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 Regional disparities in Indonesia’s CO2 emissions highlight the need for 
emissions policies tailored to regional conditions rather than uniform national 
policies. This study addresses this issue by applying clustering analysis to identify 
emission patterns across five sectors: Energy, IPPU, Agriculture, Forestry, and 
Waste. K-Medoids and Fuzzy K-Medoids were selected for their robustness to 
outliers and their ability to capture complex, cross-sectoral emission 
characteristics more effectively than conventional methods. The results show 
that the K-Medoids method produced the most reliable clustering, with a 
Silhouette Coefficient of 0.5981 and a Dunn Index of 0.0310, indicating a 
moderate cluster structure. Two clusters were identified: provinces with low 
emissions dominated by the forestry sector, and provinces with high emissions 
driven by non-forestry activities. These cluster-based patterns provide a practical 
basis for directing emission policy interventions according to regional 
characteristics. 
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1. INTRODUCTION 

Carbon dioxide (CO2) is a key greenhouse gas that traps solar heat in the atmosphere, helping regulate 
Earth’s temperature. In the absence of these gases, the planet would be too cold to sustain life. However, as their 
concentration in the atmosphere increases, more heat becomes trapped, causing the planet’s temperature to rise 
[1]. In recent years, the concentration of greenhouse gases has continued to escalate, reaching record levels in 
2023 and committing the Earth to extended periods of warming. The World Meteorological Organization 
(WMO) reports that carbon dioxide levels in the atmosphere have risen by more than 10% over the past twenty 
years, marking the fastest increase ever recorded [2]. The negative consequences of this phenomenon are 
increasingly evident. Climate change has caused diverse and widespread impacts on human societies. It has also 
increased the occurrence and severity of natural disasters—including floods, droughts, and storms—resulting in 
severe damage to infrastructure, ecosystems, and human lives [3]. Therefore, efforts to mitigate global warming 
require not only reducing CO2 emissions but also removing carbon dioxide from the atmosphere to achieve zero 
or even negative emissions. Such reductions cannot rely on a single solution; rather, they must involve multiple, 
synergistic strategies that integrate social, economic, environmental, and technological dimensions [4]. 

According to data from the Global Carbon Budget presented by Our World in Data, Indonesia recorded 
the highest CO2 emissions in Southeast Asia in 2023, reaching approximately 733.22 million tons [5]. 
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Figure 1. CO2 emissions in Southeast Asia in 2023 

 
It should be noted that Figure 1 represents only emissions from fossil fuels and industry, excluding those 

resulting from land-use change. In the broader context of national greenhouse gas accounting, Indonesia’s total 
CO2 emissions stem from five major sectors are energy, Industrial Processes and Product Use (IPPU), agriculture, 
forestry, and waste management [6]. Significant disparities exist among Indonesian provinces in terms of the 
sources of their carbon emissions. The composition and magnitude of consumption-based CO₂ emissions vary 
considerably across provinces, reflecting differences in industrial activities, energy use, and trade structures. 
Although the country’s total carbon emissions are relatively comparable between production and consumption, 
their distribution by emission source or destination shows notable regional variation, indicating distinct economic 
and environmental characteristics across provinces. This spatial heterogeneity underscores the potential to 
develop mitigation strategies tailored to each region's unique conditions, rather than adopting a uniform national 
approach [7]. To address this complexity, clustering analysis has been applied to Indonesia’s emission dataset. 
Clustering enables grouping regions based on similarities in emission characteristics, providing a more 
comprehensive understanding of regional emission patterns [8]. 

Several previous studies have applied clustering techniques to analyze regional emissions; most remain 
limited in terms of both sector coverage and methodological approach. For example, research by Zhang and 
Yang only focused on emissions from agricultural activities [9]. In addition, Siahaan’s research classified provinces 
in Indonesia solely on per capita energy consumption, thereby failing to reflect the complexity of emissions from 
various sectors [10]. Other studies have also applied clustering techniques, but only rely on the K-Means 
algorithm [11]. Consequently, existing research has not been able to capture the complex and cross-sectoral 
nature of regional emissions. This study addresses this gap by developing a more comprehensive clustering 
analysis that integrates emissions from various sectors using a flexible and robust methodological approach. 

Indonesia’s emissions profile shows significant regional disparities due to diverse economic activities and 
different land-use patterns. Consequently, formulating region-specific and data-driven policies has become 
essential to achieving the country’s emission reduction targets. This study aims to answer how the clustering of 
CO2 emissions in various regions of Indonesia can provide insights for developing targeted and effective emission 
reduction strategies. To achieve this objective and ensure methodological rigor, this study provides a 
comprehensive and multivariate approach to analyzing regional emissions by integrating five key sectors—Energy, 
IPPU, Agriculture, Forestry, and Waste—into a unified cluster analysis framework. Methodologically, this study 
applies methods that are more robust and flexible than K-Means, namely K-Medoids and Fuzzy K-Medoids. 
These methods offer robustness to outliers and flexibility for overlapping data, allowing more reliable 
representation of regional emission patterns [12]. Once regional emission patterns are identified, the clustering 
results group provinces with similar characteristics, providing a practical basis for more targeted emissions policy 
interventions. 

 
2. RESEARCH METHOD 
2.1  CO2 Emissions 

Carbon dioxide emissions are the release of CO2 gas into the atmosphere, mainly caused by human activities 
such as the combustion of carbon-based materials, including biomass. These emissions play a major role in 
contributing to global climate warming. In Indonesia, CO2 emission sources are classified into five main sectors, 
namely [13]: 

 
 

Energy 
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The energy sector covers emissions generated from the combustion of fossil fuels in power generation, 
transportation, and other energy uses. 

 
Industrial Processes and Product Use (IPPU) 

The industrial sector covers emissions from industrial processes and product use that do not involve the 
combustion of fuels. 

 
Agriculture 

The agriculture sector covers emissions from agricultural activities such as land management, enteric 
fermentation, and fertilizer use. 

 
Forestry 

The forestry covers emissions and carbon sequestration resulting from changes in forest cover, 
deforestation, and land management. 

 
Waste 

The waste sector covers emissions generated from solid and liquid waste management processes, both 
domestic and industrial. 

 
2.2  Data Preprocessing 

 The first step is data preprocessing, which included data cleaning and standardization. Data cleaning was 
performed to address missing values in order to maintain the quality of the dataset. Next, data standardization is 
performed, which is the process of changing the values in the dataset so that they have a uniform scale and format. 
The purpose of standardization is to prevent variables with different value ranges from dominating the analysis, 
especially in methods that are sensitive to scale differences. The technique applied is Min-Max Scaling, which 
converts the original vale into range between 0 and 1. The Min-Max Scaling formula is written as follows: 

 

𝑋!"#$%& =
𝑋 − 𝑋'()

𝑋'#* − 𝑋'()
 (1) 

 
𝑋 shows the initial data value, 𝑋'() is the smallest value in the column, while 𝑋'#* is the largest value in 

the same column [14]. 
 

2.3  Elbow Method 
The Elbow Method is the oldest method for identifying the ideal number of clusters (k) in a dataset. The 

basic concept involves setting k = 2 as the initial candidate for the ideal number of clusters, then gradually 
increasing k by 1 until reaching a predetermined maximum value for the potential optimal estimates. For each k, 
the total within-cluster sum of squared distances (WSS) is calculated, which measures how closely data points in 
a cluster are grouped around the cluster center. The optimal number of clusters is typically chosen as the k value 
where the decrease in WSS begins to slow down, forming an “elbow” in the WSS plot [15].  

Mathematically, let 𝑊𝑆𝑆+ represent the total squared distances within the	𝑗-th cluster, and let 𝑛 be the total 
number of clusters. Then, the overall WSS for 𝑛 clusters is defined as: 

 

𝑊𝑆𝑆(𝑛) = 	+ (𝑊𝑆𝑆+)
)

+,-
 (2) 

 
This formula sums the WSS of all clusters, allowing the selection of the 𝑘 value that best balances cluster 

compactness and simplicity [16] 
 

2.4  K-Medoids 
The K-Medoids method is also called the Partitioning Around Medoids (PAM) algorithm, works by 

selecting one object from each cluster as a medoid. This medoid is the point with the smallest total distance to 
all other points within the same cluster, thus representing that cluster best [17]. Compared to K-Means, K-
Medoids is more resistant to noise and outliers because it uses actual data point as cluster centers [18]. In addition, 
the use of actual data objects as medoids contributes to more stable clustering performance, particularly when 
the dataset contains non-normal distributions or features with varying scales. Although this robustness offers 
clearer interpretability—especially in applications such as document clustering—the algorithm is generally more 
computationally demanding due to the pairwise distance calculations required for medoid selection [19].  

To determine the optimal medoid, it is necessary to measure the distance between objects in the cluster. 
The distance between objects 𝑖 and 𝑗 is calculated using a measure of dissimilarity. Although various dissimilarity 
measures can be used, Euclidean distance is often chosen because of its simplicity, intuitive interpretation, and 
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ability to be applied to various types of data, especially numerical data and continuous variables. Therefore, 
Euclidean distance is very popular in distance-based clustering methods such as K-Means, hierarchical clustering, 
and other similar algorithms [20]. The Euclidean distance is formulated as follows [21]: 

 

𝑑(+ = /+ (𝑥(# − 𝑥+#).
/

#,-
 (3) 

 
In Equation (3), 𝑑(+ denotes the measure of separation between objects 𝑖 and 𝑗, 𝑥(# represents the attribute 

value of object 𝑖 on variable 𝑎, 𝑥+# indicates the attribute value of object 𝑗 on variable 𝑎, and 𝑝 signifies the total 
count of variables under observation. 

The K-Medoids algorithm operates according to the following procedure [22]: 
Input:  
Desired count of clusters (𝑘) 
A dataset consisting of 𝑛 objects 
Output: 𝑘 clusters, where the total dissimilarity between each object and its nearest medoid is minimized. 
Algorithm steps: 
1. Initialization: Randomly choose 𝑘 data point from the data as the first medoid. 
2. Assignment: For this step, assign each remaining data points to the closest medoid using the chosen 

distance metric. 
3. Updating: 

1) Randomly pick an object that isn’t a medoid. 
2) Swap the selected object with the current medoid. 
3) Calculate the total cost (difference) of this new configuration. 
4) Select the set of medoids that gives the lowest total cost for the next iteration. 

4. Termination: End the process when the stopping criteria are satisfied (until the medoid remains 
unchanged); if not, go back to Step 2 and repeat the steps. 

 
2.5  Fuzzy K-Medoids 

Fuzzy K-Medoids is a clustering method that groups data into clusters based on a distance criterion, 
computed from the cluster centers derived from the data values. The primary difference between the Fuzzy K-
Medoids and FCM (Fuzzy C-Means) algorithms lies in how the cluster centers are determined. In the FCM 
approach, the central point of the cluster may be positioned anywhere within the domain of discussion (𝑈), 
whereas in the Fuzzy K-Medoids method, it corresponds to an actual data point, the medoid [23]. A medoid 
refers to an object that represents the center point of a cluster [24].  

The Fuzzy K-Medoids algorithm assesses the distance criterion by computing the dataset's cluster centers. 
In this approach, the updated membership matrix 𝑀0 is initially generated using the FCM procedure to 
determine the medoid. Subsequently, within each cluster, the data point corresponding to the highest 
membership value is selected as the medoid. The objective function of the Fuzzy K-Medoids method is expressed 
in (4) [25]. 

 

𝑃1 =+ + (𝑑.(𝑐2 , 𝑥()(𝛿(2)3)
)

2,-

'

(,-
 (4) 

 
Where 𝑃1 denotes the objective function at the 𝑡-th iteration, 𝛿(2 represents the membership degree in the 

matrix 𝑀0, 𝑟 is the fuzziness parameter (𝑟 ≥ 2), and 𝑑.(𝑐2 , 𝑥() indicates the distance between the 𝑖-th data point 
and the 𝑘-th cluster center. 

The preliminary membership degree 𝛿(2 within the 𝑀0 matrix is computed using Equations (5) and (6) 
within the Fuzzy K-Medoids framework for determining cluster centers. 

 

𝑀4 = [𝛿(2]'×),+ 𝛿(2
"

2,-
= 1, 1 ≤ 𝑖 ≤ 𝑛 (5) 

𝛿(2 = [0,1], 𝑖 = 1,2, . . . , 𝑚; 	𝑘 = 1,2,3,4, . . . , 𝑐 (6) 
During each iteration, the membership matrix 𝛿(2 is recalculated and updated according to Equation (7). 

𝛿(2 =
[𝑑.(𝑐2 , 𝑥()]

6-
36-

∑ [𝑑.(𝑐2 , 𝑥()]
6-
36-"

+,-

 (7) 

Once the 𝑀0 membership matrix is obtained, the cluster center is determined using Equation (8). 
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𝐶2 =
∑ (𝛿(2)3𝑦('
(,-
∑ (𝛿(2)3'
(,-

 (8) 

 
In addition, Fuzzy K-Medoids offers greater accuracy in handling overlapping data points. Unlike Fuzzy K-

Means, which defines cluster prototypes as synthetic objects derived from weighted-average calculations, Fuzzy 
K-Medoids selects a set of objects that actually exist in the data as cluster prototypes (medoids). Moreover, this 
method also introduces an extra cluster, referred to as a noise cluster, to accommodate outlier objects with high 
membership degrees that fall outside the 𝑘 main clusters [12]. 

 
2.6  Silhouette Coefficient 

The silhouette coefficient is an internal validity metric used to evaluate the quality of clustering. This metric 
considers both the intra-cluster distance (compactness) and the inter-cluster distance (seprataion) [26]. The 
calculation begins by determining the average distance between a data point 𝑥(

+ and all other points within the 
same cluster 𝑗. This quantity is defined as [21]: 

 

𝑎(
+ =

1
𝑚+ − 1

+𝑑(𝑥(
+ , 𝑥3

+)

'!

3,-
37(

	 (9) 

 
Where, 𝑗 denotes the cluster index, 𝑖 is the data index (𝑖 = 1,2, . . . , 𝑚+) indicates the data point within 

cluster 𝑗, 𝑎(
+ denotes the mean distance between the 𝑖-th data point and all other points within the same cluster, 

𝑚+ is the total number of points in the cluster 𝑗, and 𝑑(𝑥(
+ , 𝑥3

+) is the distance between the 𝑖-th and the 𝑟-th data 
points in the same cluster.  

Next, the inter-cluster distance is computed by identifying the lowest mean distance between 𝑥(
+ and all 

points belonging to any other cluster 𝑛 ≠ 𝑗. This written as: 
 

𝑏(
+ = min

),-,…,2
)7+

O
1
𝑚)

+𝑑(𝑥(
+ , 𝑥3))

'"

3,-

P (10) 

 
Where, 𝑘 denotes the total number of clusters, 𝑚) is the number of data points in cluster 𝑛, and 𝑑(𝑥(

+ , 𝑥3)) 
is the distance between the data point 𝑥(

+ in cluster 𝑗 and the point 𝑥3) in cluster 𝑛. 

After obtaining 𝑎(
+ and 𝑏(

+, the Silhouette Index (SI) for each data point is computed as: 
 

𝑆𝐼(
+ =

𝑏(
+ − 	𝑎(

+

𝑚𝑎𝑥{𝑎(
+ , 𝑏(

+}
 (11) 

 
A higher value of 𝑆𝐼(

+ approaching 1 indicates that a data point fits well within its assigned cluster and has 
minimal similarity to points in other clusters. In contrast, values close to -1 reflect poor clustering performance, 
which may imply overlapping clusters or data points placed in the wrong cluster. The overall Silhouette score for 
cluster 𝑗 is calculated by taking the average of all Silhouette values for the data points within that cluster. The 
interpretation of these Silhouette scores follows the classification presented in Table 1 [27]. 

 
Table 1. Silhouette Coefficient 

Silhouette 
Coefficient  

Category 

0.71 – 1.00 Strong 
0.51 – 0.70 Moderate 
0.26 – 0.50 Weak 
0.00 – 0.25 Bad 

 
2.7  Dunn Index 

The Dunn Index is a metric used to assess the quality of clustering results by maximizing the distance 
between clusters (intercluster) and minimizing the distance within clusters (intracluster). This index combines the 
aspects of cohesion and separation in cluster evaluation. Cohesion describes how tightly objects are grouped 
within a cluster, which is measured by the cluster diameter, while separation indicates how far apart two different 
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clusters are. To calculate cohesion, the distance between pairs of objects within a cluster is measured, and the 
maximum distance value is taken as the cluster diameter. The formula used in the Dunn Index calculation can 
be expressed as follows: 

 
The cluster diameter is calculated using the following formula: 
 

𝑑𝑖𝑎𝑚(𝐶2) = 𝑚𝑎𝑥
*,:∈<#

{𝑑*:} (12) 
 
This formula shows that the diameter of a cluster 𝐶2 is determined by the maximum distance between two 

objects 𝑥 and 𝑦 within that cluster. 
Meanwhile, to calculate the distance between two clusters, the following equation is used: 
 

𝑑T𝑐( , 𝑐+U = 𝑚𝑖𝑛
*∈"$,:∈"!

{𝑑*:} (13) 

 
This means that the distance between two clusters 𝑐( and 𝑐+ is determined by the smallest distance between 

pairs of objects from both clusters. 
From the two formulas, the following Dunn Index (DI) equation is obtained [28]: 
 

𝐷𝐼 = 𝑚𝑖𝑛
(,-,...,>

W 𝑚𝑖𝑛
+,(?-,...,>

X
𝑑T𝑐( , 𝑐+U

𝑚𝑎𝑥
2,-,...,>

{𝑑𝑖𝑎𝑚(𝐶2)}
YZ (14) 

 
Where DI is the Dunn Index value used to assess the quality of data clustering results. The value 𝑑T𝑐( , 𝑐+U 

indicates the distance between clusters 𝑖 and 𝑗, while N is the total number of clusters. The symbols 𝑥 and 𝑦 
represent objects in clusters 𝑐( and 𝑐+, respectively. Meanwhile, 𝑑𝑖𝑎𝑚(𝐶2) indicates the diameter of cluster 𝑘, 
which is a measure that reflects how compact a cluster is. Overall, these components are used to calculate the 
Dunn Index as a measure of cluster separation and compactness. 

 
2.8  Mann-Whitney Test 

The Mann-Whitney test is a nonparametric method used to test differences between two independent 
groups with ordinal, interval, or ratio scale data, especially when the data does not meet the assumption of normal 
distribution. Although it is generally considered to test the difference in medians between groups, some experts 
argue that this test can also be used to compare means. This test is also often referred to as the Wilcoxon Rank 
Sum Test [29].  

The steps in performing the Mann-Whitney test are as follows [30]: 
1) State the research hypothesis and determine the significance level (𝛼). 
2) Rank the data as a whole without regard to sample groups or categories. 
3) Sum the ranks for each group and calculate the 𝑈 statistics using the formula [31]: 
4)  

𝑈- = 𝑛@%𝑛@& +
𝑛@&T𝑛@& + 1U

2 − 𝑅'() (15) 

𝑈. = 𝑛@%𝑛@& −𝑈- (16) 
 
Where 𝑛@% denotes the number of subjects in variable 𝑋- while 𝑛@& is the number of subjects in variable 

𝑋.. Furthermore, 𝑅'() refers to the smallest rank given to each group. These values are used to calculate the 𝑈 
statistic, which then becomes the basis for drawing conclusions from the Mann-Whitney test. 

5) Draw statistical conclusions about the null hypothesis based on the obtained 𝑈 value. 
 

2.9  Data Source 
This study uses a quantitative research approach and secondary data obtained from the National 

Greenhouse Gas Inventory System (SIGN-SMART KLHK), managed by the Ministry of Environment and 
Forestry [32]. The data covers 2019-2023 and include records from 38 provinces in Indonesia. The emission 
data represent total annual greenhouse gas emissions, expressed in tons of carbon dioxide equivalent (CO2-eq) 
for each province. Emissions are estimated through an inventory-based approach using regional activity data and 
national emission factors, following the 2006 IPCC Guidelines for National Greenhouse Gas Inventories. The 
analyzed variables are Energy, Industrial Processes and Product Use (IPPU), Agriculture, Forestry, and Waste.  

The entire data processing and analysis were conducted using RStudio, a statistical computing and 
visualization software environment. To begin the research process, data preprocessing was conducted, which 
included data cleaning and data standardization. After preprocessing, the ideal number of clusters was identified 
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using the Elbow method. Subsequently, cluster analysis was performed using the K-Medoids and Fuzzy K-
Medoids methods. Finally, the quality of the resulting clusters was validated through the Silhouette Coefficient to 
assess their accuracy and determine the most appropriate clustering method. The following section explains the 
results and analysis in detail. 

 
3. RESULT AND ANALYSIS 

The preliminary phase of this study involves data collection and preprocessing. The preprocessing stage 
includes data cleaning to address missing values and data standardization to ensure uniform scales across 
variables. Next, use the Elbow Method criterion to identify the most suitable number of clusters. Figure 2 below 
presents the results of the cluster number identification. 

 
Figure 2. Elbow Method Plot 

 
According to the Elbow method, this study’s data is best grouped into two clusters. Thus, the clustering 

results obtained with the K-Medoids algorithm using the ideal number of clusters are shown in Table 2 below. 
 

Table 2. Result K-Medoids Clustering 

Cluster Provinces 
Number of 
members 

Cluster 1 Aceh, Sumatera Utara, Sumatera Barat, Riau, Kepulauan Riau, Jambi, 
Sumatera Selatan, Bengkulu, Kepulauan Bangka Belitung, Banten, DKI 
Jakarta, DI Yogyakarta, Bali, Nusa Tenggara Barat, Kalimantan Barat, 
Kalimantan Tengah, Kalimantan Timur, Kalimantan Utara, Sulawesi 
Utara, Gorontalo, Sulawesi Tengah, Sulawesi Barat, Sulawesi Tenggara, 
Maluku Utara, Maluku, Papua Barat Daya, Papua Barat, Papua Tengah, 
Papua Pegunungan, Papua Selatan, Papua 

31 

Cluster 2 Lampung, Jawa Barat, Jawa Tengah, Jawa Timur, Kalimantan Selatan, 
Nusa Tenggara Timur, Sulawesi Selatan 

7 

 
To understand the characteristics and differences among clusters, the average values of variables for each 

cluster are calculated as follows. 
 

Table 3. Average Value of the Variables using K-Medoids 
 Cluster 1 Cluster 2 
Energy -0.191 1.018 
IPPU -0.229 1.219 
Agriculture -0.328 1.749 
Forestry 0.074 -0.392 
Waste -0.236 1.261 

 
The table shows that Cluster 1 consists of provinces with lower emissions in Energy, IPPU, Agriculture, and 

Waste, and slightly higher values in Forestry, indicating that overall emissions are low and dominated by the 
Forestry sector. In contrast, Cluster 2 comprises provinces with significantly higher emissions in Energy, IPPU, 
Agriculture, and Waste, but lower Forestry values, highlighting areas with high non-forestry emissions. 
Furthermore, the Mann-Whitney test results indicate that the differences between clusters are statistically 
significant across all sectors (𝑝 < 0.05), confirming that the clustering effectively distinguishes provinces based 
on their emission characteristic.  
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The second method used is Fuzzy K-Medoids clustering. This method represents a fuzzy clustering 
approach that distinguishes itself from conventional clustering methods. The key distinction of Fuzzy K-Medoids 
is that each data object is assigned a membership degree before the clustering process. The outcomes of Fuzzy 
K-Medoids clustering are presented in the table below. 

 
Table 4. Result Fuzzy K-Medoids Clustering 

Cluster Provinces Number of 
members 

Cluster 1 Aceh, Sumatera Barat, Jambi, Bengkulu, Kepulauan Riau, Kepulauan 
Bangka Belitung, Banten, DKI Jakarta, DI Yogyakarta, Bali, Nusa 
Tenggara Barat, Nusa Tenggara Timur, Kalimantan Barat, Kalimantan 
Timur, Kalimantan Utara, Sulawesi Utara, Gorontalo, Sulawesi Tengah, 
Sulawesi Barat, Sulawesi Selatan, Sulawesi Tenggara, Maluku Utara, 
Maluku, Papua Barat Daya, Papua Barat, Papua Tengah, Papua 
Pegunungan, Papua Selatan, Papua 

29 

Cluster 2 Sumatera Utara, Riau, Lampung, Sumatera Selatan, Jawa Barat, Jawa 
Tengah, Jawa Timur, Kalimantan Tengah, Kalimantan Selatan 

9 

 
Then, the average results for the variables between clusters are as follows. 
 

Table 5. Average Value of the Variables using Fuzzy K-Medoids 
 Cluster 1 Cluster 2 
Energy -0.237 0.834 
IPPU -0.182 0.640 
Agriculture -0.129 0.456 
Forestry -0.271 0.955 
Waste -0.357 1.257 

  
The table above shows the standard average values for variables in each cluster. Cluster 1 shows negative 

values for all variables, indicating provinces with low levels of activity or emissions in all sectors. Conversely, 
Cluster 2 shows positive values for all variables, indicating provinces with high levels of activity or emissions in all 
sectors. Furthermore, the Mann-Whitney test results indicate that the differences between clusters are statistically 
significant across all sectors (𝑝 < 0.05), confirming that the clustering effectively distinguishes provinces based 
on their emission characteristic. 

After the clustering procedure with K-Medoids and Fuzzy K-Medoids is complete, the clustering results 
need to be evaluated to assess their quality and accuracy. In this study, the evaluation is conducted using the 
Silhouette Coefficient and the Dunn Index. Table 6 below shows the evaluation results for both methods using 
the Silhouette Coefficient and the Dunn Index. 

 
Table 6. Result Silhouette Coefficient 

Method Silhouette Coefficient Dunn Index Category 
K-Medoids 0.5981 0.03104339 Moderate 
Fuzzy K-Medoids 0.5217 0.007688153 Moderate 

 
From Table 6, it can be seen that clustering with the K-Medoids method yields a higher Silhouette 

Coefficient and Dunn Index than clustering with the Fuzzy K-Medoids method. Therefore, it can be said that 
clustering results using the K-Medoids method are more accurate than those using Fuzzy K-Medoids. 
Accordingly, it can be inferred that the K-Medoids clustering method achieves the highest accuracy in grouping 
CO2 emission data in Indonesia from 2019 to 2023. Furthermore, a cross-year validation was conducted to assess 
the robustness of the clustering results, where the model trained on data from 2019-2022 was tested using data 
from 2023. The validation produced a consistency value of 0.9736842 (97%), indicating that most provinces 
remained in the same cluster across years. In total, 37 of 38 provinces maintained the same cluster assignment, 
with only Kalimantan Selatan showing shift from Cluster 1 to Cluster 2, likely due to an increase in its non-forestry 
emission components in 2023. This high level of consistency demonstrates that the K-Medoids method generates 
stable and generalizable clustering patterns over time. 

The results of clustering using the K-Medoids method show that Cluster 1 represents regions with low 
emission levels and a dominance of the forestry sector. This pattern is supported by the characteristics of several 
provinces included in this cluster, such as Central Kalimantan and Papua, both of which have extensive forest 
cover and a significant role for the forestry sector in carbon sequestration. For example, Central Kalimantan has 
12.27 million hectares of forest cover, or about 80.10% of its total area, indicating great potential for reducing 
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emissions through carbon sequestration [33]. Meanwhile, Papua has primary forest cover reaching 61.85% of its 
total area, making it one of the regions with the most extensive and sustainable tropical forest ecosystems in 
Indonesia [34]. This condition reinforces the interpretation that the provinces in Cluster 1 function as low-
emission regions that ecologically serve as carbon sinks, with a strong dominance of the forestry sector. 

On the contrary, Cluster 2 describes areas with high emission levels, one of which is characterized by 
intensive economic and industrial activity in various sectors. This pattern is in line with the characteristics of 
provinces such as East Java, Central Java, and West Java, which are recorded as having the largest number of 
manufacturing industries in Indonesia. Based on data from the Central Statistics Agency in 2023 [35], the number 
of medium and large manufacturing companies reached 977,471 in East Java, followed by 862,926 in Central 
Java, and 641,639 in West Java. The high concentration of industrial activity in these three provinces contributes 
significantly to increased emissions, particularly from the energy and industrial process sector (IPPU), thus 
supporting the characteristics of Cluster 2 as a region with high emissions in all sectors. The following is a map 
of the K-Medoids cluster analysis results. 

 

 
Figure 3. Map of K-Medoids Clustering Results 

 
The map above shows the results of K-Medoids clustering generated in RStudio, with Cluster 1 marked in 

orange and Cluster 2 in blue. Cluster 1, which include provinces such as Central Kalimantan and Papua, generally 
shows lower average emissions. On the other hand, Cluster 2, which consists mainly of provinces and regions in 
Java such as East Java, Central Java, and West Java, shows higher emissions. This visualization highlights regional 
variations in CO2 emission patterns across Indonesia. 

Based on these findings, policy recommendations can be tailored to the characteristics of each cluster. 
Cluster 1 regions can prioritize forest protection and enhancement of carbon sequestration, reflecting their 
emission profiles that are strongly influenced by land-use and forestry dynamics. In contrast, Cluster 2 regions 
require mitigation strategies focused on non-forestry sectors, including energy efficiency improvements, cleaner 
industrial operations, and a gradual transition toward renewable energy. Aligning policies with these cluster-
specific characteristics enables more precise targeting of emission reduction efforts across provinces. 
 
4. CONCLUSION 

According to the result of CO₂ emission cluster analysis in Indonesia during the 2019–2023 period, the K-
Medoids method produced the most ideal grouping, with a Silhouette Coefficient of 0.5981 and a Dunn Index 
of 0.03104339, which is considered moderate structure. The clustering results show two distinct regional 
characteristics. Cluster 1 consists of provinces with relatively low emission levels, dominated by the forestry sector. 
In contrast, Cluster 2 includes provinces with high emission levels, influenced by non-forestry sectors such as 
energy, industry, and waste. These results are expected to serve as a basis for the government in establishing more 
targeted emission control policies tailored to each region's characteristics. 

 Future work could link cluster types to policy effectiveness or disaster vulnerability indices to provide 
deeper insights into the practical implications of emission patterns. Moreover, future research could be expanded 
by conducting multi-year trend analyses or integrating regional socioeconomic indicators to better understand the 
underlying factors that drive emission disparities across provinces.  
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