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Abstract—Electricity consumption patterns among PLN customers show diverse characteristics that require data-driven analysis to
support accurate operational planning and service strategies. Differences in installed power, operating hours, and electricity usage
intensity can indicate variations in customer behavior, load demand, and service needs. This study aims to analyze electricity
consumption patterns of PLN customers in the South Semarang area using the K-Means Clustering method. The dataset consists of
6,622 active customers, with variables including installed power, operating hours, and average electricity consumption over the last
eight months. The research stages include identifying the need for consumption pattern analysis, preparing data, cleaning incomplete
or inconsistent values, normalizing variables, modeling with K-Means, and interpreting cluster results. The optimal number of clusters
was determined using the Elbow Method and Silhouette Score to ensure meaningful grouping and good separation quality. The results
show that the optimal number of clusters is three. The first cluster represents low consumption patterns with 1,881 customers (28.4%).
The second cluster represents medium consumption patterns with 2,927 customers (44.2%). The third cluster represents high
consumption patterns with 1,814 customers (27.4%). The WCSS value of 498.67 and Silhouette Score of 0.68 indicate good clustering
performance and practical usefulness for decision-making by PLN in service quality improvement.
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1. INTRODUCTION

The development of electricity demand requires utility companies to manage customer data more carefully. PT
Perusahaan Listrik Negara (PLN), as an electricity service provider, has a customer base with highly diverse consumption
characteristics, ranging from small household customers and medium-sized businesses to commercial and industrial
customers. This diversity causes general service strategies to be less effective because the needs, usage intensity, and load
contribution of each customer are not the same. Therefore, understanding electricity consumption patterns is an important
aspect in supporting operational efficiency and designing customer services that better match the characteristics of each
group [1].

Electricity consumption patterns can describe customer energy usage behavior based on technical variables such
as installed power, operating hours, and average electricity consumption. Installed power indicates the electricity capacity
registered for a customer, operating hours describe the intensity or duration of electricity usage, while average
consumption indicates the amount of energy consumed within a certain period [2], [3]. These three variables can be used
to quantitatively observe customer consumption tendencies. If these consumption patterns are analyzed systematically,
PLN can obtain more structured information regarding low, medium, and high consumption customer groups [4], [5], [6].

The main problem addressed in this study is the suboptimal utilization of customer electricity consumption data
as a basis for operational segmentation and service strategies. Large customer datasets are often used only for
administrative data or routine reporting, even though these data have the potential to provide important information for
decision making [7], [8]. Without clear grouping of consumption patterns, energy efficiency programs, load monitoring,
and customer services risk being poorly targeted [7], [9], [10]. This condition may lead to less effective allocation of
operational resources, difficulty in determining customer monitoring priorities, and less specific service communication
strategies for customers [6], [11].

One approach that can be used to analyze electricity consumption patterns is data mining with clustering methods.
Clustering is an unsupervised learning technique that aims to group data based on similarity of characteristics without
requiring predefined class labels [12], [13]. Among various clustering algorithms, K-Means is widely used because it has
a simple concept, is efficient for large datasets, and is easy to interpret. This algorithm works by dividing data into a
number of clusters based on distance proximity to centroids so that members within the same cluster have relatively
homogeneous characteristics [14]. Various K-Means developments have also continued to improve cluster separation
quality, computational efficiency, and robustness to outliers [15], [16].

Related studies show that clustering can be applied to group electricity consumption and customer load profiles.
Al-Wakeel et al. applied K-Means for load estimation based on household smart meter data so that electricity usage
patterns could be mapped more clearly[17], [18]. McLoughlin et al. used a clustering approach to characterize domestic
electricity load profiles based on smart metering data [3]. Palaniappan et al. categorized residential electricity
consumption patterns using clustering and classification techniques [19]. Other studies also show that customer data and
smart meter-based clustering can support service segmentation, consumption behavior analysis, and customer
management strategies in the electric utility sector [20].

Although several studies have discussed the use of clustering in energy data, there remains room for development
in the context of utilizing PLN customer electricity consumption patterns in the South Semarang area. Previous studies
have tended to focus on algorithm implementation or general segmentation, while this study emphasizes the relationship
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between consumption pattern clustering results and operational implications as well as customer service strategies. Thus,
the clustering results do not stop at cluster formation but are translated into a basis for recommendations that can be used
for load management, energy efficiency education, customer monitoring, and segment-based service design [4], [5], [6].

This study aims to analyze PLN customer electricity consumption patterns using the K-Means Clustering method
based on installed power, operating hours, and average electricity consumption variables. This study also aims to
determine the optimal number of clusters, interpret the characteristics of each cluster, and formulate operational
recommendations and service strategies based on the resulting consumption patterns. The contribution of this study lies
in presenting a systematic analysis flow from data understanding, modeling, evaluation, interpretation, to the use of
clustering results to support operational efficiency and improve PLN service quality in a more targeted manner [9], [10],
[21].

2. RESEARCH METHODOLOGY
2.1 Research Stages

This study uses a quantitative approach based on data mining with an unsupervised learning method. The main method
used is K-Means Clustering because the study aims to group customers based on the similarity of electricity consumption
patterns without prior class labels. The research stages are designed to answer the main problem, namely how customer
electricity consumption data can be processed into meaningful consumption pattern groups and used to support PLN
operational efficiency and customer service strategies [5].

The first process is identifying the need for electricity consumption pattern analysis. At this stage, the problem is
formulated based on the condition that PLN customers have variations in power, operating hours, and electricity usage.
These different characteristics require a clustering approach so that PLN can understand customers in a more structured
way. The output of this process is the formulation of research objectives, data scope, variables used, and modeling needs
directed at forming low, medium, and high consumption clusters [6], [11].

The second process is customer data preparation and processing. Active customer data are selected according to
variables relevant to electricity consumption patterns. This stage includes checking data completeness, validating numeric
data types, checking duplicates, identifying extreme values, selecting features, and normalizing data. Normalization is
required because the variables of installed power, operating hours, and electricity consumption have different units and
value ranges. The output of this process is a clean and standardized dataset ready to be used in clustering modeling [9],
[10]

The third process is consumption pattern modeling using the K-Means algorithm. At this stage, several k values
are tested to observe changes in the Within-Cluster Sum of Squares (WCSS). The optimal number of clusters is
determined using the Elbow Method and validated with the Silhouette Score. After the number of clusters is determined,
the K-Means algorithm is executed to produce a cluster label for each customer. The output of this process is the division
of customers into electricity consumption pattern groups based on the proximity of their characteristics to each cluster
centroid [22], [23], [24].
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Figure 1. Research stages of PLN customer electricity consumption pattern analysis

The fourth process is result interpretation and recommendation formulation. The resulting clusters are analyzed
based on the number of members, percentages, centroids, and average values of each variable. This interpretation is used
to assign meaning to each cluster, such as low, medium, and high consumption patterns. The interpretation results are
then linked to PLN problems so that operational recommendations can be formulated, such as load monitoring, energy
efficiency education, and customer service strategies based on electricity consumption characteristics [10], [21].

Figure 1 shows the research flow consisting of four main processes. These four processes are interconnected,
beginning with the identification of analysis needs and ending with the translation of clustering results into operational
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recommendations and service strategies. This flow ensures that the research process does not only produce clusters
technically, but also addresses the problem-solving needs raised in the study [13].

2.2 Data Sources, Unit of Analysis, and Data Scope

The research dataset was obtained from active PLN customers in the South Semarang area. The unit of analysis in this
study is the individual customer, so each row of data represents one customer with specific electricity consumption
characteristics. The data used include technical information directly related to electricity consumption, namely installed
power, operating hours, and average electricity consumption over the last eight months [6], [11].

The data scope is limited to active customers who have complete numerical data for the analyzed variables. This
limitation is applied so that the clustering process is not influenced by irrelevant or incomplete data. This study does not
use customer satisfaction survey data, complaint data, or service quality data, so the term customer satisfaction in this
article is positioned as a strategic implication of improved service accuracy, not as a directly measured variable [7].

Table 1. Summary of data sources and scope

Aspect Description
Data source Active PLN customer data in the South Semarang area
Unit of analysis Individual customers
Final data size 6,622 active customers
Consumption period Average electricity usage over the last 8 months
Main variables Installed power, operating hours, and average electricity consumption
Data limitations Does not include satisfaction surveys, complaint data, and service quality data

2.3 Variables and Operational Definitions

The research variables were selected based on their relationship to customer electricity consumption patterns. All
variables used are numerical and measured on a ratio scale, so they can be processed using Euclidean distance in the K-
Means algorithm. Variable selection also considers the ease of interpreting cluster results so that the analysis can be used
as a basis for PLN operational recommendations.

Table 2. Research variables

Variable Operational Definition Scale
Installed Power Registered customer electricity capacity in VA Ratio
Operating Hours Estimated duration of customer electricity usage in hours Ratio

Average Consumption Average customer electricity consumption in kWh over the last 8 months Ratio

2.4 Data Processing Stages

Data processing stages are carried out to ensure that the dataset is suitable for clustering. Data cleaning is performed by
checking duplicates, missing values, data type consistency, and extreme values that may affect centroid positions. Because
K-Means is sensitive to distance and feature scale, data checking and variable scaling are important stages to prevent the
resulting clusters from being biased by unrepresentative values [22], [23].

After the data are declared suitable, feature selection is performed to select variables relevant to the research
objective. This study uses three main variables, namely installed power, operating hours, and average consumption [9],
[14], [20]. These three variables are selected because they directly represent the intensity and capacity of customer
electricity consumption. The next stage is normalization using Min-Max Scaling so that all variables are within the same
range, from 0 to 1.

X'= (X - Xmin) / (Xmax - Xmin) (1)

In Equation (1), X is the original value, Xmin is the minimum value, Xmax is the maximum value, and X' is the
normalized value. Normalization is performed so that variables with large value ranges, such as installed power and
electricity consumption, do not dominate other variables in Euclidean distance calculations. Feature scaling in K-Means
is important, especially when data have different units and value ranges [16].

2.5 Modeling Using the K-Means Algorithm

K-Means Clustering is used to divide customers into several clusters based on the similarity of electricity consumption
patterns. This algorithm begins by determining the number of clusters k, selecting initial centroids, calculating the distance
of each data point to the centroids, assigning data to the nearest cluster, and updating the centroids until the centroid
positions become stable or the maximum iteration limit is reached [22], [25], [26]. In this study, K-Means is selected
because its results are easy to interpret and suitable for operational segmentation objectives, although several modern K-
Means developments can be used to improve performance on more complex data [27], [28], [29].

The main objective of K-Means is to minimize data variation within clusters. Thus, customers within the same
cluster are expected to have relatively similar consumption characteristics. The K-Means objective function is written as
follows.
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J=3(i=1 to k) X(xj € Ci) ||xj - pil] )

In Equation (2), Ci is the i-th cluster, pi is the centroid of the i-th cluster, xj is the j-th customer data point, and ||xj
- uil]? is the squared Euclidean distance between the customer data and the centroid. The smaller the objective function
value, the more homogeneous the data within the formed cluster.

2.6 Determining the Optimal Number of Clusters

The optimal number of clusters is determined using the Elbow Method and Silhouette Score. The Elbow Method analyzes
changes in WCSS values for several k values. The number of clusters is selected at the point where the decrease in WCSS
begins to slow significantly, so adding the next cluster no longer provides a major improvement in clustering quality [30].

WCSS = 2(i=1 to k) Z(xj € Ci) ||xj - pilP 3)

WCSS measures the total variation of data within clusters. A smaller WCSS value indicates that the data are closer
to their respective cluster centroids. However, WCSS always decreases as the number of clusters increases, so additional
validation using the Silhouette Score is required.

s() = (b(1) - a(i)) / max {a(i), b(i)} 4)

In Equation (4), a(i) is the average distance of the i-th data point to other data points in the same cluster, while b(i)
is the nearest average distance of the i-th data point to another cluster. A Silhouette Score close to 1 indicates that the data
point is 1 on electricity consumption characteristics and linked to appropriate operational recommendations. In this way,
clustering results can be used as a basis for more applicable strategy formulation [25], [26], [27].

3. RESULTS AND DISCUSSION

The results and discussion are organized according to the flow of solving the research problem. The discussion begins
with an overview of the dataset, normalization results, determination of the optimal number of clusters, clustering results,
cluster distribution, characteristics of each consumption pattern, and the implications of the results for operational
ezfficiency and customer service strategies. This flow is used so that the research results do not only present algorithm
outputs but also explain how the results can be used to address PLN problems.

3.1 Dataset Overview

The research dataset consists of 6,622 active PLN customers in the South Semarang area. The data used focus on three
main variables: installed power, operating hours, and average electricity consumption over the last eight months. These
three variables were selected because they can describe the capacity, intensity, and volume of customer electricity
consumption. By using eight-month average data, the analyzed consumption patterns are expected to be more stable than
those based on only one month of data.

Installed power describes the maximum capacity that customers can use according to their service contract.
Operating hours indicate the intensity of electricity usage, while average consumption indicates the amount of energy
used. The combination of these three variables allows a more complete picture of consumption patterns to be formed. For
example, customers with high installed power do not necessarily have high consumption if their operating hours are low,
while customers with medium installed power may show high consumption if their usage intensity is high.

Table 3. Sample raw data of PLN customers

No. Power (VA) Operating Hours Average Consumption (kWh)

1 33000 180 5921.00
2 33000 101 3202.75
3 23000 218 5013.75
4 23000 232 4660.00
5 23000 159 3200.00
6622 450 2 16.38

The sample data in Table 3 show that there is considerable variation among customers, especially in installed
power and average electricity consumption. This variation indicates the need for grouping so that customers with similar
characteristics can be analyzed as a single group. Without clustering, low- and high-consumption customers would be
treated generally, causing the strategic information contained in the data to be less visible.

Table 4. Summary of analysis strengthening

Analysis Aspect Description Implication for the Study
Dataset size 6,622 active customers Sufficiently large for consumption pattern-based
clustering analysis
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Analysis Aspect Description Implication for the Study
Data type Numerical and ratio-scale Suitable for K-Means, which uses distance
calculations
Main variables Power, operating hours, and Represents the capacity, intensity, and volume of
average consumption electricity consumption
Variable limitation Does not include satisfaction Results are directed toward service strategies, not
survey or complaint data direct satisfaction measurement

3.2 Data Normalization Results

Before clustering is performed, the data are normalized using the Min-Max Scaling method. Normalization is important
because installed power, operating hours, and average consumption variables have different value ranges. If the data are
not normalized, the variable with the largest values may dominate the distance calculation and influence cluster formation
[24].

The normalization results transform all variable values into the range of 0 to 1. Thus, each variable has a more
proportional contribution in the clustering process. Table 5 shows examples of normalization results for several customer
records.

Table 5. Min-Max normalization results

No. Power (norm) Operating Hours (norm) Consumption (norm)

1 1.0000 0.2532 0.9823
2 1.0000 0.1391 0.5305
3 0.6969 0.3066 0.8304
4 0.6969 0.3263 0.7720
5 0.6969 0.2236 0.5301
6622 0.0000 0.0000 0.0015

Table 5 shows that installed power, operating hours, and consumption values are already on the same scale. This
condition makes the K-Means process fairer because the distance between customers is calculated based on the relative
contribution of each variable. Normalization also helps reduce the risk of bias due to differences in measurement units
[31].

3.3 Determining the Optimal Number of Clusters

The optimal number of clusters is determined through the Elbow Method by comparing WCSS values for several k values.
Testing was performed from k=2 to k=8. The determination of the number of clusters does not only consider the smallest
WCSS value, because this value will continue to decrease as the number of clusters increases. Therefore, the point at
which a significant decline begins to flatten becomes the main consideration in selecting the number of clusters [23].

Figure 2. Supporting visualization for cluster determination and results
Table 6. WCSS calculation results

Number of Clusters (k)  WCSS
1847.32
498.67
412.85
358.24
321.45
295.78
274.32
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Based on Table 6, the WCSS value decreases from 1,847.32 at k=2 to 498.67 at k=3. A decrease of approximately
73% indicates that adding a cluster from two to three provides a highly significant improvement in clustering quality.
After k=3, the WCSS decrease becomes more gradual, for example from 498.67 at k=3 to 412.85 at k=4. This condition
indicates that adding subsequent clusters does not provide an improvement in quality as large as the previous change.

The Elbow result is then strengthened using the Silhouette Score. The Silhouette Score value of 0.68 at k=3
indicates that the formed clusters have good separation. This value indicates that most customers are fairly close to
members of their own cluster and sufficiently far from other clusters. Thus, the optimal number of clusters in this study
is set at three clusters [17], [18].

3.4 Clustering Results of Electricity Consumption Patterns

After the optimal number of clusters is determined, the K-Means algorithm is run with k=3. The clustering results show
that PLN customers can be grouped into three electricity consumption patterns: low consumption, medium consumption,
and high consumption. Cluster naming is based on the average values of installed power, operating hours, and average
electricity consumption in each cluster.

The visualization of clustering results shows relatively clear separation among groups. Customers with low
installed power, operating hours, and consumption tend to gather in one area, while customers with medium and high
characteristics form different cluster areas. This indicates that the variables used are sufficiently capable of distinguishing
customer consumption patterns.
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Figure 3. Relationship between average consumption and operating hours

Figure 3 shows a tendency that customers with higher operating hours generally have greater average electricity
consumption. This pattern strengthens the interpretation that usage intensity is one of the important factors in
distinguishing electricity consumption clusters.

1.0 4 tcluster L]
1 .
e 2 .
. 3 L] .
0.8 4 .
.
.
x
] .
Z 06 % s H
= Se
= . . ° . L]
= e H F] .
% e % o o° 29
£ 0.4 . ’i % . :
& H * L H
* e 2 % s se
HL L] H
8 L s
0.2+ s e o .
s °
.25 S
ags & . E
oo ' {
T T T T

T T
0.0 0.2 0.4 0.6 0.8 10
Daya MinMax

Figure 4. Relationship between average consumption and installed power
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Figure 4 shows that customers with high installed power tend to have greater electricity consumption potential.
However, variations among data points also show that high installed power does not automatically mean high
consumption, so its combination with operating hours remains necessary.
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Figure 5. Relationship between installed power and operating hours

Figure 5 shows the relationship between power capacity and usage intensity. Clusters with low installed power
and operating hours are located in different areas from clusters with high installed power and operating hours, making the
separation of consumption patterns easier to interpret.

3.5 Cluster Distribution

Customer distribution in each cluster shows relatively balanced proportions. No cluster is overly dominant, although the
medium consumption cluster has the largest number of members. This distribution is important because it shows that the
clustering results do not only divide a small portion of customers, but can identify groups with sufficiently significant
sizes for further analysis.

Table 7. Distribution of electricity consumption pattern clusters

Cluster  Number of Customers Percentage Interpretation
Cluster 1 1,881 28.4% Low consumption pattern
Cluster 2 2,927 44.2% Medium consumption pattern
Cluster 3 1,814 27.4% High consumption pattern
Total 6,622 100.0% -

Cluster 2 is the largest group with 2,927 customers or 44.2% of the total data. This shows that the majority of
customers are in the medium consumption pattern. Cluster 1 consists of 1,881 customers or 28.4%, while Cluster 3
consists of 1,814 customers or 27.4%. The proportion of Cluster 3, which reaches 27.4%, is an important concern because
customers in this cluster have the potential to contribute significantly to system load and operational monitoring needs.

3.6 Characteristics of Each Consumption Pattern

The characteristics of each cluster are analyzed based on the final centroid or the average variable values within the
cluster. Centroids help explain the main profile of each group so that clustering results can be more easily translated into
recommendations. Table 8 shows a summary of the characteristics of each cluster based on average installed power,
operating hours, and electricity consumption [10], [14].

Table 8. Final centroids and cluster interpretation

Cluster  Average Power Average Operating Hours Average Consumption Interpretation
Cluster 1 1,320 VA 45 hours 78 kWh Low consumption pattern
Cluster 2 6,800 VA 128 hours 1,245 kWh Medium consumption pattern
Cluster 3 18,500 VA 198 hours 4,567 kWh High consumption pattern

Copyright © 2026 The Author, Page 1129
This Journal is licensed under a Creative Commons Attribution 4.0 International License


https://hostjournals.com/bulletincsr
https://doi.org/10.47065/bulletincsr.v6i4.1119
https://creativecommons.org/licenses/by/4.0/

BULLETIN OF COMPUTER SCIENCE RESEARCH
ISSN 2774-3659 (Media Online)

Vol 6, No 4, June 2026 | Hal 1123-1133
https://hostjournals.com/bulletincsr

DOI: 10.47065 /bulletincsr.v6i4.1119

3.6.1 Low Consumption Pattern

CLUSTER 1

2614

39.5% Populasi

Standard Household

Pelanggan rumah tangga aktif dengan pola pemakaian wajar
(AC/Elektronik standar).

» Program Loyalty Points
* Promo Bundling Internet

Figure 6. Profile of low consumption pattern cluster

Cluster 1 consists of 1,881 customers or 28.4% of the total data. This group has an average installed power of
1,320 VA, average operating hours of 45 hours, and average consumption of 78 kWh. These characteristics indicate that
customers in this cluster have relatively low electricity usage intensity. This group may consist of small household
customers or customers with limited electricity usage.

The operational implication of this cluster is the need for service strategies focused on energy efficiency education
and the provision of easily understandable consumption information. Although customer consumption is low, the number
of customers in this group remains significant, so appropriate communication strategies can help maintain service quality.
PLN can also use this group as a target for safe and efficient electricity usage literacy programs.

3.6.2 Medium Consumption Pattern

CLUSTERZ

1305

19.7% Populasi

High Intensity (Heavy User)

Pelanggan dengan beban tinggi dan durasi nyala hampir 24

jam. Kategori ini sangat boros.

- Upselling Tambah Daya
« Edukasi Efisiensi Perangkat

Figure 7. Profile of medium consumption pattern cluster

Cluster 2 is the largest group with 2,927 customers or 44.2% of the total data. This group has an average installed
power of 6,800 VA, average operating hours of 128 hours, and average consumption of 1,245 kWh. These characteristics
indicate that customers in this cluster have a stable consumption pattern at a medium level.

The dominance of the medium consumption cluster shows that most PLN customers in the South Semarang area
are in the fairly active consumption category. This group is important for PLN because its size is large and it has the
potential to significantly affect total electricity consumption. Strategies that can be implemented include periodic
consumption monitoring, provision of monthly usage information, and loyalty-based service programs or energy
efficiency reminders.
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3.6.3 High Consumption Pattern
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Figure 8. Profile of high consumption pattern cluster

Cluster 3 consists of 1,814 customers or 27.4% of the total data. This group has an average installed power of
18,500 VA, average operating hours of 198 hours, and average consumption of 4,567 kWh. These characteristics indicate
that customers in this cluster have high energy needs and the potential to contribute significantly to electricity load.

The high consumption cluster needs to be a main concern in PLN operational efficiency strategies. Customers in
this group can be targeted for peak load monitoring, communication related to energy efficiency, and priority services to
ensure supply reliability. Because this group has high intensity and volume of usage, small changes in consumption
behavior can have a greater impact on system efficiency compared with the low consumption group.

3.7 Implications for Operational Efficiency and Service Strategy

The clustering results provide a more concrete basis for PLN in developing data-driven strategies. Before clustering,
customers appear as a heterogeneous dataset. After clustering, customers can be understood as three consumption patterns
with different characteristics and needs. This difference is important because operational and service strategies should not
be made uniform for all customers.

For the low consumption cluster, strategic focus can be directed toward energy-saving education, bill
understanding, and basic information services. For the medium consumption cluster, strategies can be directed toward
periodic usage monitoring and strengthening service communication because this group represents the majority of
customers. For the high consumption cluster, strategies can be directed toward load monitoring, priority services, and
more intensive energy efficiency approaches. Thus, clustering results can help PLN allocate resources more appropriately.

Table 9. Relationship between problems, segmentation results, and operational recommendations

Consumption Pattern Analysis

PLN Problem Recommendation
Result

Customers have heterogeneous Three consumption patterns are Use service strategies based on
consumption characteristics formed: low, medium, and high consumption segments
Efficiency programs are not yet ~ Low and medium clusters have Develop energy efficiency education
fully targeted different usage characteristics according to cluster characteristics
Large customer loads need more  The high cluster has the largest Conduct load monitoring and priority
specific monitoring average power and consumption services for high-consumption customers
Service strategies can still be Each cluster has different Develop service communication based
made more personalized service needs on customer consumption patterns

Table 9 shows that clustering results can be translated into recommendations relevant to PLN problems. In other
words, K-Means is not only used to produce cluster labels, but also as a decision-support tool. The analysis results can
help PLN design more targeted services and support operational efficiency through an understanding of customer
consumption patterns [2], [6].

3.8 Discussion of Research Results

The main finding of this study shows that PLN customer electricity consumption patterns can be clearly grouped into
three clusters. The medium cluster is the largest group, indicating that the majority of customers are at a stable and non-
extreme consumption level. This condition is important because the medium group can become the main target of service
strategies based on routine monitoring. If this largest group is managed properly, its impact on service efficiency and
customer communication can be significant.
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Although the high consumption cluster is not the largest group, it has the highest average installed power, operating
hours, and consumption values. This group is important from an operational perspective because it is related to greater
energy needs and potential contribution to peak load. Therefore, the strategy for this cluster should not be limited to
general services but should include more proactive approaches such as consumption monitoring, usage pattern
notifications, and service coordination when consumption anomalies occur.

The low consumption cluster also has strategic significance. The number of customers in this cluster reaches
28.4%, making it a fairly large group. Service strategies for this group can be directed toward safe electricity usage
education, billing information, and prevention of usage discrepancies. Thus, each cluster has a different role in supporting
operational efficiency and customer service strategies.

Compared with previous studies that emphasized general K-Means implementation, this study strengthens the
interpretation of clustering results in the PLN operational context. Cluster results are not only classified as low, medium,
and high, but are also linked to operational recommendations. This approach makes the research findings more applicable
because they can be used as a basis for determining service priorities and energy efficiency programs [3][32][9].

However, this study does not measure customer satisfaction directly because it does not use survey, complaint, or
service response data. Therefore, the relationship between clustering results and customer satisfaction should be
understood as an indirect contribution. This means that understanding consumption patterns can help PLN design more
relevant services, and more relevant services may support improved customer satisfaction. To measure the direct effect
on satisfaction, future studies need to add customer satisfaction data and service quality indicators [10], [14].

4. CONCLUSION

This study successfully analyzed the electricity consumption patterns of PLN customers in the South Semarang area using
the K-Means Clustering method. Based on 6,622 active customer records with installed power, operating hours, and
average electricity consumption variables over the last eight months, three optimal clusters were obtained. The number
of clusters was determined using the Elbow Method and Silhouette Score, with a WCSS value of 498.67 and a Silhouette
Score of 0.68. These results indicate that the grouping has good separation quality and can be used to interpret customer
consumption patterns. The three consumption patterns formed are low consumption with 1,881 customers or 28.4%,
medium consumption with 2,927 customers or 44.2%, and high consumption with 1,814 customers or 27.4%. The low
consumption cluster has the smallest average installed power, operating hours, and consumption values, making it suitable
for energy-saving education strategies and basic information services. The medium consumption cluster is the largest
group, making it important for periodic monitoring and consistent service communication. The high consumption cluster
has the largest average consumption value, so it needs to be prioritized in load monitoring and operational services. The
results of this study show that K-Means-based electricity consumption pattern analysis can help PLN understand customer
characteristics in a more structured way. This understanding can be used to support operational efficiency, monitoring
priority formulation, energy use education, and customer service strategies based on consumption segments. This study
has limitations because it only uses data from the South Semarang area and does not include customer satisfaction data,
complaints, service quality, or external data such as weather and geographic location. Future studies can develop the
model by adding these variables and comparing K-Means with other clustering methods such as K-Medoids, DBSCAN,
or hierarchical clustering so that the segmentation results become more comprehensive and robust [33].
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