025). In addition, East Java has 
diverse demographic and environmental characteristics, ranging from densely populated areas to 
agricultural and coastal areas that are vulnerable to climate change (Anggraeni, 2016). This 
diversity causes variations in the level of disaster vulnerability in each district/city, requiring 
mapping of disaster-prone areas that can handle the complexity of data that can be used as a first 
step in disaster risk mitigation and management. 

The identification and classification of disaster-prone areas in Indonesia has been carried out 
using various methods, such as manual analysis using historical data or geographic-based mapping 
(Aulia Putri, 2025). However, these approaches are often inefficient in providing fast and accurate 
results, especially in classifying areas based on complex vulnerability levels.  

The selection of the Fuzzy C-Means method is based on several fundamental considerations 
that make it superior to conventional clustering methods such as K-Means. First, the characteristics 
of natural disasters in East Java are multidimensional and overlapping. For example, a region like 
Pacitan Regency may have a high risk of both flooding and landslides due to its hilly topography 
and intense river flow (BNPB, 2021). The Fuzzy C-Means method can handle this complexity using 
fuzzy membership degrees, where an area can be assigned to multiple clusters with different 
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membership values (Firdaus et al., 2021). This is not possible with non-fuzzy methods like K-Means, 
which force each data point into a single cluster. Second, the Fuzzy C-Means method offers 
flexibility in accommodating data uncertainty (Wijayanti et al., 2021).  

Natural disaster data is often incomplete or contains noise due to variations in reporting 
across regions. The Fuzzy C-Means method can address this issue through an objective function 
that minimizes intra-cluster variance by considering fuzzy membership weights (Bezdek, 1981) in 
(Irabawati et al., 2016). Thus, the clustering results are more stable despite data imperfections. 
Third, from a policy perspective, the Fuzzy C-Means method's output in the form of membership 
values enables the government to prioritize mitigation based on disaster vulnerability levels. For 
example, areas with a membership value of 0,8 for the “high disaster vulnerability” cluster can be 
prioritized for disaster mitigation over areas with a membership value of 0,5.  

A number of previous studies have applied clustering methods in the context of disasters. 
Yulianto et al. (2023) clustered provinces in Indonesia based on the number of disaster events, 
Nabilla Audy et al. (2024) studied disaster-prone areas in West Java using the Fuzzy C-Means 
method, while Ifadah et al. (2022) clustered flood-prone areas in East Java Province. Although 
these studies demonstrate the relevance of clustering methods, most still use limited indicators or 
focus on only one type of disaster, resulting in a less comprehensive representation of regional 
vulnerability levels. 

To address these limitations, this study analyzes disaster vulnerability in 38 districts/cities in 
East Java Province for seven types of disasters, namely floods, landslides, extreme weather, 
drought, earthquakes, volcanic eruptions, and forest and land fires, covering indicators such as the 
number of incidents, number of victims, and amount of damage. The Fuzzy C-Means method was 
used in the clustering process, while the Silhouette Coefficient was applied to evaluate the quality 
and validity of the results. Through this multidimensional approach, the study is expected to 
provide a more holistic classification of disaster-prone areas, while contributing to academic 
development in the field of data-based spatial analysis and serving as a practical reference for 
policymakers in determining mitigation priorities and strengthening disaster preparedness. 

METHOD 

This research is quantitative research focused on the process of clustering regions based on 
their vulnerability to natural disasters. This process is carried out through several stages of data 
analysis that are arranged systematically. The steps in this research are explained as follows: 
1. Data Source and Preparation 

This study uses secondary data obtained from the Indonesian Disaster Information Database 
(DIBI) sourced from the National Disaster Management Agency (BNPB) database for the period 
2020–2024. The five-year span was chosen because it represents the most recent and 
complete disaster records, which are sufficient to describe the latest disaster trends while 
avoiding bias from older data that may not be relevant to current conditions. The data consists 
of 21 variables covering seven types of disasters (floods, landslides, extreme weather, 
droughts, earthquakes, volcanic eruptions, and forest and land fires), with three main 
indicators: number of incidents, number of victims, and amount of damage. Before analysis, 
the data was cleaned and normalized using the Min-Max method to ensure consistency in scale 
between variables. 

2. Determination of Number of Clusters 
The number of clusters was set at three, referring to the classification of disaster risk levels 
(high, medium, low) as regulated in Head of BNPB Regulation No. 02/2012 on General 
Guidelines for Disaster Risk Assessment. This determination is also in line with disaster 



 

 

Journal of Mathematics Education and Science, 8 (2), 2025 - 165 

CLUSTERING OF NATURAL DISASTER-PRONE AREAS IN EAST JAVA PROVINCE USING FUZZY C-MEANS 
METHOD  

 

       Copyright © 2025, Journal of Mathematics Education and Science 

management practices in Indonesia. The validity of the three-cluster structure was then tested 
using the Silhouette Coefficient. 

3. Clustering using Fuzzy C-Means 
a. The data to be clustered is entered into matrix X, which is an n × m matrix (𝒔 = number of 

data samples, 𝒑 = attributes of each data). 𝒙𝒊𝒋 = data sample i (i = 1, 2, …, s), attribute 𝒋 (j 

= 1, 2, …, 𝑝). 
b. The next step is to determine several inputs needed in the Fuzzy C-Means calculation, 

namely: 
▪ The number of clusters (𝑐) is the number of clusters that will be formed. 
▪ The exponent/weight (𝑤) is the exponent value. 
▪ The maximum iteration (MaxIter) is the limit of repetition or looping. Looping will 

stop when the maximum iteration value is reached. 
▪ The minimum error (𝜉) is the threshold value that causes the looping to end once 

the desired error value is obtained.   
▪ The initial objective function (𝐽0 = 0). 
▪ Initial iteration (𝑡 = 1), iteration is a specific property of an algorithm or computer 

program where a sequence or more of algorithmic steps are performed repeatedly. 
The initial iteration is the iteration number at which the program will begin. 

c. Generate random numbers or the initial partition matrix according to Equation (1). 

∑ µ𝑖𝑘 = 1
𝑐

𝑘=1
 (1) 

Where 𝒄 is the number of clusters, 𝒌 is the cluster index from 1 to c, µ𝒊𝒌 is the membership 
degree in row i and column k, and the sum of all membership degrees of data i to all 
clusters must be equal to 1. 

d. Calculate the cluster center or centroid according to Equation (2). 

𝑉𝑘𝑗 =
∑ (µ𝑖𝑘)

𝑁
𝑘=1

𝑤
∗ 𝑥𝑘

∑ (µ𝑖𝑘)
𝑁
𝑘=1

𝑤  (2) 

Where 𝒗𝒌𝒋 is the cluster center, 𝒘 is the weight, 𝑵 is the number of data points in the 

dataset, and 𝒙𝒌  is the kth input data point. 
e. Calculate the objective function in iteration t according to Equation (3). 

𝐽(𝑡) = ∑ ∑ ([∑(𝑥𝑖𝑗 − 𝑣𝑘𝑗)
2

𝑚

𝑗=1

] (µ𝑖𝑘)
𝑤)

𝑐

𝑘=1

𝑁

𝑖=1

 (3) 

Where 𝒎 is the number of attributes for each data point. Meanwhile, the other notations 
refer to the previous step. 

f. Calculate the change in the partition matrix according to Equation (4). 

µ𝑖𝑘 =
[∑ (𝑥𝑖𝑗 − 𝑣𝑘𝑗)

2𝑚
𝑗=1 ]

−1
𝑤−1

∑ [∑ (𝑥𝑖𝑗 − 𝑣𝑘𝑗)
2𝑚

𝑗=1 ]

−1
𝑤−1𝑐

𝑘=1

 (4) 

All notation used at this stage is the same as the notation explained in the previous step. 
g. Check the stopping condition: 

The iteration will continue to repeat if certain values or conditions have not been met. 
These conditions are as follows:  

If (|𝐽(𝑡) − 𝐽(𝑡−1)| < ξ)or (t > MaxIter), then stop; 

If not: 𝑡 = 𝑡 + 1, repeat step d or calculate the cluster center. 
4. Evaluate clusters using the Silhouette Coefficient method 
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a. Calculate the average distance between a data point and other data points in the same 
cluster (intra-cluster distance) according to Equation (5). 

𝑎(𝑖) =
1

|𝐴| − 1
∑ 𝑑(𝑖, 𝑗)

𝑗∈𝐴,𝑗≠𝑖
 (5) 

Where 𝒂(𝒊) is the average difference between object (i) and all other objects in cluster A, 
𝒅(𝒊, 𝒋) is the distance between data i and data j, and A is the cluster. 

b. Calculate the average minimum distance between a data point and other clusters 
according to Equation (6). 

𝑑(𝑖, 𝐶) =
1

|𝐶|
∑ 𝑑(𝑖, 𝑗)

𝑗∈𝐶
 (6) 

Where 𝒅(𝒊, 𝑪) is the average difference between object i and all other objects in C and 
𝑪 is another cluster other than cluster A. 

c. Calculate the distance to the nearest neighboring cluster of the object that achieves the 
minimum value according to Equation (7). 

𝑏(𝑖) = 𝑚𝑖𝑛𝐶≠𝐴𝑑(𝑖, 𝑗) (7) 
Where 𝒃(𝒊) is the neighboring cluster of object (i) that reaches the minimum value. 

d. Calculate the Silhouette Coefficient for each data point according to Equation (8). 

𝑠(𝑖) =
(𝑏𝑖 − 𝑎𝑖)

max  (𝑎𝑖, 𝑏𝑖)
 (8) 

Where 𝒔(𝒊) is the Silhouette Coefficient Value. Meanwhile, the other notations refer to 
the previous step. 
To evaluate a Silhouette Coefficient value, refer to Table 1 created by Kaufman and 
Rousseeuw (1987) in (Rahmawati et al., 2024) as follows: 
 

Table 1. Interpretation of Silhouette Coefficient Values 

Silhouette Coefficient Value Cluster Interpretation 

0,71 – 1,00 Very Good or Strong 
0,51 – 0,70 Good 
0,26 – 0,50 Fairly Good or Weak 

≤ 0,25 Bad or cannot be considered a cluster 

5. Visualization of Clustering Results 
The visualization results are displayed in the form of a clustering map using Microsoft Excel, 
by creating a map from the Map Chart feature. Each district/city is colored according to the 
cluster with the highest membership value. The resulting map displays regional clustering 
based on disaster vulnerability levels classified using three different colors, as follows: 
a.    Cluster 1 is green, indicating districts/cities with low disaster vulnerability; 
b.    Cluster 2 is orange, indicating districts/cities with moderate disaster vulnerability;  
c.    Cluster 3 is red, indicating districts/cities with high disaster vulnerability. 

RESULTS 

This section presents the results of data analysis to group natural disaster-prone areas in East 
Java Province. The data used includes 21 variables consisting of the number of incidents, number 
of victims, and amount of damage from seven types of natural disasters in 38 districts/cities in East 
Java Province. Table 2 presents some of the data as an example of the dataset structure used in the 
clustering process. 
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Table 2. Natural Disaster Data in East Java Province (DIBI BNPB) 

No Kabupaten/Kota 
Number of Incidents ⋯ Number of Damages 

𝑉1 𝑉2 𝑉3 𝑉4 𝑉5 ⋯ 𝑉18 𝑉19 𝑉20 𝑉21 

1 Bangkalan  12 0 5 0 0 ⋯ 0 0 0 0 
2 Banyuwangi  23 2 18 1 0 ⋯ 90 0 0 0 
3 Blitar  8 11 28 1 1 ⋯ 29 2109 0 0 
4 Bojonegoro  35 4 14 5 0 ⋯ 91 0 0 0 
5 Bondowoso 8 0 28 3 0 ⋯ 57 2 0 1 
⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮  ⋮ ⋮ ⋮ ⋮ 

38 Tulungagung  5 3 9 1 0 ⋯ 18 81 0 0 

 
Based on Table 2, variables 𝑉1 to 𝑉7 describe the number of incidents, 𝑉8 to 𝑉14 indicate the 

number of victims, and 𝑉15 to 𝑉21 indicate the number of damages from each of the seven types of 
natural disasters, namely floods, landslides, extreme weather, drought, earthquakes, volcanic 
eruptions, and forest and land fires. 

 
Natural Disaster Data Normalization 

This stage is carried out to equalize the scale between variables so that no attribute is 
dominant due to differences in value ranges. This study uses Min-Max normalization, which 
converts each value into the range [0, 1]. The results of natural disaster data normalization can be 
seen in Table 3. 

Table 3. Results of Natural Disaster Data Normalization 

No Kabupaten/Kota 
𝒙′ 

𝑉1 𝑉2 𝑉3 𝑉4 𝑉5 ⋯ 𝑉18 𝑉19 𝑉20 𝑉21 

1 Bangkalan  0,2553 0 0,1163 0 0 ⋯ 0 0 0 0 
2 Banyuwangi  0,4894 0,0606 0,4186 0,1429 0 ⋯ 0,1064 0 0 0 
3 Blitar  0,1702 0,3333 0,6512 0,1429 0,5 ⋯ 0,0343 0,1721 0 0 
4 Bojonegoro  0,7447 0,1212 0,3256 0,7143 0 ⋯ 0,1076 0 0 0 
5 Bondowoso 0,1702 0 0,6512 0,4286 0 ⋯ 0,0674 0 0 1 
⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮  ⋮ ⋮ ⋮ ⋮ 

38 Tulungagung  0,1064 0,0909 0,2093 0,1429 0 ⋯ 0,0213 0,0066 0 0 

 
Clustering Using the Fuzzy C-Means Method  
1. Insert the data to be clustered into matrix X, which contains the normalized values of all 

variables. 

𝑋 = 

[
 
 
 
 
 
 
 
 
0,2553 0 0,1163 0 0 0 0 … 0
0,4894 0,0606 0,4186 0,1429 0 0 0,0588 … 0
0,1702 0,3333 0,6512 0,1429 0,5000 0 0 … 0
0,7447 0,1212 0,3256 0,7143 0 0 0,0882 … 0
0,1702 0 0,6512 0,4286 0 0 0,2353 … 1
0,9787 0 0,1628 0,1429 0 0 0 … 0

1 0,3636 0,8372 0,4286 0,5000 0 0,0588 … 0
⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋱ 0

0,1064 0,0909 0,2093 0,1429 0 0 0 … 0]
 
 
 
 
 
 
 
 

 

2. Determine the initial parameters required in the clustering process. These parameters consist 
of: 
a. Number of clusters (𝑐) = 3 
b. Exponent/weight (𝑤)  = 2 
c. Maximum iteration (MaxIter)  = 100 
d. Minimum error (𝜉)  = 10-5 
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e. Initial objective function (𝐽) = 0 
f. Initial iteration (𝑡)  = 1 

3. Generating random numbers as elements of the initial partition matrix U38x3  

𝑈 = 

[
 
 
 
 
 
 
0,3668 0,3364 0,2967
0,4574 0,3014 0,2411
0,4916 0,0389 0,4695
0,2861 0,3254 0,3885
0,1228 0,4199 0,4572

⋮ ⋮ ⋮
0,3148 0,6843 0,0009]

 
 
 
 
 
 

 

4. Calculating the cluster center  
Using Equation (2), the center of cluster V3X21 formed in the first iteration is obtained as: 

𝑉𝑘𝑗 = [
0,2034 0,1135 0,2794 0,0982 0,0582 0,0049 0,0573 ⋯ 0,0033
0,3288 0,1473 0,3360 0,1820 0,0991 0,0758 0,0898 ⋯ 0,0321
0,3398 0,1103 0,2437 0,1424 0,0378 0,0067 0,0787 ⋯ 0,0331

] 

 
5. Calculate the First Iteration Objective Function according to Equation (3) 

 
Table 4. First Iteration Objective Function Value 

Data 1 2 3 4 5 6 ⋯ 38 ∑ 

∑ 𝐶𝑘 .  𝜇𝑖𝑘
𝑤

3

𝑘=1

 0,0686 0,0484 0,2924 0,1991 0,7774 1,1664 ⋯ 0,1011 13,2314 

 
6. Calculating the change in the partition matrix U according to Equation (4) 

 
Table 5. First Iteration of U Partition Matrix Values 

Data 1 2 3 

1 0,4135 0,1458 0,4407 
2 0,3455 0,2282 0,4264 
3 0,3155 0,4159 0,2686 
4 0,2757 0,3742 0,3501 
5 0,3232 0,3573 0,3195 
⋮ ⋮ ⋮ ⋮ 

38 0,4819 0,2551 0,2630 

 
7. Checking stop conditions 

Because |𝐽1 − 𝐽0| = |13,2314 − 0| = 13,2314 > ξ in this case 10-5, and iteration = 1 <
𝑀𝑎𝑥𝐼𝑡𝑒𝑟(100), the process continues to iteration 2 (𝑡 = 2). 

The iteration is continued until (|𝐽(𝑡) − 𝐽(𝑡−1)| < ξ)or (t > MaxIter), using MATLAB software, 

the results of the calculation are the cluster center or center, the membership degree or matrix U, 
and the objective function value or objective function. The first result is the calculation of the 
objective function value, and it is found that 30 iterations are required to obtain the optimal 
solution for the objective function value of 9,388695.  

The second result is the calculation of the cluster center values from the last iteration as 
follows: 

𝑉𝑘𝑗 = [
0,1517 0,0760 0,1314 0,0467 0,0117 0,0072 0,0358 ⋯ 0,0041
0,4407 0,1729 0,4810 0,2839 0,1464 0,0447 0,1333 ⋯ 0,0621
0,4512 0,1525 0,4082 0,2585 0,1016 0,0355 0,1439 ⋯ 0,0386

] 
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The third result is the calculation of the Uik values. Based on the obtained 𝜇𝑖𝑘  values, the 
clustering results can be presented in Table 6. 

Table 6. Results of Clustering Disaster-Prone Areas in East Java Province 

Cluster Category 
Number of 
Regencies 
or Cities 

Regencies/ Cities 

1 Low Disaster Risk 22 Bangkalan, Kediri, Kota Batu, Kota Blitar, Kota Kediri, 
Kota Madiun, Kota Malang, Kota Mojokerto, Kota 
Pasuruan, Kota Probolinggo, Kota Surabaya, Magetan, 
Nganjuk, Ngawi, Pacitan, Ponorogo, Probolinggo, 
Sampang, Sumenep, Trenggalek, Tuban, Tulungagung 

2 Moderate Disaster Risk 8 Blitar, Bondowoso, Jember, Lumajang, Madiun, 
Malang, Pamekasan, Sidoarjo 

3 High Disaster Risk 8 Banyuwangi, Bojonegoro, Gresik, Jombang, Lamongan, 
Mojokerto, Pasuruan, Situbondo 

 
Evaluation of Clusters Using the Silhouette Coefficient 

The clustering results were evaluated using the Silhouette Coefficient to assess the quality of 
separation and compactness between clusters. This coefficient value indicates the extent to which 
objects fit into their clusters compared to other clusters. A value close to 1 indicates good clustering 
results, while a value close to 0 or negative indicates overlap between clusters. The evaluation 
results of the clustering for each regency/city can be seen in Table 7. 

Table 7. Silhouette Coefficient Value for Each Regency/City 

No. Regencies/ Cities Cluster s(i) 

1. Bangkalan  1 0,4966 
2. Banyuwangi  3 -0,2939 
3. Blitar  2 -0,2147 
4. Bojonegoro  3 0,0399 
5. Bondowoso 2 -0,0085 
6. Gresik 3 0,0732 
7. Jember  2 -0,2170 
8. Jombang 3 -0,1381 
9. Kediri  1 0,6560 

10. Kota Batu  1 0,5219 
11. Kota Blitar  1 0,6618 
12. Kota Kediri  1 0,6578 
13. Kota Madiun  1 0,6608 
14. Kota Malang  1 0,5359 
15. Kota Mojokerto  1 0,6525 
16. Kota Pasuruan  1 0,5468 
17. Kota Probolinggo  1 0,6585 
18. Kota Surabaya  1 0,6591 
19. Lamongan  3 -0,1618 
20. Lumajang  2 -0,0795 
21. Madiun  2 -0,0432 
22. Magetan 1 0,5487 
23. Malang 2 -0,0181 
24. Mojokerto  3 -0,1734 
25. Nganjuk 1 0,5307 
26. Ngawi  1 0,6069 
27. Pacitan  1 0,5784 
28. Pamekasan  2 -0,1769 
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29. Pasuruan 3 0,1568 
30. Ponorogo  1 0,4570 
31. Probolinggo  1 0,4462 
32. Sampang  1 0,5129 
33. Sidoarjo 2 0,0634 
34. Situbondo 3 0,0311 
35. Sumenep  1 0,5933 
36. Trenggalek 1 0,2519 
37. Tuban 1 0,1722 
38. Tulungagung  1 0,4229 

 
Based on the evaluation results using the Silhouette Coefficient method, the average 

Silhouette Coefficient value obtained was 0,2807. This value falls into the category of fairly good 
cluster interpretation, indicating that most of the data has been grouped into the appropriate 
clusters, although there is still some data that is close to the boundary between two clusters. 

 
Visualization of Clustering Results 

Spatial representation is used to visualize the results of disaster vulnerability clustering in 
East Java. Visualization is performed using the Map Chart feature in Microsoft Excel so that the 
clustering results are easier to understand geographically. The Fuzzy C-Means algorithm divides 38 
districts/cities into three clusters displayed in different colors, so that the distribution pattern of 
disaster vulnerability can be observed more clearly. The following presents a visualization in the 
form of a map of East Java Province representing the clustering results of areas based on disaster 
vulnerability levels. 
1. Map of Natural Disaster-Prone Areas in East Java Province 

The map in Figure 1 shows the distribution of areas based on clustering results, which are 
divided into three clusters in red, orange, and green. The colors on the map indicate the maximum 
membership of an area to a cluster. Red indicates areas with a high level of vulnerability to natural 
disasters, orange indicates moderate vulnerability, and green indicates areas with low vulnerability. 

 
Figure 1. Map of Natural Disaster-Prone Areas in East Java Province 

Source: Researcher 2025 
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2. Map of Low Disaster-Prone Areas in East Java Province 
The map in Figure 2 shows the distribution of areas with low disaster vulnerability. Green is 

used as the main color gradient, where the darker the green, the higher the area's membership 
value in the low disaster vulnerability cluster. 

 
Figure 2. Map of Low Natural Disaster-Prone Areas in East Java Province 

Source: Researcher 2025 
 

3. Map of Moderate Disaster-Prone Areas in East Java Province 
The map in Figure 3 shows the distribution of areas with moderate disaster vulnerability, 

indicated by shades of orange. The darker the orange color, the higher the area's membership value 
in the moderate cluster. 

 
Figure 3. Map of Moderate Natural Disaster-Prone Areas in East Java Province 

Source: Researcher 2025 
 

4. Map of Moderate Disaster-Prone Areas in East Java Province 
The map in Figure 4 shows the distribution of areas with high disaster vulnerability, marked 

in red. The darker the red color, the higher the level of vulnerability. 
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Figure 4. Map of High Natural Disaster-Prone Areas in East Java Province 

Source: Researcher 2025 
 

The four maps displayed not only show the clustering results visually, but also illustrate the 
distribution patterns of disaster vulnerability in East Java Province. By presenting the information 
in map form, the clustering results become easier to understand for various parties, including local 
governments, disaster management agencies, and the general public.  

Each map provides a more specific overview of the level of vulnerability, ranging from low, 
moderate, to high, thereby serving as a foundation for formulating more targeted and effective 
mitigation strategies. Therefore, this visualization not only functions as a complement to data 
analysis but also as a tool to assist in spatial-based decision-making processes. 

DISCUSSION 

Based on the results of the study, the average Silhouette Coefficient value obtained was 
0,2807, which indicates that in general the clustering results were in the fairly good category. 
However, there were a number of districts/cities that had negative values, indicating ambiguity in 
cluster membership. These regencies/cities include Banyuwangi, Blitar, Bondowoso, Jember, 
Jombang, Lamongan, Lumajang, Madiun, Malang, Mojokerto, and Pamekasan. These negative 
values arise due to inconsistencies between the three main indicators in the cluster, namely the 
number of incidents, the number of victims, and the amount of damage. For example, a region may 
have a high number of incidents but relatively low casualties and damage, or vice versa. These 
differences in characteristics make it difficult to place these regions definitively in one cluster, and 
they tend to overlap between clusters. From a practical standpoint, areas with negative silhouette 
values require special attention, as disaster mitigation strategies cannot be generalized but must 
be designed according to the complexity of each region's risk profile. 

CONCLUSION 

This study successfully grouped 38 districts/cities in East Java into three disaster vulnerability 
clusters using the Fuzzy C-Means method with an average Silhouette Coefficient value of 0,2807, 
which is classified as fairly good, although some areas showed negative values due to discrepancies 
between the frequency of events, number of victims, and level of damage. The limitations of this 
study lie in the data period, which only covers 2020–2024, and the variables, which are limited to 
events, casualties, and damage without involving social, economic, and disaster management 
capacity factors. In the future, further research is recommended to use data with a longer time span 
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and add variables of social vulnerability and regional capacity so that the classification results are 
more comprehensive and relevant for the formulation of disaster mitigation policies. 
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