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Fluctuations in electricity consumption make it difficult to manage and control 

energy use efficiently. Therefore, an analytical method capable of accurately 

identifying electricity consumption patterns is needed. Previous studies have 
generally applied clustering and classification separately and relied mainly on 

historical data, limiting their ability to capture dynamic electricity consumption 

patterns and classify new observations. This study aims to analyze electricity 

consumption patterns using a machine learning approach based on K-Means 
Clustering and Support Vector Machine (SVM). The data used consist of historical 

data and 24-hour real-time data obtained from PT PLN (Persero) UP3 Kendari. 

The research stages include data preprocessing, feature engineering, 

standardization using Z-scores, the clustering process using K-Means, and 
classification using SVM in a hybrid approach. The novelty of this study lies in 

using K-Means cluster labels as target classes for SVM while combining historical 

and real-time data. The results show the formation of four clusters: Cluster 0 

representing stable moderate consumption, Cluster 1 representing high 
consumption, Cluster 2 representing low consumption, and Cluster 3 representing 

fluctuating consumption. Evaluation yielded a Silhouette Score of 0.5095 and a 

Davies-Bouldin Index of 0.6868, indicating fairly good cluster quality. The SVM 

model achieved an accuracy of 99.23% with high precision, recall, and F1-score 
values. These results demonstrate that the hybrid approach is effective in 

improving analysis performance and producing a reliable model for classifying 

new electricity consumption data. 
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1. INTRODUCTION 

Rapid technological advancements over the past few decades have driven an increase in the use of electrical appliances 

in everyday life. This increased use of electronic and electrical devices has resulted in a significant and continuous rise in 

energy consumption. Consequently, several challenges have emerged in energy management, including rising operational 

costs, imbalances in electricity load distribution, and potential disruptions to the electrical system that can lead to 

instability in energy supply. Dynamic and fluctuating electricity consumption patterns have the potential to add to the 

complexity of energy management. These fluctuations often result in high peak loads, which not only disrupt the stability 

of the power grid but can also degrade the quality of electricity distribution services provided to consumers[1], [2]. 
Therefore, it is crucial to adopt an analytical approach capable of analyzing electricity consumption patterns more 

accurately and efficiently to optimize the electricity distribution system. 

Currently, machine learning-based approaches have been widely applied to analyze electricity consumption data. 

Machine learning is capable of processing large and complex datasets more quickly and accurately than traditional 

methods. One of the most commonly used methods in electricity consumption analysis is K-Means Clustering, which is 

an unsupervised learning technique for grouping data based on specific common characteristics [3], [4]. The main 

objective of K-Means is to partition data into a predetermined number of clusters by minimizing the within-cluster sum 

of squared distances between each data point and its assigned centroid. The algorithm works iteratively by assigning each 

data point to the nearest centroid and then recalculating the centroid based on the mean of the assigned data points. 

Because K-Means relies on distance calculations, data standardization is important when variables have different 

numerical scales to prevent variables with larger numerical scales from dominating the clustering process [3], [4]. K-

Means can help identify electricity consumption patterns based on user behavior, enabling the segmentation of customer 

groups based on their consumption patterns. Therefore, K-Means is highly useful for electricity customer segmentation 

as well as load analysis, which is essential for planning more efficient energy distribution. However, K-Means does not 

inherently learn a supervised decision function for classifying previously unseen observations. Therefore, an additional 

classifier is required to learn the generated cluster labels and assign new data to the identified consumption patterns [5]. 

To address the limitations of K-Means, another approach using the Support Vector Machine (SVM) method was 

applied in this context. SVM is a supervised learning technique that is highly effective in classifying data with high 

accuracy. SVM works by constructing an optimal hyperplane that can separate data into several classes based on relevant 
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characteristics. The optimal hyperplane is determined by maximizing the margin between different classes, while the 

observations closest to the decision boundary are referred to as support vectors. For data that cannot be separated linearly, 

SVM can use kernel functions to map the input data into a higher-dimensional feature space. This mechanism enables 

SVM to produce a classification model with good generalization capability for previously unseen data [6]. In this study, 

the cluster labels generated by K-Means are used as target classes for training the SVM model, enabling new electricity 

consumption data to be classified into the identified consumption patterns [5]. This hybrid approach, which combines 

clustering and classification, has shown potential for improving data analysis performance, particularly in electrical 

energy data processing [5], [7], [8]. With this hybrid method, the clustering process can be performed first to identify the 

data structure, followed by a classification process aimed at improving prediction accuracy on new data, as well as 

enhancing the model’s ability to handle the dynamics of electricity consumption that change over time. 

Previous studies have shown that clustering methods are highly effective in identifying electricity consumption 

patterns based on customer load characteristics [9], [10]. For example, by grouping consumers with similar consumption 

patterns, electricity providers can more easily predict energy demand and reduce peak loads, which are often a problem 

in energy distribution. The quality of these clustering results can be evaluated using metrics such as the Silhouette Score 

and the Davies-Bouldin Index, which measure the extent to which the formed clusters exhibit clear and structured 

separation. These metrics help ensure that the resulting clusters do not overlap and can be effectively utilized in 

subsequent classification processes. On the other hand, classification methods such as SVM have also proven effective in 

various data analysis applications, including energy analysis and electrical systems. SVM has been used to predict load 

demand, optimize energy allocation, and improve the reliability of electrical systems [11]. Although hybrid clustering-

classification approaches have been reported, their application to feeder-level electricity consumption data integrating 

historical records with 24-hour real-time observations remains limited. In addition, one of the main gaps in existing 

research is the lack of optimal utilization of real-time data. Most previous studies have relied solely on historical data, 

which is insufficient to capture the dynamics of changes in electricity consumption patterns occurring in real time. In fact, 

electricity consumption is heavily influenced by various external factors such as weather changes, holidays, or even 

special events that can affect consumption behavior. Therefore, it is important to combine historical data with real-time 

data in an analytical model to better capture these dynamics and make more accurate predictions about electricity 

consumption patterns. 

This study aims to develop and test a hybrid approach that combines K-Means Clustering and Support Vector 

Machine (SVM) to analyze electricity consumption patterns. This approach will utilize historical data as well as 24-hour 

real-time data obtained from PT PLN (Persero) UP3 Kendari. With this hybrid approach, the study is expected to improve 

the identification of representative electricity consumption patterns and produce an effective classification model for 

assigning new observations to the identified consumption-pattern classes. Additionally, this study is expected to make a 

greater contribution to more efficient energy management, support more optimal power distribution planning, and provide 

a reference for future research in the field of machine learning-based energy analysis. 

Overall, this study aims to address existing gaps in the literature by integrating clustering and classification 

methods into a more comprehensive approach. The results of this study are expected to help improve the efficiency of the 

electricity distribution system in a manner that is more adaptive and responsive to changing consumption patterns, as well 

as provide a stronger foundation for decision-making in overall energy management. 

2. RESEARCH METHODOLOGY 

2.1 Research Phases  

This study employs a machine learning-based data analysis approach to identify electricity consumption patterns [3], [5]. 

A hybrid clustering-classification framework is adopted to integrate unsupervised pattern identification with supervised 

classification [12]. The research stages used in this study are shown in Figure 1. The dataset consists of electricity 

consumption records obtained directly from PT PLN (Persero) UP3 Kendari. 

 The research process begins with dataset input, followed by preprocessing, which includes cleaning the data of 

invalid values, handling missing values, and removing duplicate data. Next, feature engineering is performed to create 

derived variables relevant to improving the quality of the analysis [13]. The data is then divided into training data (80%) 

and test data (20%). This division aims to ensure that the built model can be tested using data that has never been used 

before. After that, data standardization is performed using the Z-score method to normalize the scale across variables, 

thereby preventing bias in the distance calculation process within the clustering algorithm. The next step is applying K-

Means Clustering to the training data to group the data based on the similarity of electricity consumption characteristics. 

The optimal number of clusters is determined using the Elbow method and Silhouette Score. The clustering results are 

then used as labels for the classification stage. Next, a Support Vector Machine (SVM) model is trained using the training 

data and the resulting cluster labels. This sequential clustering-classification procedure follows the hybrid K-Means–

SVM approach [14]. K-Means was selected because it can identify groups with similar electricity consumption 

characteristics in unlabeled data [15], whereas SVM was selected because it can learn the resulting cluster labels and 

classify previously unseen observations [6]. The electrical variables used in the analysis also represent power-utilization 

characteristics that are relevant to electricity-load assessment [16]. The resulting SVM model is used to predict labels on 
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the test data. The final stage is model evaluation, where clustering is evaluated using the Silhouette Score and Davies-

Bouldin Index (DBI), while classification is evaluated using accuracy, precision, recall, and F1-score. 

 

Figure 1. Model Exploration Flowchart 

2.2 K-Means Clustering  

K-Means Clustering is an unsupervised learning method used to group data based on the similarity of their characteristics 

and has been applied to identify electricity consumption patterns among customer groups [15]. The clustering process 

involves determining initial centroids and calculating the distance between each data point and each centroid using the 

Euclidean distance, as shown in Equation (1): 

𝑑(𝐱𝑖, 𝝁𝑘) = √∑ (𝑥𝑖𝑗 − 𝜇𝑘𝑗)
2𝑝

𝑗=1            (1) 

where 𝑑(𝐱𝑖, 𝝁𝑘) is the distance between observation 𝑖and the centroid of cluster 𝑘, 𝑥𝑖𝑗is the value of feature 𝑗for 

observation 𝑖, 𝜇𝑘𝑗is the centroid value of feature 𝑗in cluster 𝑘, and 𝑝is the total number of features. Each observation is 

assigned to the nearest centroid, after which the centroid is recalculated based on the mean of the observations assigned 

to the corresponding cluster. This process is performed iteratively until the centroid values no longer change significantly. 

2.3 Support Vector Machine (SVM) 

Machine learning methods have been applied to smart-grid and electricity-load analysis because of their ability to process 

complex consumption data [17]. Support Vector Machine is a supervised learning method used for data classification [6], 

[18]. SVM works by finding an optimal hyperplane that separates data into different classes, as shown in Equation (2): 

𝑓(𝐱) = 𝐰𝑇𝜙(𝐱) + 𝑏            (2) 

where 𝑓(𝐱)is the decision function for input vector 𝐱, 𝐰is the weight vector that determines the orientation of the 

hyperplane, 𝜙(𝐱)represents the transformation of the input data into a higher-dimensional feature space induced by the 

kernel function, and 𝑏is the bias. The optimal hyperplane is determined by maximizing the margin between different 

classes, while the observations closest to the decision boundary are referred to as support vectors [6]. In this study, the 

cluster labels generated by K-Means are used as target classes for training the SVM model [14]. This method is suitable 

for handling high-dimensional data and has good classification capability [18]. 

2.4 Model Evaluation 

Model evaluation was conducted to measure the performance of the clustering and classification methods. During the 

clustering stage, the Silhouette Score was used to assess the quality of data grouping. A value closer to 1 indicates that an 

observation is appropriately assigned to its cluster. The Silhouette Score is calculated using Equation (3): 

𝑠(𝑖) =
𝑏(𝑖)−𝑎(𝑖)

max{𝑎(𝑖),𝑏(𝑖)}
           (3) 

where 𝑎(𝑖) is the average distance between observation 𝑖and all other observations within the same cluster, while 𝑏(𝑖) is 

the minimum average distance between observation 𝑖and observations in the nearest different cluster. In addition, the 

Davies-Bouldin Index was used to measure cluster compactness and separation. The DBI is calculated using Equation 

(4): 

DBI =
1

𝐾
∑ max

𝑗≠𝑖
(

𝑆𝑖+𝑆𝑗

𝑀𝑖𝑗
)𝐾

𝑖=1             (4) 

where 𝐾 is the total number of clusters, 𝑆𝑖 and 𝑆𝑗 represent the within-cluster dispersion values of clusters 𝑖 and 𝑗, and 

𝑀𝑖𝑗 is the distance between the centroids of clusters 𝑖 and 𝑗. A smaller DBI value indicates more compact and better-
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separated clusters [15]. During the classification stage, evaluation was performed using accuracy, precision, recall, and 

F1-score [19]. Accuracy measures the proportion of correctly classified observations and is calculated using Equation (5): 

Accuracy =
∑ 𝑇𝐾

𝑘=1 𝑃𝑘

𝑁
                       (5) 

Precision for class 𝑘is calculated using Equation (6): 

 Precision𝑘 =
𝑇𝑃𝑘

𝑇𝑃𝑘+𝐹𝑃𝑘
                       (6) 

Recall for class 𝑘is calculated using Equation (7): 

Recall𝑘 =
𝑇𝑃𝑘

𝑇𝑃𝑘+𝐹𝑁𝑘
           (7) 

The F1-score for class k is calculated using Equation (8): 

𝐹1𝑘 = 2 (
Precision𝑘⋅Recall𝑘

Precision𝑘+Recall𝑘
)          (8) 

where 𝐾is the total number of classes, 𝑁is the total number of observations in the test data, 𝑇𝑃𝑘is the number of true-

positive predictions for class 𝑘, 𝐹𝑃𝑘is the number of false-positive predictions for class 𝑘, and 𝐹𝑁𝑘is the number of false-

negative predictions for class 𝑘. 

3. RESULT AND DISCUSSION 

The electricity consumption data used in this study were obtained from PT PLN (Persero) UP3 Kendari for the period 

from 2023 to 2025. The dataset compilation was carried out in stages, starting with the use of historical data as the main 

basis, followed by calibration using 24-hour real-time data so that the derived parameters refer to the characteristics of a 

single daily cycle (24 hours). The result of this stage is a final daily dataset per feeder, which is then used in the modeling 

process. The dataset consists of several key variables, such as current, active power, active energy, power factor, and peak 

load, which are used to identify electricity consumption patterns. Before analysis is conducted, the data first undergoes a 

preprocessing stage which includes format standardization and column validation, data cleaning, removal of incomplete 

observations in key variables, handling of missing values, and removal of duplicate data. This process aims to ensure that 

the data used in modeling has good quality and minimizes noise that could affect the analysis results. 

 After the preprocessing stage, a total of 5,305 data points were obtained and ready for use in the modeling process. 

This relatively large dataset offers an advantage in the model training process, as the more data used, the better the model’s 

ability to recognize electricity consumption patterns. Additionally, the diversity of the data allows the model to capture 

more complex variations in electricity consumption patterns.1800 words min.  

 The initial stage of the analysis involved determining the optimal number of clusters using the Elbow method and 

the Silhouette Score. The Elbow method was used to examine how the Within-Cluster Sum of Squares (WCSS) value 

changes with respect to the number of clusters. The elbow point on the graph indicates the optimal number of clusters 

that is, the point at which increasing the number of clusters no longer results in a significant decrease in the WCSS value. 

Meanwhile, the Silhouette Score is used to evaluate the quality of separation between clusters, where a value close to 1 

indicates that the data are in the correct clusters. The results of these two methods are shown in Figure 2. 

 

Figure 2. Graph of the Elbow Method and Silhouette Score  
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 Figure 2 shows a graph of the Elbow Method based on WCSS values. In this graph, the X-axis represents the 

number of clusters (k) tested, ranging from k=2 to k=8, while the Y-axis represents the WCSS values, which indicate the 

degree of data variation relative to the centroid in each cluster. Based on the graph, it can be seen that the WCSS value 

decreases quite sharply from k=2 to around k=4. After that, the decrease in the WCSS value tends to level off until k=8. 

This pattern of change forms an elbow point at k=4, indicating that increasing the number of clusters beyond that value 

does not significantly improve cluster compactness. Thus, k=4 can be considered the optimal number of clusters based 

on the Elbow Method. 

 Next is the evaluation graph using the Silhouette Score. In this graph, the X-axis represents the number of clusters 

(k), while the Y-axis represents the Silhouette Score, which ranges from -1 to 1. The Silhouette Score is used to measure 

how well data is placed within its cluster compared to other clusters. A value close to 1 indicates that the data is in the 

correct cluster, while a value close to 0 indicates that the data is located at the boundary between clusters. Based on the 

graph, the highest Silhouette Score is obtained at k=4 with a value of 0.5095. After that value, the Silhouette Score tends 

to decrease as the number of clusters increases, indicating that the quality of cluster separation becomes less optimal. 

 Based on a combination of the results from the Elbow Method and the Silhouette Score, it was determined that the 

optimal number of clusters is k=4. This value was chosen because it provides the best balance between cluster 

compactness (based on WCSS) and the quality of separation between clusters based on the Silhouette Score. 

3.1 Clustering Results Using K-Means 

To interpret the characteristics of each cluster, the mean values of the variables for each cluster were calculated (cluster 

profiles). A summary of the cluster profiles is shown in Figure 2.  

 

 

 

 

Figure 2. Cluster Profile Summary 

 Figure 2 shows the differences in characteristics among clusters based on the variable of electricity consumption. 

In general, each cluster has the following characteristics: 

a. Cluster 1 (High Consumption) 

 This cluster has the highest average values for current, active power, active energy, and peak load compared to the 

other clusters. This indicates that this group has a high level of electricity consumption. 

b. Cluster 2 (Low Consumption) 

 This cluster exhibits the lowest values for electricity consumption variables. This indicates that this group has a low 

level of energy usage. 

c. Cluster 0 (Stable Moderate Consumption) 

 This cluster falls into the moderate category with a relatively high load factor. This indicates that electricity usage in 

this cluster tends to be stable over time, without significant fluctuations. 

d. Cluster 3 (Fluctuating Consumption) 

 This cluster has an unstable consumption pattern, characterized by a significant difference between the average load 

and the peak load. This indicates a fairly high level of fluctuation in electricity usage. 

 To clarify the characteristics of each cluster at the feeder level, one representative feeder was selected from each 

cluster based on the largest amount of data within that cluster. A visualization of the representative feeder profiles for 

each cluster is shown in Figure 3. 

 As shown in Figure 3, each cluster exhibits distinct load pattern characteristics, with representative feeders 

illustrating these variations. Cluster 0 is represented by the P_RSUD BAHTERAMAS feeder, with 1,012 data points. Its 

load profile shows relatively stable values, starting at 3.66 MW at 10:00 AM, increasing to 3.91 MW at 12:00 PM, 

dropping slightly to 3.84 MW at 6:00 PM, and rising again to 3.94 MW at 7:00 PM. This pattern indicates a stable 

medium-level load with a peak at 7:00 PM.  

 Cluster 1 is represented by the P_PUULORO feeder with 886 data points. Its load value increased consistently, 

starting at 5.51 MW at 10:00 AM, rising to 6.20 MW at 12:00 PM, surging to 7.58 MW at 6:00 PM, and peaking at 8.34 

MW at 7:00 PM. This pattern indicates a rise in high power consumption as the day progresses toward evening. 

 Cluster 2 is represented by the P_BORO-BORO feeder with 1,014 data points. The observed load increased 

gradually, from 1.32 MW at 10:00 AM, 1.42 MW at 12:00 PM, 1.53 MW at 6:00 PM, to 1.64 MW at 7:00 PM. This 

pattern illustrates stable, low power consumption compared to the other clusters. 

 Cluster 3 is represented by P_PUULORO with 78 data points. Its load shows sharp fluctuations, starting at 1.81 

MW at 10:00 AM, increasing to 2.60 MW at 12:00 PM, surging to 4.75 MW at 6:00 PM, and peaking at 6.32 MW at 7:00 

PM. This pattern indicates a sharp change in load as evening approaches. Interestingly, the P_PUULORO feeder appears 
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as a representative in more than one cluster, indicating that a single feeder can exhibit different load patterns across 

different observations. 

(a) (b) 

(c) (d) 

Figure 3. Representative Cluster Feeder Profile 

 To visually clarify the separation between clusters, PCA is used to provide a visual overview of the clustering 

results. The visualization results are shown in Figure 4. 

 

Figure 4. Cluster Visualization Using 2D PCA 

 Figure 4 shows the distribution of observations in the two-dimensional PCA space colored based on cluster labels. 

This visualization helps assess whether the formed clusters tend to be separate or overlapping. The visualization results 

are used to support the interpretation of cluster quality measured through the silhouette score and DBI. 
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 Next, the clustering results are used as labels in the classification process using the Support Vector Machine (SVM) 

method. The SVM model is trained to learn patterns from each cluster so that it can accurately classify new data. To 

evaluate the model's performance in detail, a classification report is used, which is shown in Figure 5. 

 

Figure 5. Classification Report of SVM Classification Results 

 Based on Figure 5, the performance of the SVM model on the test data shows excellent results across all clusters. 

Cluster 0 has a precision value of 1.00, a recall of 0.99, and an F1-score of 0.99 with a data count (support) of 493. These 

results indicate that the model can identify Cluster 0 very well, although there are still a few actual data points that are 

not perfectly predicted. In Cluster 1, a precision value of 0.99, a recall of 0.99, and an F1-score of 0.99 with a data count 

of 297 were obtained. These values indicate that the model's performance in Cluster 1 is also very high and stable. 

Furthermore, in Cluster 2, the model shows the best performance with a precision value of 1.00, a recall of 1.00, and an 

F1-score of 1.00 on 209 data points. This indicates that all data in Cluster 2 were correctly classified by the SVM model. 

 In Cluster 3, the model produced a precision value of 0.93, a recall of 1.00, and an F1-score of 0.96 with a total of 

41 data points. The recall value of 1.00 indicates that all actual data in Cluster 3 were successfully recognized by the 

model. However, the slightly lower precision value indicates that there were still a small number of data points from other 

clusters predicted as Cluster 3. Nevertheless, the F1-score of 0.96 still shows that the model's performance in this cluster 

is considered very good. Overall, the evaluation results indicate that the SVM model has very high classification capability 

in predicting the cluster labels resulting from K-Means on the test data. This is shown by an accuracy value of 0.9923, as 

well as macro average values of 0.98 for precision, 0.99 for recall, and 0.99 for F1-score. In addition, the weighted average 

values for these three metrics are also around 0.99, which shows that the model's performance remains very good even 

though the amount of data in each cluster is not the same.  

 To provide a clearer picture of the distribution of the SVM model's prediction results on the test data, a confusion 

matrix is used, as shown in Figure 6. 

 

Figure 6. Confusion Matrix Model SVM 

 Based on Figure 6, it can be seen that most of the data lies on the main diagonal, which indicates that the model's 

prediction results correspond to the actual labels. The number of correct predictions for each cluster is 488 data points in 

cluster 0, 294 data points in cluster 1, 209 data points in cluster 2, and 41 data points in cluster 3. The classification errors 

that occur are relatively small, with only a few data points from cluster 0 being predicted as clusters 1 and 2, as well as a 

small portion of data from cluster 1 being predicted as cluster 3. This shows that there are similarities in characteristics 

between some clusters, but overall the model is able to distinguish each cluster very well. 
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3.2 Discussion 

The performance of the proposed hybrid K-Means–SVM approach was compared with previous studies that employed 

clustering and alternative machine learning algorithms for electricity consumption analysis. Palaniappan et al. applied K-

Means Clustering followed by eight classification algorithms, including Random Forest, Decision Tree, Naive Bayes, k-

Nearest Neighbors, Logistic Regression, Support Vector Machine, Gradient Boosting Machine, and AdaBoost. Their 

results showed that SVM achieved the best generalization performance, with accuracies of 99.09% for binary 

classification and 98.19% for three-class classification [5]. In comparison, the present study achieved an accuracy of 

99.23% in classifying four electricity consumption pattern classes. This result indicates that SVM maintains strong 

classification performance when applied to cluster labels representing a larger number of consumption-pattern classes. 

However, the numerical differences should be interpreted cautiously because the two studies used different datasets, 

consumer characteristics, input variables, sample sizes, and numbers of classes. 

 The clustering results were also compared with the study conducted by Michalakopoulos et al., who evaluated K-

Means, K-Medoids, Hierarchical Agglomerative Clustering, and DBSCAN for residential electricity load profiling [3]. 

Their study identified seven optimal clusters, whereas the present study identified four clusters representing stable 

moderate consumption, high consumption, low consumption, and fluctuating consumption. This difference indicates that 

the optimal number and characteristics of clusters are influenced by the structure, variables, temporal resolution, and 

operational context of the dataset. In the present study, the Silhouette Score of 0.5095 and Davies-Bouldin Index of 0.6868 

indicate that the four-cluster solution provides a reasonable balance between within-cluster compactness and between-

cluster separation for feeder-level electricity consumption data. 

 Alternative hybrid approaches involving Neural Networks have also been proposed. Chenghu and Thammano 

combined K-Means with a Neural Network to classify observations located in overlapping cluster regions and reported 

improved classification performance compared with standalone K-Means-based classification across several 

experimental datasets [12]. In addition, Syed et al. integrated clustering, consumption-pattern recognition, and deep 

learning within a short-term load forecasting framework for smart-grid applications [20]. Unlike these studies, the present 

research focuses on using K-Means cluster labels as target classes for SVM classification. These findings collectively 

demonstrate that clustering can be integrated with different supervised learning models for either classification or 

forecasting tasks.  

 Random Forest, Decision Tree, and Neural Network models offer different methodological advantages. Random 

Forest can reduce overfitting by combining predictions from multiple decision trees, while Decision Tree provides easily 

interpretable classification rules. Neural Networks can model complex nonlinear relationships but generally require larger 

datasets, more extensive hyperparameter tuning, and greater computational resources. In comparison, SVM is suitable for 

high-dimensional data and can construct effective decision boundaries using a relatively limited number of training 

observations. In this study, SVM produced high precision, recall, and F1-score values across all four clusters, although 

the number of observations in each cluster was unequal.  

 Overall, the accuracy of 99.23%, together with high precision, recall, and F1-score values, demonstrates that the 

sequential K-Means–SVM framework is effective for classifying electricity consumption patterns generated from the 

studied dataset. Nevertheless, this result does not conclusively demonstrate that SVM is superior to Random Forest, 

Decision Tree, or Neural Network models because these alternative classifiers were not trained and evaluated using the 

same PT PLN (Persero) UP3 Kendari dataset. A definitive comparison would require identical training and test data, 

feature sets, preprocessing procedures, cross-validation strategies, evaluation metrics, and hyperparameter optimization. 

Therefore, future research should conduct a controlled comparison between SVM and these alternative models to 

determine whether the proposed hybrid approach consistently provides superior classification performance. 

4. CONCLUSION 

Based on the results of this study, the K-Means Clustering method successfully grouped electricity consumption patterns 

into four main clusters: Cluster 0 representing moderate and relatively stable consumption, Cluster 1 representing high 

consumption, Cluster 2 representing low consumption, and Cluster 3 representing fluctuating consumption. The clustering 

evaluation produced a Silhouette Score of 0.5095 and a Davies-Bouldin Index of 0.6868, indicating fairly good cluster 

compactness and separation. The Principal Component Analysis visualization showed that the cluster distributions were 

generally distinguishable, although slight overlap remained between several data groups. Furthermore, the Support Vector 

Machine model classified the cluster labels generated by K-Means with an accuracy of 99.23%, while the precision, recall, 

and F1-score values approached 1.00. The confusion matrix also showed that most test observations were correctly 

classified with minimal errors. These results demonstrate that the hybrid K-Means Clustering and SVM approach is 

effective in identifying and classifying electricity consumption patterns and can support electricity consumption 

monitoring and power distribution planning. Nevertheless, this study did not consider external factors such as 

environmental conditions and electricity-user behavior.Therefore, future research should incorporate these external 

variabels and evalueate additional machine learning methods to improve and validate the modal’s performance. 
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