
DATA-DRIVEN TECHNIQUES FOR MODELING 
AND ANALYSIS OF USER BEHAVIOR

Christian Nordahl

Blekinge Institute of Technology
Licentiate Dissertation Series No. 2019:15

Department of Computer Science

Our society is becoming more digitalized for each 
day. Now, we are able to gather data from individ-
ual users with higher resolution than ever. With 
the increased amount of data on an individual user 
level, we can analyze their behavior. This is of in-
terest in many different domains, for example ser-
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is used, they have more insight in how they can 
improve. But, it also imposes additional difficulties. 
When we reach the individual user, the irregular-
ities in the regular behavior makes it harder to 
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In this thesis, we explore data-driven techniques 
to model and analyze user behaviors. We aim to 
evaluate existing as well as develop novel technol-
ogies to identify approaches that are suitable for 
use on an individual user level. We use both super-
vised and unsupervised learning methods to model 
the user behavior and evaluate the approaches on 
real world electricity consumption data.

Firstly, we analyze household electricity consump-
tion data and investigate the use of regression 
to model the household’s behavior. We identify 
consumption trends, how data granularity affects 
modeling, and we show that regression is a viable 
approach to model user behavior. Secondly, we use 
clustering analysis to profile individual households 
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pare two dissimilarity measures, how they affect 
the clustering analysis, and we investigate how the 
produced clustering solutions differ. Thirdly, we 
propose a sequential clustering algorithm to mod-
el evolving user behavior. We evaluate the pro-
posed algorithm on electricity consumption data 
and show how the produced model can be used to 
identify and trace changes in the user’s behavior. 
The algorithm is robust to evolving behaviors and 
handles both dynamic and incremental aspects of 
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Abstract

Our society is becoming more digitalized for each day. Now, we are able to
gather data from individual users with higher resolution than ever. With
the increased amount of data on an individual user level, we can analyze
their behavior. This is of interest in many di�erent domains, for example
service providers wanting to improve their service for their customers. If
they know how their service is used, they have more insight in how they
can improve. But, it also imposes additional di�culties. When we reach the
individual user, the irregularities in the regular behavior makes it harder to
model the normal behavior.

In this thesis, we explore data-driven techniques to model and analyze
user behaviors. We aim to evaluate existing as well as develop novel tech-
nologies to identify approaches that are suitable for use on an individual
user level. We use both supervised and unsupervised learning methods to
model the user behavior and evaluate the approaches on real world electricity
consumption data.

Firstly, we analyze household electricity consumption data and investi-
gate the use of regression to model the household’s behavior. We identify
consumption trends, how data granularity a�ects modeling, and we show
that regression is a viable approach to model user behavior. Secondly, we
use clustering analysis to profile individual households in terms of their
electricity consumption. We compare two dissimilarity measures, how they
a�ect the clustering analysis, and we investigate how the produced cluster-
ing solutions di�er. Thirdly, we propose a sequential clustering algorithm
to model evolving user behavior. We evaluate the proposed algorithm on
electricity consumption data and show how the produced model can be used
to identify and trace changes in the user’s behavior. The algorithm is robust
to evolving behaviors and handles both dynamic and incremental aspects of
streaming data.
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Introduction

Data has never been as easy to collect as it is now. The Internet of Things
(IoT) has enabled us to connect devices and helps us to create smarter
environments. With the diverse range of devices that IoT o�ers, we can now
collect data from end-users more easily and reliably than before. This data
gives us opportunities for modeling, monitoring, and tracing user behaviors.
One of the areas that has adopted IoT is the electricity sector. Smart meters,
electricity consumption meters that allow for remote readings, are one type
of IoT devices that has been widely embraced. For example, Sweden has a
100% coverage of smart meters since 2009.

Electricity is an integral part of our daily lives, both for industry and
for domestic usage. Many of our daily domestic tasks include the use of
electricity, including cleaning, cooking, hobbies and many more. Using this
type of data, we can obtain a direct view on how the residents spend their
days. Likewise, we can model the behavior of the residents and use these
models to identify and track changes in their behaviors. One interesting
application is within the health care and specifically elder care systems.
Instead of installing cameras to monitor an elderly resident, this type of
approach would allow for a privacy preserving remote monitoring that can
be used as an initial step of home care for elderly residents.

1.1 Scope
In this thesis we focus on modeling and analyzing users’ behaviors by
using information about their electricity consumption. We are particularly
interested in modeling electricity consumption behaviors of single households.
Our interests are motivated by the close relationship between the electricity
consumption and daily activities performed in a household. This is an
interesting and challenging task since the minor changes usually have a
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1. Introduction

larger e�ect on a single household than at the community level. For example,
if a household resident oversleeps one day, such a thing is easily reflected in
the electricity consumption data and has to be addressed. Compared to a
community of households, if one out of many residents oversleeps, there will
be a much smaller e�ect on the total electricity consumption.

While we mention the application of this approach is in the health care
realm we do not have domain knowledge to make conclusions about the use
of the system. Our view is from a computer science perspective and we
aim to model, analyze, and visualize the identified behaviors and changes in
electricity consumption.

1.2 Research Questions

The objective of this thesis is to model, analyze, and understand household
electricity consumption behaviors. The end goal is to design an approach that
accurately models evolving user behaviors and allows for easy identification
and tracing of changes. In order to reach that goal, we break it down to the
following research questions:

RQ 1 How can household electricity consumption behaviors be modeled to
detect abnormal behavior using regression models?

Chapter 8 addresses this question by investigating the use of di�erent
regression models. The study also performs a data analysis to identify
patterns that can be used for better predictions.

RQ 2 How can we model and profile user behavior based on household
electricity consumption patterns and clustering analysis?

This research question is addressed in Chapter 9. A clustering
analysis approach is conducted to profile behavioral patterns of
each individual household and further use this to model electricity
consumption behaviors of household residents

RQ 3 How can we model and monitor evolving user behavior based on
household electricity consumption data and sequential clustering tech-
niques?

2



1.3. Contribution

Chapters 10 and 11 aim to answer this research question. A sequential
clustering algorithm is designed and evaluated in the studies to model
evolving user behavior.

1.3 Contribution
The main contribution of this thesis is the design of a sequential clustering
algorithm that can be used to handle evolving user behaviors. In addition,
we have proposed an approach to profile and analyze user’s electricity
consumption behavior. Although our ideas have been studied and evaluated
on real world electricity consumption data, they are not limited to this
application domain. The proposed solutions are general and can be applied
to similar problems in other domains. A more detailed view of the entire
thesis contribution is presented below.

• We analyzed two data sets of electricity consumption data on an
individual household level. We identified clear consumption trends
of the users and we investigated how these trends could be used to
improve regression models. Additionally, we identified that a coarser
data granularity was easier to model for the regression algorithms.

• We investigated the use of clustering analysis to model and profile user
electricity consumption behaviors. We created consumption behavior
signatures out of the produced clustering solution and investigated
how two di�erent dissimilarity measures a�ected clustering.

• We designed a robust sequential clustering algorithm that handles
incremental and dynamic aspects of evolving behavior. By extracting
information from previous clusters, the algorithm uses prior knowledge
of the household electricity consumption behavior to improve the
modeling of the upcoming user data. Consequently, we can mine
changes over time and the model updates itself incrementally if needed.
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2

Background

In this chapter, we present the necessary background information that is
required to understand the remainder of the thesis. We start by introducing
machine learning and its subsets of domains that are used in this thesis. We
continue with formalizing data mining and outlier detection. We conclude
with a thorough explanation of clustering analysis and the additional tools
that are needed to use clustering.

2.1 Machine Learning

Some tasks are hard, and even impossible, to solve with a program made
of explicit rules. For example, creating a program that has the ability to
identify if an image contains a cat or not. For humans it is easy to distinguish
if an image contains a cat, however translating that into a set of rules for a
program is not an easy task. Thanks to machine learning, we can, instead
of trying to formalize a way for the program to detect a cat, instruct an
algorithm how to process a set of data and define what the end goal is. We
then allow the algorithm to reach that goal by providing data [1].

The first mentioning of Machine Learning (ML) in the literature was
done by Samuel [2] in 1959, where he presents fundamental principles of ML
while he designs a program to learn how to play the game Checkers. Games
have been a gateway for ML, and Artificial Intelligence (AI) in general, due
to the simplicity of its rules compared to real life scenarios and tangibleness
of the presented results. This includes Deep Blue [3], where the world chess
champion Garry Kasparov lost against a computer produced by IBM in
1997. Likewise, more recently when AlphaGo [4], which later has evolved to
AlphaGo Zero [5], won against European champion Fan Hui in a game of
Go. Mitchell provides a formal definition of learning as a computer program

5



2. Background

that is able to “[...] learn from experience E with respect to some class of
tasks T and performance measure P , if its performance at tasks in T , as
measured by P , improves with experience E” [6]. Applying that definition
to our previous cat example, the task T is to identify whether or not a cat
is present in the image. To be able to train the model, the performance P
can be measured as the percentage of images that are correctly classified. In
addition, the experience E is a data set of images containing cats and other
animals, where each image is labeled if it contains a cat or not.

In ML, there are three main categories where algorithms are placed
depending on how they are designed; 1) Supervised learning, 2) Unsupervised
learning, and 3) Reinforcement learning. Depending on what type of data
you have available and the applications intention, each of the category has its
own benefits and drawbacks. In this thesis, we have not used reinforcement
learning techniques for the ML tasks studied. Therefore we do not consider
the theoretical background of this learning problem. For the interested
reader, we refer you to sources such as [7].

2.1.1 Supervised Learning

Algorithms that require a data set to contain labels to be trained, are put
into the category of supervised learning algorithms [8]. The supervised part
of the name refers to the guidance from the instructor and the data set
itself. Each instance of the data set has both input and the target values,
and the algorithm learns to map all instances to their corresponding target
values. Depending on the output of the supervised learning algorithm, we can
distinguish the algorithms between classification algorithms and regression
algorithms.

Classification refers to mapping an input to its corresponding target class.
Revisiting the aforementioned image example, we wanted to determine if an
image contained a cat or not. The example is a typical binary classification
problem, due to the output of the algorithm is either true or false. If
we extend the example to determine if an image contains a dog as well, a
multiclass classification problem arises. The algorithm now has to distinguish
if an image contains a cat, dog, or none of the two animals. Following the
notation of Goodfellow et al. [1], the aim for a classification algorithm is to
find a function, f : Rn æ {1, . . . , k}, that identifies which of the k classes
an input belongs to.

6



2.1. Machine Learning

Regression algorithms also learns from a data set with labels, however,
instead of a class label as the target, the algorithms approximate the input
to a real value. To solve this task, the regression algorithm tries to learn
the function f : Rn æ R. In this thesis, we use both Linear Regression and
Support Vector Regression, which are explained below.

Linear Regression In simple Linear Regression (LR), the goal is to attempt
to model the relationship between two variables. It is a statistical approach
where an assumption is made about the variables having a linear relationship
between them [9]. We can formalize LR as follows

y = —0 + —1x + ‘, (2.1)

where the dependent variable y is being predicted by the independent variable
x. The random variable ‘ is an statistical error term, and —0 and —1 are
regression coe�cients that are estimated by observed values of x and y. The
regression coe�cients are estimated by minimizing the sum of squared errors,
ordinarily using the least squares method.

However, the dependent variable y could also be predicted by more than
one independent variable. When multiple independent variables are used
to predict the dependent variable, each individual independent variable has
its own regression coe�cient. This model is called Multivariate LR and is
formalized as follows

y = —0 + —1x1 + —2x2 + . . . + —kxk + ‘. (2.2)

Support Vector Regression A state-of-the-art machine learning algorithm
called Support Vector Machine (SVM) can solve many classification tasks [10].
The SVM classifies instances by identifying a hyperplane that separates
two classes with the largest margin to any point within the training set.
Extensions to the SVM have been added to solve more diverse problems,
including pattern recognition [11], image analysis [12], and specifically regres-
sion [13]. The regression extension is called Support Vector Regression (SVR)
and functions in a similar fashion as the original SVM. However, instead
of identifying a hyperplane to separate data points, the SVR produces a
tube that encapsulates the data points that are observed. An interesting
aspect of the SVR is that it does not necessarily rely on a linear relationship
between the dependent and independent variables. Depending on which

7



2. Background

kernel function is chosen, non-linear relationships can be modeled by the
algorithm.

2.1.2 Unsupervised Learning

In contrast to supervised learning algorithms, the provided data sets for
the unsupervised algorithms does not have labels. As the name suggests,
no guidance is given to the algorithms on what to identify or investigate.
Unsupervised algorithms instead learn some useful properties about the
data, or the data distribution, and learns to distinguish something between
instances in the data set [1]. Multiple types of algorithms exist, e.g., latent
variable models [14] and clustering analysis [15]. The majority of this thesis
revolves around the use of clustering algorithms and we provide a thorough
explanation about it in the following section.

2.2 Clustering Analysis

In this section, we discuss the di�erent parts required to conduct a clustering
analysis approach. First, we introduce and discuss dissimilarity measures to
provide insight in how clustering algorithms use them to determine how to
group data objects together. In the second part of this section, we present
di�erent approaches of clustering and focus specifically on partitioning
algorithms.

2.2.1 Dissimilarity Measures

Dissimilarity measures are measurements that provide a numerical represen-
tation of how di�erent two data objects are. Many di�erent dissimilarity
measures exist in the literature [16], for example, Euclidean Distance [17],
Levenshtein Distance [18], and Hamming Distance [19]. Depending on the
type of data, di�erent measures are more suitable than others. In this thesis,
we verify the eligibility of our approach on a data set containing time series
data. Specifically, household electricity consumption data in kWh at specific
times during a day.

Traditionally, one of the most used dissimilarity measures for time series

8



2.2. Clustering Analysis

data is Euclidean Distance (ED) [17], which is formalized as follows

ED (q, p) =
ı̂ıÙ

nÿ

i=0
(qi ≠ pi)2,

where q and p are individual time series in an n-dimensional space and qi and
pi are individual points in q and p respectively. ED is a fast, understandable
and well performing measure for many use cases. In Figure 2.1, we illustrate
how ED calculates the distance between two time series. The dashed lines
show how the dissimilarity is calculated between the two time series.

Figure 2.1: Euclidean distance
between two time series.

Figure 2.2: Euclidean distance
between two time series that
are slightly out of phase.

When the amplitude changes at the same points in time in both time
series, ED identifies the similar pattern between the two. However, as
illustrated in Figure 2.2, ED is not able to capture patterns that occur slightly
out of phase. This is due to the strict nature of the point-wise calculations.
The two time series in Figure 2.2 have similar patterns but they do not
occur during the exact same times. Elastic dissimilarity measures [16], such
as Dynamic Time Warping (DTW) [20] and Longest Common Subsequence
(LCSS) [21], address such shortcomings.

DTW can be seen as an extension of ED, that allows for a manipulation
of the time axis in the data. Instead of limiting the dissimilarity calculations
to corresponding points, a single point in one time series can match against
several in the other [20]. Let us formally explain how DTW works. DTW
aligns the two time series q = {q1, . . . , qn} and p = {p1, . . . , pm} against an
n ◊ m grid, one on the bottom and one on the left side. Initially, the scores
measuring the distances between all points are inserted into each correspond-
ing cell in the grid. Next, in order to identify the best alignment between the
two series, it is necessary to find a path P = (1, 1) , . . . , (is, js) , . . . , (n, m)
that minimizes the distance between q and p. Thus, the DTW distance
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2. Background

between q and p can be defined as

dtw(q, p) = 1
n + m

min
P

A
kÿ

s=1
d(is, js)

B

. (2.3)

Figure 2.3 shows how DTW matches against several points, where the dotted
lines are the calculated shortest distances between the two time series. The

Figure 2.3: Dynamic Time
Warping between two series.

Figure 2.4: Aligned Dynamic
Time Warping between two
time series.

warping between the two time series is visualized in Figure 2.4. The green
line is in its original state and the purple has been warped to its closest
match.

However, calculating DTW is computationally more expensive than
ED. ED calculates the dissimilarity between n data points in O(n) time
complexity. DTW, on the other hand, has a time complexity of O(n · m),
because every point in a time series can match against many points in the
other, i.e., it requires calculating the dissimilarity between all points.

2.2.2 Clustering Algorithms

Clustering algorithms are designed to identify the underlying structure of
a data set and use the detected relationships to create coherent groups.
Traditionally, there are five main types of approaches to clustering; partition-
ing, hierarchical, model-based, density-based, and grid-based [22]. In this
thesis, due to the data and the intended task, focus has been put towards
partitioning algorithms, specifically k-medoids.

Partitioning algorithms di�er from the other types of algorithms in the
sense that they require a parameter that defines how many clusters should
be produced. This parameter, usually denoted k, is not easy to identify in
advance. A common approach to identify an appropriate k, is to execute the

10



2.2. Clustering Analysis

clustering algorithm multiple times with randomly selected cluster centroids
and an increasing k value. The produced clustering solutions are then
evaluated by validation measures to determine the appropriate k value. The
initial cluster centroids do, however, not have to be randomly selected; there
are approaches that can estimate suitable cluster centroids, such as [23].

K-means is one of the most prominent examples of a partitioning al-
gorithm. The algorithm starts with randomly assigning k initial cluster
centroids, unless the centroids are manually specified, where k is the given
parameter defining the number of clusters to produce. All data points are
assigned to the closest centroid, forming k clusters. K-means then iteratively
improves the solution by:

1. Creating new centroids by calculating the mean values for each of the
data objects in the clusters

2. Re-assigning all data objects to the closest centroid

The optimization takes place until no change has been made or the maximum
number of iterations has been surpassed.

Adaptations of k-means have been proposed, that operate similarly to
k-means but use other types of cluster centroids, such as k-median and
k-medoids. K-median defines its cluster centroids by calculating the median
values of the cluster objects instead of the mean. K-medoids, on the other
hand, chooses the most centrally located object as its cluster centroid, i.e.,
an actual data object in the cluster is chosen as its core.

For our clustering experiments in this thesis, we have chosen k-medoids.
One clear advantage to this approach is that there is no need to recalculate
the distances between the centroid and the other profiles in each iteration
because they are all previously known. Additionally, since we are using
DTW as a distance measure between the profiles the mean profile would
not be an accurate signature of the cluster content. As DTW warps the
time axis, the consumption peaks may cancel out each other when the mean
is calculated, ending up in a distorted consumption signature. If ED was
used as a primary distance measure, as it favors profiles that have their
consumption peaks located at the exact same times, k-means and k-median
would have been reasonable choices.
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2.3 Outlier Detection

Defining an outlier depends on assumptions regarding the applied detection
method and the data structure itself [24]. Although, some definitions are
considered general enough to cover most cases. According to Hawkins [25],
an outlier is an observation that deviates so much from other observations
that it appears it is generated by a di�erent mechanism. Similarly, Barnett et
al. [26] defines an outlier as an observation that appears to deviate markedly
from other members of the sample it occurs. Generally, an outlier can be
seen as an observation that does not adhere to the norm of the data.

In many applications and data sets, there may exist a significant amount
of noise that makes it harder to define a su�cient deviation to identify
outliers. Normally, it is the significantly deviating observations that are of
interest [27]. The observations that are of lesser deviation, the noise, are
usually not of interest.

The identification of outliers can be divided into three major approaches,
depending on what is known of the data beforehand [27]. If there exist
labels for both normality and abnormality, both types of data points can
be modeled, and fully supervised learning can be applied. If there are
labels for the normal part of the data, the normal behavior is modeled and
used to determine if a new observation is normal or not, which is seen as
a semi-supervised learning problem. The approach is the same as if there
only exists labels for the abnormal part of the data. Finally, if there are no
labels, unsupervised learning methods are applied to identify outliers with
the assumption that the normal data is distinguishable from the outliers.

2.4 Data Mining and Knowledge Discovery

Data mining is an exploratory analysis of, often large, data sets to identify
relationships and patterns that are useful [28]. It is an iterative process
where each finding about the data set gives insight of the data. In this
domain, ML is often used as a tool to learn and model the data in di�erent
ways. Within data mining, we can define two primary goals, prediction and
description [29].

Prediction refers to the ability to predict unknown or future values by
using variables in the data set. A model is built by extracting information
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from the given data set that describes the system at hand. The produced
model can then be used to perform predictions or classifications of future
states for the system.

On the descriptive side of data mining, the focus turns to finding patterns
that describe the data and produce results that can be interpreted by humans.
The data set is mined for information that explains the data in new ways
and aids you to further investigate the data in search for more information.
Usually, visualization also takes a large part of the work to fulfill the
descriptive goal, to summarize the data in an understandable way for us
humans.
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Related Work

This chapter presents scientific work related to the research conducted in
this thesis. We begin with describing how regression models have been
used to predict electricity consumption. Furthermore, we continue with how
clustering analysis has been investigated to model electricity consumption
behaviors. We conclude this chapter with sequential clustering algorithms.

Determining behavior in regard to electricity consumption has tradition-
ally been approached on a larger scale, primarily for the use of electricity
providers and aiding them in forecasting future consumption needs. The
approaches can be broadly divided into three areas [30]; 1) Very Short-Term
Load Forecasting (VSTLF), where prediction is minutes to hours ahead, 2)
Short-Term Load Forecasting, predicting hours to weeks in the future, and
3) Medium and Long Term Load Forecasting where the models predict usage
months to years ahead. For our work, we have focused on studies performed
in the VSTLF category.

Di�erent types of regression models have been investigated, including
LR [31], SVR [32], and neural networks [30], but also approaches such as
exponential smoothing [33]. One important finding in the area is that iden-
tifying features that captures consumption trends is of great importance [34,
35]. In these studies, most of the data that is used contains electricity
consumption from entire nations or at least larger cities. There you have
the consumption of the masses and this tends to follow a strict consumption
pattern, making it easier to accurately predict. Due to lack of data sources,
less focus has been put on individual buildings or households.

With the introduction of smart meters [36], electricity consumption
meters that allow remote real time measurements, data can now be collected
from o�ce buildings [37], houses [38], and other smaller buildings. Chou and
Telaga [37] show that it is possible to detect abnormalities of consumption in
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real time in an o�ce building, using both clustering analysis and regression.
Likewise, Zhang et al. [38] analyze household electricity consumption data
to detect abnormal days in a similar fashion. Chalmers et al. [39] compare
households to each other to identify abnormal consumption patterns. Chen
et al. [40] create customer profile groups to both determine what type of
weekly behavior each user has for each year and uses the groups to detect
if a user has changed their consumption behavior compared to last year.
They mix regression and clustering for two types of detection. Regression is
used to detect changes in terms of how much electricity is consumed and
clustering for how the electricity is used, i.e. the shape. Each individual user
is profiled into di�erent consumer groups based on their type of consumption.
Over time, if a user is profiled into a new group, they determine that the
behavior has changed.

Detecting changes over time, and identifying when and how these changes
occur, is an important and challenging problem. New techniques have
emerged that focus on the temporal evolution of data and their models [41–
44]. Incremental, and dynamic, clustering methods process data step by
step as new data arrives and they update and evolve their cluster partitions
as needed when changes become apparent in the data [42, 45]. Incremental
methods process data elements one at a time and add new elements either
into existing clusters or creates a new cluster to put the new element in. If
a new cluster is created, two other clusters are merged into one to keep the
number of clusters constant [46–48]. Dynamic clustering methods are similar
to the incremental methods in the sense that it handles incremental data,
but it also adapts the model when needed. Lughofer [45] proposes a dynamic
clustering algorithm that has dynamic splitting-merging operations and a
similar approach is introduced in [49]. M. Wang et al. [50] also propose a
splitting-merging algorithm, however it is not sensitive to the evolution of
the data itself. They divide the data into k clusters and the same number
of clusters is always provided by the algorithm. That restriction causes the
algorithm not to be sensitive to how the data evolves over time. If additional
behaviors are identified, the old behaviors are merged together.
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Methodology

4.1 Data sets

Two similar data sets of real-world electricity consumption have been used
in this thesis. Both data sets were provided by a Swedish electricity provider
with data collected from their smart meter infrastructure. The measurements
were taken on an individual household level, once every minute and contains
the electricity consumption usage, in kWh, for each minute. All households
are completely anonymous.

The first data set was used within Paper I. This data set contained
electricity consumption data from 20 individual households, gathered during
the period 2017-02-27 to 2017-04-01. Out of the 20 households, 3 were
discarded for further study due to missing values.

The second data set was used in Papers II-IV, collected from 2014-01-
13 to 2015-04-13. In this data set there were 9909 individual households
present, with varying degrees of both quality and collection length. Out of
the 9909 households, the 10 with the largest amount of data were chosen
for further study. These 10 households had data from 345 to 353 days of
electricity consumption usage.

4.2 Validation Measures

In this thesis, we have explored both regression and clustering analysis to
model user behavior. These models require di�erent validation measures to
assess their quality. In Paper I, we used Mean Absolute Percentage Error
(MAPE) [51] to validate the regression models. MAPE assesses how much
relative error there is between the actual value and the predicted value of
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the regression model. MAPE is defined as

MAPE = 1
n

nÿ

t=1

----
At ≠ Ft

At

---- ◊ 100, (4.1)

where At is the actual value at time t, Ft is the predicted value at time t,
and n is the number of measurements. MAPE provides a score between 0
and 100, where a lower score is better.

There exist two main categories of validation measures for clustering
solutions, internal and external. Internal validation measures identify how
well the clustering solution itself is by assessing the internal structure of
the solution. External measures, on the other hand, validates the result
by measuring against the ground truth [52]. In Papers II-IV, there were
no ground truth labels available for the data. Therefore, we have selected
three internal validation measures that are used to assess the quality of the
generated clustering solutions with respect to di�erent clustering properties.

The first validation measure is Silhouette Index (SI) [53]. SI measures
compactness of individual clusters and the separation between clusters of any
clustering solution C = C1, . . . , Ck. The average SI for an entire clustering
solution is calculated as

SI(C) = 1
n

nÿ

i=1
(bi ≠ ai)/ max{ai, bi}, (4.2)

where ai is the average distance from object i to the other objects in its
cluster, bi is the minimum average distance from i to the objects of the other
clusters, and n is the number of objects in the data set. The value is in
the range [-1, 1]. Values closer to 1 indicate the solution is clustered well, a
value closer to -1 shows that there are misplaced objects, and values close to
0 means there are objects that can be placed in multiple clusters.

The second validation measure is Connectivity [54], which measures how
well each object is connected to the other objects within the same cluster.
Connectivity is measured by identifying how many of the nearest neighbors
belong to the same cluster and is defined as

Co(C) =
mÿ

i=1

nrÿ

j=1
‰imij , (4.3)

where mij is the jth nearest neighbour of object i, and ‰imij is 0 if i and mij

belong to the same cluster and 1/j if they are not. Connectivity provides
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a value between 0 and Œ, where a low value indicate a good clustering
solution.

The third and final validation measure is Average Intra-Cluster Distance
(IC-av) [55] which, similarly to SI, provides a measure of how compact the
produced clusters are. However, it does not assume a spherical shape of
the clusters. A Minimum Spanning Tree (MST) is created of the distances
between the objects in the data set and the MST edges are used to determine
the compactness of the clusters. For a particular clustering solution C =
C1, . . . , Ck, the IC-av is defined as

IC-av(C) =
kÿ

r=1

1
n

ÿ

i,jœCr

d2
ij , (4.4)

where n is the number of objects in cluster Cr (r = 1, 2, . . . , k) and dij is
maximum edge distance which represents the longest edge in the path joining
objects i and j in the MST. IC-av produces a value between 0 and Œ. Low
values indicate a good clustering solution.

4.3 Validity Threats
In this thesis, the main threat to the validity of our contributions regard
the data itself. Our methods are data-driven and learn about the data. The
quality of the data that we have used can impact the generalizability of the
evaluated and proposed approaches. Furthermore, using only one source of
information might not be enough to build a well reflecting behavior model of
the households. Adding additional data sources, such as water consumption,
would give us the opportunity to build more accurate and refined behavioral
model.

Additionally, the reliability of our implementation and choice of param-
eters could threaten our results [56]. We use both regression models that
require some parameter tuning to improve their performance and partition-
ing algorithms where the number of clusters has to be specified in advance,
and we identify the best clustering solution using validation measures. Pa-
rameters for the regression models were chosen empirically, where a set of
experiments were conducted on the data set to identify which parameters
causes the least amount of errors. The chosen cluster validation measures
all promoted the same number of clusters in the studies. They did, however,
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not always agree on the same clustering solution. In such cases, we used data
analysis techniques for visual inspection and comparison of the produced
clustering solutions in order to select the optimal number of clusters for the
target study.
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5

Results and Analysis

5.1 Predictive Behavior Modelling

In our first study, we analyze electricity consumption data from individual
households and investigate the possibility of modeling the household behavior.
We create four data sets with di�erent data granularities and seven types of
feature sets. Three types of regression models are trained and evaluated in
terms of how accurate they can predict future values of each di�erent data
set and feature set. Finally, we also investigate using the produced models
in terms of detecting abnormal electricity consumption.

We observe that there is a clear di�erence for the regression models
based on which data set was used. The two data sets containing 1-minute
measurements and 1-hour measurements were easier to model for the re-
gression compared to the 10 and 30 minute versions. Auto-correlation was
calculated for all data sets, showing that there was a higher correlation
between historical and future values with a coarser granularity. The higher
correlation values indicated that there were patterns and trends of electricity
consumption which we tried to capture when we designed the feature sets
used for training the regression models. The feature sets did not a�ect the
regression models’ ability to model the normal behavior by predicting the
future values. However, when the regression models were used to detect
abnormal consumption the feature sets had a larger impact. The sets that
contained weekly and daily trends were more prone to detect abnormal values
than the sets that focused solely on weekly or solely on daily consumption
trends.
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5.2 Modeling and Profiling User Behavior using
Clustering Analysis

Clustering analysis techniques are commonly used to identify trends and
patterns in large amounts of data, especially non-labeled data. In our study,
we collect electricity consumption data from anonymous households, and
we employ the partitioning algorithm k-medoids to model the user behavior
of the collected households. We evaluate two dissimilarity measures, ED
and DTW, with the goal of identifying how both measures a�ect k-medoids
to capture the user behaviors. Furthermore, we investigate if the produced
clustering solutions are able to distinguish between working days and weekend
behaviors.

We observe that the clustering solution produced by ED has more
coherent clusters, compared to the DTW-based solutions. The content of
each major cluster aligns with the chosen signature and all consumption
peaks occur at the same points in time. On the other hand, DTW-based
k-medoids produces fewer clusters than ED (four compared to five) but the
content of each cluster is not as similar as the content of the ED-based
clusters. Due to the elasticity of DTW, it aligns patterns that have similar
shapes but are out of phase from each other, thereby producing clusters that
contain more diverse profiles, even though they have similar patterns. A
stricter approach to measuring the dissimilarity between the consumption
profiles seems to be a more valid approach. However, some elasticity is
beneficial as we can observe that two of the major clusters produced by using
ED are very similar in their shapes. The noticeable di�erence between the
two clusters is the time of day the consumption peaks occur, one occurring
slightly before the other in the morning. Ideally, these two clusters should
be merged. This gives an indication that DTW could be a better option, if
we impose a restriction on how much DTW is able to warp the time axis.

Additionally, ED manages to di�erentiate between di�erent weekdays.
Each cluster has a clear content of either working or weekend days. There is
no clear distinction between the clusters produced by applying DTW. This
is also an indication that DTW has much freedom in aligning profiles for
the best possible match.
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5.3 Sequential Clustering for Modeling Evolving
User Behavior

User behavior is rarely static. Users evolve and adapt to changes as time
goes by. We propose and evaluate an algorithm of sequential clustering, with
the goal of handling incremental and dynamic aspects of evolving data. The
data set was divided into 4 parts to mimic an online scenario, representing
historical data and upcoming data segments. A baseline behavior is modeled
by clustering the historical data. When new segments of data arrive, we
use knowledge of the behavior from the previously clustered data segments
to identify if the new data segment adheres to the same behavior or a new
behavior has emerged. Behavior changes can be traced through the clusters’
transitions and are identified by disappearing clusters, merging clusters, or
creation of new clusters (splitting). We evaluate the proposed algorithm on
electricity consumption data that has been collected from an anonymous
household.

We observe that the produced sequences of clusters of the data set
initially represents five di�erent behaviors, i.e., five clusters are produced
from clustering of the historical data. In the first transition the number of
clusters is reduced to three, which then remain throughout the rest of the
sequential clustering. The two clusters that disappear in the first transition
are merged into other clusters. We identify how the merge is performed by
calculating the dissimilarity between the old and new clusters.

Currently, the algorithm only handles merging and disappearing of clus-
ters. The splitting operation is not yet implemented. After each transition,
the algorithm is intended to analyze the produced clusters to determine if
they are homogeneous, according to a pre-specified criterion. If a cluster is
determined to not be homogeneous, it is divided into m new clusters where
m is to be defined by the algorithm.
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Discussion

In this section, we first discuss our findings regarding data granularities
and how the di�erent types of dissimilarity measures a�ect user behavior
modeling. We continue with discussing evolving behavior and how our
proposed approach could be used in future applications.

6.1 Data and Dissimilarity Measures
One of the interesting findings we have in Paper I is that a finer granularity
of the used data set does not necessarily mean a better modeling of the data.
The results show that using 1-hour measurements instead of 1, 10, and 30
minute measurements is consistently easier to model. Intuitively, this makes
sense as there are irregularities in our regular behavior. Even though we
tend to follow a general trend, there are alterations present every day. A
simple example of this would be how a household cooks on a daily basis.
Depending on who is cooking, what type of food, how many to cook for
on that specific day, etc., the consumption pattern alters even though they
might take place at a similar time. Additionally, performing the same tasks
at the exact time each day is not feasible. Using the one-minute collection
rate to model their behavior enforces the idea that every tasks happens at
the same exact moment each day, which is not a realistic scenario for this
type of data or behavior. Likewise, we applied z-score normalization on the
data sets used in Papers II-IV because we were interested in the shapes,
not the amplitudes, of the users’ consumptions. Thus, removing seasonality
of their electricity consumption while keeping their behavior in the data.
The results show that the general behavior stayed the same throughout the
year, although without the z-score normalization the consumption patterns
di�ered between the di�erent seasons.

Expanding on the idea that we cannot perform activities at the exact
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same time each day we also investigate the use of DTW, the dissimilarity
measure that allows for some leeway in the time axis. Paper II show that
using DTW we can model the behavior with fewer clusters, albeit the clusters
are less homogeneous compared to the clusters produced by using ED. In
that study, we have not imposed any restrictions on warping hours of DTW.
In our further work, Papers III and IV, we have refined the model by
limiting the warping window for DTW to 2 hours in both directions for
our 24-hour profiles. The reasoning behind the limitation is that in this
application we want to allow the household to have some leeway in their
behavior. For example, assume that a household have a day that they only
were in their home in the morning and have a consumption peak between
08:00 and 11:00 and another day where they only were home in the evening
with a consumption peak between 18:00 and 21:00. If DTW is allowed to
warp the time axis fully, it would have identified these two very distinct
patterns to be similar. They both have a three-hour consumption pattern,
but they are occurring at di�erent times of the day. With the imposed
restriction of two hours back and forth, they would not be deemed similar.

6.2 Modeling and Monitoring Behavior

In Paper II, we profile the electricity consumption of individual households.
We apply k-medoids to the data and identify the number of clusters that
best represent the household electricity consumption patterns. That allows
us to build a behavioral model, but it could not be used for monitoring of
evolving household behavior.

Thanks to the sequential extension of the clustering process, we could
monitor the behavior over time of the households. For each data segment
that has been modeled, we can compare against the previous and trace how
the changes occur. Compared to other studies, such as the approaches of
Wang et al. [50] and Lughofer [45], our sequential clustering algorithm does
not add new elements to the existing clusters. By adding elements to the
already existing clusters, they replace the initial behavior that they found
with the behaviors that have emerged over time. Our approach, on the
other hand, let the old behaviors remain as the data evolves which allow
for mining of changes over time. To monitor the evolving behavior like our
approach, one would have to store each state of the produced clustering
solutions, causing a lot of overhead. Likewise, our algorithm only clusters
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each element once. When elements are added in the other two approaches,
the clusters are refined. This means that there is a need to go through the
elements multiple times to make sure they are in the correct cluster. These
two solutions do, however, allow for individual elements to be added over
time. Our approach is more batch oriented, requiring a set of elements to
be added to the model each step.

The current implementation of our algorithm can model continuous and
disappearing behavioral patters. With most types of service consumption,
the consumption behavior changes over time and some behaviors that once
were similar might drift to multiple new ones. To fully model and monitor
evolving behavior, our proposed approach needs to identify when and how
to split clusters if the need arises.
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Conclusions and Future Work

In this thesis, we have explored and developed di�erent data-driven tech-
niques to model, monitor, and analyze user behavior. We have validated
our approach on real world electricity consumption data from individual
households. The main contributions are the following:

• We have demonstrated that electricity consumption data from individ-
ual households can be used as a data source to perform non-intrusive
remote monitoring

• We have shown how di�erent granularities in a data set, features, and
dissimilarity measures, a�ect the use of data-driven techniques for
the purpose of modeling electricity consumption data of individual
households

• We have proposed a sequential partitioning algorithm for modeling
and monitoring evolving data phenomenon. The algorithm handles
both incremental and dynamic aspects of evolving data and is able to
trace how changes are occurring via the clusters’ transitions

In our future works, we will focus on designing the splitting step of
the proposed sequential partitioning algorithm. In addition, we have an
ambition to further evaluate and validate the proposed solutions on similar
behavioral modeling problems in other applied domains.

Furthermore, we want to investigate the use of data sets containing
more than one source of data. We believe this could further improve the
modeling of the user behavior, compared to a single source of information.
Therefore, we have started to collect both electricity and water consumption
data from elderly individuals living independently in their homes. Adding
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water consumption as an additional data source is beneficial in primarily
two ways. Firstly, like electricity consumption, water consumption has a
strong connection to daily activities. Secondly, collection is performed in
the same non-intrusive manner of using remote meter readings.

Lastly, we have plans to conduct interviews with the elderly individuals
involved during the data collection. We perform these interviews for the
ability to validate the use of our methods in this application domain.
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Abstract

As average life expectancy continuously rises, assisting the elderly
population with living independently is of great importance. Detecting
abnormal behaviour of the elderly living at home is one way to assist
the eldercare systems with the increase of the elderly population. In
this study, we perform an initial investigation to identify abnormal
behaviour of household residents using energy consumption data. We
conduct an experiment in two parts, the first to identify a suitable
prediction algorithm to model energy consumption behaviour, and the
second to detect abnormal behaviour. This approach allows for an
initial step for the elderly care that has a low cost, is easily deployable,
and is non-intrusive.

8.1 Introduction

With an ever improving healthcare system, average life expectancy is contin-
uously rising. By year 2020, projections state that approximately 20% of
the world population will be age of 60 or older [1]. A higher life expectancy
provides challenges to ageing adults, e.g. limitations in vision, physical
activities, and cognitive decline. These limitations also become challenges
for the healthcare and eldercare systems, both in terms of scale and economy.
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Assisting the elderly population with living independently at home is one
way to approach these concerns.

As smart meters are being deployed world wide by electrical providers,
there is an opportunity to provide a low cost approach to remote monitoring
of residents that is non-intrusive. Smart meters are energy consumption
meters that allows for high resolution energy consumption measurements,
and the data can be gathered remotely. It has been shown that the use
of electrical appliances directly relate to how the residents perform their
activities of daily living (ADLs) [2]. We believe that this can also be shown in
how the residents adhere to their normal behaviour of energy consumption.

We have collected energy consumption data from 17 di�erent households
in Sweden, provided by a Swedish electricity provider. The collected data is
measured with an interval of 1 minute. We will investigate the possibility
to detect abnormal behaviour of the resident by analysing the household
energy consumption.

In this paper we make the following contributions:

• We model the normal energy consumption behaviour of 17 house-
holds by applying the principles of Very Short Term Load Forecasting
(VSTLF).

• We investigate the possibility of detecting abnormal behaviour utilis-
ing the prediction models modelling the normal energy consumption
behaviour.

To summarize, we investigate the possibility to use household energy con-
sumption to detect abnormal behaviour of the residents. We believe this
could be a possible first step for eldercare systems to monitor individuals re-
motely with low cost and no intrusion. As the next step following this study,
we intend to collect data from a representative test group in collaboration
with our local municipality and eldercare.

8.2 Background

In this section, we first define two scenarios of abnormal behaviour that
are of interest. We then describe the basics of regression based anomaly
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detection, followed up by energy consumption forecasting. We conclude this
section with a review of previous work related to ours.

8.2.1 Abnormal Behaviour

We have identified two scenarios that are of significance to detect in this
type of context; S1: increase of energy consumption during late evenings
and nights, and S2: lack of energy consumption during mornings.

Scenario S1 is an indication of a phenomenon called sundowning, which
often is associated with Alzheimer’s disease and in other forms of dementia [3].
When the sun is settling down, the subjects a�ected with sundowning gets
more confused, restless, and agitated etc.

Scenario S2 represents the resident staying in bed longer than usual.
This could be an indication of the resident being sick and thereby staying
longer in bed.

8.2.2 Regression Based Anomaly Detection

The first step of applying regression to detect anomalies in time series data
is to fit a model to the data. The model, modelling the normal behaviour,
is then used to predict values. Predicted values are compared against the
observed by calculating the residual. The residual is then used either directly
by its magnitude, or with statistical tests to determine if it is an anomaly or
not [4]

The anomalies found using the method above are point anomalies, i.e.
single data points identified as abnormal. In our future studies we will
investigate the use of contextual anomalies.

8.2.3 Forecasting Energy Consumption

Forecasting energy consumption has been approached in many di�erent ways,
including Support Vector Regression (SVR) [5], Linear Regression (LR) [6],
and exponential smoothing [7]. The most popular being Neural Networks
(NN), which Hippert et al. [8] have conducted a thorough survey on. In this
context, when identifying abnormal behaviour of elderly people, we generally
want to identify if something abnormal has happened as soon as possible.
Therefore, we focus on approaches from Very Short Term Load Forecasting
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(VSTLF), a research area aimed at forecasting energy consumption minutes
to hours ahead.

In VSTLF, the main type of features are previous energy consumptions
during the same time on earlier days. These are chosen to capture the daily
and weekly trends. It has been shown that fully capturing these trends is
important for accurate prediction models [9, 10].

The average use of VSTLF is for electricity providers to estimate how
much energy is needed in an area. Studies have mainly been focusing on
energy consumption data from entire cities, regions, and countries. Energy
consumption data on such a high level shows clear consumption trends. In
this study, we apply the principles of VSTLF on individual households to
model normal energy consumption behaviour. The energy consumption from
individual households are more prone to di�er from day to day. For example,
simply arriving home a couple of hours late from work will alter the energy
consumption behaviour for the majority of an evening.

8.2.4 Related Work

Detecting abnormal energy consumption behaviour has gained more interest
with the addition of smart meters. Smart meters allow both residents to be
more aware of their own energy consumption and electricity providers to have
a better estimate on how much energy is needed in an area. Zhang et al. [11]
analyses energy consumption data on a household level to identify days when
the residents have gone on vacation. They compare the accuracy of regression,
entropy, and clustering based anomaly detection, with the regression based
providing the best results. Chou and Telaga [12] investigate the possibility
of real time anomaly detection for smart meter energy consumption in an
o�ce building. Auto-Regressive Integrated Moving Average (ARIMA) and
a hybrid NN and ARIMA model were used to model the normal energy
consumption behaviour. The authors used the two-sigma rule to determine
if the actual energy consumption was abnormal. Meaning, if the actual
energy consumption was more than 2 standard deviations away from the
predicted energy consumption, it was labeled as abnormal.

Smart homes allow for a vast amount of di�erent sources to collect data
from. Research in the Ambient Assisted Living (AAL) area investigate the
use of ambient sensors and actuators to determine if a resident is behaving out
of the ordinary. Streaming data from the sensors and actuators can be used
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directly to determine the residents normal behaviour and if any deviation
has occurred [13]. Another possibility is to take the sensor data and map it
into activities using Activity Recognition (AR). Identified activities are then
used to determine how well they perform activities of daily living (ADLs).
Sprint et al. [14] takes activities identified by AR and places them in time
windows. These windows are compared to previous weeks’ time windows
to determine if a significant change has happened. The main drawback in
these approaches is that smart homes are not that common yet. Installing
sensors could also be seen as intrusive by the resident, and deploying this in
a large scale takes a lot of e�ort.

Alcála et al. [15] focus on using energy consumption to determine if
the residents behaviour is deviating from the norm. The authors use Non-
Intrusive Load Monitoring (NILM), which takes a household’s aggregated
energy consumption and disaggregates it into individual appliances. They
divide a day into time windows, and defines the probability of the appliances
being used in these time windows using the Dempster-Sha�er theory. To
detect abnormal activities, they compare the current day’s time window to
the same time window on previous days and calculate the probability of the
residents deviating from the normal behaviour. However, disaggregating
energy consumption into individual appliances is a complex task. The
authors made the assumption that the disaggregation has already been
performed, using data that was already disaggregated.

Chalmers et al. [16] investigate the use of smart meters and smart plugs
to detect abnormal behaviour. They propose a system that analyses smart
meter data, in conjunction with health data, to determine if a resident is
deviating from their normal behaviour. The authors also conduct a case
study of an elderly resident with a smart meter and smart plugs. They
show di�erences in energy consumption on di�erent mornings, arguing that
abnormal behaviour could be identified using smart meter data. In line
with the work of Chalmers et al., we have collected data and have started
an initial study to investigate the possibility to detect abnormal behaviour
using energy consumption data.

8.3 Data Analysis

We use energy consumption data measured at 1 minute intervals from 17
di�erent households in Sweden. Initially, we received data from 20 households,
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but 3 of them were discarded due to missing values. The data collection
time spans from the 7th of February 2017 to the 1st of April 2017 and was
provided by a Swedish electricity provider. In total for the 17 households,
there are 1,311,720 measurements with 664 missing values (0.05%) remedied
by applying linear interpolation.

Each household’s average energy consumption and standard deviation is
presented in Table 8.1. The households average energy consumption range
from 0.0186 kWh to 0.0588 kWh per minute with standard deviations from
0.0076 kWh to 0.0322 kWh.

Table 8.1: Average energy consumption per minute and standard deviation
for each household.

House Mean (kWh) STD (kWh)

A 0.031135 0.016534
B 0.018647 0.017853
C 0.035664 0.021904
D 0.030324 0.012230
E 0.036505 0.016897
F 0.056365 0.020543
G 0.019731 0.010121
H 0.051781 0.030274
I 0.058827 0.026903
J 0.037286 0.032240
K 0.029254 0.027309
L 0.027475 0.019119
M 0.038118 0.022269
N 0.036136 0.025799
O 0.038120 0.028139
P 0.043946 0.018218
Q 0.009349 0.007618

Two weeks of energy consumption for four households are shown in
Figure 8.1, where the di�erences between the households’ energy consumption
are easier to identify. We can observe that the households are distinctive,
both in terms of the amount of consumed energy and how the energy is
consumed. For example, house D has a dense usage pattern where the energy
consumption is focused around 0.03 kWh per minute. On the other hand,
house K consistently has a low consumption during mornings and high peaks
during late afternoons and evenings.

In general, it is not easy to identify a daily or weekly pattern for the
households due to frequent variations in the data. This makes the identifi-
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cation of an energy consumption trend even harder. Therefore, we create
three additional data sets where we decrease the frequency and aggregate
the energy consumption. The additional data sets have the intervals 10, 30,
and 60 minutes.

Figure 8.1: Energy consumption of four di�erent households from February
13-27 2017.

Figure 8.2 shows the energy consumption of house K in the four data
sets over two weeks (February 13-27, 2017). Comparing the di�erent data
sets, we can observe that with a frequency decrease it is easier to identify a
daily pattern of energy consumption. With a larger time window between
measurements we allow for more flexibility of the household residents. This
yields a larger margin of error for how the residents use their appliances. In
Figure 8.2 we see that peaks and slumps of consumption occur at roughly
similar times each day. For example, February 22 and 23 are nearly identical,
only di�ering in the height of the peak during the evening.

As described in Section 8.2.3, identification of daily and weekly trends is
important for accurate energy consumption prediction. This section shows
that there are energy consumption trends present in the data, albeit not
that clear for all households.

8.4 Approach

In this section we present our approach to detect abnormal behaviour. First,
we decide on what features we will include in our di�erent feature sets. We
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Figure 8.2: Energy consumption of household K in all four data sets from
February 13-27 2017.

then choose three prediction algorithms to model normal behaviour. Finally,
we describe our approach to detect anomalies.

8.4.1 Feature Selection

Figure 8.3: Average autocorrelation of all households for each data set up to
four weeks back in time. Each vertical line represents a 24 hour time span.

As described in Section 8.3, we identified trends of energy consumption
for our di�erent households. Giving a good indication that using previous
energy consumptions to predict future energy consumptions is a reasonable
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approach. This is in line with the literature of VSTLF where previous energy
consumptions are extensively used as features [9, 17].

To decide which features to choose, we calculate the autocorrelation
coe�cient (rk) for all four data sets. The rk coe�cient gives a value of how
much the energy consumption at time t correlates to the energy consumption
k lags away. A lag in this context stands for the number of time periods
between the measurements. For example, in the one minute data set one
lag away would be one minute, two lags two minutes and so on. The
autocorrelation is calculated as follows:

rk =
qn

t=k+1(Xt ≠ X)(Xt≠k ≠ X)
qn

t=k+1(Xt ≠ X)2 (8.1)

where Xt is the energy consumption at time t, X is the average energy
consumption, and Xt≠k is the energy consumption at k lags away from t.
Values range from -1 to 1, where a value closer to either -1 or 1 shows a
strong negative or a positive correlation respectively. Values closer to 0
indicate less or no correlation between the measurements.

In Figure 8.3 we plot the average household autocorrelation for all data
sets. We can observe that with lower measurement frequencies, we have
a clearer correlation between measurements. Comparing 10, 30, and 60
minutes data sets to the 1 minute data set, the peaks in the graph are more
distinctive. Giving an indication that it is easier to discover a consumption
trend of individual households with a lower measurement frequency.

The strongest correlation in all data sets is the energy consumption one
lag before the current. This drops o� quickly and starts to enter a daily
pattern of correlation. Each data set has a recurring trend of correlation
at exact days before the current energy consumption. For example, in the
60 minute data set we have peaks of correlation at lag 24, 48, 72, and so
on. These peaks of correlation indicate that using the energy consumption
measurements at the same time from days before are suitable features.

To show the di�erence in correlation between the households, we plot the
autocorrelation for two di�erent households in Figure 8.4. We can observe a
clear di�erence in how the energy is consumed between them. Household L
follows the daily trend of energy consumption we have emphasized on. On
the other hand, household B does not follow the daily trend but instead has
a generally higher correlation for the whole week before the current energy
consumption.
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Figure 8.4: Autocorrelation of two households. Each vertical line represents
a 24 hour time span.

Based on the results from calculating the autocorrelation coe�cient (rk)
we design six di�erent feature sets. The first two feature sets, Fa and Fb,
both contain energy consumption measurements right before the load being
predicted. Fa consists of 5 measurements right before the predicted at times
t, . . . , t ≠ 4, and Fb contains 10 measurements at times t, . . . , t ≠ 9. Both
feature sets consist of the measurements that have the highest correlation
to the energy consumption being predicted. They are chosen as baseline
feature sets, that only takes into account the energy consumption close to the
predicted energy consumption. No daily or weekly trends are incorporated
into these two feature sets.

In feature sets Fc and Fd, we incorporate weekly behaviour by adding en-
ergy consumption from the week previous to the prediction day as additional
features. Fc is a super set of Fa, with the addition of energy consumption at
times t + 1, . . . , t ≠ 4 from the same day one week before. Note that the time
t + 1 was added from the previous week, as it has the highest correlation
from that day to the value we want to predict. Fd has the same addition of
features as Fc, only with more measurements, i.e. the energy consumption
at times t + 1, . . . , t ≠ 9 from the previous week.

For feature set Fe, we aim to solely focus on daily behaviour in order
to compare the e�ects of daily to weekly trends. We therefore take energy
consumption from the lags right before the energy consumption that we want
to predict and from the six consecutive days before. As we have more days to
collect features from in this feature set, we only choose three measurements
from each day. The features chosen were energy consumption at times t, t≠1
on the prediction day, and at times t + 1, t, t ≠ 1 on the six consecutive days
before.
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Table 8.2: Information about the feature sets extracted from our data sets.
Xt stands for the energy consumption on the prediction day at time t and
XDn

t for the energy consumption n days before the prediction day at time t.

Feature set Number of features Variables

Fa 5 Xt, . . . , Xt≠4

Fb 10 Xt, . . . , Xt≠9

Fc 11 Fa, XD7
t+1, . . . , XD7

t≠4
Fd 21 Fb, XD7

t+1, . . . , XD7
t≠9

Fe 20 Xt, Xt≠1 and XDn
t+1, XDn

t , XDn
t≠1 for 1 Æ n Æ 6

Ff 17 Fc, XD14
t+1, . . . , XD14

t≠4

Finally, for Ff we continue with the weekly behaviour as we did in feature
sets Fc and Fd. Ff is a super set of Fc with added energy consumption of
two weeks before at times t + 1, . . . , t ≠ 4. All feature sets are summarized
in Table 8.2.

8.4.2 Prediction Algorithms

The first step to detecting abnormal behaviour is being able to model
normal behaviour. Initially, we investigated how SVR, NNs, and LR perform
in modelling the normal behaviour of all the 17 households. All three
algorithms have shown good results for prediction in the VSTLF literature
[5, 17]. However, initial experiments showed that NNs did not perform well
with our data sets, therefore we discarded NNs from this study.

8.4.2.1 Support Vector Regression

SVR is an extension of the Support Vector Machine (SVM) that allows for
prediction of continuous values [18]. SVMs have been used to address a
wide variety of classification problems, including image analysis [19] and text
categorisation [20]. The SVM classifies instances by finding a hyperplane
that separates two classes with the largest margin to any point within the
training sets. A small subset of the data defines the decision boundary of
the SVM, called support vectors. To create non-linear boundaries, the data
can be projected into higher dimensions by using kernel functions. Both
SVR and SVM rely on a small subset of the data to create their decision
boundaries, making them tend to be resistant to overfitting the training
data.
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Initial tests showed that the linear and the radial basis kernel performed
similarly well, which is why we choose both for our experiments. The linear
kernel is configured with C = 250 and ‘ = 0.01, and the radial basis function
kernel with C = 500, ‘ = 0.005, and “ = 0.15. All parameters were chosen
empirically.

8.4.2.2 Linear Regression

LR is a statistical method used for forecasting. LR approximates the
relationship between the independent variables and the dependent variable
with a straight line, assuming there is a linear relationship between the two.
The line that fits the data the best is chosen by minimizing the sum of
squared errors, using ordinary least squares method.

8.4.3 Anomaly Detection

We use the prediction algorithms presented in the previous subsection to
detect anomalies. We calculate the residual between the actual energy
consumption and the prediction models predicted energy consumption. The
residual is then divided by the actual energy consumption, obtaining the
relative distance between the two energy consumptions.

The relative distance, R, between the actual and predicted energy con-
sumption is calculated as follows:

R = |Ft ≠ At|
At

(8.2)

where Ft is the predicted energy consumption and At is the actual energy
consumption at time t. If R > –, where – is a user defined parameter acting
as a threshold, the energy consumption is considered abnormal.

8.5 Experiments
We divide our experiments into two parts; A: modelling normal behaviour,
and B: identifying abnormal behaviour. In the first part, we determine the
accuracy of the prediction algorithms when modelling the normal behaviour
of the 17 households. In the second part, we investigate how di�erent combi-
nations of prediction algorithms, feature sets, and data sets detect abnormal
behaviour. We use the implementations of each prediction algorithm from
the Scikit-learn module [21].
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8.5.1 Modelling Normal Behaviour

We perform a 5-fold cross validation to determine the performance of the
prediction algorithms when modelling the normal behaviour. We use Mean
Absolute Percentage Error (MAPE) to evaluate the prediction models which
gives the accuracy of the predictions in percentage. It is defined as follows:

MAPE = 1
n

nÿ

t=1

----
At ≠ Ft

At

---- ◊ 100 (8.3)

where At is the actual value at time t, Ft is the predicted value at time t,
and n is the number of measurements.

8.5.2 Identifying Abnormal Behaviour

We randomly select three households from our data set to insert abnormal
behaviour, households D, I, and K. The two scenarios defined in Section 8.2.1
are inserted in the final week of data separately, creating a data set for
each scenario. Scenario S1, sundowning, we insert by taking the peak of
consumption during a randomly selected evening, in this case the 29th of
March, and repeat it for 4 additional hours. The additional 4 hours are the
ones considered to be the abnormal behaviour. For households D and I, we
take the energy consumption between 19:00 and 21:00 and repeat it until
01:00 the next day. For household K we choose the consumption between
16:00 and 18:00 and repeat it until 22:00.

Likewise, we insert scenario S2 the same way on the same day. We take
the energy consumption of household D between 02:00 and 04:00 and repeat
it until 08:00. For households I and K we choose the consumption between
01:00 and 03:00 and repeat it until 07:00.

We train the prediction algorithms on all the data leading up to the final
week, i.e. the data from the 7th of February to, and including, the 25th
of April. The final weeks energy consumption is predicted and the method
described in Section 8.4.3 is used to determine if the energy consumption is
normal or not. We then evaluate the anomaly detection by; 1) the detection
rate (often referred as recall), which is the ratio between correctly classified
anomalies and the number of anomalies, and 2) the false alarm rate, the
ratio between normal data points classified as anomalous and the number of
normal data points.
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Table 8.3: MAPE scores from 5 fold cross validation for the three prediction
algorithms on the 1 minute data set.

Feature set Linear Regression SVR (Linear) SVR (RBF)

Fa 17.19 29.66 21.17
Fb 16.87 29.06 20.76
Fc 17.73 30.56 22.38
Fd 17.36 29.84 21.64
Fe 17.93 31.52 23.10
Ff 18.17 30.17 22.77

Table 8.4: MAPE scores from 5 fold cross validation for the three prediction
algorithms on the 10 minute data set.

Feature set Linear Regression SVR (Linear) SVR (RBF)

Fa 38.08 34.10 31.48
Fb 35.56 32.73 28.88
Fc 39.47 35.57 34.24
Fd 37.10 34.14 37.72
Fe 39.88 35.89 40.58
Ff 43.50 39.02 51.32

8.6 Results and Analysis

8.6.1 Cross Validation Results

The results from cross validating the 1, 10, 30, and 60 minute data sets are
presented in Tables 8.3, 8.4, 8.5, and 8.6 respectively.

Comparing the four data sets, we observe that the one minute data
set is the most accurate in modelling the normal behaviour. The MAPE
scores are more stable for all prediction algorithms compared to the other
data sets, varying between 16.87-18.17% for LR, 29.06-31.52% for SVR with
linear kernel, and 20.76-23.10% for SVR with the RBF kernel. The one
minute data set contains more energy consumption observations compared
to the other data sets, i.e. we have more observations to train the prediction
algorithms with, making the result in line with expectations.

However, the second most accurate data set is the 60 minute data set,
where we have the least amount of observations. In the 60 minute data set
SVR with linear kernel has its best accuracy, with a MAPE score between
21.30-22.75%. LR has its second best prediction accuracy with a MAPE
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Table 8.5: MAPE scores from 5 fold cross validation for the three prediction
algorithms on the 30 minute data set.

Feature set Linear Regression SVR (Linear) SVR (RBF)

Fa 30.02 27.26 26.07
Fb 29.88 27.12 34.59
Fc 30.86 27.85 42.08
Fd 30.80 27.84 48.39
Fe 31.61 28.48 50.87
Ff 34.29 32.24 57.31

Table 8.6: MAPE scores from 5 fold cross validation for the three prediction
algorithms on the 60 minute data set.

Feature set Linear Regression SVR (Linear) SVR (RBF)

Fa 24.26 21.75 28.81
Fb 23.86 21.30 44.20
Fc 24.35 22.05 42.33
Fd 24.23 21.79 37.36
Fe 24.86 22.74 40.51
Ff 24.17 22.25 39.82

between 23.86-24.86%. The SVR with RBF kernel does however vary a lot in
this data set, with a MAPE between 28.81-42.33%, which is also its second
best accuracy in the data sets.

The di�erent feature sets do a�ect the accuracy of modelling the normal
behaviour. Overall, feature set Fb proves to be the most accurate for all
data sets and prediction models, except for SVR with RBF kernel on the
30 and 60 minute data sets. Feature sets Fe and Ff seem to be alternating
which is producing the worst results, depending on the data sets and the
prediction algorithms. For example, in the one minute data set Ff provides
the lowest accuracy for LR, while Fe is the lowest for SVR with linear kernel
in the same data set.

We observe that SVR with RBF kernel has a varying prediction accuracy
on our data. The accuracy on the one minute data set is among the best of
all di�erent configurations. However in the other 3 data sets, the accuracy
is not consistent throughout the di�erent feature sets, e.g. in the 30 minute
data set where it has a MAPE of 26% on feature set Fa and a MAPE
of 57.31% on feature set Ff . Both LR and SVR with linear kernel have
consistent results on the 1 and 60 minute data sets, varying only 1-2%. In
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Table 8.7: Detection results for SVR linear kernel and Linear Regression on
the 1 minute data set. DR stands for detection rate, the rate of identified
anomalies, and FR stands for false alarm rate, the rate of normal instances
classified as abnormal.

Linear Regression SVR (Linear)

Scenario Feature set DR (%) FR (%) DR (%) FR (%)

Fa 8.33 26.12 11.39 40.48
Fb 8.33 24.62 12.22 39.93

S1 Fc 8.47 25.56 11.25 39.43
Fd 8.47 24.13 11.11 38.24
Fe 8.75 25.42 11.67 38.16
Ff 9.44 25.92 10.00 33.31

Fa 34.44 26.04 51.11 40.26
Fb 31.39 24.54 48.33 39.70

S2 Fc 34.03 25.47 49.31 39.25
Fd 29.72 24.04 47.08 38.05
Fe 33.19 25.32 48.75 38.01
Ff 34.58 25.77 44.72 33.08

the 10 and 30 minute data sets, there is a larger variance in accuracy for
both algorithms.

8.6.2 Abnormal Behaviour

Based on the results presented in the previous section, we exclude the 10
and 30 minute data sets and the SVR with RBF kernel. The accuracy is
not enough to build an accurate model of the normal behaviour. The –
parameter was set to 0.22 for the 1 minute data set and 0.27 for the 60
minute data set. The parameter values were chosen based on the MAPE
scores from the previous section. The results for detecting the abnormal
behaviour in the 1 minute data set are presented in Table 8.7 and the 60
minute data set in Table 8.8.

In the one minute data set, both LR and SVR have a poor detection
rate for scenario S1. LR detecting 8-9% and SVR detecting 10-12% of
the abnormal instances. However, between the two prediction algorithms
we see a larger di�erence in the amount of normal instances classified as
anomalies. LR has a false alarm rate of 24.62-26.12% while SVR has between
33.31-40-48%. For scenario S2 in the same data set, both algorithms have a
higher detection rate. LR varying between 29.72-34.58% and SVR between
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Table 8.8: Detection results for SVR linear kernel and Linear Regression on
the 60 minute data set. DR stands for detection rate, the rate of identified
anomalies, and FR stands for false alarm rate, the rate of normal instances
classified as abnormal.

Linear Regression SVR (Linear)

Scenario Feature set DR (%) FR (%) DR (%) FR (%)

Fa 58.33 48.47 66.67 38.04
Fb 58.33 46.01 66.67 35.38

S1 Fc 41.67 46.83 50.00 37.83
Fd 41.67 44.99 41.67 34.97
Fe 41.67 40.70 41.67 35.79
Ff 41.67 40.29 41.67 34.56

Fa 66.67 48.26 16.67 38.24
Fb 58.33 45.81 33.33 35.38

S2 Fc 66.67 46.63 33.33 37.83
Fd 58.33 44.38 41.67 35.17
Fe 66.67 40.49 25.00 35.79
Ff 50.00 40.29 41.67 33.54

44.72-51.11% depending on the feature set.

In the 60 minute data set, the SVR remains at a similar false alarm rate
for both scenarios, di�erentiating 0-4% between the di�erent feature sets.
However, we can observe a clear increase of false alarm rates for LR, varying
between 40.29-48.47% for scenario S1 and 40.29-48.26% for scenario S2. The
detection rate for scenario S1 is increased substantially for both algorithms in
the 60 minute data set. For scenario S2, LR also has an increased detection
rate while SVR decreases.

Generally in both data sets, feature set Ff provides the least amount
of false alarms for both algorithms. The feature set achieving the highest
detection rate varies more between the di�erent configurations, but overall
Fa achieves the highest detection rate.

8.7 Discussions

Results from the first part of the experiments indicate that applying VSTLF
on individual household’s energy consumption to model normal behaviour is a
promising approach. We achieve a prediction accuracy that is satisfactory and
allow for detection of abnormal energy consumption behaviour. For further
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studies, we assume that setting parameters for the prediction algorithms
on a household level, or clusters of households, would further improve the
prediction accuracy.

The second part of the experiment demonstrate the possibility to detect
anomalous points of energy consumption. We assume that putting the point
anomalies into context would allow us to draw more conclusions about the
residents behaviour, especially with regards to health concerns. For example,
a resident arriving at home one hour later than normal but follows the
normal behaviour for the remainder of the evening. This may be flagged as
abnormal behaviour, even though it is normal.

Initially, we expected the feature sets Fe and Ff to generate higher
prediction accuracy and detection rate compared to the others. These feature
sets capture more of the weekly and daily energy consumption behaviours.
Instead, Fb, the feature set whose features are the energy consumptions right
before the predicted, achieved the best prediction accuracy when modelling
the normal behaviour. While Ff did provide the lowest false alarm rate for
both data sets, the prediction accuracy when modelling the normal behaviour
was generally the worst.

One possible reason to why Fe and Ff did not perform as expected
is that both Fe and Ff have less data compared to Fb, in particular. Fe

extracts features from the six previous days, causing it to have six days less
of data instances compared to Fa and Fb. Likewise, Ff has features up to
two weeks before. Having only seven weeks of data, this could be a reason
why the performances of Fe and Ff are not in line with expectations.

The 1 minute and 60 minute data sets allowed for the best prediction
accuracy for the prediction algorithms. LR had the best prediction accuracy
of the entire experiment on the 1 minute data sets, and SVR had its best
MAPE score on the 60 minute data set. We expected that the 60 minute
data set would allow for better detection rates, which the results generally
support. However, the false alarm rates for LR increases in the 60 minute
data set compared to the 1 minute data set. The SVR did remain at similar
levels for both data sets in terms of false alarm rate, but the detection rate
was worse when detecting scenario S2 compared to the 1 minute data set.
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8.8 Conclusions and Future Work
The aim of this paper is to conduct an initial study on using energy con-
sumption data gathered from smart meters to detect abnormal behaviour
of residents. We apply the concepts of VSTLF to build a model of normal
behaviour and predict future energy consumption. The results from the
cross validation indicate that it is a promising approach to model the normal
behaviour of the households.

Two scenarios indicating abnormal behaviour were defined and inserted
into the data, and used for evaluating the prediction algorithms’ ability to
detect abnormal behaviour. Preliminary results indicate that it is possible
to detect abnormal behaviour, but requires further study.

We have identified a number of directions for future work. First and
foremost, we will collect data from a pilot study of elderlies in collaboration
with our local municipality and eldercare. We will also investigate the
addition of water consumption and weather data to further improve accuracy
of modelling normal behaviour. We also plan to investigate the use of
contextual anomalies instead of point anomalies to be able to draw more
conclusions about the residents behaviour.
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Abstract

In this study we apply clustering techniques for analyzing and
understanding households’ electricity consumption data. The knowl-
edge extracted by this analysis is used to create a model of normal
electricity consumption behavior for each particular household. Ini-
tially, the household’s electricity consumption data are partitioned
into a number of clusters with similar daily electricity consumption
profiles. The centroids of the generated clusters can be considered as
representative signatures of a household’s electricity consumption be-
havior. The proposed approach is evaluated by conducting a number of
experiments on electricity consumption data of ten selected households.
The obtained results show that the proposed approach is suitable for
data organizing and understanding, and can be applied for modeling
electricity consumption behavior on a household level.

9.1 Introduction
The world’s population is getting older. By 2050, projections state that the
number of individuals over 60 will be around 2.1 billion. Keeping individuals
in their own homes, and delaying their entrance to the health and elderly
care systems, can help to o�oad costs and work from the already strained
health care systems. Likewise, the elderly population often want to keep
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living independently at home, but they also want a sense of safety without
any intrusion in their lives [1]. Remote monitoring, and assistance, is one
way to provide the safety of the residents. Traditionally, remote monitoring
has been performed with video surveillance. However, with the introduction
of smart homes, i.e. houses with built in sensors and actuators, Ambient
Assisted Living (AAL) has emerged and allows for monitoring and assistance
without the use of cameras and with less intrusion of the residents’ privacy.

With the adoption of smart meters in the electrical power grids, we
have the opportunity to collect high resolution electricity consumption data
remotely on a household level. This type of data can be used to get insight
into the residents’ habits and activities, with low impact and intrusion of the
residents’ privacy. We may detect abnormalities and changes of residents’
behavior through analyzing their daily household electricity consumption.
For example, dementia, and other neurodegenerative diseases, cause changes
in the behavior of the individual in di�erent ways, e.g., they can provoke
insomnia, apathy, restlessness etc. [2]. We believe that changes like these,
in the individual’s daily behavior, can be caught by his/her electricity
consumption activities.

Most current research related to household electricity consumption has
mainly revolved around creating consumer profiles by clustering households
together [3] and comparing di�erent households to determine and predict
abnormal consumption patterns [4]. But, there has been some research as
well on household electricity consumption. For example, Zhang et al. [5]
analyze energy consumption data on a household level to identify days when
the residents have gone on vacation. Further, we have previously studied
the use of prediction models for electricity consumption behavior [6].

In this paper, we present and evaluate a cluster analysis approach for
organizing, understanding, and modeling household electricity consumption
data, a continuation of our work in [7]. Our aim is to study the possibility
of using the knowledge discovered by such analysis for creating consumption
behavior signatures on a household level. The long-term goal is to investigate
whether the created signatures can be used for identifying abnormal behavior
in daily life and apply this outlier detection model in health care applications,
e.g., for monitoring early stages of dementia or other neurodegenerative
diseases. The developed consumption signatures can be considered as prede-
fined activities and can be used for detecting abnormal consumption patterns
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in order to notify the environment (relatives and health care professionals)
if early signs of dementia occurs repeatedly at home.

9.2 Clustering Analysis Approach

9.2.1 Data Pre-Processing

The electricity consumption data collected in this study is gathered with
a one-minute resolution and is measured in kWh (kilowatt hours). To be
able to determine and profile a behavior of the household, we divide the
time series into 24 hour profiles. This is a intuitive division of the data, as
it allows us to capture a daily behavior which we then can analyze and use
to model a routine daily behavior.

We set a maximum limit of 10% of the entire day or 20 consecutive
minutes of missing data to remove that day from the data set. For the
remaining profiles, we impute missing values by using linear interpolation.
We then aggregate the electricity consumption data into a one hour resolution
due to that resolution being more common for today’s smart meters. Finally,
we standardize the time series profiles using z-standardization, or Z-score,
because we are more interested in the general shapes of the time series and
not the actual amplitudes.

9.2.2 Clustering Algorithms & Validation Measures

Three partitioning algorithms are commonly used for data analysis to divide
the data objects into k disjoint clusters [8]: k-means, k-medians, and k-
medoids clustering. The three partitioning methods di�er in how the cluster
center is defined. In k-means clustering, the cluster center is defined as the
mean data vector averaged over all objects in the cluster. In k-medians, the
median is calculated for each dimension in the data vector to create the
centroid. Finally, in k-medoids clustering, which is a robust version of the
k-means, the cluster center is defined as the object with the smallest sum of
distances to all other objects in the cluster, i.e., the most centrally located
point in a given cluster. We have used k-medoids, since having an actual
consumption profile as the cluster’s centroid (medoid) is more representative
of the consumption behavior compared to creating a synthetic centroid.

There are two major categories in which we can divide cluster validation
measure to: external and internal. External measures are used when you

61



9. Profiling of Household Residents’ Electricity Consumption

Behavior using Clustering Analysis

have prior knowledge of the data and validate according to the ground truth
and internal measures validate based on the data and clusters themselves [9].
We use three internal validation measures for analyzing the data and to select
the optimal clustering scheme. We have selected one validation measure
for assessing compactness and separation - Silhouette Index [10], one for
assessing connectedness - Connectivity [11], and one for assessing tightness
and dealing with arbitrary shaped clusters - IC-av [12].

9.2.3 Distance Measures

The simplest and most widely used way to measure the distance, or dissimi-
larity, between two data points in a n-dimensional space (in our case two
time series) is to calculate the Euclidean Distance (ED). ED calculates the
distance between the two time series by aligning the ith point of one time
series with the ith point of the other. ED is fast but it is sensitive to outliers
and it cannot identify similarities between two segments if they are shifted
out of phase [13]. Therefore, we also investigate the use of Dynamic Time
Warping (DTW).

DTW measures the dissimilarity of two time series in a similar way, but
instead of strictly calculating point by point it allows for some elasticity. One
point in one of the time series can be aligned against one or more points in
the other [14], which allows the identification of similar shapes even though
they are out of phase.

9.3 Experiments and Results

9.3.1 Data

We have gathered electricity consumption data from 9909 anonymous house-
holds, collected with a 1-minute interval. Initially, the household data have
gone through the pre-processing stage, as explained in Section 9.2.1. Then
we have selected the 10 households with the largest number of daily profiles.
3 of these 10 households contained a few clearly abnormal profiles which we
excluded from further analysis. At the final stage, the 10 selected households
contain between 345 and 353 daily profiles. We then selected 1 of the 10
studied households as the representative and we discuss and interpret the
results obtained on its data for the rest of our study.
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Figure 9.1: Clustering solution generated by k-medoids for k = 4, using
DTW as a dissimilarity measure and supported to be the best by IC-av.

Figure 9.2: Clustering solution generated by k-medoids for k = 4, using
DTW as a dissimilarity measure and supported to be the best by SI.

Figure 9.3: Clustering solution generated by k-medoids for k = 4, using DTW
as a dissimilarity measure and supported to be the best by Connectivity.

9.3.2 Results and Analysis

9.3.2.1 Estimation of the Number of Clusters

We run the k-medoids clustering algorithm using the two distance metrics
(ED and DTW) for all values of k between 2 and 9. The clustering algorithm
is run 100 times for each k and with the cluster medoids randomly initialized.
All clustering solutions are then evaluated using the cluster validation
measures mentioned in Section 9.2.2. We then look upon each measure
individually and in combination to determine which k is the appropriate.
Based on the scores generated by the validation measures, we decide upon
k = 5 for ED and k = 4 for DTW. However, the scores we evaluated are the
best ones generated from each individual measure, i.e., the scores are not
necessarily generated from the same clustering solutions.
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Figure 9.4: Clustering solution generated by k-medoids for k = 5, using
ED as a dissimilarity measure and supported to be the best by IC-av and
Connectivity

Figure 9.5: Clustering solution generated by k-medoids for k = 5, using ED
as a dissimilarity measure and supported to be the best by SI.

9.3.2.2 Clustering Analysis

In Figures 9.1, 9.2, and 9.3 we show the clustering solutions produced by
k-medoids using DTW as a distance metric. All three validation measures
support di�erent clustering solutions. Therefore, we compare the three
solutions and choose one of them that will be used to analyze the produced
household consumption signatures. SI and Connectivity do however, share
two clusters with the same signature and both of them contain mostly the
same profiles. Both these solutions have two major and two smaller clusters.
IC-av, on the other hand, generates a solution with three major clusters and
only one small cluster. The solutions chosen by SI and Connectivity are
fairly similar, with only a few profiles di�erence between them. Therefore,
we have chosen the clustering solution supported by SI (Figure 9.2) as its
smallest clusters contain more profiles compared to their counterparts in the
solution preferred by Connectivity.

In Figures 9.4 and 9.5 we present the clustering solutions produced by ED.
In this scenario, both IC-av and Connectivity support the same clustering
solution, while SI has a solution of its own. However, the di�erences between
the two solutions are not as distinct as in the case of DTW. We notice that
they share the same signature for two of the clusters, and one additional
cluster has a very similar signature. The solution promoted by SI does not
have an equally as large cluster as the other solution has. In addition, in the
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Figure 9.6: Electricity consumption signatures created from the cluster
medoids from the chosen clustering solutions generated by k-medoids with
k = 4 (DTW).

solution proposed by IC-av and Connectivity we have two small clusters. In
case of ED, we use the majority rule for choosing which clustering solution
is the best and thereby it is the one proposed by IC-av and Connectivity
(Figure 9.4).

9.3.2.3 Consumption Behavior Signatures

The produced cluster centroids, which can be seen as the signatures of the
electricity consumption habits of the household, are shown in Figures 9.6
and 9.7. We can see that the two di�erent distance measures support
di�erent consumption signatures. For instance, DTW (Figure 9.6) focuses
more on the general shape of the electricity consumption profiles, while ED
(Figure 9.7) favours more the exact time of the days when the consumption
peaks are happening. This supports our expectations, since DTW is an
elastic measure that stretches the time series in the time axis to find an
optimal alignment. Evidently, the di�erent distance measures favour di�erent
electricity consumption profiles and logically, this will a�ect the intended
analysis and built signatures. For example, we notice clear morning and
evening consumption peaks recognized by Cluster 1 of the DTW solution
(see Figure 9.6) and Clusters 0 and 3 of the ED signatures (see Figure 9.7),
respectively. However, the additional consumption peak in the middle of the
day seen in Cluster 1 of the ED solution is not clearly presented in any of
the four signatures supported by DTW.

9.3.2.4 Context Based Signatures

In order to investigate further the electricity consumption behavior of house-
holds, we create context based signatures that represent how the weekdays
are distributed between each cluster. These signatures are shown in Fig-
ures 9.8 and 9.9. They can be used to further improve and refine the
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Figure 9.7: Electricity consumption signatures created from the cluster
medoids from the chosen clustering solutions generated by k-medoids with
k = 5 (ED).

Figure 9.8: Context based signature of the weekdays from the clustering
solution generated generated by k-medoids with k = 4 (DTW).

Figure 9.9: Context based signature of the weekdays from the clustering
solution generated generated by k-medoids with k = 5 (ED).

consumption behavior model and allow us to gain additional knowledge
about the household’s behavior.

Comparing the distribution of weekdays produced by DTW (see Fig-
ure 9.8) and ED (see Figure 9.9), it is apparent that DTW divides the
days more evenly than ED. The signatures of the three larger clusters, 0,
1, and 3, are fairly monotonic. ED, on the other hand, has a more distinct
separation between working days and weekends. Clusters 0, 1, and 4 all
contain more weekend days, while Cluster 3 has almost only working days.
Cluster 2, which is the smallest cluster only containing 11 signatures, has a
more diverse spread of its days. It is further interesting to notice that the
signatures of Clusters 0 and 3 (see Figure 9.9) are very similar, which can
be an indication that these could be merged into a single cluster. However,
this is not strongly supported by the context presented in Figure 9.8, since
the first cluster present a typical working day consumption behavior while

66



9.4. Conclusions and Future Work

the second one is more representative for the weekends.

9.3.3 Discussion

The produced electricity consumption signatures are representatives of the
current electricity consumption behavior of the residents. To detect changes
in the residents’ behavior, we can apply our approach on a new portion of
data presenting the electricity consumption for the next time period. If new
signatures are created through the clustering process, this might be a sign
of a new behavior of the resident.

The proposed method can also be used to produce better prediction
models. The generated clusters give a clearer distinction between normality
and abnormality of the electricity consumption profiles. For example, in
Figure 9.4 it is clear that clusters 0, 3, and 4, contain a majority of the
electricity consumption profiles. Training the prediction models only on the
contents of these clusters would give a more accurate model.

As mentioned before, it is beneficial to use some elasticity when comparing
the electricity consumption profiles. Using DTW, we allow for changes in
time for the individual electricity consumption profiles. However, we may
cluster some signatures which probably should not be regarded as similar,
e.g., if a resident is sick and stays in bed for a few extra hours and then
performs his/her daily routines. We would like to identify this as a behavioral
change, but DTW identifies this as normal. Introducing a time window for
DTW to warp would remedy this.

9.4 Conclusions and Future Work

In this paper we propose a clustering analysis approach for profiling a house-
holds electricity consumption behavior. The proposed approach is evaluated
on real electricity consumption data from 10 anonymous households. The
results show that we can create electricity consumption signatures that
model electricity consumption behaviors of the household residents. Further,
we have found that Euclidean distance (ED) produce clusters that are more
focused on the exact times of consumption peaks, Dynamic Time Warping
(DTW) was better at identifying the shapes of the consumption peaks. We
have also identified that ED has a clear distinction between working days
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and weekend days between the clusters, while DTW has a more monotonic
distribution of days.

We are currently in the final stages of collecting both electricity and water
consumption from a set of elderly residents with the help of our local elderly
care system. The subjects will be continuously interviewed and monitored
during the study to be able to accurately label the data, i.e. changes in
their behavior. The collected data will be used for further evaluation and
validation of the approach proposed in this study.

References
[1] W. L. Zagler, P. Panek, and M. Rauhala. “Ambient assisted living

systems-the conflicts between technology, acceptance, ethics and pri-
vacy”. In: Dagstuhl Seminar Proceedings. Schloss Dagstuhl-Leibniz-
Zentrum fr Informatik. 2008.

[2] M. S. Mega, J. L. Cummings, T. Fiorello, and J. Gornbein. “The
spectrum of behavioral changes in Alzheimer’s disease”. In: Neurology
46.1 (1996), pp. 130–135.

[3] T. Chen, A. Mutanen, P. Järventausta, and H. Koivisto. “Change
detection of electric customer behavior based on AMR measurements”.
In: PowerTech, 2015 IEEE Eindhoven. IEEE. 2015, pp. 1–6.

[4] C. Chalmers, W. Hurst, M. Mackay, and P. Fergus. “Profiling Users
in the Smart Grid”. In: The Seventh International Conference on
Emerging Networks and Systems Intelligence. 2015.

[5] Y. Zhang, W. Chen, and J. Black. “Anomaly detection in premise en-
ergy consumption data”. In: Power and energy society general meeting,
2011 ieee. IEEE. 2011, pp. 1–8.

[6] C. Nordahl, M. Persson, and H. Grahn. “Detection of Residents’ Ab-
normal Behaviour by Analysing Energy Consumption of Individual
Households”. In: Data Mining Workshops (ICDMW), 2017 IEEE In-
ternational Conference on. IEEE. 2017, pp. 729–738.

[7] C. Nordahl, V. Boeva, H. Grahn, and M. Netz. “Organizing, Visualizing
and Understanding Households Electricity Consumption Data through
Clustering Analysis”. In: 2nd workshop on Aging, Rehabilitation and
Independent Assisted Living, IJCAI Workshop. 2018.

68



References

[8] J. MacQueen et al. “Some methods for classification and analysis of
multivariate observations”. In: 5th Berkeley Symp. on mathematical
statistics and probability. Vol. 1. 14. 1967, pp. 281–297.

[9] M. Halkidi, Y. Batistakis, and M. Vazirgiannis. “On clustering valida-
tion techniques”. In: Journal of intelligent information systems 17.2-3
(2001), pp. 107–145.

[10] P. J. Rousseeuw. “Silhouettes: a graphical aid to the interpretation
and validation of cluster analysis”. In: Journal of computational and
applied mathematics 20 (1987), pp. 53–65.

[11] J. Handl, J. Knowles, and D. B. Kell. “Computational cluster valida-
tion in post-genomic data analysis”. In: Bioinformatics 21.15 (2005),
pp. 3201–3212.

[12] A. E. Baya and P. M. Granitto. “How many clusters: A validation index
for arbitrary-shaped clusters”. In: IEEE/ACM Trans. on Comput. Biol.
and Bioinformatics 10.2 (2013), pp. 401–414.

[13] H. Ding, G. Trajcevski, P. Scheuermann, X. Wang, and E. Keogh.
“Querying and mining of time series data: experimental comparison of
representations and distance measures”. In: Proceedings of the VLDB
Endowment 1.2 (2008), pp. 1542–1552.

[14] H. Sakoe and S. Chiba. “Dynamic programming algorithm optimization
for spoken word recognition”. In: IEEE trans. on acoustics, speech,
and signal processing 26.1 (1978), pp. 43–49.

69





10

Monitoring Household Electricity

Consumption Behavior for Mining Changes

Christian Nordahl, Veselka Boeva, Håkan Grahn, and Marie
Persson-Netz
In 3rd International Workshop on AI for Aging, Rehabilita-
tion and Independent Assisted Living (ARIAL), International
Joint Conference on Artificial Intelligence (IJCAI), August, 2019,
Macau, China.

Abstract

In this paper, we present an ongoing work on using a household
electricity consumption behavior model for recognizing changes in
sleep patterns. The work is inspired by recent studies in neuroscience
revealing an association between dementia and sleep disorders and
more particularly, supporting the hypothesis that insomnia may be a
predictor for dementia in older adults. Our approach initially creates
a clustering model of normal electricity consumption behavior of the
household by using historical data. Then we build a new clustering
model on a new set of electricity consumption data collected over a
predefined time period and compare the existing model with the built
new electricity consumption behavior model. If a discrepancy between
the two clustering models is discovered a further analysis of the current
electricity consumption behavior is conducted in order to investigate
whether this discrepancy is associated with alterations in the resident’s
sleep patterns. The approach is studied and initially evaluated on
electricity consumption data collected from a single randomly selected
anonymous household. The obtained results show that our approach is
robust to mining changes in the resident daily routines by monitoring
and analyzing their electricity consumption behavior model.
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10.1 Motivation and State of the Art

In this study, we develop a model that can be applied for monitoring
household electricity consumption behavior and mining changes that can
eventually be used to recognize shifts in routines and sleeping patterns of
the resident, such as sleep disturbances.

Recent studies in neuroscience suggest a link between dementia and
sleep disorders [1–3]. Insomnia and other sleep disturbances are common
in patients with neurodegenerative disorders, such Alzheimer’s disease and
other dementing disorders [2]. Changes in sleep of patients with Alzheimer’s
disease are often observed on very early stage, e.g., a usual 20-minute
daytime nap transforms into several hours per day. Sleep disorders can be
an important diagnostic indication that foreruns development of Alzheimer’s
disease pathological disorders. A systematic review published in [3] provides
data supporting that insomnia may be a predictor for dementia in older
adults.

Recently, sleep monitoring based on o�-the-shelf mobile and wearable
devices has emerged as a way to obtain information about one’s sleeping
patterns [4], [5]. By taking advantage of diverse sensors, behaviors and
routines associated with sleeping can be captured and modelled. For example,
in [6] the bio-signals of a pool of Parkinson’s disease patients collected from
ambient sensors have been analyzed to detect sleep disorders. What makes
sensor monitoring particularly attractive is the non-invasive nature of the
sensing compared for example, to traditional Polysomnography. Similarly,
with the adoption of smart meters in the electrical power grids, we can
now collect high resolution electricity consumption data remotely on a
household level. This type of data can be used to get insight into the
residents’ habits and activities, with low impact and intrusion of the residents’
privacy compared to sensor data. As it was discussed above, dementia and
other neurodegenerative diseases can cause changes in the behavior of the
individual by provoking insomnia, apathy, restlessness etc. We believe
that such changes in an individual’s daily behavior, can be caught by their
electricity consumption activities.

In our previous work, we have applied clustering techniques for analyz-
ing and understanding households’ electricity consumption data [7]. The
knowledge extracted from this analysis was then used to create a model
of normal electricity consumption behavior for each particular household,
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which was later described in [8].

In this work, we propose and investigate an approach that can be used to
monitor such a model over time, detect changes and further analyze them on
their meaningfulness. The proposed approach builds a new model on a new
set of electricity consumption data collected over a predefined time period
and then compares the existing historical model with the new household
electricity consumption behavior model. If a discrepancy is discovered we
perform a further analysis of the current electricity consumption behavior
of the elderly habitant in order to investigate whether this discrepancy is
associated with alterations in their daily routines. The proposed approach
can also be applied to monitor and look for alterations in the sleep-wake
cycle of elderly individuals who have already been diagnosed with dementia
in order to avoid risk of falling, and identify the need for nursing home
placement.

10.2 The Proposed Approach and Methods

In order to model the ordinary (normal) electricity consumption behavior of
a household, we create k number of clusters with the use of k-medoids. The
medoids of these clusters are then defined to model the normal electricity
consumption behavior of the resident. We do not have information about
the number of people living in the household, therefore we assume the
resident lives alone. These signatures (the cluster medoids) are then used
as a baseline to compare against for a new portion of data that arrives and
also used as initial seeds for the clustering algorithm that is applied on the
new data. The reason for using the existing cluster medoids as the initial
seeds for the new data is the assumption that the new data will support the
same electricity consumption behavior model as the old one. In addition,
this enables the analysis and tracking of changes in the existing clusters
and further detection of alternations in the electricity consumption behavior
modes of the household. For example, we might trace cluster evolution
through the detection of transitions, such as cluster shrinking, merging,
splitting etc. This idea is schematically illustrated in Figure 10.1 by a
bipartite graph, where the existing clusters (generated on historical data)
and the newly generated clusters (used a new portion of data) are sets of left
and right nodes and the arrows represents transition correlations between
the clusters of two solutions.
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Figure 10.1: Schematic illustration of the proposed approach.

The new portion of data is also clustered with k-medoids, but as men-
tioned above the clustering is initialized by the medoids of the existing
clustering solution. After the initial partitioning of the data into the clusters,
the initial cluster medoids are removed from the data and new medoids are
selected, then k-medoids iteratively continues to refine the clustering until it
completes. We then compare the two clustering solutions (the existing and
the new one) by calculating the Dynamic Time Warping (DTW) distance
between their corresponding sets of medoids. If there is a discrepancy be-
tween the two clustering solutions, e.g., the calculated DTW is above the
pre-defined threshold, a change in the electricity consumption behavior of
the resident is identified. In such of case we further study how the exist-
ing clusters have evolved in the newly built clustering model in order to
investigate whether this discrepancy is associated with alternations in the
resident’s sleep habits.

10.2.1 k-medoids

Three partitioning algorithms are commonly used for data analysis to divide
the data objects into k disjoint clusters [9]: k-means, k-medians, and k-
medoids clustering. The three partitioning methods di�er in how the cluster
center is defined. In k-means clustering, the cluster center is defined as the
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Figure 10.2: Cluster profiles of the clustering solution created by using data
set A

mean data vector averaged over all objects in the cluster. In k-medians, the
median is calculated for each dimension in the data vector to create the
centroid. Finally, in k-medoids clustering, which is a robust version of the
k-means, the cluster center is defined as the object with the smallest sum of
distances to all other objects in the cluster, i.e., the most centrally located
point in a given cluster.

10.2.2 Dynamic Time Warping

The DTW alignment algorithm aims at aligning two sequences of feature
vectors by warping the time axis iteratively until an optimal match (according
to a suitable metrics) between the two sequences is found [10].

Let us formally explain how DTW works. Consider two matrices A =
[a1, . . . , an] and B = [b1, . . . , bm] with ai (i = 1, . . . , n) and bj (j = 1, . . . , m)
column vectors of the same dimension. The two vector sequences [a1, . . . , an]
and [b1, . . . , bm] can be aligned against each other by arranging them on
the sides of a grid, e.g. one on the top and the other on the left hand
side. A distance measure, comparing the corresponding elements of the two
sequences, can then be placed inside each cell. To find the best match or
alignment between these two sequences one needs to find a path through the
grid P = (1, 1), . . . , (is, js), . . . , (n, m), (1 Æ is Æ n and 1 Æ js Æ m), which
minimizes the total distance between A and B. Thus, the DTW distance
between A and B can be defined as dtw(A, B) = 1

n+m min
P

1qk
s=1 d(is, js)

2
.

10.3 Initial Evaluation and Results

10.3.1 Data

In this study we use electricity consumption data collected from a single
randomly selected anonymous household that has been collected with a
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Figure 10.3: Cluster profiles of the clustering solution created by using data
set B0

Figure 10.4: Cluster profiles of the clustering solution created by using data
set B5

1-minute interval. We divide the data into two sets, one to represent the
historical data that is used to model the ordinary electricity consumption
behavior of the household (data set A) and the other one to represent the new
portion of data used to track changes in the existing household’s behavior
model (data set B). Data set A contains 242 (70%) of the initial profiles
and B the remaining 104 profiles (30%). For both sets we aggregate the
electricity consumption data from 1-minute measures to 1-hour measures.
Previous studies have indicated that using a too fine granularity makes it
harder to identify patterns of consumption [11].

In order to study and evaluate the e�ectiveness of our approach, we
introduce noise to data set B by altering a number of daily profiles. We
insert 4 di�erent amounts of noise to this data set, 5% (B5), 10% (B10), 15%
(B15), and 20% (B20), and we retain one without any noise (B0). The noise
insertion is performed by shifting one day x hours forward, where x is either
(i) 12 hours or (ii) a random number of hours between 1 and 6. We choose
these two di�erent scenarios to mimic either (i) a complete change of the
individual’s sleeping pattern (12 hour shift) or (ii) a slighter deviation of
the normal sleeping routine.

Then for all data sets we perform a z-standardization on all individual
profiles, as we are more interested in the actual shapes during the studied
period, i.e. how they consume, and not how much they consume. We argue
that a normal behavior could look similar during the summer and winter,
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B0 B5 B10 B15 B20

A 0.0907 0.0955 0.0955 0.0889 0.0921

Table 10.1: The DTW distances between the existing cluster solution pro-
duced on data set A and the cluster solutions generated by the new data
sets B0, B5, B10, B15 and B20.

but the amplitudes may di�er.

10.3.2 Experimental Setup

Initially, we apply k-medoids clustering on data set A in order to build the
ordinary electricity consumption behavior model of the household. The
optimal number of clusters (k) is determined by initially studying and eval-
uating the used data by three di�erent cluster validation indices: Silhouette
Index [12], Connectivity [13], and Average Intra-Cluster distance [14]. In our
experiments data set B represents the new portion of data collected over a
predefined time period. In order to receive an insomnia diagnosis, patients
must experience trouble falling or staying asleep for a period of one month
or longer [15]. Therefore in our experiments the time axis is partitioned in
monthly or longer intervals, i.e. the data set B covers a period longer than
month.

We conduct five di�erent experiments by considering five di�erent new
data sets: B0, B5, B10, B15, and B20 (see Section 10.3.1). Each data set Bi,
for i = 0, 5, 10, 15, 20, is clustered by using k-medoids initialized by the
medoids of the clustering solution generated on data set A.

10.3.3 Results and Discussion

Table 10.1 lists the DTW distances between the existing cluster solution
produced on data set A and the cluster solutions generated by the new data
sets B0, B5, B10, B15 and B20, respectively. One can notice the highest
distances are recorded for data sets B5, B10 and B20. Therefore, for the rest
of this section we focus on studying the results produced by these three data
sets and comparing them to the ones generated by data set B0. The latter
can be considered as a baseline for the new portion of data, since it has not
been injected with any noise.
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CÕ
0 CÕ

1 CÕ
2 CÕ

3 CÕ
4

C0 0.198 0.239 0.268 0.220 0.225
C1 0.354 0.174 0.241 0.268 0.187
C2 0.472 0.219 0.182 0.317 0.216
C3 0.334 0.221 0.408 0.170 0.299
C4 0.377 0.237 0.259 0.318 0.182

Table 10.2: DTW distances between the cluster medoids of the existing
clusters (C0, . . . , C4) and the new clusters (C Õ

0, . . . , C Õ
4) generated on data

set B0.

CÕ
0 CÕ

1 CÕ
2 CÕ

3 CÕ
4

C0 0.198 0.239 0.335 0.252 0.249
C1 0.354 0.174 0.182 0.256 0.218
C2 0.472 0.219 0.164 0.304 0.293
C3 0.334 0.221 0.364 0.199 0.228
C4 0.377 0.237 0.213 0.281 0.186

Table 10.3: DTW distances between the cluster medoids of the existing
clusters (C0, . . . , C4) and the new clusters (C Õ

0, . . . , C Õ
4) generated on data

set B20.

CÕ
0 CÕ

1 CÕ
2 CÕ

3 CÕ
4

B0 36 21 15 16 16
B5 36 25 22 10 9
B10 36 23 21 13 9
B15 34 20 15 14 19
B20 37 23 22 10 10

Table 10.4: Distribution of daily profiles to di�erent clusters for all B data
sets.

Table 10.2 and Table 10.3 present the DTW distances calculated between
the cluster medoids of the existing clusters and the new clusters generated on
data sets B0 and B20, respectively. It is interesting to observe and trace the
evolution of clusters C1 and C4 in data set B20 compared to data set B0. For
example, C1 gets closer to C Õ

2, while C4 moves towards clusters C Õ
2 and C Õ

3.
These observations are also supported by the heatmaps plotted in Figure 10.5
and Figure 10.6, respectively. One can observe that the respective cells in the
heatmap of B20 have changed their colour in comparison with the heatmap of
the baseline data set B0. In addition, as it can be seen in Table 10.4, cluster
C Õ

4 which is a transition of cluster C4 in the newly generated clustering
solution gets shrunk in all three studied data sets (B5, B10 and B20), while
logically cluster C Õ

2 gets large.
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Figure 10.5: Heatmap for distances between the existing clusters and the
clusters generated by B0.

Figure 10.6: Heatmap for distances between the existing clusters and the
clusters generated by B20.

We study further the above discussed observations in Figures 10.2, 10.3
and 10.4, which depict cluster profiles of the clustering solutions generated
on data sets A, B0, B5, respectively. C0 and C1 are the biggest clusters and
represent the electricity consumption behavior more typical for working days
with clearly recognized morning and evening consumption peaks. Cluster
C2 is also comparatively big and has an additional consumption peak in the
middle of the day, i.e. it models behavior more typical for the weekends.
Clusters C3 and C4 are smaller and do not represent so clearly recognizable
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behavior. Now let us trace how these five clusters are evolved in the new
data sets B0 and B5, respectively. As we can see in Table 10.4 clusters C Õ

0
and C Õ

1 are also the biggest ones in both data sets (B0 and B5) and have very
similar shapes to those of C0 and C1 (see Figures 10.3 and 10.4). However,
cluster C Õ

2 does not have a similar profile to that of its origin cluster C2. It
models behavior that shows electricity consumption activity too early in the
morning and in addition, it expands in data set B5. The transformation
of cluster C4 in data sets B0 and B5 also has an e�ect on its shape. We
can observe that C Õ

4 does not have an additional consumption peak in the
middle of the day like C4.

10.4 Conclusions and Future Work
In this paper, we have proposed an approach for monitoring household
electricity consumption behavior and mining changes that can be used to
recognize shifts in daily routines and sleeping patterns of the resident. The
proposed approach uses clustering techniques for modelling and analyzing
household’s electricity consumption behavior. It has been initially evaluated
on electricity consumption data collected from a single randomly selected
anonymous household. The experimental results have shown that the ap-
proach is robust to recognizing alternations in the resident daily routines by
monitoring and analyzing their electricity consumption behavior.

Our future plans are to pursue further evaluation of the proposed ap-
proach by involving healthcare experts and using data from other sources,
e.g. ambient sensors, for its validation on richer data and real scenarios. In a
long-term perspective, we are interested in applying the developed approach
for recognizing early signs of dementia by monitoring and tracing changes
in household electricity consumption behavior in addition to other data
sources.
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Abstract

In this paper we address the problem of modeling the evolution
of clusters over time by applying sequential clustering. We propose
a sequential partitioning algorithm that can be applied for grouping
distinct snapshots of streaming data so that a clustering model is built
on each data snapshot. The algorithm is initialized by a clustering so-
lution built on available historical data. Then a new clustering solution
is generated on each data snapshot by applying a partitioning algo-
rithm seeded with the centroids of the clustering model obtained at the
previous time interval. At each step the algorithm also conducts model
adapting operations in order to reflect the evolution in the clustering
structure. In that way, it enables to deal with both incremental and
dynamic aspects of modeling evolving behavior problems. In addition,
the proposed approach is able to trace back evolution through the
detection of clusters’ transitions, such as splits and merges. We have
illustrated and initially evaluated our ideas on household electricity
consumption data. The results have shown that the proposed sequen-
tial clustering algorithm is robust to modeling evolving behavior by
being enable to mine changes and update the model, respectively.
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11.1 Introduction

The need for describing and understanding the behavior of a given phe-
nomenon over time led to the emergence of new techniques and meth-
ods focused in temporal evolution of data and models [Aggarwal2005,
Bouchachia2011, 1]. Data mining techniques and methods that enable to
monitor models and patterns over time, compare them, detect and describe
changes, and quantify them on their interestingness are encompassed by the
paradigm of change mining [2]. The two main challenges of this paradigm
are to be able to adapt models to changes in data distribution but also to
analyze and understand changes themselves.

Evolving clustering models are referred to incremental or dynamic cluster-
ing methods, because they can process data step-wise and update and evolve
cluster partitions in incremental learning steps [Bouchachia2011], [3]. In-
cremental (sequential) clustering methods process one data element at a
time and maintain a good solution by either adding each new element to
an existing cluster or placing it in a new singleton cluster while two exist-
ing clusters are merged into one [4], [5], [6]. Dynamic clustering is also a
form of online/incremental unsupervised learning. However, it considers not
only incrementality of the methods to build the clustering model, but also
self-adaptation of the built model. In that way, incrementality deals with
the problem of model re-training over time and memory constrains, while
dynamic aspects (e.g., data behavior, clustering structure) of the model to
be learned can be captured via adaptation of the current model. Lughofer
proposes an interesting dynamic clustering algorithm which is also dedicated
to incremental clustering of data streams and in addition, it is equipped
with dynamic split-and-merge operations [3]. A similar approach defining
a set of splitting and merging action conditions is introduced in [7]. Wang
et al. also propose a split-merge-evolve algorithm for clustering data into k
number of clusters [8]. However, a k cluster output is always provided by the
algorithm, i.e. it is not sensitive to the evolution of the data. A split-merge
evolutionary clustering algorithm which is robust to evolving scenarios is
introduced in [9]. The algorithm is designed to update the existing clustering
solutions based on the data characteristics of newly arriving data by either
splitting or merging existing clusters. Notice that all these algorithms have
the ability to optimize the clustering result in scenarios where new data
samples may be added in to existing clusters.
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In this paper, we propose a sequential (dynamic) partitioning algorithm
that is robust to modeling the evolution of clusters over time. In comparison
with the above discussed dynamic clustering algorithms it does not update
existing clustering, but groups distinct portions (snapshot) of streaming
data so that a clustering model is generated on each data portion. The
algorithm initially produces a clustering solution on available historical data.
A clustering model is generated on each new data snapshot by applying
a partitioning algorithm initialized with the centroids of the clustering
solution built on the previous data snapshot. In addition, model adapting
operations are performed at each step of the algorithm in order to capture
the clusters’ evolution. Hence, it tackles both incremental and dynamic
aspects of modeling evolving behavior problems. The algorithm also enables
to trace back evolution through the identification of clusters’ transitions such
as splits and merges. We have studied and initially evaluated our algorithm
on household electricity consumption data. The results have shown that it
is robust to modeling evolving data behavior.

11.2 Modeling Evolving User Behavior via
Sequential Clustering

11.2.1 Sequential Partitioning Algorithm

In this section, we formally describe the proposed sequential partitioning
algorithm. The algorithm idea is schematically illustrated in Figure 11.1.

Assume that data sets D0, D1, . . . , Dn are distinct snapshots of data
stream. Further let C = {Ci|i = 0, 1, . . . , n} be a set of clustering solutions
(models), such that Ci has been built on a data set Di. In addition, each
clustering solution Ci, for i = 1, 2 . . . , n, is generated by applying a partition-
ing algorithm (see Section 11.2.2) on data set Di initialized (seeded) with
the centroids of the clustering model built on data set Di≠1. The algorithm
is initialized by clustering C0 which is extracted from data set D0 (available
historical data or the initial snapshot).

The basic operations conducted by our algorithm at each time window
(on each data snapshot) i are explained below:

1. Input: Cluster centroids of partition Ci≠1 (i = 1, 2, . . . , n).
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Figure 11.1: Schematic illustration of the proposed sequential clustering
approach

2. Clustering step: Cluster data set Di by seeding the partitioning
algorithm with the centroids of Ci≠1.

(a) Initial clustering of Di.
(b) Check for empty initial clusters and adapt the partitioning re-

spectively.
(c) Remove the seeded centroids and finalize the clustering by pro-

ducing Ci.

3. Adapting step: For each cluster Cij œ Ci do the following steps

(a) Calculate split condition for Cij .
(b) If the split condition is satisfied then split Cij into two clusters

by applying 2-means clustering algorithm and update the list of
centroids, respectively.

4. Output: Updated clustering partition and list of centroids used to
initialize the clustering action that will be conducted on data set Di+1.

Note that at step 2(b) above we check whether there are empty clusters
after the initial clustering. If so, this means that the clustering structure
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is evolving, i.e. some clusters may stop existing while others are merged
together. Evidently, the death and merge transitions are part of the clustering
step. Therefore the split condition is only checked at step 31. We can apply
di�erent split conditions. For example, the homogeneity of each cluster Cij

may be evaluated and if it is below a given threshold we will perform splitting.
Another possibility is to apply the idea implemented by Lughofer [3] in his
dynamic split-and-merge algorithm.

In order to trace back the clusters’ evolution we can compare the sets
of cluster centroids of each pair of partitioning solutions extracted from
the corresponding neighborhood time intervals (e.g., see Figure 11.6). This
comparison can be performed by applying some alignment technique, e.g.,
such as Dynamic Time Warping (DTW) algorithm explained in Section 11.2.3.
For example, if we consider two consecutive clustering solutions Ci≠1 and Ci

(i = 1, 2, . . . , n), we can easily recognize two scenarios: (i) a centroid of Ci≠1
is aligned to two or more centroids of Ci then the corresponding cluster from
Ci≠1 splits among the aligned ones from Ci; (ii) a few centroids of Ci≠1 is
aligned to a centroid of Ci then the corresponding clusters from Ci≠1 merge
into the aligned cluster from Ci.

11.2.2 Partitioning Algorithms

Three partitioning algorithms are commonly used for data analysis to divide
the data objects into k disjoint clusters [10]: k-means, k-medians, and k-
medoids clustering. The three partitioning methods di�er in how the cluster
center is defined. In k-means clustering, the cluster center is defined as the
mean data vector averaged over all objects in the cluster. In k-medians, the
median is calculated for each dimension in the data vector to create the
centroid. Finally, in k-medoids clustering, which is a robust version of the
k-means, the cluster center is defined as the object with the smallest sum of
distances to all other objects in the cluster, i.e., the most centrally located
point in a given cluster.

11.2.3 Dynamic Time Warping Algorithm

The DTW alignment algorithm aims at aligning two sequences of feature
vectors by warping the time axis iteratively until an optimal match (according
to a suitable metrics) between the two sequences is found [11]. Let us consider

1 Step 3 is not implemented into the current version of our sequential clustering algorithm.
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Figure 11.2: Initial clustering model produced on the historical data.

Figure 11.3: Clustering model produced on the first new data snapshot.
Clusters C01 and C03 have been empty after the clustering step. Clusters
C02 and C04 are transformed in clusters C11 and C12, respectively.

two matrices A = [a1, . . . , an] and B = [b1, . . . , bm] with ai (i = 1, . . . , n)
and bj (j = 1, . . . , m) column vectors of the same dimension. The two vector
sequences [a1, . . . , an] and [b1, . . . , bm] can be aligned against each other by
arranging them on the sides of a grid, e.g. one on the top and the other
on the left hand side. A distance measure, comparing the corresponding
elements of the two sequences, can then be placed inside each cell. To find
the best match or alignment between these two sequences one needs to find
a path through the grid P = (1, 1), . . . , (is, js), . . . , (n, m), (1 Æ is Æ n and
1 Æ js Æ m), which minimizes the total distance between A and B.

11.3 Case Study: Modeling Household Electricity
Consumption Behavior

11.3.1 Case Description

Suppose that a monitoring system for tracking changes in electricity con-
sumption behavior at a household level is developed to be used for some
healthcare application. For example, such a system can be used to monitor
and look for alterations in the daily routines (sleep-wake cycle) of elderly
individuals who have been diagnosed with a neurodegenerative disease. The
system is supposed to build and maintain an electricity consumption be-
havior model for each monitored household. Initially, a model of normal
electricity consumption behavior is created for each particular household
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Figure 11.4: Clustering model produced on the second (above) and third
(below) new data snapshots, respectively.

by using historical data [12]. In order to monitor such a model over time
it is necessary to build a new model on each new portion of electricity con-
sumption data and then compare the current model with the new household
electricity consumption behavior model. If changes are identified a further
analysis of the current electricity consumption behavior model is performed
in order to investigate whether these are associated with alterations in the
resident’s daily routines.

11.3.2 Data and Experiments

We use electricity consumption data collected from a single randomly selected
anonymous household that has been collected with a 1-minute interval for a
period of 14 months. During those 14 months, there were roughly 2 months
worth of data that had not been collected, i.e. zero values which have been
removed. We then aggregate the electricity consumption data into a one
hour resolution from the one minute resolution.

We divide the data into four parts. The first 50% of the total data rep-
resent the historical data (D0), and the remaining data is evenly distributed
into the other three data sets (D1, D2 and D3). In addition, D2 and D3
have their contents shifted to simulate a change in their behavior over time.
8% of the contents in D2 is randomly shifted 1 to 6 hours ahead, and 2% of
the contents 12 hours ahead. Similarly, D3 has 16% of the data shifted 1
to 6 hours ahead and 4% 12 hours ahead. We choose these two scenarios
to simulate both minor and drastic changes in the sleeping pattern of the
resident.

In order to cluster the historical data, we run k-medoids 100 times using

89



11. Modeling Evolving User Behavior via Sequential Clustering

Table 11.1: Distances between the clustering models generated on the first
and second new data snapshots (left), and on the second and third new data
snapshots (right), respectively.

C20 C21 C22

C10 0.142 0.428 0.222
C11 0.373 0.194 0.306
C12 0.235 0.326 0.163

C30 C31 C32

C20 0.123 0.384 0.290
C21 0.468 0.246 0.257
C22 0.212 0.358 0.209

randomly initialized cluster medoids, for each k between 2 and 20. DTW
is used as the dissimilarity measure and it is restricted to only allow for a
maximum warp of two hours. This restriction is in place to allow for some
minor alterations in the daily behavior while keeping major alterations in
check. The produced clustering solutions are then evaluated using Silhouette
Index [13], Connectivity [14], and Average Intra-Cluster distance [15]. The
medoids from the best scoring clustering solution are then used as the initial
seeds for the next snapshot of data, as explained in Section 11.2.1.

11.3.3 Results and Discussion

Figure 11.2 shows the initial clustering model generated on the historical data.
As one can see the household electricity consumption behavior is modeled
by five di�erent behavior profiles (clusters). C03 and C04 are the biggest
clusters and represent the electricity consumption behavior more typical
for working days with clearly recognized morning and evening consumption
peaks. Clusters C00 and C01 are smaller and have an additional consumption
peak in the middle of the day, i.e. they model behavior more typical for
the weekends. Cluster C02 is comparatively big and represents electricity
consumption behavior typical for working days with a slightly later start.

Figure 11.3 depicts the clustering model derived from the first new
data snapshot. As we can notice the electricity consumption behavior is
modeled only by three clusters. C01 and C03 have been empty after the
initial clustering step and their medoids are removed from the list of medoids.
Clusters C02 and C04 are transformed into clusters C11 and C12, respectively.
It is interesting to observe that C12 is also very similar to cluster profile C03.
The latter observation is also supported by the DTW alignment between
the medoids of the two clustering models given in Figure 11.6, where C03
and C04 are aligned to C12, i.e. they are merged into one cluster. This is
also the case for C00 and C01, which are replaced by cluster C10 at the first
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Figure 11.5: Heatmaps for distances between the clustering models generated
on the first and second new data snapshots (left), and on the second and
third new data snapshots (right), respectively.

Figure 11.6: DTW alignment path between the clustering models generated
on the historical and first new snapshot data, respectively.

time interval.

As it can be seen in Figure 11.4 the number of clusters is not changed
at the second and third time windows. However, one can easily observe
that behavior profile C11 evolves its shape over these two time intervals.
For example, it moves far from C21 and gets closer to C20 at the third time
window (see Table 11.1). These observations are also supported by the
heatmaps plotted in Figure 11.5. One can observe that the respective cells
in the heatmap plotted in Figure 11.5 (right) have changed their color in
comparison with the heatmap in Figure 11.5 (left).

We can trace the evolution of the clusters at each step of our algorithm by
comparing the sets of cluster centroids of each pair of clusterings extracted
from the corresponding consecutive time intervals. This is demonstrated in
Figure 11.6 which plots the DTW alignment path between the clustering
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models generated on the historical and first new data sets, respectively. This
comparison can be perform on any pair of clustering models generated on
the studied data sets. It is also possible to track back the evolution of given
final cluster down to the initial clustering model.

11.4 Conclusions and Future Work
In this paper, we have proposed a sequential partitioning algorithm that
groups distinct snapshots of streaming data so that a clustering model is
generated on each data snapshot. It enables to deal with both incremental
and dynamic aspects of modeling evolving behavior problems. In addition,
the proposed approach is able to trace back evolution through the detection of
clusters’ transitions. We have initially evaluated our algorithm on household
electricity consumption data. The obtained results have shown that it is
robust to modeling evolving data behavior by being enable to mine changes
and adapt the model, respectively.

For future work, we aim to further study and evaluate the proposed
clustering algorithm on evolving data phenomena in di�erent application
domains.
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