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Abstract 

Electricity has always had a great impact on our daily life. It plays an important role in every 

aspect of society, economy, and technology of every nation. Sweden among other Nordic 

countries has always strived to improve its energy landscape. Currently, Nuclear power and 

Hydroelectricity are the main methods of energy generation in this country. Together with 

exploring new ways of generating energy without dependency on nuclear power, Sweden 

also expresses an interest in encouraging households and companies to use energy in an 

efficient way in order to reduce energy consumption and its associated costs. The scope of 

this thesis is to review and evaluate various state-of-the-art data analysis tools and algorithms 

to generate a meaningful consumer behaviour model based on the electricity usage data 

collected from households in several areas of Sweden. Understanding the demand 

characteristics for electricity would give electric suppliers more power in shaping their 

marketing strategies as well as setting appropriate electricity pricing. 
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1  Introduction 

1.1 Sweden Energy in 2010 

According to a statistic report given by the Swedish Energy Agency in 2010 [1], the total 

energy supplied in 2009 was about 568 TWh (including 4.7 TWh of electricity import). The 

total energy use in 2009 was about 376 TWh spread over the Industrial, Transport and 

Residential sectors. The total losses were about 192 TWh of which the conversion losses in 

nuclear power were 97 TWh.  

Electricity is the most significant energy carrier. Total final use of electricity in 2009 

amounted to 125 TWh, of which the industry sector used 49 TWh, and the residential and 

services sector used 73 TWh. Use of electricity in the transport sector amounted to 2.9 TWh. 

As residential and services accounted for more than 58% of the total electricity use, it is 

encouraging to investigate deeper into the consumers’ behaviour on electricity consumption 

for better energy usage. 

 

Figure 1: Sweden Energy in 2010 

1.2 Data modelling on electricity data in Sweden 

Currently, European Union's policy for the energy market has been focused on ensuring a 

reliable supply of energy as well as electricity on a competitive market, encouraging efficient 

use, and cost efficiency with minimal impact on the environment. In the direction of 

promoting efficient use and cost efficiency, there have been an increasing number of research 

studies to find out about consumers’ behaviour on electricity usage among European 

countries. For example, Portugal has displayed an interest and produced important results 

concerning users’ behavioural of energy usage as can be seen in [2]. They have both 

presented how representative load diagrams of Medium Voltage (MV) customers that are in 

the network of power lines of less than 50 kV can be characterized by using a given number 

of daily load diagrams extracted from a monitoring campaign, as well as develop new tariff 
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structures based on the pattern of the representative load diagrams. In [2], for the 

characterization of Medium Voltage (MV) consumers load profile, a hierarchical clustering 

algorithm was used. With regards to the energy market in Sweden, to date, there has been no 

actual study on the electricity data to determine factors that affect electricity usage among 

households. Thus, this thesis project serves as an initial finding and study about the pattern 

and model of energy usage in Sweden. It is also the pre-study for the Envolve Project being 

carried out by the Information Fusion Research Programme at University of Skövde. The 

overall project "Envolve" aims to create an understanding and commitment to energy 

efficiency, which is necessary to meet the climate goals of Europe. The basic idea is that 

through advanced data analysis and data management, useful knowledge about energy 

consumption can be returned to its users as a basis for decisions. The focus of this thesis is to 

analyse and identify the consumers’ behaviour towards the electricity usage on an hourly 

basis. It involves the study of electricity usage of 389 households in Sweden where a large 

number of data streams is collected from the meter of each household. As the interesting 

patterns that exist in the electricity usage data are too complex for human to interpret or draw 

any conclusions, this project will review several Data Mining techniques to classify 

consumers’ behaviours. The study also lays the foundation for further cooperation projects at 

the interface of the energy market, societal needs, and research opportunities. Future projects 

will contribute to innovations created in the area in order to contribute towards an 

economically and environmentally sustainable energy supply and energy consumption habits. 

1.3 Electricity data used  

The electricity usage data was collected from all main electric appliances for 389 households 

and 20 common areas in residential blocks. Of these, 39 households were monitored for a 

period of one year. All data from the main electrical appliances were collected at a time step 

of 10 minutes. Most of the households are located in the Mälardalen region with one of these 

households being located in the far north of Sweden, and another in the south of Sweden. 350 

households were monitored for one month. All data from the main electrical appliances are 

also collected at a 10-minute interval. 9 of these households are located in the far north of 

Sweden, 9 in the south and the rest in the Mälardalen region. The choice of the household 

was made by the Swedish Energy Agency that covers various types of household presenting 

in Sweden. The households were split into different categories. The distribution between 

apartments and houses is also well balanced, standing at 51% for apartments and 49% for 

houses. Other factors that determine the choices of households are the number of inhabitants 

per household, size of the households and inhabitant types. 

1.4 Theoretical Framework 

1.4.1 Clustering Algorithms Overview 

According to [3], predictive and descriptive modelling are two types of data modelling. 

Predictive modelling is usually used to predict the target value based on the experiences of 

known target values while descriptive modelling is usually associated with the unsupervised 

learning functions. Instead of predicting the target value, descriptive modelling finds patterns 

in the existing data, focuses on the structure, relation of the data to create meaningful classes 

and clusters. As the project focuses on finding interesting patterns in the consumers’ 

behaviour model, descriptive modelling is more appropriate to be applied. Some 

representatives of descriptive modelling are density estimation, data segmentation, and 

clustering [3]. Density estimation aims to find out the density of population around each 

individual. It is a more complex case of clustering. Whereas, segmentation aims to partition 

data into homogenous clusters and number of the clusters are defined beforehand. According 

to the Handbook of computational statistic [4], clustering is the most frequently used method. 
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It is often a starting point for analyzing and exploring the relationships. Without having 

predefined classes, a clustering method groups similar objects into the same clusters or 

subgroups. These discovered clusters could be used to explain the characteristics of the 

underlying data distribution, and thus serve as the foundation for other data mining and 

analysis techniques. Clustering techniques aim at maximizing the intra-class similarity and 

minimizing the inter-class similarity. Clustering techniques are good for a quick overview of 

data, or when there are many groups in the data [5]. It is applicable to be used in marketing to 

discover distinct customers’ groups for developing different marketing strategies, land use to 

identify similar land usage or insurance to identify groups of insurance policy holders with 

high claim costs. Hence, clustering is a suitable method to uncover the patterns of consumers’ 

usage on electricity and identify the number of clusters. 

Han and Kamber [6] classified clustering methods developed for handling various static data 

into five major categories: partitioning, hierarchical, density-based, grid-based, and model-

based methods.  

In partitioning algorithms, various partitions or sets of samples are constructed and then 

evaluated based on some criteria such as Dunn Index, Partition Index and Classification 

entropy. The representatives for this class of algorithms are k-means and k-medoids where 

each cluster is represented by the centre of cluster in k-means and by representative objects in 

the cluster in k-medoids. K-means is relatively efficient. Its performance is O (tkn) where n is 

the number of objects, k is number of clusters and t is number of iterations. When using k-

means, the number of clusters is required to be specified in advance.  

In hierarchical algorithms, agglomerative or divisive hierarchical algorithm, a set of objects is 

decomposed hierarchically into dendrogram. An example of the dendrogram is shown in 

Figure 2 below. The agglomerative algorithm is then categorized into three types such as 

single link, average link and complete link. Each type specifies differently how the distance 

between clusters is measured.  

 

Figure 2: Example of Dendrogram 
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Density-based algorithm such as DBSCAN [7] identifies the number of cluster based on the 

estimated density distribution of corresponding objects. 

Grid-based algorithms quantize the object space into a finite number of cells that form a grid 

structure on which all of the operations for clustering are performed. A famous example of 

the grid-based approach is STING [8], which uses hierarchical grid structure and uses 

longitude and latitude to divide data space into rectangular cells. Statistical information such 

as confidence interval of probability in each cell are pre-computed and stored. For each cell 

in the current layer, the computed confidence interval is compared and labelled as relevant if 

it is higher than the threshold. Irrelevant cells are removed from further consideration. The 

query process continues to go down to the next lower level and go back to check whether 

those cells are relevant or not until the bottom level is reached [9]. 

Model-based algorithms assume a model for each of the clusters and attempt to best fit the 

data to the assumed model. Two types of model-based methods are statistical approach and 

neural network approach. An example of statistical approach is AutoClass [10], which uses 

Bayesian statistical analysis to estimate the number of clusters. Two prominent methods of 

the neural network approach to clustering are competitive learning, including ART [11] and 

self-organizing feature maps [12]. 

As the electricity usage data comprises of values that change over time, it requires a time 

series clustering algorithm that forms clusters for a given set of unlabelled data objects, and 

the choice of clustering algorithm depends both on the type of data available and on the 

particular purpose and application. As far as time series data are concerned, distinctions can 

be made as to whether the data are discrete-valued or real-valued, uniformly or non-

uniformly sampled, univariate or multivariate, and whether data series are of equal or unequal 

length [13].  

Three of the five major categories of clustering methods for static data as reviewed above, 

specifically partitioning methods, hierarchical methods, and model-based methods, have been 

utilized directly or modified for time series clustering [13]. For each category, the most 

renowned method will be chosen if the data-mining tool such as RapidMiner data mining tool 

provides it. 

Besides clustering, probabilistic approach such as Hidden Markov Chain is also good for 

clustering, however it imposes constraints on the data such that the current data should be 

dependent on the previous data. Thus, it cannot be used for our analysis on the electricity 

usage data. 

1.4.2 Cluster validity algorithms 

Cluster validity algorithm can be used to measure the goodness of the result of clustering 

created by different clustering algorithms or by the same algorithms using different setting of 

parameter values. There are two types of algorithm: external criteria and internal criteria. 

External criteria techniques measure how well clustering algorithms perform on a pre-

clustered dataset with respect to known information about cluster characteristics whereas 

internal criteria techniques evaluate the ―goodness" of a cluster configuration without any 

knowledge of the clusters. These techniques use only the quantities and features inherent in 

the data set. They can be classified into three different categories depending on whether they 

measure intra-cluster cohesion, inter-cluster separation or both cohesion and separation.  

Dunn indexing [26], Davies-Bouldin indexing [27] and the Silhouette coefficient [28] are 

example of some well-known techniques where the Davies-Bouldin index and the Silhouette 

coefficient are the methods that combine both cohesion and separation. 
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1.4.2.1 Davies Bouldin Index 

Davies-Bouldin index [Davies & Bouldin, 1979] 

This index, DB, is defined as: 

       (1) 

where n is the number of clusters,  is the average distance of all objects in cluster i to their 

cluster centre ci, cj is the average distance of all patterns in cluster j to their cluster centre cj, 

and d(ci ,cj ) is the distance of cluster centres ci and cj . Small values of Davies-Bouldin 

index correspond to clusters that are compact containing very similar objects, and whose 

centres are far away from each other. Consequently, the number of clusters that minimizes 

Davies-Bouldin is taken as the optimal number of clusters. 

In this case, small index values correspond to good clusters, that is to say, the clusters are 

compact, and their centres are far away from each other. Therefore, the cluster configuration 

that minimizes DB is taken as the optimal number of clusters. The cluster configuration refers 

to different parameters that need to be set in different clustering algorithms such as specifying 

number of clusters for k-means method. 

1.4.2.2 Silhouette Index 

One of the cluster validity algorithms is Silhouette validation technique (Rousseeuw, 1987): 

           (2) 

where a(i) –average dissimilarity of i-object to all other objects in the same cluster; b(i) – 

minimum of average dissimilarity of i-object to all objects in other cluster (in the closest 

cluster).   Dissimilarity is generally considered as the complement of similarity, and its result 

consists of the number of attributes that two objects uniquely have compared with the total 

number of attributes between them. 

If silhouette value is close to 1, it means all the objects in the sample are clustered well. If 

silhouette value is about zero, it means that that objects could be assigned to another cluster 

that has the same distance with the current cluster. If silhouette value is close to –1, it means 

that sample is ―misclassified‖ and is merely somewhere in between the clusters. The overall 

average silhouette width is defined as the average of S (i) value of each object in the dataset. 

Therefore, the largest overall average silhouette indicates the best clustering technique. 

1.5 Related Work 

In recent years, there have been an increasing number of researches on investigating and 

classifying the behaviour of electricity consumers. Research has been carried out to find the 

consumers’ behaviour model in Taiwan, Spain, Portugal Malaysia, and Indonesia. Most of 

the papers in the literature presented the data as load profile, a graph of the variation of the 

electrical consumption versus time and applied some clustering algorithms on these load 

profiles. The techniques can be ranged from conventional to more complex. 

In Taiwan, a load survey system has been designed and implemented in Taipower since 1993 

to identify classes of customers according to load profiles [14]. This load survey system has 

provided multiple functions such as System Planning [15], System Operation and 



  

 6 

Maintenance, Rate tariff structure [16] and Load management [17]. The pattern in customer 

behaviour is solved by using statistic analysis.  

In Spain [18], with support from the Spanish Ministry of Science and Technology, they have 

applied k-means and fuzzy C-Means (FCM) clustering algorithms to analyze the electricity 

prices time series to discover similar patterns. Applied k-means on the data, they have found 

four clusters where two clusters present working-day patterns and another two clusters 

present weekend patterns. Applied FCM on the data, they have found six clusters instead, 

however, the patterns found are not very different to the patterns obtained by using k-means 

approach where four clusters present the working-day patterns and two clusters present the 

weekend patterns. 

In Portugal [2], a hierarchical clustering algorithm is used to characterize the electric power 

profiles of medium voltage consumers and a classification model is also built to assign new 

consumers to one of the obtained classes. The clustering algorithm was able to produce load 

profiles with distinctly different load curves for each cluster and the classification algorithm 

presents a good overall accuracy.  

The paper in [20] describes the case study on Malaysian electricity consumption. In this 

paper, the customer consumption patterns are extracted based on customers’ load profiles, 

which correspond to customer classes. Three clustering algorithms, k-means, COBWEB and 

Equalization-Maximization clustering algorithms are applied and compared with each other. 

The result shows that the performance time for COBWEB is the longest among all these 

techniques while Simple k-means technique performs better in these datasets. 

The paper in [21] presents and applies the Fuzzy C-Means (FCM) clustering method to the 

actual sample data from Indonesia. As to find the optimal number of clusters for a dataset, 

some validity index measurements such as Dunn Index, Partition Index, and Classification 

Entropy were carried out. The FCM technique allows load profiles to belong to more than 

one group at the same time. The FCM algorithm is based on minimising a c-means objective 

function to determine an optimal classification. 

The paper in [22] presents an electricity consumer characterization framework based on a 

knowledge discovery in databases (KDD) procedure together with a case study with real 

database of consumers from a Portuguese distribution company. The framework consists of 

two main modules: the load profiling and the classification module. The load-profiling 

module employs clustering technique to generate the set of consumer classes. Whereas, the 

classification module assigns different consumers to the existing classes, and uses this 

knowledge to build a classification model able to assign different consumers to the existing 

classes. In the load-profiling module, self-organizing map is used to reduce the dimension of 

the initial dataset. After the projection of the dataset into bidimensional space is done, the 

winning Self-Organizing Map (SOM) units associated with its weight vectors are passed to k-

means algorithm. K-means algorithm is used to classify the weight vectors of SOM units into 

number of clusters. Besides that, k-means and SOM clustering algorithm are tested and the 

best algorithm is chosen by using some measurements such as measure of cluster 

compactness (MIA) and measure of cluster separation (CDI). The measurements show that it 

is best to combine a self-organizing map with the classical k-means algorithm. 

The paper in [23] also presents a case study of characterization of (Low Voltage) LV 

customers based on their consumption data; however, their approach is slightly different from 

other papers mentioned above. First of all, they introduced a simple top-down algorithm 

named TS-Part, which is similar to k-means but with no need to specify the number of cluster 

in advance. The algorithm works by finding the best split for each cluster in the current 

clustering then re-computing the cluster centroids and reassigning all data according to the 
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current clustering. The simulation of the case study is carried out with using TS-Part 

algorithm and k-means algorithm. The number of clusters is determined by TS-Part and then 

this number of clusters is used for k-means. It is concluded that TS-Part performed better than 

K-Means in terms of both MIA and CDI. Different clusters present weekday, Saturday and 

Sunday/Holiday patterns. It is noted that the number of clusters detected in weekdays was 

generally lower than the Saturdays and Sundays/Holidays cases. 

1.6 Aim 

This thesis work aims at applying and evaluating two state-of-the-art clustering methods to 

create meaningful and reliable behavioural models for energy usage so that the difference 

between different types of behaviours can be distinguished and utilized as a basis for advice 

on energy efficiency.  

1.7 Objectives 

To the best of my knowledge, so far, no study has been carried out to discover the knowledge 

about consumer’s behaviour model on energy usage in household in Sweden. As listed in the 

related work, there are some work done in other countries such as Malaysia, Taiwan, Portugal 

and Indonesia but the model cannot be applied to Sweden as these countries have different 

climates from Sweden. The data set that they used in their research is also different as they 

analyze residential, non-residential domestic and public lighting. This project will serve as an 

initial study on energy usage in Swedish households to understand their behaviour and use it 

as a basis for advice on energy efficiency. 

As mentioned in the theoretical framework earlier, there are several clustering methods that 

can be used for a given data set. Factors that determine which clustering method to use in 

order to achieve a good data partition for a given data set are compactness and separation. 

Compactness focuses on bringing cluster members as close as possible and separation 

emphasizes on widening the space between clusters. There are some clustering algorithms 

that require a number of clusters to be specified in advance such as k-means.  

The electricity data consists of energy usage for lighting and appliances. There are two 

objectives to be carried out in order to achieve the above-mentioned aims.  

 The first objective is to select the suitable data analysis tools and algorithms available 

for the job. The selection will be verified using some validity measurement such as 

measure of Silhouette for clustering.  

 The second objective is to apply the chosen clustering algorithm to analyze the energy 

usage on lighting data.  

1.8 Methodology 

The aim of this thesis is to investigate the patterns in lighting dataset and find a suitable 

model that describes the consumers’ behaviour on electricity usage. The methodology applied 

consists of three steps. The first step is to select various available data mining tools. It has 

become more challenging to select which of the data mining tools are most effective for our 

project as there are more than 50 commercial data mining tools and 20 data mining tools that 

specialize in Clustering and Segmentation according to http://www.kdnuggets.com. Below is 

the list of free and open source software that we found on to http://www.kdnuggets.com web 

page. 

 Autoclass C is an unsupervised Bayesian classification system from NASA, available 

for UNIX and Windows. 

http://www.kdnuggets.com/
http://www.kdnuggets.com/
http://ic.arc.nasa.gov/projects/bayes-group/autoclass/autoclass-c-program.html
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 CLUTO provides a set of partitioned clustering algorithms that treat the clustering 

problem as an optimization process.  

 Databionic ESOM Tools, a suite of programs for clustering, visualization, and 

classification with Emergent Self-Organizing Maps (ESOM).  

 David Dowe Mixture Modelling page is for modelling statistical distribution by a 

mixture (or weighted sum) of other distributions.  

 MCLUST/EMCLUST is model-based cluster and discriminated analysis, including 

hierarchical clustering in FORTRAN with interface to S-PLUS.  

 PermutMatrix is graphical software for clustering and seriation analysis, with several 

types of hierarchical cluster analysis and several methods to find an optimal 

reorganization of rows and columns.  

 Snob is MML (Minimum Message Length)-based program for clustering.  

 StarProbe is web-based multi-user server available for academic institutions. 

In addition to the above-mentioned tools, WEKA, RapidMiner, IBM SPSS Statistics are tools 

that provide rich features for clustering. WEKA provides support for various data mining 

tasks such as data pre-processing, clustering, classification, regression, visualization, and 

feature selection. RapidMiner is an environment for machine learning, data mining, text 

mining, predictive analytics, and business analytics. RapidMiner not only incorporates all 

operators available in the WEKA package, but also is richer in terms of data pre-processing 

functions and clustering algorithms. IBM SPSS Statistics is a scalable software that enables 

more efficient customer segmentation. The framework to evaluate these tools is based on 

performance, functionality and usability. As the data mining tool is used for research 

purposes to extract the knowledge about behaviour model. Thus, the usability are not 

evaluated based on real end-users as the end-users are more interested in the final results, that 

is the behaviour model. 

The second step is to analyze the lighting data. This step will also determine whether data 

pre-processing to filter noises, invalid values and missing values is required, and also helps 

evaluate if we should develop or implement any extra plug-ins into the existing tool to suit 

our data analysis needs. Several clustering algorithms will be applied and compared with 

each other since each clustering algorithm has its own strength and weaknesses. For example, 

k-means is proved to be fast algorithm. However, the number of clusters needs to be specified 

in advance. 

http://www.cs.umn.edu/~karypis/cluto
http://databionic-esom.sourceforge.net/
http://www.csse.monash.edu.au/~dld/cluster.html
http://www.stat.washington.edu/fraley/mclust_home.html
http://www.lirmm.fr/~caraux/PermutMatrix/
http://www.csse.monash.edu.au/~dld/Snob.html
http://www.roselladb.com/starprobef.htm
http://en.wikipedia.org/wiki/Statistical_classification
http://en.wikipedia.org/wiki/Regression_analysis
http://en.wikipedia.org/wiki/Feature_selection
http://en.wikipedia.org/wiki/Machine_learning
http://en.wikipedia.org/wiki/Data_mining
http://en.wikipedia.org/wiki/Text_mining
http://en.wikipedia.org/wiki/Text_mining
http://en.wikipedia.org/wiki/Predictive_analytics
http://en.wikipedia.org/wiki/Business_analytics
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2 Investigation and Analysis 

2.1 Detailed structure of energy data 

The lighting dataset provides basic information about the household such as the number of 

inhabitant, the income category, the dwelling size, the inside temperature category, the types 

of lighting appliance, the timestamp of measurement and the measured energy. The number 

of inhabitant ranges from 0 to 6 people. There are seven income categories such as "Below 

8000", "8001-17000", "17001-25000", "25001-33000", "33001-42000 ", "42000 or higher" 

and "Unknown". The currency of the income is based on Swedish Krona (SEK). There are 

five living area categories such as " <75‖, "75-100", "100-125", ">125" and "Unknown". The 

metric unit for living area category is meter square. There are six inside temperature ranges 

such as "<20", "20-22", "22-24", "24-26"," >26", "Unknown". The metric unit for 

temperature is degree Celsius. The detailed structure of the data file is explained more in the 

Appendix A. 

A population of 179 households is found in the lighting dataset. Lighting dataset refers to the 

dataset measuring energy usage on lighting appliances in different rooms in detached houses 

for a period of one month. However, in this project, a subset of individuals from within this 

population is selected for analysis to yield some knowledge about the whole population, as 

analysis of the entire population is time consuming. A simple random sampling technique is 

applied to select a subset of 30 households. Every individual in this population is given an 

equal chance to be selected therefore it avoids bias. The behaviour models of energy 

consumption can be affected by several factors that influence the way each consumer uses 

electricity. These factors can be external, such as the weather condition, the day of the week 

or related with the type of consumer. The influence of these factors must be considered in any 

study related with the consumers’ electrical behaviour. Therefore, in the data pre-processing 

step, the information about day of the week will be added. 

2.1.1 Data pre-processing 

Raw data always have problems with invalid and missing values. Hence, data pre-processing 

is an indispensable step in any Data Mining process to detect and correct the bad data. In the 

data-cleaning phase, we have detected that some records cannot be inserted into the database 

due to invalid timestamps. This invalid timestamp is due to daylight saving time changes. For 

example, in the dataset, a date time such as 2007-03-25 02:00:00 was found in the dataset and 

it could not be inserted into the database because based on the database calendar, there is no 

such date time. Thus, a modification has been made to set these timestamps one hour forward 

instead of removing these records.  

As mentioned above, one of the factors that could affect the behaviour of consumer is day of 

the week. Thus, based on the date of a measurement, the day of the week is added into the 

dataset in the data pre-processing step. 

2.1.2 Data reduction 

Since we are interested in the consumer behaviour, we removed households that have zero 

number of inhabitants. To further reduce the amount of data, we calculate hourly energy 

consumption for each household for different types of lighting appliances by averaging the 

10-minute measurement values. 
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2.2 Selection of data mining tools 

Some experiments were conducted to compare the performance of RapidMiner and IBM 

Statistics SPSS on the given dataset. It was found that IBM Statistics SPSS clustering 

algorithms are more suitable and scalable for large dataset than RapidMiner. They produce 

the results much faster than RapidMiner. IBM Statistics SPSS provides three types of 

clustering algorithm such as k-means, Two-Step clustering and Hierarchical clustering. 

Hence, IBM Statistics SPSS will be used in all the experiments in this project. 

2.3 Clustering algorithms’ evaluation 

In this project, comparisons on two clustering methods, k-means and Two-step clustering 

algorithm, will be made on the same dataset. They are the most common and general 

approaches to clustering found in literature. K-means is chosen for its simplicity and fast 

execution whereas Two-Step clustering algorithm is chosen for its scalability and ability to 

handle large datasets. 

2.3.1 K-means clustering 

The k-means algorithm [23] is the most widely used clustering algorithm. K is the number of 

clusters that is represented by the mean per cluster. The number of clusters is required to be 

initialized and k cluster centres selected from the pattern set are randomly assigned. It then 

proceeds by assigning each pattern from the initial set to the nearest cluster centre and 

recomputes the centre using the current cluster memberships, until the convergence criterion 

is met. Typically the convergence criterions are: no patterns are reassigned to a new cluster 

centre or minimal decrease square error is reached. This algorithm has the advantage of clear 

geometrical and statistical meaning, but works conveniently only with numerical attributes. It 

is also sensitive to outliers. 

2.3.2 Two-step clustering 

The IBM SPSS Two-Step cluster algorithm [25] is designed to handle very large datasets. It 

allows categorical and continuous variables. If the desired number of clusters is unknown, the 

algorithm will find the proper number of clusters automatically. 

The algorithm employs the model-based distance developed by Banfield and Raftery (1993) 

to accommodate both categorical and continuous variables and uses the two-step clustering 

approach similar to BIRCH (Zhang et al. 1996). This procedure requires only one data pass. 

In the first step of the procedure, the algorithm pre-clusters the records into many small sub-

clusters. This step uses a sequential clustering approach (Theodoridis and Koutrombas 1999). 

It uses a distance criterion to evaluate each record and determine if it should be merged into 

the previously formed clusters or it should make a new cluster. Then, the sub-clusters 

resulting from the first step are grouped into the desired number of clusters. 

In addition, the algorithm is capable of finding the optimal number of clusters automatically. 

Firstly, the Bayesian information criterion (BIC) for different number of clusters is calculated 

and is used to find the initial estimate. Then, the initial estimate is refined by finding the 

greatest change in distance between the two closest clusters in each stage. 

2.3.3 Number of cluster 

Repeated executions of the clustering algorithms have been performed by varying the number 

of customer classes from 4 to 20 and computing the clustering validity indicators as shown in 

Table 1 and Table 2, Davies-Bouldin (DBI) for k-means and Silhouette coefficient for Two-

Step algorithms, as both methods are proved to be robust [27,28]. 
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Table 1: Measurements of DBI for different number of clusters produced by k-means 

Number of 

clusters 

DB Index Average Distance to 

Centroid 

4 -0.872 -426.092 

5 -0.847 -363.21 

6 -0.934 -302.243 

7 -0.836 -234.791 

8 -0.801 -189.671 

9 -0.8 -178.48 

10 -0.812 -158.254 

11 -0.853 -144.193 

12 -0.859 -128.817 

13 -0.796 -119.038 

14 -0.905 -112.836 

15 -0.867 -104.203 

16 -0.919 -101.512 

17 -0.887 -96.686 

18 -0.853 -87.605 

19 -0.905 -83.372 

20 -0.872 -76.567 

 

Figure 3: Plot DBI and Average within centroid distance vs. the number of clusters 



  

 12 

Applying k-means algorithm on the dataset and DBI is computed for different number of 

clusters. As shown in the Figure 3, the best value is the smallest absolute value. Therefore, 

the number of clusters resulting in the best DBI is 13 clusters.   

Next, Two-step clustering algorithm is applied and the Silhouette index defined in Equation 

(2) is computed for different number of clusters together with Average SSE and Average SSB 

where Average SSE refers to the average of sum of squared error and Average SSB refers to 

average of sum of squares between. Sum of squares between is calculated based on the 

squared Euclidean distance between each cluster’s centroid and the overall centroid of the 

whole population.  

Table 2: Measurements of Silhouette for different number of clusters in Two-Step algorithm 

Number of 

clusters 

Silhouette Average SSE Average SSB 

4 0.23312 0.06528 0.02529 

5 0.26404 0.05866 0.03191 

6 0.28808 0.05318 0.03740 

7 0.31183 0.04928 0.04130 

8 0.32844 0.04526 0.04532 

9 0.34964 0.04230 0.04828 

10 0.35498 0.04046  0.05012 

11 0.37271 0.03815 0.05242 

12 0.39310 0.03624 0.05434 

13 0.40238 0.03478 0.05580 

14 0.34236 0.03465 0.05592 

15 0.35004 0.03339 0.05718 

16 0.31295 0.03304 0.05754 

17 0.30765 0.03265 0.05792 

18 0.30014 0.03266 0.05792 

19 0.29948 0.03258 0.05800 

20 0.29803 0.03221 0.05836 
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Figure 4: Plot of Silhouette, Average SSE and Average SSB with different number of clusters 

Figure 4 shows that the Silhouette value increases from 4 to 13, and then it decreases when 

the number of cluster reaches 13. Thus, the clusters size of 13 leads to the best Silhouette 

value of 0.40238 and a low Average SSE.  

In conclusion, after the execution of both k-means and Two-Step clustering on different 

number of clusters on the same dataset, the number of clusters for 30 households in this case 

is 13 clusters. 

2.3.4 Comparative analysis  

As mentioned earlier, Silhouette coefficient and Davies Bouldin are two cluster validity 

algorithms that combine both cohesion and separation. They have been shown to be robust 

strategies for the prediction of optimal clustering partitions.  

Kaufman and Rousseeuw [28] use the average silhouette width to estimate the number of 

clusters in the data set by using the partition with two or more clusters that yields the largest 

average silhouette width. They state that an average silhouette width greater than 0.5 

indicates a reasonable partition of the data, and a value of less than 0.2 would indicate that 

the data do not exhibit cluster structure. 

A comparison between Silhouette index and Davies Bouldin in [29] has proven that the 

labelling algorithm that uses Silhouette index produces more accurate results than the one 

that uses Davies-Bouldin. Thus, in this project, Silhouette index will be used to evaluate k-

means and Two-Step clustering algorithm. 

Table 3: k-means result 

Number of Cases in each 

Cluster 
% 

Cluster 

1 46034 7.260941 

2 12382 1.953012 

3 94736 14.9427 

4 86036 13.57045 
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5 37942 5.98459 

6 75144 11.85246 

7 499 0.078707 

8 2975 0.469247 

9 18138 2.860906 

10 70675 11.14756 

11 88445 13.95043 

12 15469 2.439925 

13 85520 13.48907 

Valid 633995 
 

Missing 0 
  

Table 4: Two-step clustering result 

Number of Cases in each 

Cluster 

 Cluster 1 44640 7.041065 

2 75863 11.96587 

3 93650 14.77141 

4 47616 7.510469 

5 82499 13.01256 

6 55800 8.801331 

7 11153 1.759162 

8 28234 4.453347 

9 26748 4.218961 

10 48287 7.616306 

11 22984 3.625265 

12 60821 9.593293 

13 35700 5.630959 

Valid 633995 

 Missing 0 

 
Looking at the cluster size of cluster 7 and 8 in Table 3 and Table 4, it shows that k-means 

produced a larger number of small clusters than Two-Step clustering. This is generally not 

desirable. 
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Besides that, the Silhouette value computed for k-means is 0.322 and Silhouette value 

computed for Two-step is 0.402. Therefore, Two-step shows that it produces better clustering 

result than k-means. 

 

2.3.5 Result 

Two-Step clustering algorithm with 7 inputs is applied. These inputs include NoLogement, 

which refers to household, NoType, which refers to the type of lighting appliances, 

DayOfWeek, IncomeCategory, LivingAreaCategory, InsideTemperatureCategory and the 

Energy. The cluster model summary in Figure 5 indicates that the resulted cluster model 

achieves a fair partition of the data, as the Silhouette value is more than 0.4. 

 

Figure 5: Cluster Model Summary 

Figure 6 shows the cluster sizes for each cluster. Cluster 7 is the smallest cluster and its size 

is amounts to 1.8% of the entire dataset. While Cluster 3 is the largest cluster and its size is of 

14.8% of the entire dataset. 
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Figure 6: Cluster Sizes 



  

 17 

 

 

 

Figure 7: Cluster details 
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Figure 7 shows the details of all the clusters with respect to each input such as DayOfWeek, 

Energy, IncomeCategory, InsideTemperatureCategory, LivingAreaCategory, NoLogement 

and NoType. For each cluster, it shows the most frequent values found if the value is 

categorical or the distribution if the value is continuous. 

 The mean energy in Cluster 1 is 1.09. Two households belong to cluster 1. All 

households have income in the range of 42000 SEK or higher. The most frequent 

category of InsideTemperatureCategory in this cluster is 22-24 degree Celsius, while 

the most frequent LivingAreaCategory is that of greater than 125 square units. The 

most frequent types of lighting appliance in this cluster are Living room (Total count 

= 12648), Bedroom (Total count = 10489), Hall (Total count = 8184), Bathroom 

(Total count = 3720) and Kitchen (Total count = 3270). Table 5 shows the distribution 

of different lighting appliance types in descending order.  

 Table 5: Different appliance type in Cluster 1 

NoType Appliance Type Count NoType Appliance Type Count 

1000 Kitchen 1_1  2232 1064 Store room 1_1 744 

1016 Living room 1_1 2232 1097 Bedroom 1_2 744 

1017 Living room 1_2 2232 1106 Bedroom 2_3 744 

1018 Living room 1_3 2232 1110 Bedroom 3_2 744 

1019 Living room 1_4 2232 1004 Kitchen 1_5 744 

1042 Hall 1_1 2232 1032 Office 1_1 744 

1104 Bedroom 2_1 2232 1033 Office 1_2 744 

1105 Bedroom 2_2 2232 1069 TV room 1_1 744 

1109 Bedroom 3_1 1561 1070 TV room 1_2 744 

1020 Living room 1_5 1488 1071 TV room 1_3 744 

1043 Hall 1_2 1488 1098 Bedroom 1_3 744 

1048 WC 1_1 1488 1113 Outside 1_2 744 

1052 Bathroom 1_1 1488 1065 Store room 2_1 744 

1053 Bathroom 1_2 1488 1079 Store room 2_2 744 

1096 Bedroom 1_1 1488 1111 Bedroom 3_3 744 

1112 Outside 1_1 1488 1141 Hall 3_1 744 

1138 Hall 2_1 1488 1022 Living room 1_7 744 

1139 Hall 2_2 1488 1050 WC 2_1 744 

1144 Laundry 1_1 1488 1099 Bedroom 1_4 744 

1021 Living room 1_6 1488 1049 WC 1_2 744 

1066 Washing room 1_1 1488 1134 Stairs 2_1 744 

1128 Stairs 1_1 1488 1135 Hall 2_4 744 
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1140 Hall 2_3 1488 1137 Hall 4_2 744 

1003 Kitchen 1_4 744 1143 Hall 4_1 744 

   

1056 Bathroom 2_1 744 

Figure 8 shows the plot of different appliance types in Cluster 1. The bars highlighted in pink 

show the overall distribution of all the types of lighting appliance in the whole population and 

the bars in red present the distribution of all the types of lighting appliance in Cluster 1. 

 

Figure 8: Distribution of different types of appliance in Cluster 1 

As shown in Figure 9, the most frequent category in Cluster 1 is Thursday (16.1%) and 

Friday (16.1%). 

 

Figure 9: Day of Week distribution in Cluster 1 
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 The mean energy in Cluster 2 is 1.07. Four households belong to cluster 2, with an 

IncomeCategory range of 42000 SEK or higher, an InsideTemperatureCategory range 

of 22-24 degree Celsius, and a LivingAreaCategory of 75-100 square units range. 

Based on table 4, the most frequent type of appliances in Cluster 2 is Bedroom (Total 

count = 18595). Besides that, Living room (Total count = 11158), Hall (Total count = 

8182), and TV room (Total count = 8952) are the next most common type found in 

this cluster. Table 6 shows the distribution of different lighting appliance types in 

descending order. 

Table 6: Distribution of different appliance type in Cluster 2 

NoType Appliance Type Count 
NoTy

pe 
Appliance Type Count 

1000 Kitchen 1_1 2975 1107 Bedroom 2_4 744 

1016 Living room 1_1 2975 1109 Bedroom 3_1 744 

1017 Living room 1_2 2975 1144 Laundry 1_1 744 

1042 Hall 1_1 2975 1021 Living room 1_6 744 

1052 Bathroom 1_1 2975 1128 Stairs 1_1 744 

1064 Store room 1_1 2975 1068 Store room 1_2 744 

1096 Bedroom 1_1 2975 1141 Hall 3_1 744 

1104 Bedroom 2_1 2975 1050 WC 2_1 744 

1069 TV room 1_1 2975 1134 Stairs 2_1 744 

1048 WC 1_1 2231 1044 Hall 1_3 744 

1097 Bedroom 1_2 2231 1046 Hall 1_4 744 

1106 Bedroom 2_3 2231 1067 Washing room 1_2 744 

1112 Outside 1_1 2231 1075 TV room 1_5 744 

1138 Hall 2_1 2231 1192 Bedroom 4_1 744 

1070 TV room 1_2 2231 1193 Bedroom 4_2 744 

1018 Living room 1_3 1488 1194 Bedroom 4_3 744 

1019 Living room 1_4 1488 1056 Bathroom 2_1 744 

1020 Living room 1_5 1488 1057 Bathroom 2_2 744 

1043 Hall 1_2 1488 1142 Hall 3_2 744 

1066 Washing room 1_1 1488 1150 Sauna 1_1 744 

1072 TV room 1_4 1488 1037 Garage 1_1 743 

1032 Office 1_1 1487 1139 Hall 2_2 743 

1071 TV room 1_3 1487 1033 Office 1_2 743 

1098 Bedroom 1_3 1487 1113 Outside 1_2 743 

1003 Kitchen 1_4 744 1065 Store room 2_1 743 
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1053 Bathroom 1_2 744 1049 WC 1_2 743 

1105 Bedroom 2_2 744 1115 Outside 1_3 743 

Figure 10 shows the plot of different appliance types in Cluster 2. The bars highlighted in 

pink show the overall distribution of all the types of lighting appliance in the whole 

population and the bars in red present the distribution of all the types of lighting appliance in 

Cluster 2. 

 

Figure 10: Plot of distribution of different appliances type in Cluster 2 

Figure 11 below shows that Thursday is the most frequent category with 15.2% in Cluster 2. 
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Figure 11: Distribution of Day of week in Cluster 2 

 The mean value of Energy in Cluster 3 is 0.69. Four households belong to cluster 3. 

All households belong to IncomeCategory of 42000 SEK or higher, 

InsideTemperatureCategory range of 20-22 degree Celsius and LivingAreaCategory 

of greater than 125 square units. The most frequent types of appliance are Living 

room (Total count = 21553), Bedroom (Total Count = 12634), Bathroom (Total count 

= 9661), Kitchen (Total count = 4461) and TV room (Total count = 4460). Table 7 

shows the distribution of different lighting appliance types in descending order. 

Table 7: Distribution of different types of appliances in Cluster 3 

NoType Appliance Type 
Cou

nt 

NoTyp

e 
Appliance Type Count 

1003 Kitchen 1_4 2973 1128 Stairs 1_1 1487 

1016 Living room 1_1 2973 1105 Bedroom 2_2 1486 

1017 Living room 1_2 2973 1144 Laundry 1_1 1486 

1018 Living room 1_3 2973 1098 Bedroom 1_3 1486 

1020 Living room 1_5 2973 1022 Living room 1_7 1486 

1040 Entry 1_1 2973 1057 Bathroom 2_2 1486 

1052 Bathroom 1_1 2973 1037 Garage 1_1 744 

1096 Bedroom 1_1 2973 1048 WC 1_1 744 

1112 Outside 1_1 2973 1004 Kitchen 1_5 744 

1021 Living room 1_6 2973 1005 Kitchen 1_6 744 

1033 Office 1_2 2973 1035 Office 1_4 744 
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1032 Office 1_1 2972 1036 Office 1_5 744 

1000 Kitchen 1_1 2230 1054 Bathroom 1_3 744 

1019 Living room 1_4 2230 1043 Hall 1_2 743 

1097 Bedroom 1_2 2230 1106 Bedroom 2_3 743 

1104 Bedroom 2_1 2230 1107 Bedroom 2_4 743 

1034 Office 1_3 2230 1113 Outside 1_2 743 

1042 Hall 1_1 2229 1145 Laundry 1_2 743 

1176 Guest room 1_1 2229 1023 Living room 1_8 743 

1177 Guest room 1_2 2229 1024 Living room 1_9 743 

1056 Bathroom 2_1 2229 1041 Entry 1_2 743 

1053 Bathroom 1_2 1487 1099 Bedroom 1_4 743 

1064 Store room 1_1 1487 1067 Washing room 1_2 743 

1073 Wardrob 1_1 1487 1115 Outside 1_3 743 

1066 Washing room 1_1 1487 1178 Guest room 1_3 743 

1069 TV room 1_1 1487 1025 Living room 1_10 743 

1070 TV room 1_2 1487 1026 Living room 1_11 743 

1071 TV room 1_3 1487 1151 Dressing 1_1 743 

1072 TV room 1_4 1487 1207 Entry 1_3 743 

Figure 12 shows the plot of different appliance types in Cluster 3. The bars highlighted in 

pink show the overall distribution of all the types of lighting appliance in the whole 

population and the bars in red present the distribution of all the types of lighting appliance in 

Cluster 3. 
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Figure 12: Distribution of different types of appliances in Cluster 3 

As shown in Figure 13 below, Saturday (14.7%) is the most frequent category in Cluster 3. 

 

Figure 13: Distribution of day of week in Cluster 3 

 Cluster 4 has a mean Energy of 1.57. This cluster consists of two households with 

InsideTemperatureCategory of 20-22 degree Celsius, LivingAreaCategory of 75-100 

square units. The most frequent types of appliance in Cluster 4 are Bedroom with 

Total count of 14136. In addition, other common types of appliance in cluster 4 are 

Living room (Total count = 8928), Hall (Total count = 5952), Storeroom (Total count 



  

 25 

= 5208), Kitchen (Total count = 2976) and Bathroom (Total count = 2232). Table 8 

shows the distribution of different lighting appliance types in descending order. 

Table 8: Types of appliance in Cluster 4 

NoType Appliance  Type Count 
NoTyp

e 
Appliance Type Count 

1000 Kitchen 1_1 1488 1141 Hall 3_1 1488 

1016 Living room 1_1 1488 1146 Store room 3_1 1488 

1017 Living room 1_2 1488 1003 Kitchen 1_4 744 

1018 Living room 1_3 1488 1048 WC 1_1 744 

1019 Living room 1_4 1488 1073 Wardrob 1_1 744 

1020 Living room 1_5 1488 1106 Bedroom 2_3 744 

1042 Hall 1_1 1488 1112 Outside 1_1 744 

1052 Bathroom 1_1 1488 1144 Laundry 1_1 744 

1064 Store room 1_1 1488 1004 Kitchen 1_5 744 

1096 Bedroom 1_1 1488 1005 Kitchen 1_6 744 

1097 Bedroom 1_2 1488 1066 Washing room 1_1 744 

1104 Bedroom 2_1 1488 1128 Stairs 1_1 744 

1105 Bedroom 2_2 1488 1113 Outside 1_2 744 

1109 Bedroom 3_1 1488 1176 Guest room 1_1 744 

1110 Bedroom 3_2 1488 1177 Guest room 1_2 744 

1138 Hall 2_1 1488 1079 Store room 2_2 744 

1139 Hall 2_2 1488 1129 Stairs 1_2 744 

1021 Living room 1_6 1488 1099 Bedroom 1_4 744 

1098 Bedroom 1_3 1488 1056 Bathroom 2_1 744 

1065 Store room 2_1 1488 1122 Bedroom 3_4 744 

1111 Bedroom 3_3 1488 1032 Office 1_1 1 

Figure 14 shows the plot of different appliance types in Cluster 4. The bars highlighted in 

pink show the overall distribution of all the types of lighting appliance in the whole 

population and the bars in red present the distribution of all the types of lighting appliance in 

Cluster 4. 
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Figure 14: Distribution of different appliance type in Cluster 4 

As shown in Figure 15, Friday (16.1%) is the most frequent category in Cluster 4. 

 

Figure 15: Distribution of day of week in Cluster 4 

 Cluster 5 has a mean Energy value of 0.56. Four households belong to cluster 5. All of 

them have IncomeCategory in the range of 25001-33000 SEK, LivingAreaCategory 

of more than 75 square units, and InsideTemperatureCategory varying between 20 

and 24 degree Celsius. The most frequent types of appliance are Living room (Total 
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count = 18582) and Bedroom (Total count = 14866). Other than that are Hall (Total 

count = 7434), Kitchen (Total count = 7431), TV room (Total count = 5944), Guest 

room (Total count = 4461), Bathroom (Total count = 4459) and Storeroom (Total 

count = 2972). Table 9 shows the distribution of different lighting appliance types in 

descending order. 

Table 9: Different types of appliance in Cluster 5 

NoType Appliance Type Count NoType Appliance Type Count 

1000 Kitchen 1_1 2973 1105 Bedroom 2_2 1486 

1016 Living room 1_1 2973 1004 Kitchen 1_5 1486 

1017 Living room 1_2 2973 1069 TV room 1_1 1486 

1018 Living room 1_3 2973 1070 TV room 1_2 1486 

1042 Hall 1_1 2973 1071 TV room 1_3 1486 

1043 Hall 1_2 2973 1113 Outside 1_2 1486 

1052 Bathroom 1_1 2973 1048 WC 1_1 744 

1096 Bedroom 1_1 2973 1138 Hall 2_1 744 

1097 Bedroom 1_2 2973 1139 Hall 2_2 744 

1112 Outside 1_1 2973 1100 Bedroom 1_5 744 

1032 Office 1_1 2973 1101 Bedroom 1_6 744 

1033 Office 1_2 2973 1160 Living room 2_1 744 

1020 Living room 1_5 2230 1178 Guest room 1_3 744 

1021 Living room 1_6 2230 1040 Entry 1_1 743 

1098 Bedroom 1_3 2230 1106 Bedroom 2_3 743 

1176 Guest room 1_1 2230 1144 Laundry 1_1 743 

1019 Living room 1_4 2229 1005 Kitchen 1_6 743 

1034 Office 1_3 2229 1035 Office 1_4 743 

1177 Guest room 1_2 1487 1066 Washing room 1_1 743 

1022 Living room 1_7 1487 1072 TV room 1_4 743 

1099 Bedroom 1_4 1487 1065 Store room 2_1 743 

1003 Kitchen 1_4 1486 1068 Store room 1_2 743 

1053 Bathroom 1_2 1486 1023 Living room 1_8 743 

1064 Store room 1_1 1486 1115 Outside 1_3 743 

1104 Bedroom 2_1 1486 1006 Kitchen 1_7 743 

Figure 16 shows the plot of different appliance types in Cluster 5. The bars highlighted in 

pink show the overall distribution of all the types of lighting appliance in the whole 
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population and the bars in red present the distribution of all the types of lighting appliance in 

Cluster 5. 

 

Figure 16: Different type of appliance in Cluster 5 

As shown in Figure 17 below, the most frequent day of week in cluster 5 is Saturday (15.2%). 

 

Figure 17: Distribution of Day of Week in cluster 5 

 In cluster 6, the mean Energy is 0.93. Three households belong to cluster 6. All 

households belong to InsideTemperatureCategory of less than 20 degree Celsius, 

62.7% of LivingAreaCategory is of greater than 125 square units, and 66.7% of 
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IncomeCategory is of 42000 SEK or higher. The most frequent type is Bedroom with 

Total count of 13392. Other common appliance types are Living Room, Kitchen, 

Storeroom, Hall, Guest room, office, Workroom and Studio. Table 10 shows the 

distribution of different lighting appliance types in descending order. 

Table 10: Different types of appliance in Cluster 6 

NoTy

pe 
Appliance Type Count NoType Appliance Type Count 

1000 Kitchen 1_1 2232 1110 Bedroom 3_2 744 

1003 Kitchen 1_4 2232 1144 Laundry 1_1 744 

1016 Living room 1_1 2232 1033 Office 1_2 744 

1017 Living room 1_2 2232 1069 TV room 1_1 744 

1018 Living room 1_3 2232 1070 TV room 1_2 744 

1042 Hall 1_1 2232 1128 Stairs 1_1 744 

1052 Bathroom 1_1 2232 1113 Outside 1_2 744 

1064 Store room 1_1 2232 1145 Laundry 1_2 744 

1096 Bedroom 1_1 2232 1065 Store room 2_1 744 

1097 Bedroom 1_2 2232 1068 Store room 1_2 744 

1098 Bedroom 1_3 2232 1176 Guest room 1_1 744 

1040 Entry 1_1 1488 1184 Workroom 1_1 744 

1048 WC 1_1 1488 1185 Workroom 1_2 744 

1104 Bedroom 2_1 1488 1186 Workroom 1_3 744 

1105 Bedroom 2_2 1488 1099 Bedroom 1_4 744 

1109 Bedroom 3_1 1488 1038 Garage 1_2 744 

1112 Outside 1_1 1488 1056 Bathroom 2_1 744 

1138 Hall 2_1 1488 1179 Reading room 1_1 744 

1032 Office 1_1 1488 1180 Reading room 1_2 744 

1019 Living room 1_4 744 1181 Reading room 1_3 744 

1037 Garage 1_1 744 1208 Studio 1_1 744 

1073 Wardrob 1_1 744 1209 Studio 1_2 744 

1106 Bedroom 2_3 744 
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Figure 18 shows the plot of different appliance types in Cluster 6. The bars highlighted in 

pink show the overall distribution of all the types of lighting appliance in the whole 

population and the bars in red present the distribution of all the types of lighting appliance in 

Cluster 6. 

 

Figure 18: Different types of appliance in Cluster 6 

As shown in Figure 19, the most frequent category of DayOfWeek in cluster 6 is Friday 

(14.9%). 
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Figure 19: Distribution of day of week in Cluster 6 

 

 In cluster 7, the mean Energy is 0.04. One household belongs to cluster 7 with 

IncomeCategory of 42000 SEK or higher, InsideTemperature of 24–26 degree Celsius 

and LivingAreaCategory of smaller than 75 square units. The common types are 

Living room (Total count = 1488), Kitchen (Total count = 1488), Bathroom (Total 

count = 1488) and Office (Total count = 1488). Table 11 shows the distribution of 

different lighting appliance types in descending order. 

Table 11: Different type of appliance in Cluster 7 

NoType Appliance Type Count 

1003 Kitchen 1_4 744 

1016 Living room 1_1 744 

1018 Living room 1_3 744 

1042 Hall 1_1 744 

1048 WC 1_1 744 

1052 Bathroom 1_1 744 

1053 Bathroom 1_2 744 

1064 Store room 1_1 744 

1096 Bedroom 1_1 744 

1004 Kitchen 1_5 744 

1032 Office 1_1 744 

1033 Office 1_2 744 
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1066 Washing room 1_1 744 

1224 Cellar 1_1 744 

1138 Hall 2_1 737 

Figure 20 shows the plot of different appliance types in Cluster 7. The bars highlighted in 

pink show the overall distribution of all the types of lighting appliance in the whole 

population and the bars in red present the distribution of all the types of lighting appliance in 

Cluster 7. 

 

Figure 20: Different types of appliance in Cluster 7 

The most frequent day of week in Cluster 7 is also Friday (16.1%) as shown in Figure 21. 
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Figure 21: Distribution of Day Of Week in Cluster 7 

 In cluster 8, the mean Energy is 0.86. One household belongs to cluster 8 with the 

IncomeCategory of 33001-42000 SEK, InsideTemperature of smaller than 22-24 

degree Celsius and LivingAreaCategory from 100 to greater than 125 square units. 

The most frequent types are Outside (Total count = 4458), Bedroom (Total count = 

4458), Living room (Total count = 3715) and TV room (Total count = 3715). Table 

12 shows the distribution of different lighting appliance types in descending order. 

Table 12: Different types of appliance in Cluster 8 

NoType Appliance Type Count NoType Appliance Type Count 

1000 Kitchen 1_1 743 1034 Office 1_3 743 

1016 Living room 1_1 743 1066 Washing room 1_1 743 

1017 Living room 1_2 743 1069 TV room 1_1 743 

1018 Living room 1_3 743 1070 TV room 1_2 743 

1019 Living room 1_4 743 1071 TV room 1_3 743 

1020 Living room 1_5 743 1072 TV room 1_4 743 

1037 Garage 1_1 743 1098 Bedroom 1_3 743 

1042 Hall 1_1 743 1113 Outside 1_2 743 

1043 Hall 1_2 743 1176 Guest room 1_1 743 



  

 34 

1052 Bathroom 1_1 743 1177 Guest room 1_2 743 

1053 Bathroom 1_2 743 1099 Bedroom 1_4 743 

1064 Store room 1_1 743 1067 Washing room 1_2 743 

1096 Bedroom 1_1 743 1075 TV room 1_5 743 

1097 Bedroom 1_2 743 1056 Bathroom 2_1 743 

1105 Bedroom 2_2 743 1057 Bathroom 2_2 743 

1106 Bedroom 2_3 743 1115 Outside 1_3 743 

1112 Outside 1_1 743 1116 Outside 1_4 743 

1032 Office 1_1 743 1117 Outside 1_5 743 

1033 Office 1_2 743 1118 Outside 1_6 743 

Figure 22 shows the plot of different appliance types in Cluster 8. The bars highlighted in 

pink show the overall distribution of all the types of lighting appliance in the whole 

population and the bars in red present the distribution of all the types of lighting appliance in 

Cluster 8. 

 

Figure 22: Different types of appliance in Cluster 8 

As shown in Figure 23, the most frequent category in cluster 8 is Thursday (15.3%). 
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Figure 23: Distribution of day of week in cluster 8 

 In cluster 9, the mean Energy is 0.64. One household belongs to cluster 9 with the 

IncomeCategory of 33001-42000 SEK, InsideTemperature of 20-22 degree Celsius 

and LivingAreaCategory of greater than 125 square units. The most frequent type is 

Bedroom (Total count = 6687). Table 13 shows the distribution of different lighting 

appliance types in descending order. 

Table 13: Different type of appliances in Cluster 9 

NoTy

pe 
Appliance Type Count NoType Appliance Type Count 

1000 Kitchen 1_1 743 1112 Outside 1_1 743 

1003 Kitchen 1_4 743 1004 Kitchen 1_5 743 

1016 Living room 1_1 743 1005 Kitchen 1_6 743 

1017 Living room 1_2 743 1032 Office 1_1 743 

1018 Living room 1_3 743 1033 Office 1_2 743 

1037 Garage 1_1 743 1054 Bathroom 1_3 743 

1040 Entry 1_1 743 1098 Bedroom 1_3 743 

1048 WC 1_1 743 1065 Store room 2_1 743 

1052 Bathroom 1_1 743 1176 Guest room 1_1 743 

1053 Bathroom 1_2 743 1111 Bedroom 3_3 743 

1064 Store room 1_1 743 1146 Store room 3_1 743 

1096 Bedroom 1_1 743 1050 WC 2_1 743 
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1097 Bedroom 1_2 743 1049 WC 1_2 743 

1104 Bedroom 2_1 743 1038 Garage 1_2 743 

1105 Bedroom 2_2 743 1150 Sauna 1_1 743 

1106 Bedroom 2_3 743 1154 Play room 1_1 743 

1109 Bedroom 3_1 743 1155 Play room 1_2 743 

1110 Bedroom 3_2 743 1156 Play room 1_3 743 

Figure 24 shows the plot of different appliance types in Cluster 9. The bars highlighted in 

pink show the overall distribution of all the types of lighting appliance in the whole 

population and the bars in red present the distribution of all the types of lighting appliance in 

Cluster 9. 

 

Figure 24: Different type of appliance in Cluster 9 

As shown in Figure 25, Thursday (16.2%) is the most frequent category of DayOfWeek in 

cluster 9. 
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Figure 25: Distribution of day of week in cluster 9 

 In cluster 10, the mean Energy is 0.18. Two households belong to cluster 10 with 

IncomeCategory of 33001-42000 SEK, LivingAreaCategory of 100 - 125 square units 

and InsideTemperature of 24-26 degree Celsius. The most frequent types are 

Bedroom (Total count = 10343), Living room (Total count = 6696), Dining room 

(Total count = 3720) and TV room (Total count = 2976). Table 14 shows the 

distribution of different lighting appliance types in descending order. 

Table 14: Different type of appliance in Cluster 10 

NoTy

pe 
Appliance Type Count NoType Appliance Type Count 

1000 Kitchen 1_1 1488 1004 Kitchen 1_5 744 

1040 Entry 1_1 1488 1021 Living room 1_6 744 

1042 Hall 1_1 1488 1034 Office 1_3 744 

1048 WC 1_1 1488 1069 TV room 1_1 744 

1052 Bathroom 1_1 1488 1070 TV room 1_2 744 

1064 Store room 1_1 1488 1071 TV room 1_3 744 

1096 Bedroom 1_1 1488 1072 TV room 1_4 744 

1110 Bedroom 3_2 1488 1065 Store room 2_1 744 

1138 Hall 2_1 1488 1080 Dining room 1_1 744 

1032 Office 1_1 1488 1111 Bedroom 3_3 744 

1033 Office 1_2 1488 1129 Stairs 1_2 744 

1128 Stairs 1_1 1488 1146 Store room 3_1 744 

1098 Bedroom 1_3 1488 1022 Living room 1_7 744 
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1109 Bedroom 3_1 1415 1023 Living room 1_8 744 

1003 Kitchen 1_4 744 1024 Living room 1_9 744 

1016 Living room 1_1 744 1184 Workroom 1_1 744 

1017 Living room 1_2 744 1185 Workroom 1_2 744 

1018 Living room 1_3 744 1186 Workroom 1_3 744 

1019 Living room 1_4 744 1041 Entry 1_2 744 

1020 Living room 1_5 744 1050 WC 2_1 744 

1053 Bathroom 1_2 744 1081 Dining room 1_2 744 

1097 Bedroom 1_2 744 1082 Dining room 1_3 744 

1104 Bedroom 2_1 744 1083 Dining room 1_4 744 

1105 Bedroom 2_2 744 1084 Dining room 1_5 744 

1106 Bedroom 2_3 744 1099 Bedroom 1_4 744 

1144 Laundry 1_1 744 

   
Figure 26 shows the plot of different appliance types in Cluster 10. The bars highlighted in 

pink show the overall distribution of all the types of lighting appliance in the whole 

population and the bars in red present the distribution of all the types of lighting appliance in 

Cluster 10.  

 

Figure 26: Distribution of different appliance type in Cluster 10 

The most frequent category in cluster 10 is Friday (16.1%) as shown in Figure 27. 
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Figure 27: Distribution of day of week in cluster 10 

 In cluster 11, the mean of energy is 1.33. One household belong to cluster 11 in the 

IncomeCategory of 33001-42000 SEK, TemperatureCategory of 20-22 degree Celsius 

and LivingAreaCategory of 100-125 square units. The most frequent types are Living 

room with Total count of 5492, Bedroom and Outside with Total count of 2688. Table 

15 shows the distribution of different lighting appliance types in descending order. 

Table 15: Different types of appliance in Cluster 11 

NoType Appliance Type Count NoType Appliance Type Count 

1042 Hall 1_1 679 1035 Office 1_4 672 

1040 Entry 1_1 677 1128 Stairs 1_1 672 

1032 Office 1_1 673 1098 Bedroom 1_3 672 

1017 Living room 1_2 672 1113 Outside 1_2 672 

1018 Living room 1_3 672 1065 Store room 2_1 672 

1019 Living room 1_4 672 1176 Guest room 1_1 672 

1020 Living room 1_5 672 1177 Guest room 1_2 672 

1043 Hall 1_2 672 1079 Store room 2_2 672 

1048 WC 1_1 672 1022 Living room 1_7 672 

1052 Bathroom 1_1 672 1023 Living room 1_8 672 

1064 Store room 1_1 672 1024 Living room 1_9 672 

1096 Bedroom 1_1 672 1099 Bedroom 1_4 672 

1097 Bedroom 1_2 672 1115 Outside 1_3 672 
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1112 Outside 1_1 672 1116 Outside 1_4 672 

1144 Laundry 1_1 672 1117 Outside 1_5 672 

1021 Living room 1_6 672 1183 Guest room 1_5 672 

1033 Office 1_2 672 1016 Living room 1_1 116 

1034 Office 1_3 672 1138 Hall 2_1 7 

Figure 28 shows the plot of different appliance types in Cluster 11. The bars highlighted in 

pink show the overall distribution of all the types of lighting appliance in the whole 

population and the bars in red present the distribution of all the types of lighting appliance in 

Cluster 11. 

 

Figure 28: Distribution of different appliance type in cluster 11 

The most frequent category of day of week in cluster 11 is Thursday (16.1%) as shown in 

Figure 29. 



  

 41 

 

Figure 29: Distribution of day of week in cluster 11 

 In cluster 12, the mean energy is 0.55. Three households belong to cluster 12 with 

IncomeCategory of 42000 SEK or higher, 68.1% of items of InsideTemperature in the 

range of 20-22 degree Celsius and LivingAreaCategory of 100-125 square units. The 

most frequent types are Living room (Total count = 12460), Bedroom (Total count = 

11977), and Hall (Total count = 11160). Table 16 shows the distribution of different 

lighting appliance types in descending order. 

Table 16: Different types of appliance in Cluster 12 

NoTy

pe 
Appliance Type Count NoType Appliance Type Count 

1000 Kitchen 1_1 2904 1097 Bedroom 1_2 744 

1016 Living room 1_1 2788 1106 Bedroom 2_3 744 

1017 Living room 1_2 2232 1110 Bedroom 3_2 744 

1018 Living room 1_3 2232 1004 Kitchen 1_5 744 

1019 Living room 1_4 2232 1032 Office 1_1 744 

1042 Hall 1_1 2232 1033 Office 1_2 744 

1104 Bedroom 2_1 2232 1069 TV room 1_1 744 

1105 Bedroom 2_2 2232 1070 TV room 1_2 744 

1109 Bedroom 3_1 1561 1071 TV room 1_3 744 

1020 Living room 1_5 1488 1098 Bedroom 1_3 744 

1043 Hall 1_2 1488 1113 Outside 1_2 744 
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1048 WC 1_1 1488 1065 Store room 2_1 744 

1052 Bathroom 1_1 1488 1079 Store room 2_2 744 

1053 Bathroom 1_2 1488 1111 Bedroom 3_3 744 

1096 Bedroom 1_1 1488 1141 Hall 3_1 744 

1112 Outside 1_1 1488 1022 Living room 1_7 744 

1138 Hall 2_1 1488 1050 WC 2_1 744 

1139 Hall 2_2 1488 1099 Bedroom 1_4 744 

1144 Laundry 1_1 1488 1049 WC 1_2 744 

1021 Living room 1_6 1488 1134 Stairs 2_1 744 

1066 Washing room 1_1 1488 1135 Hall 2_4 744 

1128 Stairs 1_1 1488 1137 Hall 4_2 744 

1140 Hall 2_3 1488 1143 Hall 4_1 744 

1003 Kitchen 1_4 744 1056 Bathroom 2_1 744 

1064 Store room 1_1 744 

   
Figure 30 shows the plot of different appliance types in Cluster 12. The bars highlighted in 

pink show the overall distribution of all the types of lighting appliance in the whole 

population and the bars in red present the distribution of all the types of lighting appliance in 

Cluster 12. 

 

Figure 30: Different types of appliance in Cluster 12 

The most frequent category of day of week in cluster 12 is Thursday (16.1%) as shown in 

Figure 31. 
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Figure 31: Distribution of day of week in cluster 12 

 In cluster 13, the mean energy is 0.29. Two households belong to cluster 13 with an 

IncomeCategory of 42000 SEK or higher, 50% of the items with InsideTemperature 

of greater than 26 degree Celsius and LivingAreaCategory of 100-125 square units. 

The most frequent types are Living room (Total count = 5208) and Storeroom (Total 

count = 4464). Table 17 shows the distribution of different lighting appliance types in 

descending order. 

Table 17: Different types of appliances in Cluster 13 

NoType Appliance  Type Count NoType Appliance Type Count 

1000 Kitchen 1_1 1488 1138 Hall 2_1 744 

1016 Living room 1_1 1488 1144 Laundry 1_1 744 

1017 Living room 1_2 1488 1032 Office 1_1 744 

1018 Living room 1_3 1488 1033 Office 1_2 744 

1052 Bathroom 1_1 1488 1034 Office 1_3 744 

1064 Store room 1_1 1488 1113 Outside 1_2 744 

1096 Bedroom 1_1 1488 1145 Laundry 1_2 744 

1097 Bedroom 1_2 1488 1068 Store room 1_2 744 

1112 Outside 1_1 1488 1077 Store room 1_3 744 

1098 Bedroom 1_3 1488 1080 Dining room 1_1 744 

1065 Store room 2_1 1488 1176 Guest room 1_1 744 

1042 Hall 1_1 1481 1177 Guest room 1_2 744 
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1003 Kitchen 1_4 744 1041 Entry 1_2 744 

1019 Living room 1_4 744 1038 Garage 1_2 744 

1037 Garage 1_1 744 1188 Audio room 1_1 744 

1043 Hall 1_2 744 1189 Audio room 1_2 744 

1048 WC 1_1 744 1199 Vine cellar 1_1 744 

1053 Bathroom 1_2 744 1040 Entry 1_1 739 

Figure 32 shows the plot of different appliance types in Cluster 13. The bars highlighted in 

pink show the overall distribution of all the types of lighting appliance in the whole 

population and the bars in red present the distribution of all the types of lighting appliance in 

Cluster 13.  

 

Figure 32: Different types of appliances in Cluster 13 

Figure 33 shows that Thursday is the most frequent category in this cluster. 
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Figure 33: Distribution of Day of Week in Cluster 13 

2.3.6 Discussion of results 

So far, there are six behaviour patterns observed from analyzing lighting data measured in 

detached-houses.  

First, the size of the living area is an important factor that determines the total number of 

lighting appliance types installed in the households. As shown in Figure 34, households with 

larger size of living area have more lighting appliance types installed. 

 

Figure 34: Correlation between the number of appliance types for lighting and Living Area size 
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Second, the energy consumption is related to the number of rooms to be lit or occupied by the 

members of the households. The result above shows that each cluster has a different 

distribution for each type of lighting appliance. Some appliances are used with higher 

frequency than others because a large number of lighting appliances will usually be off due to 

being located in an unused living area, living area that is not used frequently or living area 

that is only used for special events such as guestroom. Figure 35 shows the relationship 

between the number of lighting appliances and the mean value of energy in 13 clusters. It 

shows that the number of appliance types is less in cluster 4 and cluster 11; yet, both clusters 

have the highest mean value of energy. Therefore, the number of lighting appliance types 

might not be a very good factor that reflects the electricity usage for lighting. 

 

Figure 35: Total number of lighting appliances vs. Mean of energy 

Third, it is likely for inhabitants in large households to share the energy usage through co-

usage thus reducing the energy usage per person in large households. For example, a 

particular room such as the Hall requires a certain amount of energy consumption for 

lighting. This amount remains unchanged even if the number of co-inhabitants increases. 

Thus, the amount of energy consumption does not necessarily increase proportionally to the 

number of inhabitants in the households. However, households with many inhabitants might 

spend more hours in their households, thus increasing the energy needed for lighting 

respectively. Regarding this matter, a smaller household may make up for the co-usage 

behaviour observed in the larger households by having less lighting appliance types or 

turning off the light in unused rooms. That explains why cluster 7 with the size of two 

inhabitants uses less energy than cluster 4 with the size of four inhabitants. 

Fourth, by examining the types of lighting appliance with the measured value of energy in 

each cluster, we could find out the types of lighting appliance that are more energy efficient. 

For example, in cluster 6 and cluster 7, the lighting at the Hall (NoType=1042 in cluster 6 

and NoType=1138 in cluster 7) used more electricity than other types. It might be due to 

different kinds of lamp have been used. 
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Figure 36: NoType vs. Energy Usage in Cluster 6 

 

Figure 37: NoType vs. Energy Usage in Cluster 7 

Fifth, the types of appliance used in each household can also help identify the different 

households’ preferences or choices of activity. For example, some households will prefer 

spending time in the TV room to the Reading room, as they consume more lighting in the TV 

room while other household uses more lighting for Reading room. For example in Cluster 6, 

the reading room has 744 counts more than the TV room. Cluster 4 and 7 do not have 

appliance type for TV room. 

Lastly, Figure 38 shows the overall distribution over a week. We can see the higher demand 

for lighting on Friday, Saturday, Thursday and Wednesday and lower demand on Monday, 

Tuesday and Sunday. 
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Figure 38: Distribution of day of week 

With respect to the result in other papers such as [2], it shows that they obtained the clusters 

using the representative load diagrams and by dealing directly with the measurements power. 

They computed the representative diagram for each cluster for weekends and weekdays for a 

period of one year, by averaging the representative load diagrams of the clients assigned to 

the same cluster. For weekday, they obtained 9 representative load diagrams. For weekend, 

they also obtained 9 representative load diagrams.  

Figure 39 shows the representative load diagram obtained for each cluster, using the 

measurement power directly on weekdays. Each curve presents a cluster that is formed by 

grouping customers with the same consumption pattern. Each curve shows the variation of 

power usage during the day. Three curves out of nine curves show the abnormal behaviour in 

energy consumption.  
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Figure 39: Representative Load Profile for each customer class for workdays 

In the paper [20], the algorithm was run several times. Three was chosen as the optimal 

number of clusters based on the Cluster validity index. The typical load profiles (TLPs) for 

each cluster was obtained by averaging the load diagrams of feeders assigned to the same 

cluster. The TLP for each cluster is illustrated in Figure 40. 

 

Figure 40: TLPs obtained by FCM 

From the result in [2] and [20], some abnormal behaviour can be easily identified by looking 

at the trend of each curve. For example, in [2], there are 3 clusters out of 9 clusters having 

different trend from others and in [20], cluster 3 has different trend from cluster 1 and cluster 

2.  
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However, in both papers, they have only taken the average value of energy consumption into 

consideration, their results do not show the distribution of appliances used in different 

households for each cluster and no information about energy efficiency of different 

appliances can be derived from their results. While, the result presented in this thesis gives a 

good understanding of the distribution of appliances in each cluster and the energy usage of 

different appliances. For example, Figure 36 and Figure 37 show the relationship of different 

appliance types in the households with respect to their energy usage, thus, we could find out 

which appliance type uses the most energy. 

Additionally, in this project, we performed the analysis using only one-month worth of data. 

Therefore, we have no conclusion over the pattern of electricity usage on weekends and 

weekdays. However, the clustering result obtained from Two-Step algorithm shows that the 

demand for electricity is higher on Thursday, Friday and Saturday than the remaining days. 

The demand for electricity on Wednesday is similar to Sunday and lowest demand is spotted 

on Monday. 

The result in this thesis achieved by using IBM SPSS Two-Step clustering algorithm shows a 

fair partition of the data as indicated by Silhouette index. Among the existing data-mining 

tools such as RapidMiner and WEKA, IBM SPSS Two-Step is the only tool that has the 

capability to deal with datasets with mixed numerical and categorical data. The lighting 

dataset used in this thesis contains categorical data such as types of lighting appliance, the 

category of living area, the range of income of the households. In order to apply traditional 

distance-based clustering algorithm such as k-means, these categorical attributes need to be 

converted into numerical values first. Some categorical attributes, for example, category of 

living area and the range of income can be converted into numerical values easily. However, 

categorical attributes like types of lighting appliance cannot be ordered naturally. Two-Step 

clustering algorithm solves this challenge by using log-likelihood to measure the similarity 

for categorical data as well as numerical data. The continuous variables have a normal 

distribution, and categorical variables have a multinomial distribution. The distance between 

two clusters depends on the decrease in the log-likelihood when they are combined into a 

single cluster. Furthermore, the Two-Step clustering algorithm employs the technique in 

BIRCH (Zhang et al. 1996) that requires only one data pass. For large datasets, this feature 

will help increase performance significantly.  

As mentioned earlier, both papers have only used the average value of energy consumption, 

which is a numerical value, as a parameter for clustering algorithms. Thus, they do not 

require a clustering algorithm that has the capability of handling mixed categorical and 

numerical data. 
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3 Conclusion and Future work 

The project has presented how to find the optimal number of clusters in the given energy 

dataset on lighting by executing k-means and Two-Step clustering algorithm with different 

number of clusters in the range of 4 and 20 cluster. The cluster validity indexes were then 

used to make a comparison between the results in each execution. The final optimal number 

of cluster obtained from both algorithms is 13. Furthermore, the project has also illustrated 

how the evaluation of k-means and Two-Step algorithm is done by evaluating clustering 

validity index. Lastly, the clustering result obtained from the Two-Step is also presented and 

discussed.  

Most traditional clustering algorithms focus on the numerical data. However, much of the 

data are categorical and they cannot be naturally grouped as numerical data. Thus, clustering 

categorical data is very much needed in Data-mining operation. Moreover, the Two-Step 

algorithm proves to be the most suitable algorithm for this dataset as it supports both 

numerical and categorical data. 

With regards to further work, we would like to extend the analysis on the lighting dataset for 

detached houses in an interval of one year, together with other lighting dataset for apartment 

in an interval of 1 month and 1 year, as well as energy usage on other types of appliance for 

apartment and detached house in an interval of one month and one year. Analyzing the one-

year dataset, we could find out the pattern of energy usage during weekends, weekdays and 

holidays. 
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5 Appendix A 

Data is supplied in character-delimited files. In the data, columns are separated by semicolons 

(;). The first entry in each file contains the column names.  

 App.csv contains Appliances. Listed here are the different types of room lighting and 

appliances. The file also contains the description and group affiliation of the various 

appliances. 

 HH.csv includes descriptions of the households. 

BCx_y.csv includes measurement tasks from the various building classes (apartment and 

house). Energy is registered in Wh. In CorrectedEnergy field, the value has been corrected 

for seasonal variation. 

The file name refers to x building and metering, while y refers to lighting or appliances as 

follows:  

x has four values 1, 2, 3 and 4. If x is 1, it indicates a 1-month measuring in a detached house. 

If x is 2, it is the 12-month measuring in a detached house. If x is 3, it indicates a 1-month 

measuring in an apartment. Lastly, if x is 4 it indicates a 12-month measuring in an 

apartment. 

Y has two values 1 and 2. If y is 1, it indicates lighting. Otherwise, it indicates appliances. 

 


