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Abstract 

This study aims to compare the performance of two clustering algorithms, K-Means Clustering and K-Medoids Clustering in 

grouping Indonesian provinces based on forest area by type. The optimal number of clusters was determined using the minimum 

Davies–Bouldin Index (DBI), while cluster performance was evaluated using the Silhouette Coefficient. Clustering, as one of the 

key techniques in data mining, automatically classifies data into several groups with similar characteristics. The results reveal 

differences in the number of clusters produced by the two algorithms. The K-Means method generated four clusters, indicated by 

its lowest DBI value of 0.515, whereas the K-Medoids method produced three clusters, with a minimum DBI value of 0.559. The 

clustering performance of K-Means resulted in a Silhouette Coefficient of 0.610, while K-Medoids achieved a higher value of 

0.644. Based on these results, the K-Medoids Clustering method with three clusters, demonstrates superior performance in 

analyzing the grouping of Indonesian provinces by forest area type. 
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1. Introduction* 

Forests are vital ecosystems that support terrestrial biodiversity and serve as an essential resource for human life 

(Pratiwi et al., 2024). Forests absorb carbon dioxide and produce oxygen, making Indonesia one of the world’s major 

“lungs” that contributes significantly to global ecological balance (Shafitri et al., 2018). For local communities, forests 

play an important role not only as sources of daily necessities but also as areas for economic activity. Sustainable 

management of non-timber forest products and environmental services is therefore crucial for improving community 

welfare. However, high dependence on forest resources and competing political and economic interests particularly 

related to logging and land conversion continue to undermine ecological functions and affect the social conditions of 

forest dependent communities. In addition, forest degradation continues to increase over time due to rising demands 

for land that are not matched by sustainable land expansion, resulting in misuse and inappropriate land allocation 

(Febryanti et al., 2020). 

According to data compiled by the University of Maryland and the World Resources Institute, global forest loss 

reached 41,000 km² in 2022, exceeding the level recorded in 2021 despite global commitments to reduce deforestation 

(Noer & Dimyati, 2024). In Indonesia, deforestation has shown a significant declining trend from 2015 to 2022, 

although fluctuations may still occur in the future (Qomaria, 2024). Based on statistics from the Indonesian Central 

Bureau of Statistics (BPS), the rate of deforestation has continued to decrease substantially between 2014–2015 and 

2021–2022 (Badan Pusat Statistik, 2023). The highest deforestation occurred in 2014–2015, reaching 1,092,181.5 

hectares, followed by fluctuations in 2018–2019 and 2020–2021. Consequently, effective regulations for forest 

management based on forest types are needed not only to support community welfare but also to preserve forest 

sustainability at the national level. 

To support data-driven decision-making in sustainable forest management, analytical approaches that can identify 

structural patterns among regions are essential. Cluster analysis is one such approach widely used in data mining for 

automatically classifying objects into groups with similar characteristics (Hendrastuty, 2024). K-Means is a 

commonly applied clustering algorithm that partitions data into k clusters by minimizing the distance between objects 
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and their corresponding cluster centers (Pratama et al., 2023). Meanwhile, the K-Medoids algorithm uses actual data 

points as cluster representatives (Srikandi & Yurinanda, 2025) and is known for being more robust to outliers than K-

Means (Sukmayadi et al., 2021). Although both algorithms share similar conceptual foundations, they differ in the 

way cluster centers are determined. 

Given these differences, comparing the performance of K-Means and K-Medoids offers a compelling analytical 

challenge. Previous studies have conducted similar comparisons. For example, Ilmi et al. (2024) found that while K-

Means produced more varied cluster formations for hotspot data in Kalimantan, K-Medoids resulted in better average 

SSE values. Similarly, Khoirunnisa and Rahmawati (2024) reported that K-Means resulted in a lower Davies–Bouldin 

Index (0.425) than K-Medoids (0.939) when clustering natural disaster intensity in Indonesia. These findings 

highlight the importance of selecting an appropriate clustering algorithm depending on the dataset characteristics. 

Therefore, the present study aims to compare the performance of K-Means and K-Medoids in clustering Indonesian 

provinces based on the extent of forest areas by type. 

2. Literature Review 

2.1.  Optimal Cluster Determination 

In this study, the optimal number of clusters was selected using the Davies–Bouldin Index (DBI). DBI is a metric 

used to evaluate the quality of clustering in data analysis. Its purpose is to assess how well a clustering algorithm 

separates different groups of data while maintaining compactness within each cluster. A lower DBI value indicates 

better clustering performance. The formula used to calculate DBI is presented in Equation 1. 

𝐷𝐵 =
1

𝑛
∑ 𝑚𝑎𝑥𝑖≠𝑗

𝑛
𝑖=1

(𝑎1+𝑎𝑗)

(𝑑(𝑐𝑖,𝑐𝑗))
       (1) 

where n is the number of clusters, aᵢ and aⱼ represent the average distance of all members within clusters i and j, 

respectively, and d(cᵢ, cⱼ) denotes the distance between the centroids of the two clusters. 

2.2. K-Means Clustering 

K-Means Clustering is a clustering method that utilizes the distance between objects, where the resulting distances 

reflect the degree of similarity between them. This method is a non-hierarchical clustering technique and is 

advantageous due to its ability to group large datasets quickly and efficiently. In K-Means, data are divided into 

several groups in which each cluster contains objects that are similar to one another but distinct from objects in other 

clusters. The objective is to minimize the variation within clusters and maximize the variation between clusters. The 

K-Means clustering algorithm follows the procedure outlined below. 

− Determine the optimal number of clusters. 

− Initialize the centroids randomly according to the predefined number of clusters. 

− Calculate the distance between each data point and every centroid using Equation (2): 

    𝑑(𝑥𝑖 , 𝜇𝑗) = √∑(𝑥𝑖 − 𝜇𝑗)2       (2) 

where xi represents a data point and 𝜇𝑗 denotes the centroid of cluster 𝑗. 
− Assign each data point to the nearest centroid based on the smallest distance. 

− Update the centroid values using the new mean of all points assigned to each cluster, as shown in Equation (3): 

    𝜇𝑗(𝑡 + 1) =  
1

𝑁𝑠𝑗
∑ 𝑥𝑗𝑗𝜖𝑠𝑗                                         (3) 

where 𝜇𝑗(𝑡 + 1) is the updated centroid for iteration (𝑡+1), and 𝑁𝑠𝑗 is the number of data points in cluster 𝑠𝑗. 
− Repeat the process until the centroid values no longer change or the algorithm reaches the predetermined 

maximum number of iterations. 

2.3. K-Medoids Clustering 

K-Medoids Clustering, also known as the Partitioning Around Medoids (PAM) algorithm, is a partition-based 

clustering method used to group a set of 𝑛 objects into a specified number of clusters. Unlike K-Means, which uses 

the mean of objects as the cluster center, K-Medoids selects actual data points (medoids) as the center of each cluster. 

The K-Medoids algorithm follows the procedural steps outlined below. 
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− Initialize the number of clusters. 

− Calculate the Euclidean distance to assign each data object to the nearest cluster using Equation (4): 

𝑑𝑖𝑗 = √∑ (𝑋𝑖𝑎 − 𝑋𝑗𝑎)2𝑝
𝑎=1  = √(𝑋𝑖 − 𝑋𝑗)𝐼(𝑋𝑖 − 𝑋𝑗)                      (4) 

where 𝑝 represents the number of variables, 𝑋 is the covariance matrix, and 𝑖, 𝑗, 𝑛 denote integer indices of the 

data objects. 

− Select random candidates for new medoids from each group of items. 

− Reassign each data point to the nearest medoid candidate to update the cluster composition. 

− Compute the total deviation (𝑆) by comparing the total distance of the previous medoid configuration with that 

of the new configuration. If 𝑆=0, replace the previous medoid with the new candidate in order to form the 

updated set of 𝐾-medoids. 

− Repeat Steps 3–5 until no further changes occur in the medoid positions, indicating that the cluster centers and 

their respective cluster memberships have stabilized. 

2.4. Cluster Quality Evaluation 

To evaluate the quality of the clusters formed in this study, the Silhouette Coefficient method was employed. This 

method integrates two core concepts in cluster validation: cohesion and separation. Cohesion measures the average 

proximity of an object to other objects within the same cluster, while separation measures the average distance of that 

object to the nearest neighboring cluster (Rousseeuw, 1987). The distance between observations was computed using 

the Euclidean distance metric. 

The silhouette value for each observation is calculated based on the balance between cohesion and separation. 

Meanwhile, the overall silhouette score for a clustering solution with 𝑘 clusters is defined as the average silhouette 

value across all observations within those clusters. The silhouette coefficient can be expressed using Equation (5) as 

follows (Kaufman & Rousseeuw, 2005): 

                                       𝑠𝑖𝑙(𝑐) = 𝑠𝑖𝑙(𝑘)
1

|𝑘|
∑ 𝑠𝑖𝑙(𝑐𝑖)

𝑘
𝑖=1                                                    (5) 

where sil(𝑘) denotes the overall silhouette value of the clustering solution, ∣𝑘∣ is the number of clusters, and sil(𝑐𝑖) is 

the average silhouette value for cluster 𝑖. 

The Silhouette Coefficient ranges from 0 to 1, where higher values indicate better-defined and more coherent clusters. 

The interpretation categories for the Silhouette Coefficient are presented in Table 2 (Kodinariya & Makwana, 2013). 

Table 1. Interpretation of Silhouette Coefficient Values 

Silhouette Coefficient Interpretation 

0.7 < SC ≤ 1 Strong cluster structure 

0.5 < SC ≤ 0.7 Moderate cluster structure 

0.25 < SC ≤ 0.5 Weak cluster structure 

SC ≤ 0.25 No apparent structure 

3. Research Method 

3.1.  Data Source 

The data used in this study are secondary data obtained from the official website of Statistics Indonesia (BPS RI) 

(www.bps.go.id), specifically the dataset titled Forest Area and Aquatic Conservation Area by Province and Forest 

Function, 2023. Only variables relevant to the objectives of this research were selected for analysis. The dataset used 

in this study is presented in Table 2. 

To examine the characteristics of the data, descriptive statistical analysis was performed using IBM SPSS Statistics. 

Subsequently, the clustering analysis was conducted using the R-Studio software environment. 

 

http://www.bps.go.id/
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Table 2. Research Dataset 

Province 

Protected 

Forest 

(Thousand 

Ha) 

Nature Reserves & 

Wildlife Conservation 

(Thousand Ha) 

Limited 

Production Forest 

(Thousand Ha) 

Permanent 

Production Forest 

(Thousand Ha) 

Convertible 

Production Forest 

(Thousand Ha) 

Aceh 1781678 1058364 145178,3 549794,9 15374,69 

North 

Sumatera 
1206881 427008 641769 704452 75684 

West 

Sumatera 
791671 806939 233211 360608 187629 

. . . . . . 

. . . . . . 

. . . . . . 

Riau 233910 630753 1017318 2339578 1185433 

Jambi 179588 685471 258285 963792 11399 

North 

Maluku 
584058 218499 666851 481730 564082 

West 

Papua 
1631589 2640258 1778480 2188160 1474650 

Papua 7815283 7755284 5961240 4739327 4116365 

For the province of North Kalimantan, the data are still aggregated under East Kalimantan; therefore, East Kalimantan and North Kalimantan 

are treated as a single integrated region in this study. 

3.2. Research Method 

This study uses secondary data from Statistics Indonesia (BPS) regarding forest area by province and forest function 

in 2023. East Kalimantan and North Kalimantan are treated as a single region because the data for North Kalimantan 

remain aggregated under East Kalimantan. Five variables were analysed: Protected Forest, Nature and Wildlife 

Conservation, Limited Production Forest, Permanent Production Forest, and Convertible Production Forest. 

Descriptive statistics were generated using IBM SPSS Statistics to examine data characteristics. Prior to clustering, all 

variables were normalized using the Min–Max method to ensure comparability across scales. 

Two clustering approaches were applied: K-Means Clustering and K-Medoids Clustering. K-Means groups data by 

minimizing within-cluster variance, while K-Medoids selects actual data points as medoids and is more robust to 

outliers. Both methods use Euclidean distance for assigning data to clusters. 

The optimal number of clusters was determined using the Davies–Bouldin Index (DBI), where lower values indicate 

better cluster compactness and separation. Cluster performance was evaluated using the Silhouette Coefficient, which 

measures cohesion and separation, with values ranging from 0 (poor) to 1 (excellent). All clustering analyses were 

performed using R-Studio. 

4. Results and Discussions 

4.1.  Descriptive Analysis 

To understand the characteristics of the data used in this study, a descriptive statistical analysis was conducted. The 

results are presented in Table 3. 

Based on Table 3, all 33 provinces included in the analysis have protected forest areas, with an average of 894,574.64 

hectares. However, the size of protected forests varies substantially across provinces, ranging from 44.76 hectares to 

7,815,283 hectares. This wide variation contributes to a standard deviation that exceeds the mean value. 

The results also show that some provinces do not have Limited Production Forest or Convertible Production Forest 

areas, indicated by the minimum value of 0 for these variables. Meanwhile, other provinces possess both forest types, 
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although their sizes also vary considerably. Overall, the data exhibit high variability across all forest functions, 

reflecting substantial differences in forest resource distribution among Indonesian provinces. 

Table 3. Descriptive Statistics of Research Variables 

Variable N Minimum Maximum Mean Std. Deviation 

Protected Forest 33 44.76 7,815,283 894,574.64 1,422,025.72 

Nature and Wildlife Conservation 33 910.34 7,755,284 830,673.48 1,393,931.06 

Limited Production Forest 33 0.00 5,961,240 812,084.86 1,411,447.33 

Permanent Production Forest 33 158.35 4,739,327 883,975.28 1,251,312.56 

Convertible Production Forest 33 0.00 4,116,365 386,708.42 872,432.38 

Valid N (listwise) 33     

4.2. Model Development 

4.2.1. K-Means Clustering 

 

The clustering analysis using the K-Means method began with determining the optimal number of clusters. In this 

study, the selection of the appropriate number of clusters was based on the Davies–Bouldin Index (DBI). The DBI 

values were computed for cluster numbers ranging from k = 2 to k = 6. The results are presented in Table 4. 

Table 4. Davies–Bouldin Index for Different Numbers of Clusters 

Number of Clusters DBI Value 

2 0.708 

3 0.558 

4 0.515 

5 0.764 

6 0.698 

As shown in Table 4, the lowest DBI value is obtained when k = 4, with a value of 0.515. Since a lower DBI indicates 

better-defined clusters, those that are more compact and well separated k = 4 was identified as the optimal number of 

clusters for the K-Means clustering analysis. 

4.2.2. K-Medoid Clustering 

Similar to the K-Means procedure, the K-Medoids clustering method also requires determining the optimal number of 

clusters. In this study, the selection of the optimal cluster number was based on the Davies–Bouldin Index (DBI). The 

DBI values for cluster numbers ranging from k = 2 to k = 6 are presented in Table 5. 

Table 5. Davies–Bouldin Index for Different Numbers of Clusters in K-Medoids 

Number of Clusters DBI Value 

2 0.806 

3 0.559 

4 0.834 

5 0.752 

6 0.685 

Based on Table 5, the lowest DBI value is obtained when k = 3, with a value of 0.559. Since a lower DBI indicates 

clusters that are more compact and better separated, it can be concluded that k = 3 represents the optimal number of 

clusters for the K-Medoids clustering analysis. 

4.3. Evaluation of the Best Model 

A comparison was then conducted between the clustering results obtained using the K-Means method with k = 4 and 

the K-Medoids method with k = 3. The evaluation of both models was performed using the Silhouette Coefficient, 

which measures the compactness and separation of clusters. The evaluation results are presented in Table 6. 
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Table 6. Cluster Evaluation Results 

Method Number of Clusters Silhouette Coefficient 

K-Means Clustering 4 0.610 

K-Medoids Clustering 3 0.644 

Based on Table 6, the K-Medoids Clustering method yields a higher Silhouette Coefficient compared to the K-Means 

method. This indicates that the K-Medoids algorithm produces more well defined and better-separated clusters. 

Therefore, K-Medoids Clustering is identified as the superior method for grouping Indonesian provinces based on the 

area of forest land categorized by forest type. 

4.4. Visualization of Clustering Analysis 

The clustering analysis using the K-Medoids algorithm with k = 3 was then performed with the assistance of the R 

programming language. The resulting clusters were visualized to provide a clearer depiction of the distribution pattern 

of each group based on the characteristics used in the analysis. The cluster distribution is illustrated using a 

scatterplot, as presented in Figure 1. 

 

Figure 1. Cluster Distribution Using the K-Medoids Clustering Method 

Based on Figure 1, three distinct clusters can be identified. Cluster 1, shown in red, represents the largest group in the 

dataset. Cluster 2, shown in green, forms a medium-sized cluster. Meanwhile, Cluster 3 appears as an outlier cluster, 

indicating that the provinces within this group exhibit characteristics that differ substantially from the rest of the data. 

Each cluster demonstrates unique features that distinguish it from the others. The characteristics of each cluster along 

with their respective members are presented in Table 7. 

The clustering results can also be visualized using a thematic map, as shown in Figure 2. Based on the map, Cluster 1 

is distributed across most provinces in Sumatra, all provinces on Java extending to Bali and the Nusa Tenggara 

Islands, the entire Sulawesi region, the Maluku Islands, and a small part of Kalimantan. Cluster 2 is dominated by 

most provinces in Kalimantan, along with one province in Sumatra and one province in Papua. Meanwhile, Cluster 3 

contains only a single province is Papua which stands as the sole member of this cluster. 
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Table 7. Cluster Characteristics and Members 

Cluster Characteristics Cluster Members 

Cluster 1 This cluster represents provinces characterized 

by relatively dominant areas of protected forests 

(hutan lindung) and nature conservation forests 

compared to production forests, including both 

permanent and limited production forests. It also 

includes provinces with medium to small forest 

areas across all forest categories. 

Aceh, North Sumatra, West Sumatra, Jambi, 

South Sumatra, Bengkulu, Lampung, Bangka 

Belitung Islands, Riau Islands, DKI Jakarta, 

West Java, Central Java, DI Yogyakarta, East 

Java, Banten, Bali, West Nusa Tenggara, East 

Nusa Tenggara, South Kalimantan, North 

Sulawesi, Central Sulawesi, South Sulawesi, 

Southeast Sulawesi, Gorontalo, West Sulawesi, 

Maluku, North Maluku. 

Cluster 2 This cluster represents provinces with very large 

and dominant areas of permanent production 

forests, limited production forests, and 

convertible production forests. 

East Kalimantan and North Kalimantan 

(combined region), Central Kalimantan, West 

Kalimantan, West Papua, Riau. 

Cluster 3 This cluster consists solely of the province of 

Papua, which has exceptionally large forest areas 

across all forest types. The total forest area in 

Papua surpasses all other provinces, making this 

cluster a natural outlier due to values that are 

significantly higher than the others. 

Papua. 

 

 

 

 

 

Figure 2. Thematic Map of Clusters 

5. Conclusion 

The clustering analysis of forest area by type using the K-Means and K-Medoids algorithms produced distinct 

outcomes. In the K-Means Clustering analysis, the optimal number of clusters—determined using the lowest DBI 

value—was four clusters, with a Silhouette Coefficient of 0.610. This result also showed that two of the clusters 

contained only a single member. Meanwhile, in the K-Medoids Clustering analysis, the optimal number of clusters 

based on the lowest DBI value was three clusters, with a higher Silhouette Coefficient of 0.644, and only one cluster 

consisted of a single member. 

Based on the overall cluster quality, the K-Medoids Clustering method with three clusters demonstrates superior 

performance in grouping Indonesian provinces according to the area of forest types. 
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