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Abstract 

Rapid population development causes such a high energy demand among the community 

in Indonesia, especially those which concern with electrical energy. The use of electrical energy 

must be supported by good technology in the provision to distribution of electricity. With energy 

arrangements, energy can be saved and financing will be lighter. Energy saving can be done by 

making an energy management application based on incoming data from customers. The LVQ 

method in this study is used to classify customer data that enters the server. The data comes in 

low, medium, and high usage categories. The findings of this study can be further processed to 

enhance the classification results obtained from the LVQ method, allowing for a more optimal 

classification that maximizes energy efficiency. The results indicate that the LVQ algorithm 

achieved an accuracy rate of 91.66%. The highest electricity consumption occurred between 

5:30 PM and 10:00 PM, while the lowest consumption was recorded between 12:30 AM and 

8:00 AM, as well as from 11:00 PM to 12:00 AM. Meanwhile, medium electricity loads were 

observed between 8:30 AM and 5:00 PM. This is crucial for managing energy resources to 

ensure efficiency and optimization. 
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1. INTRODUCTION 

 

The introduction outlines the background of the problem being solved, the issues related 

to the problem being solved, the research reviews that have been done before by other 

researchers that are relevant to the research conducted. Electricity is an essential necessity for 

society that must be provided by the government [1]. People need electricity for cooking, 

household needs, and so on [2,3]. Because it is one of the important needs, many sources of 

electricity are needed, be it from fossil energy such as hydroelectric, wind or other power plants, 

or from other sources with the theme of renewable energy such as solar, wind, garbage, and 

others. Currently, the population growth in the world is so large it is estimated that in 2050, the 

population growth will increase dramatically. For example, Africa 40%, Asia 47.5%, and 

Europe 73.4%. Large population growth requires a large amount of food, clothing, and energy. 

Thus, population growth affects energy use, especially electrical energy. 
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Fossil-based electrical energy usually requires fuel to supply machines that will produce 

energy [4]. The more electrical energy released, the more fuel needed to drive the engine [5]. For 

this reason, a digitization of these plants is needed [6,7]. With this digitalization, it can be 

monitored and the production costs in each day can be calculated [8,9]. Thus, digitalization is very 

beneficial for life, especially for generators in power plants. For this reason, it is the focus of 

Indonesian National Electrical Company (PJL) in modernizing the energy sector in Indonesia 
[10]. The digitalization of building energy will incorporate smart technologies, including Machine 

Learning (ML) and the Internet of Things (IoT) [11,12]. With this technology, using sensor-based 

remote controls, monitoring and controlling process can be carried out more efficiently and 

provides better predictions in plant maintenance and performance. This can be taken as an effort 

to handle the operational efficiency of power plants in Indonesia [13]. Thus, digitalization can 

enable better integration between different power plants and can improve overall efficiency [14]. 

 

The use of digital technology in power plant generation in Indonesia is currently only 

used in mobile applications such as mobile applications for customers, smart electricity, and 

others [15]. Actually, the use of algorithms such as machine learning or deep learning can be 

applied to power plants, although for now it is still under development and research [16,17]. Most 

power plants in Indonesia still use conventional power such as water and fossil (fuel oil). Power 

plants in Indonesia are mostly fossil fuel plants [18]. So that it becomes an obstacle in carrying 

out the digitization process and the cost of electricity production becomes high. To be able to 

save electricity production costs, it can be done by digitalization. Machine learning and deep 

learning can be used in digitizing these plants. The processed data can be in the form of data 

derived from the history of electricity use or data derived from existing sensors [19]. 

 

Machine learning usage is expected to help digitize power plants. LVQ (Learning Vector 

Quantization) is a supervised learning algorithm used for classification [20,21]. The data inputted 

on the LVQ model will be trained so that the algorithm will determine the class on the nearest 

prototype. The distance matrix will be used to measure the similarity between the sample data 

and the prototype. Thus, LVQ can be used to classify the power produced by plants so that the 

fossil fuels used by these plants can be saved. It can also be cost-effective and cut the operational 

cost to produce for 30 minutes everytime the plant operates [22]. So, the existing data is processed 

by making a data management that can produce data classifications in the form of High, 

Medium, and Low usage. With a classification like this, it can be saved the use of fuel to produce 

electrical energy. This is because if the use of high engine use can be maximized (3 plants are 

turned on), at medium times the use of the machine can be used half of the existing engine (2 

plants are turned on) and at low times it can be much smaller (only 1 plant is turned on). Thus, 

the use of fuel can be saved, this is because the energy released is adjusted to the usage of plants 

available. This method can also enable us to calculate the cost of operation per every 30 minutes. 

 

Based on the matter above, the researchers tried to conduct research on data processing 

from the electrical usage data at the PJL substation. The data that the researchers get is derived 

from power usages in Java and Bali. The data comes from PJL statistical data. The data is 

processed using LVQ to produce a classification that will be used to recommend for plant 

arrangements (plants 1, 2, and 3) that will supply electricity as needed. LVQ is an algorithm  
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that is widely capable and can be used to classify data that has the potential to be high-

dimensional [23]. LVQ will produce a classification based on the High, Medium, and Low 

electricity usage. The results of LVQ can be used to calculate existing production costs. 

 

Research conducted in the last 5 years based on the use of LVQ in power plants can be 

seen at [24-30]. The utilization of LVQ for other fields are from [37-39], energy management using 

LVQ is taken from [35], and the use of LVQ for classification above 80% is from [40]. From the 

last 5 years of research, it can be seen that the use of LVQ to classify electricity data based on 

the history of electricity usages is still rare, as well as the estimated price of electricity 

production. From the reference above, the difference between the research carried out is that 

researchers make detections based on data stored in the database. Then the database is processed 

using the LVQ algorithm, by the author classifying based on the electrical power contained in 

the database with the categories of Low Power, Medium Power and High Power. 

 

 

2. RESEARCH METHOD 

 

Research Methods (can include analysis, architecture, methods used to solve problems, 

implementation), in this discussion the author can describe how the research will be carried out. 

 

Figure 1.  Research Methods 

  

The structural Learning Vector Quantization (LVQ) is one of the classification methods 

of Artificial Neural Networks. LVQ works with each output unit presenting a class [41]. In 

simple terms, LVQ is a classification method where the target or number of groups is 

predetermined. The main objective of this algorithm is to approximate the distribution of vector 

classes, thereby reducing classification errors. Learning Vector Quantization (LVQ) operates as 

a supervised learning technique within a competitive layer. This competitive layer automatically 

learns to categorize input vectors. The classification results from this layer are determined solely 

by the proximity between input vectors. If two input vectors are close to each other, they will be 

assigned to the same class by the competitive layer. 

 

The steps involved in the LVQ training algorithm are as follows: 

1. Initialize the weight values Wj and the initial learning rate α(1) 

2. Repeat the following steps while the stopping condition has not been met 

3. For each training input vector x, proceed with steps 4-5 

4. Determine j such that |x-wj| is Minimized 

5. Adjust the weight Wj using the following update rule:  

If T = Cj then : 

Wj(t+1) = Wj(t) + α(t)[x(t) – Wj(t)] (1) 
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If T≠Cj then : 

Wj(t+1) = Wj(t) - α(t)[x(t) – Wj(t)] (2) 

 

Reduce the average learning α 

6. Stopping Condition Test with 

X   : The set of training vectors (X1,... Xi... Xn) 

T   : The correct category or class assigned to the training vectors  

Wj  : The weight vector at the j-th output unit (W1j,... Wij,...,Wnj)  

Cj   : The category or class associated with the j-th output unit 

||x-wj|| : The Euclidean distance between the input vector and the  

corresponding weight vector for the jth output unit. 

 

Figure 2. LVQ 

 

The description of Figure. 2 is as follows X represents the input, while W1 is the weight 

vector that links each neuron in the input layer to the first neuron in the output layer. Similarly, 

W2 is the weight vector that connects each neuron in the input layer to the second neuron in the 

output layer. The LVQ algorithm operates by calculating the Euclidean distance between input 

vectors. If the computed distance is the shortest or smallest among all comparisons, the 

algorithm assigns the data to the class or target associated with that minimum distance. 

 

 

3. RESEARCH  RESULTS AND DISCUSSION 

 

 

3.1. RESULT 

3.1.1. Design 

Figure 3. Design 
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Data coming from the substation is taken and sent to the server via the internet. Then, as 

seen in the Fig.3. image. Data is stored on a server which is then processed, containing power 

consumption data every 30 minutes, then with Learning Vector Quantization (LVQ) the data is 

classified according to High, Medium, and Low usages. The results of LVQ can be used to 

calculate the amount of power and classified as well as the cost of production every 30 minutes. 

 

3.1.2. Algoritma LVQ 

 

The processing steps in learning/training on the LVQ method can be illustrated through 

the Algoritma below: 

 

Algoritma : LVQ Algorithm 

Input : Vector 

Output : Weight 

 

Random weight initialization 

Set the α (learning rate), maximum number of epohs, and decrease α For each 

epoh until it reaches the maximum number of epohs: 

Random training data sequence For 

setiap data training (x, y): 

Find the best neurons: 

Calculate the distance between the input vector x and each weight vector in 

the layer 

Select the neuron with the closest weight to the input (minimum distance) Calculate 

y_pred prediction value using the best neurons 

Hitung error: error = y - y_pred For 

each wi weight on the best neurons: 

Update weight: wi = wi + α * error * xi 

Update neighbor weight: wi_neighbor = wi_neighbor - α 

* error * xi 

Update α: α = α – decrease α 

 

Check the stop criteria (e.g., achieve a certain error tolerance or reach the maximum number 

of epohs) 

If the stop criteria are met, exit the loop 

 If not, move on to the next epoh  

In Algorthm. We can see. If the epoch value is less than the maximum epoch value, the 

distance calculation process will be carried out with input vectors and weights using the 

Euclidean formula and the results of these calculations will be seen the smallest value or distance 

from the input vector with each weight, this smallest distance will be processed to obtain the 

final weight value. 
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The next step that will be done after one epoch or one iteration is complete is to reduce 

the learning rate (α) by 0.1 in the initial learning rate value. The process continues until the nth 

data (xn) until it finds the final weight that will be used as a weight for further data testing. The 

data used in this study is data on the load power consumption. The data variable is power load 

consumption. The data is grouped into variables with each calculated starting at 00.30 a.m. to 

12.00 p.m with a time gap of 30 minutes. In addition to input data, the LVQ method 

target/desired class has been determined in advance, where the class in this power setting there 

are 3 target classes, namely class 1. Low Power, 2. Medium Power, and 3. High Power. The 

target class conditions obtained will later be used to determine the class to be used. Power that 

must be expended for consumption needs. The following is the data that will be processed in the 

learning vector quantization method with a time range of 30 minutes. 

 

3.2. DISCUSSION 

 

In the data obtained above, the next stage is to normalize the data with the aim of 

obtaining data with smaller values with a limit of 0-1. The data normalization stage is carried 

out before entering the data training process stage. Data normalization is also performed on 

training data and test data. Based on the experimental results, Minimum value x = 11711, 

Maximum value x = 17503. By using normalization data, weights will be obtained with graph 

values as follows: 

 

 
Figure 4. Cluster 

 

With cluster division in Fig.4 it will be obtained. High Cluster On high clusters, will 

activate 3 generator, Intermediate Cluster On an intermediate cluster, will activate 2 generators., 

and Low Cluster On low clusters, will activate 1 generator. Above it can be seen that the highest 

load is at 5.30 p.m. to 10.00 p.m. and the lowest is at 12.30. a.m. to 08.00 a.m. and 11.00 a.m. 

to 12.00 p.m., and the medium load is at 8.30 a.m. to 5.00 p.m. 
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Figure . 5 Electricity Consumption 

  

With power consumption as seen in Fig.5. It can be seen that the highest energy use is at 

05.00pm to 10.00pm with energy use reaching 25 MW. 

 

Figure. 6. Efficiency of Electricity Use 

 

Based on Fig.6. The highest efficiency occurs at 10:30 p.m. to 4:30 p.m. and the lowest 

occurs at 5:30 p.m. to 9:30 p.m. So that the savings from the power used are available at 11.30 

p.m. to 4.30 p.m. 

  

 
Figure. 7. Cost Per 30 minutes 
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On Fig. 9. It can be seen that the lowest cost usage is at 11:30 p.m. to 4:30 p.m. and the 

average savings per day for half an hour is IDR 9,840,532,000, assuming the cost per KWh is 

IDR 600. 

 

As In this study, the level of accuracy was measured using testing techniques from the 

results of power classification with the confussion matrix method. Accuracy in the confussion 

matrix serves to predict the accuracy of system modeling that has been made by measuring the 

level of proximity of the actual value to the predicted value. The accuracy calculation used in 

this study is by means of multiclass calculations or accuracy calculations involving more than 2 

classes in the confussion matrix. In this study, the training data used was power consumption 

data in the month with a total of 31 days and 48 hours. In the training process, training data is 

divided into 3 classes where testing is carried out by calculating the level of accuracy of the 

available data. The following is an analysis table of the confussion matrix accuracy process. The 

calculation of the accuracy of the above data using the results of the classification detected is 

correctly in the same class (TP) added with the classification detected not being in the same 

class (TN). The sum result is divided by the values of TP, TN, FP, and FN. The result of 

classification testing accuracy with March data is 91.66%. 

 

 

4. CONCLUSION 

 

From the results of the simulations that have been carried out, it can be seen that all 

existing data has been structured in their respective classes, so that they can be easily understood. 

Each class indicates the level of electricity consumed by the community. Thus, the Learning 

Vector Quantization (LVQ) method can help facilitate the processing of large amounts of data 

just by making a classification of each data according to needs. In this study, the accuracy rate 

is 91.66% and the highest usage is at 5.30 p.m. to 10.00 p.m. and the lowest are at 12.30 a.m. to 

08.00 a.m. and 11.00 p.m. to 12.00 p.m., and medium load is at 8.30 a.m. to 5.00 p.m. 
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