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Abstract 

The liberalization of electricity markets has been resulted in the emergence of new players, increasing the competitiveness in the 

electricity sector, aiming to provide better services and better prices. The knowledge of energy consumers’ profile has been an 

important tool to help players to make decisions in the electrical sectors. In this paper, a characterization model of typical load 

profiles for Low Voltage (LV) customers is proposed and evaluated. The identification of consumption patterns is based on 

clustering analysis. The clustering methodology is based on seven clustering algorithms (partitional and hierarchical). Also, five 

clustering validity indices are used to identify the best data partition. With the knowledge obtained in clustering analysis, a 

classification model is implemented in order to classify new customers according to their consumption data. The classification 

model is used to select the correct class for each customer. To simplify the classification model, each load curve is represented by 

three indices which represent the load curves shape. The methodology used in this work demonstrates to be an effective tool and 

can be used in most diverse sectors, highlighting the use of knowledge in the optimization of the energy contracting for low voltage 

consumers. The energy consumption data can be constantly updated to improve the model precision, as well to better represent 

consumers and their consumption habits. 

Keywords: Knowledge Discovery in Databases; Data Mining; Clustering; Classification; Typical Load Profiles. 

1. Introduction 

In the last decades, electricity markets are facing some changes. The great change in these markets is the 

liberalization of sectors such as energy generation, transmission, distribution, and commercialization. The 

liberalization of energy contracting for customers, in most countries, has been occurred in phases, by starting to include 
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large customers (higher voltage levels) for then reducing the energy consumption level until reach the lower level (low 

voltage). 

Recently, the Brazilian energy market is facing a great change in economic dispatch and energy pricing policy. 

Until December 2019, the energy pricing and economic dispatch were calculated weekly and they were based on three 

load levels: peak, off-peak, and baseload. Since January 2020 the power plants dispatch has been calculated for each 

day, for the day ahead, and discretized in 48 intervals (one for each half-hour of the day), but the energy price continues 

to be calculated weekly. According to the Brazilian National Electricity Agency (ANEEL), it tends to change for 2021 

and the economic dispatch will be calculated daily with 48 intervals. Also, the price will be calculated daily with 24 

intervals (one for each hour) [1]. 

Figure 1 presents the comparison between hourly prices and weekly prices in Brazil.  It is possible to see a margin 

of monetary gain, by consuming more energy in the first seven hours of the day and save energy during the rest of the 

day. Is can be observed that the knowledge of a customer consumption pattern can help to make decisions in order to 

improve energy consumption and it is also important to reduce energy costs.  

Fig. 1. Comparison between hourly prices and weekly prices in Brazil. 

The knowledge about consumption patterns can be also used for energy efficiency programs, electricity price 

policies, load forecasting, demand-side management (DSM), and customer classification. 

To identify the consumption patterns in a dataset is necessary to use Data Mining (DM) techniques to treat the data 

and find patterns, for then evaluate the knowledge. One of the main DM techniques used to find patterns is clustering. 

The clustering analysis is used when there is no previous knowledge about the dataset. Otherwise, when there is a 

previous knowledge about the dataset, classification techniques can be used to obtain the patterns. During the last 

decades, a lot of effort was been done in an attempt to use DM techniques in electricity markets with a focus to improve 

energy services. 

To better use energy, reference [2] proposes a system to improve the energy consumption in a building. As is shown 

in the study, the system is capable to reduce 21% of the energy consumption. By using clustering algorithms, reference 

[3] analyses the impact of refrigerators replacement for low voltage customers, the tool developed helps to take 

decisions about the energy efficiency and management. The reference [4] develops an algorithm capable to identify 

energy consumption patterns and classify customers. The study also emphasizes that the typical load profiles (TLP) 

extracted from the dataset can help in energy systems management by improving the energy consumption with 

Demand Response (DR).  

One of the most important tools in electrical power systems is load forecasting. The knowledge of the load pattern 

can be used to maintain voltage and frequency levels, it can improve grid utilization by promoting DR programs, 

reduce energy costs, and decrease peak load. DM techniques contribute to this analysis by treating datasets and 

extracting relevant patterns to analyze with forecast algorithms [5–10]. 

In modern electricity sectors, DR is emerging as a tool to improve the utilization of the grid. The pattern recognition 

by using DM techniques can support DR programs. The knowledge of energy consumption patterns can help to 

estimate the best period to reduce energy consumption, improving energy utilization, and decreasing costs [11].  
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The objective of energy tariff is to reflect the cost of energy production, transmission, and distribution. In [12] tariff 

structures are proposed based on clustering analysis. The purpose of the study is to find a tariff that can better represent 

the power grid utilization, by increasing energy prices when the energy consumption is high and reducing the price 

when the consumption is low. It gives the economic sign for customers to reduce energy consumption when the price 

is high, trying to improve the power grid utilization. Another proposal for the utilization of DM techniques is described 

in [13], by proposing tariff options based on customers patterns. In [14] it was identified that in some cases, energy 

contractual parameters are not related to the consumption patterns. In this study, it is also proposed a new tariff option 

to reduce the energy peak in the power network. 

After the analysis of some DM applications, it is important to evaluate and decide the best techniques to extract 

load patterns from databases. With the intent to identify the best algorithm to clustering load diagrams, the reference 

[15] evaluates nine clustering algorithms, including agglomerative hierarchical clustering, K-means, Diana, 

Partitioning around Medoids, Clara, Fanny, Self-Organizing Maps (SOM), Model-based clustering and SOTA. To 

evaluate the partitions and the best clustering algorithms, three validity indices were used: Connectivity, Dunn, and 

Silhouette Index. The best results are from the PAM algorithm with two clusters, Diana with nine clusters to Dunn 

Index, and SOM to Silhouette Index with three clusters. 

Three clustering algorithms are evaluated in reference [16], to identify the best clustering algorithm and the best 

partitions by using the Davies-Bouldin Index. The SOM algorithm proved to be the best, compared with K-means and 

K-medoids algorithm. The work developed by the reference [17] compares several clustering algorithms by using six 

clustering validity measures. The authors have developed a K-means method that shows better results for most of the 

metrics. 

In [18] a framework to characterize medium-voltage consumers is proposed. The work uses clustering to extract 

load patterns and uses eight validity indices to evaluate the best clustering algorithm partition, as well as the optimal 

number of clusters. The K-means algorithm shows the best results for most of the metrics. After the clustering phase, 

the knowledge is used to train a classification model to classify new customers in one of the obtained clusters. The 

reference [19] proposes a characterization model divided into two parts: the first part is based on clustering, where the 

load patterns are extracted from the dataset by using SOM and K-means algorithms; the second part establishes a 

classification model, based on the C5.0 algorithm, which is used to classify electricity customers. 

In [20] several classification algorithms were compared and the algorithm C5.0 (decision tree) shows high accuracy 

to classify electricity customers. The same reference uses fifteen load shape indices to find a better representation of 

the load diagrams. 

This paper proposes a characterization framework based on clustering and classification to achieve the 

characterization of low voltage electricity customers. After this introduction, Section 2 presents some concepts of the 

Knowledge Discovery in Databases (KDD) process and the methodology proposed in this paper. Section 3 describes 

the clustering concepts and the algorithms used in this proposed work. Section 4 shows the clustering validity 

assessment used in this paper, to identify the best clustering algorithm as well as the best number of partitions. Section 

5 presents the classification algorithm used to classify new electricity customers. Section 6 presents the case study and 

the obtained results. Finally, Section 7 draws conclusions and future works. 

2. Knowledge Discovery Process in Databases  

The 2. Knowledge Discovery Process in Databases (KDD) process is a merge of techniques to treat and discover 

patterns contained in data. In this paper, the proposed framework is based on the KDD process, illustrated in Figure 2. 

This framework includes several steps, starting with data selection, following by data pre-processing phase, the DM 

techniques stage, and finally, the knowledge evaluation. 

2.1. Data Selection 

The first step in the KDD process is to define the problem. After that, it is possible to select the data to apply 

algorithms to solve the problem. For example, to explain electricity consumption patterns in a certain area is required 
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to identify the most relevant customer, such as, residential, commercial, or industrial consumers. Another possible 

selection of customers is by their contractual parameters, such as voltage levels, since then there is no sense in a 

comparison with energy consumption patterns between low and high voltage customers. 

  

Fig. 2. Customers’ characterization proposed methodology. 

2.2. Data pre-processing 

The energy consumption data acquisition can involve some errors and inconsistencies, such as equipment precision, 

communication failure between equipment and the dataset, data conversion, and storage. These problems can cause 

outliers, duplicate values, and lack of values. To minimize these errors, a pre-processing phase is applied to the dataset. 

Firstly, the data need to be converted to a common unit, for example kWh or MWh, to avoid wrong interpretation of 

the data. After that, missing values are filled out using prediction techniques, such as regression, the use of a global 

value, or an average of neighbouring points and neural networks. Outliers can be removed by using clustering 

techniques or statistical analysis and by avoiding them it is possible to have a better interpretation of the data and 

avoid wrong tendencies. The last two pre-processing techniques are data reduction and data transformation. Data 

reduction is required to reduce the amount of the data, and to improve DM analysis in order to find the relevant patterns 

contained in the dataset. In this case, load diagrams can be simplified according to the weekdays, weekends, holidays, 

or the seasons of the year. The data transformation is essential in the analysis, once it is intended to compare patterns 

and not amount of energy consumption, so the data need to be transformed to compare the patterns. 

To transform the data, normalizations such as min-max can be applied. Other normalizations that can be applied to 

the data is the division of all the data by the max value to have a similar scale of the min-max normalization, but in 

this conversion, the lower value is not zero (unless there are values equal zero in the scale), but something near from 

zero. Another normalization is the division of the data by the average of the dataset, obtaining a per-unit value of the 
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series. This phase is the most important in the KDD process and it is probably the most time and effort expanding 

phase. If this phase is not performed correctly, it can lead to the discovery of wrong patterns, resulting in errors in the 

interpretation of the problem. 

2.3. Data Mining step 

After select and treat the data, the DM algorithms can be applied to discover patterns in the dataset. Different 

techniques can be applied to extract the relevant information. The most used techniques are clustering, classification, 

and association rules. In this analysis, clustering algorithms are going to be used to identify the typical load profiles, 

and next, a classification algorithm is going to be applied in an attempt to classify new customers based on their 

historical data and the knowledge obtained by the clustering algorithms. 

2.4. Knowledge 

At the end of the KDD process, the knowledge is achieved and in this phase the patterns obtained are evaluated to 

solve or explain the initial problem. The obtained knowledge could be interesting if can added new knowledge from 

the existing one. 

3. Clustering 

Clustering is the formalization of mathematical techniques to identify patterns contained in databases [21]. A 

cluster can be considered as a class of the dataset and the data inside one cluster are characterized to be more similar 

to each other than the data in the other clusters. During the years, some algorithms were developed, the oldest and the 

main used techniques are the partitional and hierarchical. Other algorithms were developed in an attempt to find better 

results than the traditional techniques and they are based on density, fuzzy techniques, artificial neural networks, and 

evolutionary methods.  

In this section, we will present the algorithms used in this work, these algorithms are based on partitional techniques 

and hierarchical techniques. 

3.1. K-means algorithm 

The K-means algorithm [22] is a partitional technique. The objective of this algorithm is to divide the dataset into 

a pre-established number of partitions (K). The K-means is probably the most known technique used in clustering 

analysis because it is a simple algorithm and shows good results compared with other clustering algorithms. The K-

means can be used as a benchmark to test other new clustering methodologies. 

One efficient version of this algorithm was presented by [22], and it can be summarized in five steps: 

• 1. Select the number of clusters (parameter K); 

• 2. Initialize the K cluster centers. There are two ways to do it, they can be chosen randomly or if the dataset is 

known, it is possible to choose the initial centers to improve the results; 

• 3. Find the closest cluster center for each point. The distance from the cluster center to each point is calculated by 

the Euclidean distance; 

• 4. Update the cluster center by calculating the average of the points belonging to each cluster. 

• 5. The K-means will repeat the steps 2, 3, and 4 until the convergence criterion will be attended, or the cluster 

centers do not change. 

 

In this algorithm different initializations (initial data points) can lead to different results because the algorithm tries 

to find a local optimum and not a global optimum. The use of K-means algorithm to clustering load profiles problems 

can be seen in [15], [17], [23–25]. 
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3.2. K-medoid algorithm 

The K-medoid algorithm [26] is a partitional algorithm, such as K-means. There are three main differences between 

these two algorithms. The K-means tries to minimize the total squared error and the K-medoid tries to minimize the 

total dissimilarity between the objects. The K-means uses the Euclidean distance to evaluate the distance between two 

data points and the K-medoid uses the Manhattan distance. Another difference between these two algorithms is that 

the K-means chooses the mean as the cluster center and the K-medoid chooses one point to be the cluster center (the 

medoid). 

3.3. G-means algorithm 

The G-means algorithm was proposed in reference [27]. This algorithm is an automatic clustering method. The 

great advantage of this algorithm is that unlike the K-means, this algorithm does not need a pre-established parameter 

(the number of clusters) to divide the dataset. The G-means algorithm is based on a test to see if the data assigned to 

each cluster center follows a Gaussian distribution. The algorithm proceeds according to the following steps [27]: 

• 1. Select initial centers. 

• 2. Runs K-means to cluster the dataset; 

• 3. Test the data to see if the data of each cluster follows a Gaussian distribution; 

• 4. If the data assigned to each cluster center follow a Gaussian distribution keep the center, on the contrary, 

replace for two new centers; 

• 5. Repeat steps 2 to 4 until all data assigned to each cluster look Gaussian. 

3.4. Hierarchical algorithms 

The hierarchical techniques are divided into two categories, agglomerative and divisive. The agglomerative 

techniques start with all data as a cluster and in each iteration the clusters are merged in a new cluster by their 

proximity. At the end of the iterative process, all data are assigned to one cluster. The divisive analysis starts with all 

data in a cluster, and in each iteration the cluster is divided into smaller clusters until each data is one cluster [21]. 

One advantage of hierarchical techniques, compared to partitional techniques, is that these techniques do not need 

a pre-established parameter (number of partitions) to partition a dataset. 

There are some ways to evaluate the distance between two clusters. Considering three clusters, a, b, and c, the 

clusters a and b are merged into a new cluster called n. The reference [28] proposes a general equation (1) to calculate 

the dissimilarity between the clusters. 

 

(𝑐, 𝑛) = 𝛼𝑎𝑑(𝑐, 𝑎) + 𝛼𝑏𝑑(𝑐, 𝑏) +  𝛽𝑑(𝑎, 𝑏) + 𝛾|𝑑(𝑐, 𝑎) − 𝑑(𝑐, 𝑏)| (1) 

 

By changing the values of the coefficients α, β and γ is possible to find the equation of the well-known hierarchical 

agglomerative algorithms in Table I of the next section [29]. 

4. Clustering validity indices  

The choice of the right number of clusters is not an easy process without mathematical mechanisms, mainly when 

the dataset has a high volume of data. To help in clustering analysis and decision making, mathematical mechanisms 

are used to identify the best number of partitions and the quality of the partitions of the database. 

Different clustering validity indices have been proposed to identify the effectiveness of clustering methods and 

identify the best number of partitions of a certain dataset. In this work, it was proposed to use 5 clustering validity 

indices in an attempt to identify the best number of partitions and also to evaluate the clustering algorithms 

performance. 
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The Mean Index Adequacy (MIA) evaluates the distance between the data associated to each cluster to the cluster 

center. This metric reflects the compaction of the clusters, so a lower level of this index is better. The Clustering 

Dispersion Indicator (CDI) is the relation of the distance between the data in each cluster (measure of compaction) 

and the distance between the clusters’ centers (well separated clusters). So, a lower level of CDI indicates compacted 

and well separated clusters. The mathematical formulation of these two indices can be seen in the reference [13]. 
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Table 1. Parameters for hierarchical clustering methods 

Method 𝜶𝒂 𝜶𝒃 𝜷 𝜸 

Single link 1/2 1/2 0 -1/2 

Complete link 1/2 1/2 0 1/2 

Unweighted average (UPGMA) 
𝑛𝑎

𝑛𝑎 + 𝑛𝑏

 
𝑛𝑏

𝑛𝑎 + 𝑛𝑏

 0 0 

Weighted average (WPGMA) 1/2 1/2 0 0 

Unweighted centroid (UPGMC) 
𝑛𝑎

𝑛𝑎 + 𝑛𝑏

 
𝑛𝑏

𝑛𝑎 + 𝑛𝑏

 
−𝑛𝑎𝑛𝑏

(𝑛𝑎 + 𝑛𝑏)2
 0 

Weighted centroid (WPGMC) 1/2 1/2 -1/4 0 

Minimum Variance (Ward) 
𝑛𝑎+𝑛𝑛

𝑛𝑎+𝑛𝑏 + 𝑛𝑛

 
𝑛𝑎 + 𝑛𝑛

𝑛𝑎 + 𝑛𝑏 + 𝑛𝑛

 
−𝑛𝑛

𝑛𝑎 + 𝑛𝑏 + 𝑛𝑛

 0 

Flexible (Lance and Williams) 
1 − 𝛽

2
 

1 − 𝛽

2
 𝛽 < 1 0 

na is the number of elements in cluster a 

 

The Davies-Bouldin Index (DBI) was presented in the reference [30], this index evaluates the correlation between 

the dispersion in the clusters and the distance between the centers of the clusters. As indices MIA and CDI, a lower 

value of this index indicates well-separated clusters and compacted clusters. 

The Dunn Index (DI) is composed of two metrics, the first is the minimum distance between clusters as a metric 

of separation and the higher this value is, better separated the clusters are. The second metric is the maximum diameter 

of all clusters as a metric of compactness. The relation between these two metrics is the DI. As is possible to see, as 

bigger is the distance between clusters and as lower is the diameter of the clusters the DI increases, so a bigger value 

of this index is better. The mathematical formulation of this index is presented in [31]. 

The Calinski-Harabasz Index (CHI) takes into account two metrics, the first is a between-cluster sum of squares 

(BGSS), reflecting the separation between clusters and the within-cluster sum of squares (WGSS) reflecting the 

compaction of the clusters. The CHI is calculated by the relation of BGSS and WGSS weighted by the number of 

elements and clusters. The mathematical formalization of this index can be seen in reference [32]. 

5. Classification 

Another proposal of this study is to use the consumption pattern of the customers, discovered in the clustering 

phase, to classify new customers in their correct consumption class. With this knowledge is possible to optimize 

contractual parameters by choosing tariff structures that can improve the customer savings.  

The main objective of this phase is the generation of rules that can classify customers by their consumption patterns. 

For that, the load diagrams need to be represented by simpler forms, such as load shape indices. By representing each 

load diagram in a simpler form, the classification algorithm will generate simpler rules to classify the new customers. 

A simpler representation can also help to improve the time processing during the training and prediction phase of the 

classification algorithm. These indices were proposed and used in several works and it is possible to see some of them 

in the references [19-20], [33-35]. The indices used in this paper are summarized in Table 2. 

To classify the load diagrams, it was used the C4.5 algorithm [36], which creates a decision tree capable to classify 

new customers in predefined classes. Consider the dataset used to train the model as X=[x_1,x_2,… x_n], and x_i 

consists in a n- dimensional vector with the load shape indices and the class of each load diagram obtained in the 

clustering phase x_i=[f_1,f_2,f_3,c]. The algorithm uses the vector X to create a decision tree, based on the attributes 
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that can provide the highest information gain to split the dataset. The decision tree can be resumed in a set of rules 

and based on these, it is possible to classify new customers just with their historical data, avoiding reprocessing the 

database and performing a new clustering phase. 

Table 2. Load shape indices 

Parameter Definition Period of definition 

Load Factor 𝑓1 =
𝑃𝑎𝑣,𝑑𝑎𝑦

𝑃𝑚𝑎𝑥,𝑑𝑎𝑦

 1 day 

Night Impact 𝑓3 =
1

3

𝑃𝑎𝑣,𝑛𝑖𝑔ℎ𝑡

𝑃𝑎𝑣,𝑑𝑎𝑦

 
1 day (8 hours night, form 

11 p.m. to 6 a.m.) 

Lunch Impact 𝑓5 =
1

8

𝑃𝑎𝑣,𝑙𝑢𝑛𝑐ℎ

𝑃𝑎𝑣,𝑑𝑎𝑦

 
1 day (3 hours from 12:00 

to 15:00) 

6. Case study 

The case study was done using data from 194 low voltage (LV) customers. Firstly, the dataset was treated to remove 

inconsistencies, for then apply clustering algorithms to extract load patterns. After the clustering phase, the 

classification algorithm was applied to identify each customer class in the dataset and obtain information for 

classifying new customers. 

6.1. Pre-processing 

The real dataset was analysed aiming to identify missing values. Missing values in databases can occur due to 

several causes, among them, the most common is the communication failure between the measuring equipment and 

the database. The database was verified with the intent to remove these inconsistencies to avoid wrong interpretation 

in the mining phase. It was identified seven customers with energy consumption equal to zero for all the acquisition 

period. These customers were removed from the analysis to avoid a wrong interpretation of the dataset and to avoid 

the detection of nonexistent patterns. Short communication faults (missing values up to one hour) were corrected by 

using the average of neighbour points to maintain the consistency of the load diagrams. Figure 3 shows an example 

of missing value correction, where the blue continuous line represents the original load data and the red dotted line is 

the corrected data. These two data treatments have improved the dataset avoiding information loss. 

Fig. 3. Lack of values correction. 

Analyzing the dataset, it was noted that there were differences between energy consumption amounts and patterns 

during the weekdays, weekends, and holidays. In Figure 3 it is possible to see (from hour 120) the difference between 

consumption patterns of weekends and weekdays, where hour 0 represents the first hour of Monday. Due to this 

difference, it was necessary to separate the data into three categories named by working days, Saturdays, and 

Sundays/holidays. The third category was composed of Sundays and holidays because the consumption pattern was 
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very similar for those days. With the previous analysis, it was concluded that the consumption pattern for LV 

customers is highly influenced by economic activities. For example, the consumption pattern for a house on  Mondays 

(where residents are working during the day and are at home at night) tends to be different from that on Saturday 

(where the majority of the customers are at home during the day and night).  

By separating the data into three categories, a data reduction phase was applied to the dataset to reduce the amount 

of load diagrams and obtain the representative data. The representative load diagrams were obtained by the average 

of the daily load diagrams of each customer for each category (working days, Saturdays, and Sundays/holidays). This 

phase is necessary to analyze just relevant data and improve the time in clustering analysis. 

After obtained three load diagrams for each customer, a normalization was applied to compare the consumption 

pattern and not the consumption value. The normalization applied to the dataset was the min-max normalization. This 

normalization changes the scale of the data to a [0,1] range. It also helps improve the clustering analysis and the 

interpretation of the load diagrams. 

The initial dataset, as all real datasets, was polluted by noising data, so it was cleaned. After that, the data was 

separated into three categories to improve its interpretation. By separating the dataset in three sub-datasets, a data 

reduction was applied in an attempt to obtain relevant data for the clustering analysis. The data was normalized to 

compare the consumption pattern and not the consumption amount of each customer. At the end of the process, the 

three sub-datasets were passed to a common format composed of 194 LV customers 

6.2. Clustering 

With the dataset treated in the pre-processing step, the possibility to discover wrong patterns was reduced, so the 

clustering analysis was applied to identify the Typical Load Profile (TLP). To improve the pattern extraction and 

avoid wrong interpretation, seven clustering algorithms were applie: K-means, K-medoids, G-means, Average link, 

Single link, Complete link, and Ward link. 

To test the effectiveness of the algorithms, each one was applied to the dataset by dividing the dataset from two 

clusters to thirteen clusters. Each cluster was evaluated by five clustering indices (MIA, CDI, DBI, DI, and CHI) in 

order to identify the best number of clusters for each clustering algorithm as well as to find out the best partition. 

Each cluster result was evaluated visually to avoid the discovery of clusters with outliers or clusters with almost 

the same TLP. It was noted that all algorithms found clusters with outliers or clusters with similar TLPs when the 

dataset was divided into five or more clusters. 

Figure 4 a) shows the result of the algorithms when it was used the MIA index. For this index, the algorithm SL 

presented the best result with thirteen clusters. However, analysing the partitions, it was verified that the algorithm 

has divided the dataset poorly and did not provide good TLPs, indeed. The AL algorithm shows the second-best result 

but has the same problem of the SL, by presenting poorly partitions. For the dataset tested in this analysis, the 

hierarchical algorithms do not found good partitions of the dataset, just the WL algorithm showed reasonable result. 

It is possible to see in Figure 4 b) that K-means algorithm provides good dataset partitions, for CDI index, with just 

two clusters, the algorithms K-medoids and the hierarchical Ward link have shown good results too. The algorithm 

AL showed better results with three partitions and the SL algorithm provided the best result for the rest of the number 

of the partitions 
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a) b) 

Fig. 4. a) MIA Index results; b) CDI Index results 

The K-means algorithm has obtained the best result with two partitions for the DBI (Figure 5 a)), following by the 

Single Link algorithm with ten partitions. For the Dunn Index, Figure 5 b), the K-means algorithm showed the best 

number of partitions with two clusters 

 

a) b) 

Fig. 5. a) DBI Index results; b) Dunn Index results 

When using Calinski-Harabasz index, Figure 6, the K-means provided the best data partitions with three clusters, 

followed by the partitional algorithms K-medoids with also three partitions. 

The G-means algorithm is an automatic clustering algorithm, it means that the algorithm will find the best partitions 

automatically. The G-means algorithm has divided the dataset into thirteen clusters and did not give great information 

about the load patterns, once some of the clusters were similar to each other. 

Fig. 6. Calinski-Harabasz index results 
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The algorithm that provided the best solution was, in fact, the partitional algorithm K-means (using DBI, DI, and 

CDI evaluation measures indices), followed by Single Link, Average Link, and K-medoids. Unfortunately, the 

hierarchical clustering algorithms did not find good partitions and it was not possible to consider their partitions in the 

analysis. Just the hierarchical algorithm, Ward Link, showed good partitions of the dataset. 

In Figure 7 it is possible to see the result of the K-means algorithm with two partitions. It is possible to identify 

one pattern in cluster 1. On the other hand, it is difficult to identify the pattern in cluster 2 (Figure 7 b)), so it was 

necessary to divide the dataset in three clusters. 

In Figure 8 it is possible to observe three distinct TLPs and Figure 9 depicts the result for four partitions of the 

dataset, it can be seen four well separated TLPs. 

Considering the indices results and the analysis of the partitions, the best number of partitions is three, using the K-

means algorithm. To proceed with the analysis and the classification phase is necessary to identify the TLP of each 

cluster. The TLPs were obtained by the average of the load diagrams in each cluster. The TLPs for working days, 

Saturdays, and Sundays/holidays can be seen in Figure 10 a), b) and c), respectively. It is possible to identify three 

distinct consumption patterns (3 clusters). 

In Figure 10 a) it is possible to see an anomalous pattern with most of the consumption during the period of the 

night (cluster 1) and a residual consumption during the day. The second pattern obtained, cluster 2, it is considered a 

residential pattern and it is possible to see a residual energy consumption during the early hours of the day. This 

consumption increases in the morning and maintains constantly during the day and at night is possible to see a peak 

consumption. The third cluster was considered as a commercial activity since then presents a residual consumption in 

the early hours of the day. In working hours, the consumption increases and it is constant during the day and then, at 

the end of the day, the consumption starts to decrease. 

a) b) 

Fig. 7. a) and b) K-means clustering results for 2 clusters 

a)  b)  c)  

Fig. 8. a), b) and c) K-means clustering results for 3 clusters 
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a)  b)  

c)  d) 

 

Fig. 9. a), b), c) and d) K-means clustering results for 4 clusters 

Comparing now the consumption patterns during the working days (Figure 10 a)), Saturdays (Figure 10b)), and 

Sundays/holidays (Figure 10 c)) it is possible to verify the difference among patterns, mainly on cluster 2, in the 

residential consumption profile. It is possible to note the high influence of economic activities, and their impact on 

consumption habits. Cluster 1 was not influenced by the economic activities and on the opposite, cluster 3 was 

influenced by them and the profile change to the working days, Saturdays, and Sundays. 

a)  b) c) 

Fig. 10. a) Typical Load Profiles for working days; b) Typical Load Profiles for Saturdays; c) Typical Load Profiles for Sundays 

6.3. Classification 

To finish the DM cycle and to use the knowledge extracted from the dataset, in the clustering phase, a classification 

model was implemented to classify electricity customers based on their electricity consumption data. The clustering 

phase is considered unsupervised learning, where the algorithms “learn” based on the data and extract the relevant 

information. In the classification step, the knowledge obtained with clustering algorithms is used to train the 

classification model and predict the classes for new customers. 
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The classification framework used in this analysis can be observed in Figure 11, and it is divided into four steps. 

First, the representative daily diagrams are obtained in clustering analysis and each customer class. Each load diagram 

of each customer is translated into a set of load shape indices, in an attempt to provide a simpler representation of each 

customer. The load shape indices used in this paper are presented in Table 2. 

Fig. 11. Costumers’ classification framework 

To classify the load diagrams, it was used the C4.5 algorithm. The algorithm creates a decision tree to classify new 

customers based on a set of rules. To train the algorithm were selected randomly 2/3 of the input data. At the end of 

the training phase the algorithm will generate the rules, to classify a new consumer. The algorithm has generated ten 

rules, based on three load shape indices, to classify the new customers. The rules can be seen in Table 3. 

To test the classification rules provided by the algorithm, 1/3 of the costumers in the dataset were selected randomly 

and their classes were predicted according to the defined rules. The confusion matrix of the classification can be seen 

in Table 4, where 64 customers were tested and the algorithm predicted 60 customers to their correct classes. One 

customer was classified in class 1 (or cluster 1) and the real class was in fact class 2. Another one was classified in 

class 3, belonging to class 2. Two customers were classified as class 2 but they belong to class 3. 

Table 3. Obtained classification rules set for working days, from C.5 algorithm 

Rules Cluster 

If 𝑓3 > 0,444 & 𝑓1 ≤ 0,363 2 

If 𝑓3 > 0,444 & 𝑓1 > 0,363 1 

If 𝑓3 ≤ 0,444 & 𝑓5 ≤ 0,084 2 

If 𝑓3 ≤ 0,444 & 𝑓5 > 0,084 & 𝑓3 ≤ 0,114 3 

If 𝑓3 ≤ 0,444 & 𝑓5 > 0,084 & 𝑓3 > 0,114 & 𝑓1 ≤ 0,328 2 

If 𝑓3 ≤ 0,444 & 𝑓5 > 0,084 & 𝑓3 > 0,114 & 𝑓1 > 0,328 & 𝑓3 > 0,280 & 𝑓1 ≤ 0,480 2 

If 𝑓3 ≤ 0,444 & 𝑓5 > 0,084 & 𝑓3 > 0,114 & 𝑓1 > 0,328 & 𝑓3 > 0,280 & 𝑓1 > 0,480 3 

If 𝑓3 ≤ 0,444 & 𝑓5 > 0,084 & 𝑓3 > 0,114 & 𝑓1 > 0,328 & 𝑓3 ≤ 0,280 & 𝑓1 > 0,404 3 

If 𝑓3 ≤ 0,444 & 𝑓5 > 0,084 & 𝑓3 > 0,114 & 𝑓1 > 0,328 & 𝑓3 ≤ 0,280 & 𝑓1 ≤ 0,404 & 𝑓3 ≤ 0,213 3 

If 𝑓3 ≤ 0,444 & 𝑓5 > 0,084 & 𝑓3 > 0,114 & 𝑓1 > 0,328 & 𝑓3 ≤ 0,280 & 𝑓1 ≤ 0,404 & 𝑓3 > 0,213 2 

Table 4. Confusion matrix 

Real Class 
Predicted 

1 2 3 



 Sérgio Ramos, et al./ Procedia Computer Science 00 (2020) 000–000 15 

 

1 4 0 0 

2 1 32 1 

3 0 2 24 

 

The classification tree, generated by the model, can be seen in Figure 12, where all the classification rules were 

extracted. It is possible to see the number of customers predicted in each class and the customers wrong predicted. 

Overall, the classification model has obtained 93.75% of accuracy for the working days, 85.71% for Saturdays and 

87.77% for Sundays/holidays. The model proves to be efficient, once, for all the analysed days the model has obtained 

good results in predict the customers' classes. 

Fig. 12. Example of the obtained decision tree, with the classification rules for the working days. 

7. Conclusion 

This paper uses a methodology using KDD and DM for the characterization of low voltage customers, based on 

their historical consumption data. Concepts of the KDD process were addressed and developed in this work, such as 

data selection, data pre-processing (thorough actions of cleaning, reduction, and transformation), data mining 

(thorough clustering and classification). Lastly, the model was evaluated. 

The performance of 7 clustering algorithms was evaluated through 5 clustering validity indices. The best clustering 

algorithm were identified and also the best number of clusters to characterize low voltage customers. A classification 

algorithm was implemented in order to classify new electricity customers, based on their historical consumption data, 

in one of the obtained clusters. 

The model proposed in this paper proved to be an efficient framework in clustering analysis and classification, 

obtaining acceptable performance. The methodology adopted in this paper can be applied to other datasets to evaluate 

the performance of the algorithms. 

As future work it is proposed improvements in the G-means algorithm, in order to compare its performance against 

other algorithms. It is also proposed the implementation of another automatic clustering algorithm, the X-means 
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algorithm, and compare the results with G-means and some classical techniques, such as K-means and hierarchical 

methods. 
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