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ABSTRACT

The continuous increase in household electricity
consumption and irregular usage patterns pose challenges
for efficient energy management. Irregular electricity load
patterns can lead to energy waste, increased costs, and
disruptions to the distribution system. Therefore, a method
capable of accurately identifying electricity consumption
patterns is needed. This study aims to analyze household
electricity consumption patterns using the K-Means
Clustering algorithm. The data used comes from PLN UP3
Kendari in the form of historical data for the 2023-2025
period and real-time data processed into daily parameters.
The K-Means method was used to cluster the data based on
the similarity of electricity consumption characteristics. The
determination of the optimal number of clusters was
performed using the Elbow Method and the Silhouette
Score. The results of the study indicate that the optimal
number of clusters is four, with a Silhouette Score of 0.5122
and a Davies-Bouldin Index of 0.6881, indicating that the
cluster quality is quite good. Each cluster represents a
distinct consumption pattern: low, stable medium, high, and
fluctuating. Thus, the K-Means Clustering algorithm is
effective for identifying household electricity consumption
patterns.
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1. INTRODUCTION

Residential electricity consumption continues to rise in tandem with population growth
and technological advancements. This increase poses challenges for efficient energy
management, including energy waste, rising operational costs, and environmental impacts
resulting from emissions from fossil-fuel-based power plants

In the Kendari region, electricity consumption patterns are influenced by diverse
community activities, resulting in fluctuating and unpredictable electricity load patterns

. These irregular electricity load patterns can cause problems in the power distribution
system, such as voltage drops, increased power losses, and network stability disturbances.
Therefore, a method is needed that can identify and group electricity consumption patterns.

Previous studies have employed clustering methods to identify patterns in electricity
consumption [4], one of which is the K-Means Clustering algorithm, known for its simplicity
and efficiency in grouping data based on similar characteristics . Furthermore, cluster
quality evaluation is generally performed using the Silhouette Score and the Davies-Bouldin
Index to ensure optimal clustering results . However, the application of this method to
residential electricity consumption data, taking into account daily load characteristics and
distribution system operational parameters, still requires further study to obtain
representative clustering results.

Based on these issues, this study aims to analyze household electricity consumption
patterns using the K-Means clustering algorithm. The results of this study are expected to
provide an overview of the characteristics of electricity consumption patterns and serve as a
basis for decision-making to improve the efficiency and reliability of the electricity distribution
system. Clustering approaches are also continuously evolving and are used in various fields of
data analysis to improve the accuracy of data grouping

2. METHODS

This study uses household electricity consumption data obtained from PLN UP3 Kendari,
consisting of historical data for the 2023-2025 period and real-time data, which were
processed into daily parameters. The variables used include date, feeder name, voltage,
current, active power, active energy, power factor, system frequency, peak load, load factor,
peak load duration, and number of customers, which are used as parameters to describe
electricity consumption characteristics. The research stages were conducted systematically,
as shown in Figure 1.
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Figure 1. Research flowchart.

Based on Figure 1, the research stages are described as follows:

1. Datalnput
The data collection process, consisting of historical and real-time data, which is used
as the basis for analyzing electricity consumption patterns.

2. Cleaning Data
Removing invalid data and duplicates, as well as handling missing data, to ensure data
quality is maintained.

3. Data Normalization
Standardizing the scale across variables to prevent any single variable from
dominating the clustering process.

4. Determining the Number of Clusters
The optimal number of clusters is determined using the Elbow Method and Silhouette
Score to identify the most representative number of clusters.

5. K-Means Clustering
The clustering process is performed using the K-Means algorithm, which groups data
[10][11] based on their distance from the centroids. The distance between data
points is calculated using Euclidean distance, which is defined as follows [12]:

Zn:(xi - w)?
i=1

Where x; is the data value on the — i, y; is the cluster centroid on the kth dimension
— i, and n is the number of variables.
6. Evaluation

d(x,p) =
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The clustering results were evaluated using the Silhouette Score and the
Davies-Bouldin Index (DBI) to assess cluster quality. The Silhouette Score is
defined as follows [7]:
b(i) —a(i
() = —2 20
max(a(l), b(L))

Where a(i) is the average distance of the data points from the same cluster, while

b(i) is the average distance to the nearest cluster. A value close to 1 indicates good
cluster quality. In addition to the Silhouette Score, the Davies-Bouldin Index (DBI) is
used, which is defined as follows

K
DEI = 1 S+ 5
B k_z T\ M
=1

Where k is the number of clusters, S; and S; are the average distances between data
points within the-i and ke- j clusters, respectively, and M;; is the distance between
the centroids of the-i and the-j clusters.

7. Clustering Results
The final step involves interpreting the results of the data clustering based on the
observed characteristics of electricity consumption.

3. RESULTS AND DISCUSSION

The household electricity consumption data used in this study were obtained from PLN
UP3 Kendari for the period 2023—-2025. After data cleaning, a total of 5,305 data points were
used in the analysis.

The number of clusters was determined using the Elbow Method and the Silhouette Score.
Based on the analysis results, the optimal number of clusters was determined to be four (k=4).
A Silhouette Score of 0.5122 indicates that the cluster quality is in the fairly good category

, While a Davies-Bouldin Index (DBI) value of 0.6881 indicates that the separation between

clusters is quite clear.
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Figure 2. Determining the optimal number of clusters.
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Based on Figure 2, the results of clustering using the K-Means algorithm show that
household electricity consumption data can be grouped into four clusters with distinct
characteristics. These differences indicate variations in electricity consumption patterns
among residential customers. Clustering methods have been widely used in electricity
consumption analysis to identify energy usage patterns . To clarify the
characteristics of each cluster, a summary of the cluster profiles is presented in Table 1.

Table 1. Cluster profile.

tegangan_rata2 arus_rata2 daya_aktif energi_aktif faktor_daya frekuensi_sistem beban_puncak load_factor durasi_puncak_jam jumlah_pelanggan

cluster

0 210000 41229113 1.261050 30.265203 0.85 50.0 1.774525 71.751309 17.220314 9822.030784
1 210000 181.449879 5.549699 133.197566 0.85 50.0 7.614046 73.279439 17.587065 22889.244032
2 210000 116.586466 3.565960 85.583047 0.85 50.0 4.462256 80.142676 19.234242 15368.667759
3 210000  87.800874 2685788 64.458910 0.85 50.0 5623405 47711655 11.450797 19707.785311

Based on Table 1, the clustering results using the K-Means algorithm show that the data is
divided into four clusters with distinct characteristics. Cluster 0 exhibits the lowest values for
current, active power, and active energy, and is therefore categorized as a cluster with low
energy consumption. Conversely, Cluster 1 has the highest parameter values and the largest
number of customers, indicating the highest level of electricity consumption.

Cluster 2 represents medium-level energy consumption with parameter values falling
between the low and high clusters, and has a relatively high load factor. Meanwhile, Cluster
3 exhibits a more fluctuating consumption pattern, characterized by a lower load factor and
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a shorter peak load duration. To reinforce the results of the analysis, representative feeder

profiles for each cluster were visualized, as shown in Figure 3.
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Figure 3. Profile of pepresentative distributors for each cluster.
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Figure 3, shows the average load profile of representative feeders in each cluster based on
observation time. In general, all clusters exhibit a trend of increasing load toward peak times,
though with different characteristics.

Clusters 0 and 1 show a relatively stable increase until the evening peak, while Cluster 2
exhibits a more dynamic pattern with a peak during the day. Meanwhile, Cluster 3 shows the
most significant increase with the highest peak load.

These differences indicate variations in electricity consumption patterns within each
cluster, both in terms of load levels and peak times. This aligns with previous research
showing that clustering methods can effectively identify electricity consumption patterns

4. CONCLUSION

This study successfully grouped household electricity consumption patterns using the K-
Means Clustering algorithm into four clusters with distinct characteristics. The evaluation
results showed a Silhouette Score of 0.5122 and a Davies-Bouldin Index of 0.6881, indicating
that the quality of the clustering falls into the “fairly good” category.

Each cluster represents a distinct consumption pattern—low, medium, high, and
fluctuating—with differences in load levels and the timing of peak loads.

Overall, the K-Means method is effective in identifying electricity consumption patterns
and can serve as a foundation for load management and electricity distribution planning.
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