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1
Introduction

Population aging is a serious problem affecting both the developed and the less
developed countries of the world. In 2009, the elderly aged 60 and over made
up 11 percent of the world population, and this is expected to reach 22 percent
by 2050 [17]. This increase causes a decline in the ratio of workers to elderly and
will cause economic stress in the political need to transfer financial resources to
the elderly [134].

As people age, their healthcare expenses increase significantly [101], but with
less financial resources to aid the elderly, many of them will not be able to make
ends meet. Efficient and accurate caregiving is therefore a must to guarantee a
healthy and affordable future for our elderly.

Automatic health monitoring provides an inexpensive way for obtaining the in-
formation needed to give efficient and accurate care. Besides being cost effective,
elderly would also maintain their independence, allowing them to live longer
in their own homes. This will result in a high quality of life for the elderly and
delay the transition to costly care facilities [114].

A common method in healthcare for assessing the cognitive and physical well-
being of elderly are activities of daily living (ADL), a collection of activities that
are performed on a daily basis such as cooking, toileting and showering [3, 72].
Recent developments in sensing technology make it possible to easily equip ex-
isting homes with sensors, therefore allowing a continuous observation system.
However, automatically interpreting this sensor data to recognize ADL is an
unsolved problem.
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1.1 Different Forms of Health Monitoring

To highlight the importance of using ADL for health monitoring we give an
overview of the different forms of health monitoring available. We distinguish
between alarm systems and long-term monitoring systems.

The most common type of alarm systems are buttons or pull-cords that send
an alarm when used. These systems are widely commercially available and
are installed in many homes and caregiving facilities [106]. Their effectiveness
depends on the ability of the user to recognize an emergency and requires the
user to press the button when an emergency takes place. A more advanced
type of alarm system are fall detection systems that recognize an emergency
automatically. The detection of a fall can be done using different kinds of sensors.
For example, in work by Ohta et al. infrared sensors measure the duration
of stay in a particular room and incidents of falling are detected by searching
for excessively long durations of stay [121]. Nait-Charif et al. use cameras to
track inhabitants through the house and use long inactive periods as indications
of alarm [115]. Such advanced fall detection systems in which no wearable
sensor needs to be carried around are now becoming commercially available. An
example is the Unattended Autonomous Surveillance (UAS) system, developed
at dutch research institute TNO [62].

Alarm systems detect emergencies and are very important to be able to offer aid as
quickly as possible. On the other hand, long-term monitoring systems maintain
information about the user over time and can therefore be used to track changes
and detect anomalies. One type of information to monitor are physiological
measurements such as heart rhythm and blood pressure. Systems for obtaining
these measurements are now appearing as commercial health monitoring systems
in the form of Intel’s Health Guide [55] or Bosch’s Health Buddy [10]. They
prompt users to take measurements and provide a user friendly interface for
doing so. Alternatively, measurements can be obtained automatically using
clever sensing constructions such as measuring body weight while toileting,
temperature while sleeping and an electrocardiography (ECG) while bathing
[155]. The measurements can be made available to physicians for analysis and
can be important indicators when something is wrong.

ADL are also suitable for long term monitoring and are commonly used indica-
tors for monitoring the health of elderly [72]. Currently, healthcare professionals
measure ADL manually by visiting the home of an elderly and observing them in
performing activities. This results in a subjective measure and makes the assess-
ment of activities such as taking medicine and eating very difficult. Caregivers,
therefore, often rely on information provided by the elderly themselves, who
may report biased information because of a desire to gain services or a fear of
losing them [175].
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Automatically recognizing ADL provides an objective indicator for caregiving.
Irregular sleep patterns, changes in the frequency of toilet use and an increase
in the duration of time it takes to complete an ADL are all important indicators
of physical and cognitive health disorders [45, 154]. Occupational therapists can
use this information to install assistive devices and daily living aids that reduce
the time and energy it takes to perform an ADL. When applied on a large scale,
it is expected that the wealth of information will be extremely useful to evidence
based nursing, a form of nursing relying on scientific data. It is expected that
such an approach makes it possible to treat certain diseases proactively, before
any real damage is done [31].

Systems that recognize ADL from sensor data are now an active topic of research.
Some systems dedicated to recognizing a limited number of activities such as toi-
leting and sleeping behavior have been tried in practice [52]. But the majority
of work focuses on the recognition of a large variety of ADL such as prepar-
ing breakfast, washing dishes and other kitchen activities [33, 102] or ironing,
vacuuming and other housekeeping activities [149]. These systems are evalu-
ated in a laboratory setting in which an office space is equipped with furniture to
resemble a home environment. In this thesis, we evaluate our approaches using
datasets recorded in real world settings and consisting of a large variety of ADL.

1.2 Patterns in Activities of Daily Living

The term ‘activity’ is used in the relevant literature to describe a large variety of
concepts, ranging from simple physical activities to complex activities such as
ADL. To allow a clear discussion, we define some terminology for distinguishing
among action primitives, actions and activities. For the remainder of this thesis,
we use the term activities to refer to ADL.

An action primitive is defined as a simple operation which typically takes up a
few seconds. Examples are, opening a cupboard, sitting on a chair or flushing
the toilet. Action primitives can typically only be performed in a very limited
number of ways. For example, opening a cupboard is typically done using either
the right hand or the left hand. Also the temporal order in which the action
primitive is performed is rather strict, one first moves the hand towards the
cupboard and then opens it by pulling it. It is not possible to open the cupboard
without first moving the hand towards it. Finally, the variety in which action
primitives differ per person is minimal, for example, almost everybody opens a
cupboard using their hands.

A combination of action primitives forms an action, such as taking a plate from a
cupboard or putting coffee powder in a coffee machine. The temporal ordering of
actions corresponds to the order of the action primitives the action is made of, and
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is generally rather strict. For example, taking a plate from a cupboard requires
the action primitives of opening the cupboard, taking the plate and closing the
cupboard. A different order of action primitives generally results in a failure to
complete the action. The number of ways an action can be performed is limited
and the duration of an action can range from several seconds to several minutes.

Activities are made up of a complex combination of actions and can last from
several minutes to several hours. For example, sleeping, toileting and making
coffee are all examples of activities. They can be performed in a large number of
ways due to the complex combination of actions involved. We can distinguish
between required actions and optional actions in performing an activity. For
example, in making coffee a required action is adding coffee powder to the
machine, an optional action is adding sugar when the coffee is done. An optional
action can also be, getting the coffee powder from the cupboard, because it could
still be on the counter after its last use. The temporal order in which activities
can be performed varies strongly. When making coffee one can choose to first
add coffee powder and then add water, or the other way around. Still for many
activities there are certain constraints in the temporal order of execution. For
example, adding water, turning on the machine and after several minutes adding
the coffee powder does not typically result in very good coffee. Finally, activities
also tend to vary strongly between individuals due to cultural differences or
simply different habits. For example, one person might always use a coffee
machine to make coffee, while another uses instant coffee.

The description of action primitives, actions and activities shows there exists a
hierarchy in activities. Understanding the structure of this hierarchy can play an
important role in the recognition of activities. This thesis includes approaches
that take the entire hierarchy described above into account, as well as approaches
in which only part of the hierarchy is considered.

1.3 Observing Action Primitives

To allow automatic health monitoring on a large scale, existing homes will need to
be equipped with sensors. An overview of the most common sensing modalities
used in activity recognition can be found in Chapter 2, Section 2.2. In this thesis,
we use sensor networks to observe action primitives performed by inhabitants
in their homes. Sensor networks provide a non-intrusive, privacy-friendly and
easy-to-install solution to in-home monitoring. Sensors used are contact switches
to measure whether doors and cupboards are open or closed; pressure mats to
measure sitting on a couch or lying in bed; mercury contacts for movement of
objects such as drawers; passive infrared sensors to detect motion in a specific
area and float sensors to measure the toilet being flushed. These sensors observe a
large number of action primitives performed in the home, however, not all action
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primitives can be observed. For example, it is possible to observe a cupboard
being opened, but not which item is taken from the cupboard. The sensing
method we use is therefore able to observe only a limited set of action primitives.

1.4 Recognizing Activities

Recognizing activities from sensor data means we wish to determine which
activity corresponds to an observed sequence of action primitives. To do this, the
following issues need to be dealt with.

Ambiguity: A single action primitive can occur during different activities. For
example, the action primitive of opening the refrigerator door can occur
during the activity cooking and during the activity of getting a drink.
A single action primitive can therefore be ambiguous with respect to the
recognition of activities. Considering a sequence of action primitives would
resolve that ambiguity, since the context of other action primitives specifies
with what intention a particular action primitive was performed. However,
the sensor network we use is only able to observe a limited set of action
primitives. Therefore, a sequence of observed action primitives can still be
ambiguous with respect to the recognition of activities.

Generalization: Activities can be performed in a large number of ways, which
means it is hard to formulate a generalized description for an activity. The
range of possibilities can become even broader due to noise, caused either
by the human performing the activity (e.g. opening the wrong cupboard)
or by the sensor network (e.g. a network packet is lost). This makes
determining which sequence of action primitives corresponds to which
activity even more difficult.

Segmentation: Data obtained from the sensor network is unsegmented, this
means that the start and end time of activities is unknown. For an observed
sequence of action primitives it is therefore not known how many activities
were performed during the sequence and at what point one activity ends
and another one starts. Therefore, a recognition method has to consider all
possible combinations of segmentation to determine which interpretation
fits best.

These issues make activity recognition a very challenging task. In this thesis,
we use temporal probabilistic models to deal with these issues in a principled
manner. By taking the uncertainty into account with respect to all of the above
issues, such models can make an informed decision on which activity is taking
place based on the evidence that the sensor data provides.
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1.5 Research Focus and Questions

Recent developments in sensing technology make it possible to easily equip ex-
isting homes with sensor networks. Healthcare professionals agree that activities
are what they want to monitor [72]. What is missing are the pattern recognition
methods to recognize these activities automatically from sensor data. In this
thesis, we answer the following questions with respect to that issue:

Which temporal probabilistic model is able to accurately recognize activities from sen-
sor network data? Designing such models requires a trade-off between model
complexity, computation time and the amount of example data needed.

We present temporal probabilistic models that accurately recognize activities
from sensor data. A comparison of generative, discriminative, semi-Markov and
hierarchical models provides an insightful analysis to the performance of these
models in the application of activity recognition.

How can we re-use methods for activity recognition in multiple homes? Pattern recog-
nition methods for activity recognition are generally developed with a particular
home in mind. Home-specific properties are either automatically learned from
data or manually created by a domain expert. Differences in the layout of homes
and the behavior of inhabitants prevent us from applying these methods to other
homes.

We developed a novel transfer learning method that allows us to use labeled data
from other homes to learn the parameters of a temporal probabilistic model for a
new home.

How can we evaluate the performance of pattern recognition methods to ensure an
accurate performance in a real world setting? It is very difficult to capture the
complex structure of activities, actions and action primitives realistically in a
simulated setting. Recording real world sensor data would avoid this issue, but
establishing a ground truth is expensive and difficult to collect accurately.

We created a sensor and annotation system for recording data sets at home. The
sensor system can easily be installed in existing homes and the annotation system
provides an inexpensive way of recording an accurate ground truth. Several real
world data sets were recorded using this system and are publicly available to the
research community providing a standardized benchmark for the community to
compare their results on [67]. These datasets are now widely used within the
community [4, 92, 100, 131, 137, 170].
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1.6 Overview

Chapter 2 gives an overview of activity recognition systems in the literature. We
discuss applications that use activities, sensors that are used in activity recogni-
tion, pattern recognition methods for recognizing activities from sensor data and
datasets for activity recognition. We describe state of the art developments and
discuss open problems and issues with respect to these topics.

Chapter 3 answers some fundamental pattern recognition questions with respect
to activity recognition. Issues with respect to discretization and feature represen-
tation are discussed and solutions to these issues are proposed and empirically
supported. We compare the recognition performance of two of the most basic
temporal probabilistic models. The two models used present an important di-
chotomy in the field of temporal probabilistic models, namely the choice between
generative and discriminative models. We explain the differences between these
types of models and discuss their usability with respect to activity recognition
on the basis of their recognition performance, the amount training data used and
the required computation time for processing sensor data.

Chapter 4 discusses the consequences of the Markov assumption and presents
semi-Markov models that relax this assumption. The Markov assumption is a
powerful assumption which allows us to perform inference in temporal proba-
bilistic models in linear time. However, this assumption is too strong for problems
such as activity recognition in which there are temporal dependencies over long
periods of time. Semi-Markov models provide a solution for modeling long term
dependencies, but require computationally expensive inference algorithms. We
compare conventional Markov models with their semi-Markov counterparts and
discuss their impact on the computation time and recognition performance.

Chapter 5 presents hierarchical models to model the internal structure of activ-
ities more accurately. The use of a hierarchy allows abstraction of the data on
multiple levels. We compare two approaches to modeling activities using hierar-
chical models and compare the recognition performance of these models to the
performance of the Markov and semi-Markov models.

Chapter 6 introduces a method for applying activity recognition models in mul-
tiple homes without the need for labeled training data from each home. The
models used in activity recognition require labeled data to learn the model para-
meters. A model trained for one home cannot automatically be used in another
home due to differences in the layout of the home and the behavior of the inhab-
itant. We present a transfer learning method that allows us to use labeled data
from other homes to learn the model parameters for a new home.

Chapter 7 summarizes the conclusions drawn from this thesis and discusses
future directions in activity recognition research.




