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Abstract

All human activities are inseparable from the current use of electricity. Electricity sourced from
renewable energy is an alternative for areas that have difficulty accessing electricity from PLN.
This research gathers data on electricity consumers in Indonesia by utilizing the K-Medoid
algorithm and the Davies-Bouldin Index (DBI). The DBI is used to test the quality of clustering so
that the optimal cluster in this study is obtained with the lowest DBI value of 0.386 with 3 clusters.
The cluster analysis results reveal that fewer areas utilize electricity sourced from PLN compared
to non-PLN or renewable energy sources. Based on this, recommendations can be proposed to
enhance development, making it more accessible for villages to be electrified from PLN or to
increase the electrification of villages currently not using electricity. source of electricity from non-
PLN to realize the Bright Indonesia Program.

Keywords: Electricity, Clustering, K-Medoid Algorithm, Davies Bouldin Index, Renewable
Energy

1. Introduction

The use of electricity is currently supporting almost all sectors of human life. With electricity,
it can increase work ethic and productivity so that it can create community welfare. It is undeniable
that there are still areas in Indonesia that have not been electrified by PLN due to the difficulty of
access. The use of electricity sourced from renewable energy can be an alternative for areas that
have not been electrified by PLN [1]. Renewable energy sources include solar cells, wind power,
micro hydro, and various other alternative sources that can be utilized [2]. This study analyzes
groups of areas that are electrified and the patterns formed from the characteristics of each group
member so that they can support decision making. This research focuses on grouping data
related to electricity consumers in Indonesia, utilizing the K-Medoid clustering technique, and
assessing the outcomes through the Davies-Bouldin Index (DBI). The selection of the K-Medoid
method for clustering is driven by its resilience to noise and data outliers [3]. The cluster validity
method was used to determine the quality of the cluster results, namely the dunn index, davies-
bouldin index, silhouette index, and others [4], [5]. The quality of the optimal cluster results is
demonstrated by the lower DBI value [6].

The author's research draws on several previous studies for its foundation. One such study
conducted in 2022 by Radiyanto Dekaprasetya, titled "Clustering to Determine the Promotion
Strategy of the University of Muhammadiyah Jember Using the K-Medoids Algorithm," focused
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on grouping student data to acquire student profile information as decision support for an effective
promotion strategy. The study yielded an optimal cluster with a low DBI value of k = 3 [7]. Cici's
2020 research titled "Development of the K-Medoid Datamining Method in the Case of Electricity
Distribution in Indonesia" delves into the clustering of electricity distribution areas using the K-
Medoid method. The study resulted in two clusters: the high distribution level cluster (C1) and the
low distribution level cluster (C2). The data centroid for the high distribution level cluster is
38,544.51, while the data centroid for the low distribution level cluster is 910.51 [8]. In Desi's 2019
study, "Application of the K-Medoid Method in Grouping Households in the Treatment of Sorting
Waste by Province," waste sorting behavior classification was examined using the K-Medoid data
mining algorithm. The research resulted in two clusters: a low-level waste sorting cluster (C1) and
a high-level waste sorting cluster (C2). [9].

2. Reseach Methods

2.1. K-Medoid Algorithm

The K-Medoids algorithm is used to calculate the closeness between medoids and non-
medoids objects and minimizes the dissimilarity of objects in the cluster. The following is a
description of the k-medoids algorithm:

1. Selecting the number of clusters and setting the initial medoid value
2. Calculating the proximity distance between medoid objects and non-medoid objects
using Euclidean calculations with equation 1.

d(x,y) = /(x1 = y1)? + (X2 = ¥2)? + (%0 — Yn)? (1)
Where :

d = object distance

x = data

y = centroid/medoid

3. Randomly select non-medoid objects to become new medoids

4. Calculating the proximity between a medoid object and a non-medoid object using
Euclidean calculations

5. The total deviation (S) is computed by subtracting the value of the new total distance
from the old total distance. If the total deviation is less than zero (S < 0), the objects'
data clusters are swapped to create a new set of k objects as medoids; otherwise, the
medoids remain unchanged [10].

6. Steps 3 to 6 are iteratively repeated until no further changes occur in the medoids [11].

2.2. Davies-Bouldin Index (DBI)

The Davies-Bouldin Index (DBI) is a method used to assess the quality of clustering results.
A clustering outcome is considered better when the DBI value approaches 0, indicating a more
optimal clustering scheme with smaller DBI values [6], [12], [13], [14].

The Sum of Squares Within Cluster (SSW) is an equation used to calculate the cohesion
matrix in the i-th cluster, as shown in the following equation.

SSW; = n%iz’]gi d(x;,c;) )

Where:

mi = the data number in the i cluster

ci = centroid of cluster i

d (xj, ci) = the euclidean distance of each data point to the centroid is calculated.

The Sum of Squares Between Clusters (SSB) is utilized to evaluate the degree of separation
between clusters, as demonstrated in the following equation.

SSBi'j = d(Ci,Cj) (3)
Where :
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d (ci, ¢j) = distance between centroids

Once the cohesion and separation values are acquired, the next step is to calculate the
ratio measurement (Rij) for determining the comparative value between the i-cluster and j-cluster,
as shown in the following equation.

SSWi+SSW

Ry = o2 (4)

L SSBy
The formula for computing the Davies-Bouldin Index (DBI) value is as follows.
1
DBI = ;Zi'(:l max#j (Rl.,j) (5)

Where :

k = clusters number

The proximity of the DBI value to 0 indicates a superior cluster quality obtained from the clustering
of the data. [15].

2.3. Preprocessing data

The data preprocessing stage in this study includes the process of transforming data in
number format and reducing missing value data so that the data obtained is clean and free from
noise [16], [17]. The secondary data variables used by the Badan Pusat Statistik in the excel form
which consist several villages in each province, in Indonesia that uses electricity sourced from
PLN and non-PLN in 2021 [18]. The data used in the study uses data from the Badan Pusat
Statistik in 2021, totaling 34 units. province in Indonesia. The following are data variables from
the Badan Pusat Statistik used for clustering, namely PLN variables and non-PLN variables:
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1 |Province PLN Non PLN

2 |Aceh E503 170

3 |Morth Sumatera 5331 632

4 | 'west Sumateras 1276 166

5 |Riau 1525 G5

6 |Jambi 1535 324

T | South Sumatera 3137 G626

g |Bengkulu 1511 07

3 |Lampung 2626 307
10 |BangkaBelitung 333 38
1 |Riau 332 14
12 |DKl Jakarta 267 0
13 | MestJava 5957 4
1 | Central Java 8560 23
15 |DIY'aguakarta 435 3
16 |East Java 5473 140
17 |Banten 1551 14
15 |Bali 716 5}
19 |'westMusa Tenggara 45 45
20 |East MusaTenggara 3024 1465
21 | West Kalimantan 1612 010
22 | Central Kalimantan 1085 T
23 | South K.alimantan 1330 223
24 |EastFalimantan 834 513
25 |Maorth Kalimantan 2535 250
26 | Marth Sulaw ezi 1821 I
27 | Central Sulawesi 1561 515
28 ISouth Sulawesi 2347 433
23 | Southeast Sulawesi 2185 416
30 | Garontals 725 157
F |'wWest Sulawesi 339 271
32 |Maluku 315 413
33 | Morth Maluku 1005 287
34 |'West Papua 363 361
35 |Papua 1258 3453
36 | Deviation Standard 2237.912 632.991
37 |Mean 2216.412 434 8235

Figure 1. Data and Variables

The characteristics of village data, encompassing both electricity users from PLN and non-PLN
sources, demonstrate substantial dispersion, as evidenced by a standard deviation value greater
than the mean value [19]. In this research, the data utilized for clustering exhibits heterogeneity,
primarily attributed to the variance distribution of the data [20].

2.4. Research Procedure
The research flow to conduct this research as follows.

1.

»

Conducting literature studies and data collection related to data analysis using K-
Medoids for data clustering and cluster validity testing with DBI

Preprocessing data before data is clustered.

The clean data after going through the preprocessing stage is then clustered using
the K-Medoid method.

Perform cluster validity testing so that optimal clustering results are obtained

The research flowchart can be observed in Figure 2 provided below.
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Figure 2. Flowchart of the Study
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2.5. Research Overview

In this research, the focus lies in comparing the clustering outcomes for various numbers of
clusters to identify the optimal number of clusters when using the k-medoid algorithm for clustering
electricity user data.
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Figure 3. Research Overview

Figure 3 provides an overview of the K-Medoid clustering process with cluster validity testing
using the Davies-Bouldin Index in Rapid Miner. The initial step involves data collection from the
Badan Pusat Statistik, followed by data preprocessing in the second step. The third step is to test
the clustering quality based on the DBI value on Rapid Miner, then analyze the cluster results so
that the optimal clusters number is obtained in the k-medoid clustering with DBI method.

3. Result and Discussion

3.1. Grouping data with K-Medoid

The data was grouped using the k-medoid clustering method through the Rapid Miner
application, and the cluster validity was assessed using DBI values. The grouping process started
with 2 clusters and continued up to 10 clusters.
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Figure 4. Clustering using Rapid Miner
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After implementing the K-Medoid algorithm with two clusters, the analysis unveiled the first
cluster, which primarily consisted of electricity users from PLN, encompassing 1258 villages. In
contrast, the second cluster comprised non-PLN electricity users, comprising a total of 3453
villages located in Papua. Members of this cluster center amounted to 1 data. The second cluster
center is electricity users from PLN as many as 968 villages and electricity users from non-PLN
as many as 961 villages located in West Papua. The second cluster consists of 33 data with
electricity users from PLN in the range of 267 to 8560 villages and electricity users from non-PLN
in the range 0 to 1468 villages. The first cluster is classified as a village that uses more electricity
than the second cluster.

Table 1. The results of grouping data with 2 clusters
Result Centroid Centroid Amount
Position PLN Non PLN of
Cluster
Cluster 1 Papua 1258 3453 1
Cluster2 | West Papua | 968 961 33

Grouping the data with 3 clusters produces 3 cluster centers located in Papua, West
Papua and East Java. The first cluster is 1 data, the second cluster is 28 data. The third Cluster
Center in East Java has electricity users from PLN as many as 8473 villages and non-PLN as
many as 140 villages. The third cluster has 5 data members, namely Aceh, West Java, North
Sumatra, DI Yogyakarta, DKI Jakarta with characteristics of PLN in the range of 5931 to 8560
villages and non-PLN in the range of 23 to 692 villages.

Table 2. The results of grouping data with 3 clusters

Result Centroid Centroid Amount
Position PLN Non PLN | of Cluster
Cluster 1 Papua 1258 3453 1
Cluster 2 | West Papua | 968 961 28
Cluster 3 | East Java 8473 140 5

3.2. Cluster Validity Test

The testing method for clustering results is classified as good or not good, it can be
assessed from one of the cluster validity methods [5], [21], [22]. In this research, the Davies-
Bouldin Index (DBI) method was employed to evaluate the clustered results. The optimality of a
cluster is determined by its minimum DBI value [23].
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Figure 5. Validity Test in Rapid Miner
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After conducting k-medoid clustering and evaluating the cluster validity using the Davies
Bouldin index for each number of clusters, we obtained the following table.

Table 3. Validity Test Result

Amount of Cluster DBI Value
2 clusters 0.724
3 clusters 0.386
4 clusters 0.671
5 clusters 1.025
6 clusters 0.761
7 clusters 0.543
8 clusters 0.66
9 clusters 0.707
10 clusters 0.651

Table 3 displays the DBI values for different cluster numbers, and it is evident that the
cluster with the smallest DBI value is when there are 3 clusters with a value of 0.386. This
suggests that the most optimal cluster quality is achieved with 3 clusters.

DBI Value

1.2

0.8

0.6

0.4

02 I
0

2 clusters 3 clusters 4 clusters 5 clusters 6 clusters 7 clusters 8 clusters 9 clusters 10 clusters

Figure 6. Davies-Bouldin Index Value

The results of clustering with 3 clusters produce 3 cluster centers located in Papua, West Papua,
and East Java. The first cluster is 1 data, the second cluster is 28 data. The third Cluster Center
in East Java has electricity users from PLN in as many as 8473 villages and non-PLN in as many
as 140 villages. The third cluster has 5 data members, namely Aceh, DKI Jakarta, North Sumatra,
DI Yogyakarta,West Java with characteristics of PLN in the range of 5931 to 8560 villages and
non-PLN in the range of 23 to 692 villages. From the results of clustering village groups that use
non-PLN electricity which is quite large, around 3000 villages form their clusters. Village groups
that use PLN electricity are large enough to form clusters with an average of 6000-8000
villages/cluster members using electricity from PLN and 200 villages for non-PLN electricity. The
third group has the characteristics of cluster members with an average number of PLN electricity
users of around 1000 villages and the number of villages using non-PLN electricity from 0 -1000
villages.

4. Conclusion

After thoroughly examining the grouping of electricity user data with the K-Medoid Algorithm,
the following conclusions have been drawn.

The clustering of the data into 3 clusters yields improved cluster quality, evident from the
smallest DBI value achieved. The clustering results are influenced by the data characteristics
within the cluster, particularly clusters with a larger dispersion size, as indicated by standard
deviation values greater than the mean value. The data used for clustering exhibit significant
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variability. The area that is classified as the largest group of non-PLN electricity users is Papua
with an average of around 3000 villages. From this group, it can be analyzed that there are fewer
users of electricity from PLN than electricity sourced from non-PLN or renewable energy so
recommendations can be made to improve development that can make it easier for villages in
Papua to be electrified from PLN as well as to increase the number of villages that use electricity.
not yet electrified in Papua using electricity from non-PLN sources. Regional groups that use PLN
electricity the most are around 6000-8000 villages, namely Aceh, DKI Jakarta, North Sumatra, DI
Yogyakarta,West Java. The third group that uses PLN and non-PLN electricity are around 1000
villages.
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