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Abstract

In the context of this thesis, behaviour recognition aims to infer the particular

behaviours of the inhabitant of a smart home from a series of sensor readings from

around the house. This thesis views the behaviour recognition problem as a task

of mapping the sensory outputs to a sequence of activities performed by the inhab-

itant. The main focus is the development of machine learning methods to find an

approximation to the mapping between sensor outputs and behaviours.

While there have been many supervised machine learning methods for identifying

behaviours from a sensor stream, they generally assume that the behaviours are either

segmented or perform segmentation and behaviour recognition separately. In order

to be used in the real world, segmentation and behaviour recognition should not

be treated separately. This thesis addresses this problem based on a set of hidden

Markov models (HMM) and a variable window length.

As the majority of the methods reported in the literature are based on supervised

learning approach, they generally rely on a labelled dataset, where the behaviours of

the inhabitant have to be manually labelled. This is often not practical in the real

world. Most current unsupervised methods are not suitable for behaviour recognition

as they are based on inputs of fixed dimensionality. In the smart home, the behaviours

that are to be recognised are variable in length. This thesis introduces an unsupervised

learning method that addresses this problem, which is based on compression and the

edit distance between words. This includes both the segmentation of the sensor

stream into suitable patterns and identification of patterns that correspond to human

behaviours. This thesis also shows that the resulting method can be used to provide

labels to training data for a supervised method.

However, training a learning algorithm on sensors that are irrelevant and/or

redundant becomes crucial as they may affect the recognition performance. This

thesis addresses the sensor selection problem for behaviour recognition through an
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information-theoretic approach, which is based on information gain, modelled in the

form of a decision tree. The main idea is to identify the set of informative sensors

that are highly correlated with the behaviours. This thesis also presents solutions

to address the ‘generalisation’ issues of the informative sensors identified across the

different trees.

To evaluate the effectiveness of our proposed methods, we use a real smart home

dataset obtained from the MIT PlaceLab and compare the labels produced by our

methods with the labels assigned by a human to the activities in the sensor stream.

We also validated our methods on other benchmark datasets and learning algorithms.

vi



Acknowledgements

I owe the most thanks to my supervisors, Hans Guesgen and Stephen Marsland,

for inspiring me in the field of machine learning. Their patience and kind guidance

made me feel like I could do anything! They have kept me going, when from time

to time, I became convinced that I was not going to make it. I am thankful to have

been able to benefit from their combined research experience, wonderful mentorship

and friendship. I couldn’t have asked for more supportive supervisors and talented

teachers.

Thanks to all the members of the Massey University Smart Home (MUSE) re-

search group for input, stimulating discussions and valuable feedback on my research.

Thanks to Massey University for the scholarship and doctoral completion bursary

to support my degree and thesis writing. Thanks to the School of Engineering and

Advanced Technology (SEAT) for the financial support to attend international con-

ferences, which not only helped me in my research but also enriched my life.

There are numerous friends who contributed ideas, gave suggestions and valu-

able solutions to little problems that pop up unexpectedly. I would specifically like

to mention Amissa Arifin, Derek Hao Hu and Frank Xu for their little favors that

make a big difference. Thanks to Michele Wagner for all the administrative support

throughout my degree. Special thanks must go to Lee Kien, who has made the whole

degree more enjoyable, providing the necessary support and distraction when needed.

Thanks to my uncle, Yit Foong, who has been encouraging me to pursue my de-

gree. Finally, I would also like to thank my parents and my sister for their continuous

love, support and patience.

vii





For my sister, Joanne, and my parents

ix





Contents

Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . v

Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vii

1 Introduction 5

1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.2 The Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.3 Challenges in behaviour recognition . . . . . . . . . . . . . . . . . . . 10

1.4 Scope of Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

1.4.1 Tokens: A representation of sensor output . . . . . . . . . . . 12

1.4.2 Aims and objectives of this thesis . . . . . . . . . . . . . . . . 13

1.5 The Smart Home Dataset . . . . . . . . . . . . . . . . . . . . . . . . 15

1.5.1 Changes made to the ground truth data . . . . . . . . . . . . 16

1.6 Thesis Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2 Literature Review on Behaviour Recognition 21

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.2 Learning the Behaviours of the Inhabitant . . . . . . . . . . . . . . . 22

2.2.1 Supervised learning approach . . . . . . . . . . . . . . . . . . 24

2.2.2 Semi-supervised learning approach . . . . . . . . . . . . . . . 25

2.2.3 Unsupervised learning approach . . . . . . . . . . . . . . . . . 26

2.3 Sensors for Behaviour Recognition . . . . . . . . . . . . . . . . . . . . 27

xi



2.3.1 Video cameras and microphones . . . . . . . . . . . . . . . . . 28

2.3.2 Accelerometers . . . . . . . . . . . . . . . . . . . . . . . . . . 30

2.3.3 RFID-based sensors, state-change sensors and motion sensors . 32

2.4 Research in Smart Homes . . . . . . . . . . . . . . . . . . . . . . . . 34

2.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3 A Supervised Learning Approach to Behaviour Recognition 41

3.1 Problem Description . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.2 Relevant Literature . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.2.1 Decision tree . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
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