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Abstract. The acquisition of information and thus, the knowledge 
extraction from large databases, is a constantly developing modern 
scientific field, and a particularly important aspect of Information 
Technology. Different techniques and methodologies have been applied in 
combination with different types of data for obtaining the optimal result. 
This paper is a continuation of the effort to discover knowledge, in the 
form of correlations, from data concerning electricity consumption.  The 
innovative part of this attempt is, the way that data was associated with 
time, and moreover, the combination of the used methods. Specifically, 
analytical consumption data was used, which were taken at a frequency of 
half an hour, throughout the year 2023. This consumption, which covers an 
entire city, concerning the indications of the distribution transformers 
found in different areas of the city of Kavala, in Greece. The data, was 
further combined with the time subdivisions of the whole year with the 
aim, to draw conclusions about the variation and association of 
consumption in relation to the hours, days and seasons of the year. In order 
to carry out the process, both statistical methods, such as factor analysis, 
normalization, and data mining techniques, such as cluster analysis were 
implemented. The final conclusion of the above process is that the methods 
used cooperate perfectly with each other. Furthermore, the analysis reveals 
that consumption is greatly influenced by certain periods of time during the 
year and this result seems strongly reasonable. 

1 Introduction 
The modern era in which we find ourselves is characterized by the use of electricity [1]. It 
is supplied indiscriminately by a complex distribution network and is based on 
instantaneous generation, since central storage is not efficient [2, 3]. On the other hand, it is 
easy to understand that the demand for electricity is not constant either during the day or 
even during the months of the year. It is influenced by factors that will not be examined in 
detail in this paper. For example, it will be mentioned that the Greek electricity company, 
knowing that demand falls during the night hours, has shown the possibility of reduced 
charges for consumption during the late evening hours [4]. 

For the above reasons, it is important to be able to know the variation in consumption in 
a specific region and also at central level, throughout the year. 
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This can help both in predicting and in taking decisions concerning the management and 
also in modifications for the electricity generation and distribution network. 

To this end, much work has been done in order to extract knowledge from data 
concerning electricity consumption. 

Various extraction techniques have been applied, and the data bases used, have been 
enriched with many additional data, e.g. temperature, humidity, etc. [5-8]. 

This is therefore, the purpose of the present study. An analysis of both total and partly 
consumption data in a specific city was carried out. The data for this procedure was 
provided by the public’s electricity company of Greece and concerned a specific area. That, 
after being enriched with temporal data, was processed in order to extract intelligible 
relationships between them. All of the procedures required for a correct and accurate 
extraction of knowledge were applied. The whole process is described in detail in the 
following section.  

2 Materials and methods 

2.1 Data processing 

As mentioned above, the data for this procedure were obtained from the public’s electricity 
company and concerned the area of the city of Kavala, in Greece. This included continuous 
recordings at half-hourly frequency, during the year 2023, of both the central and the 
individual transformers supplying the different points of the area. The original archive 
contained a total of 12 columns, from equal distribution points, and a total of 17520 lines 
corresponding to the frequency of the half-hourly recordings for the whole year. This was 
then checked and cleared of missing or incorrect data. That process was done manually 
with the utmost care so as not to distort the correctness of the overall results. For example, 
the missing entries that existed, for reasons unknown, were filled in, with the values of the 
average of the above and below existing prices. Then the file was enriched with temporal 
data, and in particular columns were placed which included the time during the day, the 
days of the week and the months. All of the above data were assigned by numerical values. 
For example, the column corresponding to Monday had a value of 1, when it was actually 
Monday, while all the other days had a value of 0. 

The whole process eventually created an archive with a total of 21 columns. This 
archive was then subjected to a normalization process to ensure that, all the data are on the 
same scale. In general, all the procedures required to prepare the basis for a proper analysis 
were followed [9]. After all of the above, the file was ready for the beginning of the 
knowledge extraction process. 

2.2 Factor Analysis 

As described previously, a file was created which contained 21 columns and 17520 lines. 
This corresponds to a total of 367920 records. In order to assist the clustering algorithm to 
be used in the following, it was considered constructive for the overall procedure to use a 
multivariate exploratory statistical technique, in order to reduce the number of data. The 
archive was processed using the software Statistica. Thus, the application of Factor 
Analysis was carried out.  

The factors will replace all the consumption data in the file, i.e. the original 12 columns, 
in order to reduce the volume of data without having a negative impact on the accuracy of 
the process. The number of factors was determined by Kaiser criterion and by using the 

Scree-plot, as shown in the following Figure 1. From this it is easy to be seen that the 
inflection point which determines the number of factors to be extracted, is at 2 factors. 
 

 

Fig.1. Screen-plot. 

The following picture also shows the result of the process with the Factor loadings, 
where, it’s also easy to be seen the impact that every Factor has, at the specific distribution 
points. Moreover, Varimax raw was used as Factor rotation and Principal components for 
the extraction [10]. The above are depicted in Figure 2. 

  

 

Fig.2. Factor loadings. 

 
After the end of this process the final resulting file has only 9 columns and a total of 

157680 records. So, there has been a significant reduction of these records, and in 
particular, they are 210240 less .The process of data mining can now follow.  
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2.3 Data mining 

After the completion of the above stages, the archive is now ready for the final stage of 
processing, with the aim of acquiring knowledge. The method of data mining to be 
followed is Cluster Analysis, because it can effectively group the results according to the 
similarities between them [11]. 

In the selection of variables, therefore, only the time data and the two variables were 
selected. Next in the options of the method, the k-mean algorithm and the random selection 
of k observations, is chosen for the determination of the initial centers of the clusters. 
Moreover, the City-block (Manhattan) method was used for distance measure. In addition, 
the V-fold cross-validation method, with a smallest percentage decrease 5%, was used to 
determine the number of clusters and this resulted in the lower value of the set limit, which 
was 12. And finally, the number of iterations was set at a high number (500), so that, the 
whole process not to be interrupted before its completion, by this setting. After completing 
the adjustments, the software constructed the 12 clusters as shown in Figure 3: 

 

 

Fig. 3. Final classification. 

It is worth pointing out here that, each time the procedure is repeated, the clusters will 
have a different form; however, they will still provide similar information. 

Additional, the following Figure 4 and Figure 5 depict the distributions for the factors 1 
and 2 respectively. 

From Figure 4 it can be observed that the distributions for the Factor1 are not as 
centralized as those of Factor2, but on the other hand, the probability density is above 0.4 
for most of the clusters, except for the numbers 2 and 10. 

 

 

 

Fig.4. Distributions for the factor 1.  

Similarly, in the Figure 5, it can be noticed that the distributions for Factor 2 are more 
centralized, but on the other hand, the probability density is under 0.4 for most of the 
clusters. On the contrary, here it can be seen that the higher probability densities are for 
clusters 2.10 and 5.  

 

Fig.5. Distributions for the factor 2.  

After all the above, the whole process is complete. The next stage that will follow is to 
verify the possibility of knowledge extraction from the analysis of the results. 

3 Results  
After the completion of all the above stages, this section will examine some of the clusters 
that have been created, in order to seek relevance in the elements they contain. t is decided 
to present in this chapter, only tree representative clusters, based on the number of its 
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members, with the help of the diagram in Figure 3. Thus, first of all, the cluster 1 will be 
examined.  Part of it is shown in Figure 6. 

 

Fig.6. Cluster number 1.  

As can be seen from the final classification of Figure 3, this cluster does not contain 
many members, only the 4% of total, which means that it does not have a long duration in 
time. But, it is characterized by moments of high electricity consumption during Mondays 
mainly between 12:30 and 23:00. A typical point, near the center of this cluster (the 
distance from the center is 0.206), is on line 8487 in the archive, where at 18:30 the 
amperes were 802.The cluster number 2 is following and depicted in Figure 7. 

 

Fig.7. Cluster number 2.  

Here it can be easily noticed that this cluster has many members (15% of summary) and 
includes all of the Sundays of the year. 

Another characteristic of this is its relatively low consumption throughout the day. As a 
distinctive feature of the cluster 2 will be mentioned the position 6408 in the archive, with a 
distance from the centre of the cluster 0.17, and 628 amperes. 

Finally, the cluster 7 will also be presented (Figure 8). 

 

Fig.8. Cluster number 7.  

This group includes 8% of the total and only the Saturdays, between 12:00 and 23:30. 
During these periods, consumption is at relatively middle levels. A typical line from the 
archive, will also be mentioned here the 9058, with a distance from the center of 0.22 and 
has 709 A.  

The remaining clusters created, were also examined in detail. But, for reasons of 
convenience they will not be shown here. There will only be a general report on them. 
Thus, the cluster No. 3 includes the Thursdays and the cluster No. 11 the Tuesdays. 
Moreover the cluster No. 12 involves also the Saturdays, as cluster No.7, but between 0:00 
and 11:30. It can be noticed here, the similarities and the differences with cluster No.7, 
examined above, which includes different hours of the same day, namely from 12:00 until 
23:30. 

Furthermore, the Monday is interpreted by 3 clusters, the cluster No. 1 that was 
examined above and the clusters No.5 and 6 .Of them, the cluster No.6 consistently 
represents the night hours, while the cluster No.5 represents the morning hours of some 
days. In the same way it was found that clusters No. 4 and 9, correspond to Wednesday but 
at different time periods of the same day, namely from 00:00 to 08:30 for cluster No. 9 and 
from 09:00 to 23:30 for cluster No.4. Similarly, it was observed that clusters No. 8 and 10, 
represent Friday but at separate time intervals, specifically from 00:00 to 08:30 for cluster 
No. 10 and from 09:00 to 23:30 for cluster No.8. It is therefore generally observed that 
consumption is affected both by the day and by the hours.  

4 Conclusion 
After the completion of all the above procedures applied, and the analysis of the results, the 
possibility of logical correlations from the data and the extraction of knowledge is evident. 
The methods used proved to be effective and reliable, and moreover, the cooperation 
between them was constructive.  

In particular, the Factor Analysis accurately represented a large volume of data with two 
single factors. This method proved to be accurate and constructive. Accurate because, as 
the results showed, the two Factors represented with high reliability the twelve variables 
they replaced, and constructive because by using them, the size of the database drastically 
reduced. This procedure therefore, can be justifiably applied to the initial processing of the 
database, in order to considerable assist the subsequent data mining process. As a follow-
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up, Cluster Analysis worked computationally easier on a smaller data volume and, divided 
the samples into groups that contained strong similarities in the data they contained. On the 
other hand, each group had significant differences among them, which justified the 
separation.  

As a general conclusion from the whole effort, it is evidenced that electricity 
consumption is highly influenced not only by the days of the week but also by the specific 
hours of each day. Generally, consumption is reduced during the midnight hours as well as 
during the morning hours on Sundays. On the contrary, in the morning hours on the other 
days of the week, especially on Mondays, after 7 a.m., there is a significant increase of the 
demand.  

The information that can be extracted using this methodology can be a valuable tool, 
both for taking relevant decisions, and as a basis for further analysis. 

In particular, as a continuation of this paper, a separate analysis could be carried out for 
each one of the days, in order to establish the variation of consumption, during the 24-hour 
period, within a given day. In addition, the same procedure could be used to select more 
clusters, in order to create more detailed groups of data, so that it would be possible to 
examine how the records are affected by specific time periods, e.g. Christmas time, months, 
holiday periods, periods of extreme climatic conditions, etc. 
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