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Abstract

In this dissertation, we propose a novel semi-supervised learning method called Multi-
Model Adaptive Training for adaptation and personalisation of machine-learning models.
The method is designed to efficiently exploit large amounts of unlabelled data generated
by wearable devices while they are in use.

Systems that utilise machine learning are usually deployed with a single or multiple
machine-learning models trained with datasets collected in a controlled environment and
explicitly labelled for their task. Once such models are used in real life, they may per-
form well if the statistical properties of the data are stable and similar to the training
dataset. If the statistical properties of the data vary or drift, the models might diminish
in accuracy since the collected dataset on which they were trained may not include all
possible variations. The solution is either to collect and hand-label data containing new
statistical properties and train the model in a supervised manner, which is time-consuming
and expensive, or to use a methodology that can exploit unlabelled data. The latter ap-
proach is cheaper since an overwhelming amount of unlabelled data is generated while
such systems are in use. To enable this data to be used for personalisation it needs to be
labelled either by a human annotator when required, via active learning, or automatically,
via semi-supervised learning (SSL). The latter is the subject of this dissertation, in which
we propose a method that builds on the idea of probabilistic methods called Self-training
from the SSL low-density separation methods group.

The idea of Self-training methods is to train a model or an ensemble of models in a
supervised manner and use them to label unlabelled examples. The decision whether or
not an automatically labelled example is included in the training set used for retraining
is done with heuristics, which are typically designed to include only the most confident
predictions to avoid a potential decrease in accuracy. However, using only highly confident
predictions in retraining may not improve the performance compared to the initial model,
since the included examples already fit it well.

The proposed method increases the potential for improvement after retraining by also
including examples labelled with a higher uncertainty, which is achieved by replacing the
heuristics with a machine-learning model. Each unlabelled example is first labelled with
two domain models, a general model trained on data of other people than the target person
and a person-specific model trained on a small amount of data specific for the target person.
The results of the domain models are stacked with a selection model that selects which
domain model should provide the final labels for the example. The results of the domain
models and the selection model are additionally processed with an inclusion model trained
to decide whether the automatically labelled examples should be included in the training
set for retraining.

We evaluate the personalisation using the proposed method on three classification tasks
and one regression task. We analyse each step of the method and compare it against other
SSL approaches. We achieve successful personalisation and show that the proposed method
outperforms competing approaches by up to 10 percentage points on average.
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Povzetek

Doktorska disertacija predstavlja novo metodo polnadzorovanega učenja, ki je zasnovana
tako, da učinkovito izkorišča velike količine neoznačenih podatkov, ki jih ustvarjajo nosljive
naprave med uporabo, za prilagajanje in personalizacijo modelov strojnega učenja.

Sistemi, ki uporabljajo strojno učenje, so ponavadi opremljeni z enim ali več modeli
strojnega učenja. Ti so naučeni na namensko zbrani in označeni učni množici v nadzo-
rovanem okolju. Takšni modeli lahko uspešno opravljajo svojo nalogo, če so statistične
lastnosti v uporabljenem okolju stabilne. V primeru, da se statistične lastnosti podatkov
pogosto spreminjajo, pa se lahko zgodi, da modeli začnejo delovati z zmanjšano točnostjo.
Razlog je v vsebini učne množice, saj je skoraj nemogoče zbrati takšno učno množico, ki
bi vsebovala vse možne oblike podatkov. Točnost lahko popravimo tako, da zberemo in
ročno označimo nove podatke ter prilagodimo model s ponovnim učenjem na nadzorovan
način. Takšen postopek je zelo dolgotrajen in drag, saj mora vse podatke označiti človek.
Alternativen način je uporaba metodologije, ki zna izkoristiti neoznačene podatke, kakr-
šni se dnevno generirajo v velikih količinah. Slednji način je cenejši, a če želimo, da bi
ti podatki postali uporabni za prilagajanje in personalizacijo, jih je vendar treba nekako
označiti. To lahko storimo tako, da za oznake človeka prosimo po potrebi (aktivno učenje),
ali pa uporabimo metodo, ki jih zna označiti samodejno (polnadzorovano). Slednji način
je tudi glavna tema doktorske disertacije, v kateri predstavimo novo metodo, ki temelji na
idejah polnadzorovanih metod, imenovanih samo-učeče metode (Self-training).

V samo-učečih metodah na nadzorovan način naučimo en model ali ansambel modelov
ter jih uporabimo za označevanje neoznačenih primerov. Vsak samo-označen primer je
ovrednoten s hevristiko, ki določi, ali je primer označen z zadostnim zaupanjem in je
s tem primeren za uporabo pri prilagodivi modela. Pomankljivost tega pristopa je, da
so kot primerni navadno določeni le tisti primeri, ki dosežejo visoko zaupanje oznake.
Uporaba samo teh primerov lahko vpliva na to, da model ni bistveno izboljšan v primerjavi
z začetnim modelom, saj visoko zaupanje oznake kaže na to, da primer že ustreza modelu.

Predlagana metoda poveča možnost izboljšanja, ker pohitri prilagajanje tako, da poleg
primerov z visokim zaupanjem oznake vključi tudi tiste z večjo negotovostjo. To dosežemo
tako, da hevristiko nadomestimo z modelom strojnega učenja. Vsak neoznačen primer
se označi z dvema domenskima modeloma, s splošnim modelom, ki je naučen na podat-
kih, ki ne vsebujejo podatkov končne osebe, in s specifičnim modelom, ki je naučen na
majhni količini podatkov končne osebe. Napovedi obeh modelov ovrednoti izbirni model,
ki določi, kateri model bo primeru dodelil končno oznako. Vključitveni model ovrednoti
samo-označeni primer in odloči, ali je ta primeren za vključitev v učno množico splošnega
modela, ki ga prilagajamo.

Predlagana metoda je preizkušena in ovrednotena na treh klasifikacijskih in enem re-
gresijskem problemu. Analizirali smo prispevek vsakega koraka metode k personalizaciji
ter metodo primerjali z najbolj tipičnimi metodami polnadzorovanega učenja. Rezultati
kažejo, da dosežemo uspešno personalizacijo in da je naša metoda uspešnejša glede na
druge metode tudi do 10 odstotkov.
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Chapter 1

Introduction

We are experiencing a flood of artificial intelligence-driven applications composed of single
or multiple machine-learning models used for various purposes. The accelerated deploy-
ment of such applications is facilitated by research in artificial intelligence and by the
development of accessible devices with high computational capabilities. This enables com-
putationally demanding problems to be solved faster, and real-time solutions to be deployed
on devices accessible to average users, such as a smartphone. Since smartphones are per-
sonal devices, the solutions running on them should be personalised, which is currently not
the case. They are usually deployed with a machine-learning model trained in a controlled
laboratory environment to fit an average user, namely a general model. Examples of such
solutions are low-level activity recognition and estimation of energy expenditure, which
are already deployed in most common smartphones. A deployed activity recognition is
limited to recognising three to four low-level activities, which are assumed to be the same
for everybody (walking, running, rest, and cycling). Energy expenditure estimation is one
step closer to personalisation since it requires the user to enter his/her weight to calculate
burned calories using accelerometer counts (Crouter, Churilla, & Bassett, 2006). To pro-
vide more fine-grained and informative results, one cannot use only a general model, but
rather must personalise the solution, desirably in real time.

This chapter first introduces the problem addressed in the dissertation, explains which
machine-learning approach was chosen, and defines purposes, goals, and hypotheses. Then,
we list the scientific contributions and conclude with the overview of the dissertation struc-
ture.

1.1 Motivation

Machine-learning models to be deployed in a real-life environment are usually trained in
a supervised manner in a laboratory or real-life controlled environment with good-quality
data specifically collected and labelled for the task. Once models are trained and positively
evaluated, they are deployed in a target environment to solve tasks they are designed for.
If a task has constant parameters and the statistical properties of the data (for example,
quality control of products in the industry, robot assembling different parts, etc.), the
trained model contains knowledge about all possible states important for the task and can
stay as it is until parameters or statistical properties change. Once the change occurs, a
new labelled dataset is collected, and the model retrained or incrementally updated in a
supervised manner. If the task is diverse and the statistical properties of the data vary
and often change (for example, computer vision tasks, monitoring human behaviour, etc.),
the model trained in the laboratory environment can face decreased accuracy immediately
after the deployment in the real-life environment. This occurs due to differences between
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Figure 1.1: Types of concept drifts, introduction of a new concept and an outlier, which is
not considered a concept drift (João Gama, Žliobaitė, Bifet, Pechenizkiy, & Bouchachia,
2014).

the knowledge about the task represented in the dataset collected for training the model in
the laboratory environment, and the specifics of the target task in the real-life environment
since it is not possible to collect all forms of the task.

Data stream mining (DSM) is a field of research focused on processing large amounts
of continuous data from single or multiple data streams in real-time (Joao Gama, 2010;
Ramírez-Gallego, Krawczyk, García, Woźniak, & Herrera, 2017). It can experience the
decrease in accuracy due to similar events as introduced before. Briefly, the general task
of DSM is to extract knowledge from the data streams and utilise the data for predictions
or estimations in real-time using a machine-learning technique. As in any dynamic and
nonstationary environment, the distribution of data may change over time resulting in
an event called concept drift or concept evolution which leads to a decreased accuracy of
the DSM task. The decrease in accuracy is usually handled by first detecting the change
and eventually labelling it, and second incrementally adapting the used model to the new
statistical properties of the concept in a supervised manner (João Gama, Žliobaitė, Bifet,
Pechenizkiy, & Bouchachia, 2014; Haque, Khan, Baron, Thuraisingham, & Aggarwal,
2016). The categorisation of the types of change in DSM fits well with the changes that
occur in person-centred systems we are tackling in this research. Figure 1.1 presents the
four types of concept drifts, an introduction of a new concept or a concept evolution and
an outlier which is not considered a concept drift. The first two types occur when the
statistical properties of the data for the individual concept changes and stays: the sudden
concept drift happens abruptly, and the incremental slowly over time. The next two
types occur when the statistical properties of the data alternate from changed to baseline
properties: the gradual concept drift alternates randomly, and the recurring alternates into
one of the states for an extended period. The fifth graph presents a concept evolution or
an introduction of a new concept which occurs once a stream contains data with entirely
new properties. The last graph presents an outlier event that should not be considered a
concept drift. If such events occur in the person-centric system, we will need the ability to
collect the data representing the new statistical properties and use it to adapt the deployed
model to the changes. Even though we do not address all the types, we adopt the names
and the nature of the change in statistical properties of the concept.

A massive amount of unlabelled data that is generated daily enables the data contain-
ing new statistical properties to be collected freely. For example, smartphones, wearables,
and environmental sensors continuously sense and generate data; speech is sensed while
talking to mobile assistants (Siri, Google assistant, Alexa, etc.), a large amount of new
content on websites is generated daily, etc. Even though this data is unlabelled, it gives
a perfect opportunity to be used for the adaptation of machine-learning models since it
does represent the current statistical properties of the task in the environment in which
the models are deployed. To enable this data to be used for adaptation purposes, a human
annotator is usually employed to hand-label the collected unlabelled data. This approach
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usually results in perfectly labelled data; however, it is slow, labour-intensive, and ex-
pensive. Less-expensive approaches are called active learning (AL) (Settles, 2012) and
semi-supervised learning (SSL) (Chapelle, Schlkopf, & Zien, 2006). In AL, an algorithm
is employed to select only those data examples which seem the most informative for later
machine-learning model retraining. The selected data are sent to the human annotator for
labelling (domains are limited to human understandable data, for example, images, video,
speech). In SSL, a human annotator is asked to label a small amount of data, which are
used for training the machine-learning model that can automatically label the rest of the
generated unlabelled data. The SSL approach is by far the cheapest way to retrieve labels
for unseen data and is the focus of this dissertation because even though the idea and need
for automatic labelling emerged decades ago (Scudder (1965), Vapnik and Chervonenkis
(1974)), the area of SSL is still not mature enough to be generally applied.

We will focus and explore personalisation algorithms with an emphasis on the SSL
technique. We will explore the possibilities and limitations of using SSL technique for the
task. We will design an SSL algorithm that can efficiently perform the personalisation of
machine-learning models in the person-centric environments.

1.2 Problem Definition

The problem of decreased machine-learning model accuracy outside of the laboratory envi-
ronment can occur in any domain. If the system in which the model’s accuracy is decreased
generates large amounts of unlabelled data, it provides an opportunity for adaptation. In
artificial intelligence applications that learn and reason about human behaviour, one must
take into consideration each person’s individuality, and since it is impossible to collect
labelled data for each person the model is deployed for, automatic personalisation using
unlabelled data is needed. One of the main challenges in the development of person-centric
models is that we can expect different types of concept drift immediately after deployment
and occasional introduction of a new concept.

We focus on person-centric environments in this dissertation in which we deploy an
initial general model trained on data of people that are not the target person. Once
the user starts using the system in which the general model is deployed, the method
gradually personalises it and adapts it to the target person. The models are trained either
to predict a categorical value, namely classification or to predict a continuous value, namely
regression. We tackle two types of problems, examples of which are briefly presented below.
The types are: (i) Change of statistical properties of labels due to a concept drift; and
(ii)The introduction of a new label . First three examples address the change in statistical
properties and the last example addresses both the introduction of a new class and the
change in statistical properties.

Basic activity recognition (AR) is a very popular classification task in person-centric
systems using wearable devices. Regardless of what sensors one uses for solving this task, it
is an example in which we can expect a sudden concept drift (presented in Section 1.1). If
localisation sensors are used for AR (sensors sense the coordinates in three dimensions), the
height of the person represents a significant parameter in relation to the performed activity.
In this case, the sudden concept drift might manifest as follows: a shorter person’s standing
activity might be similar to a taller person’s sitting; if the target person is lying in a sitting
position, this might be misclassified as sitting; a taller person’s walking might be similar to
a shorter person’s running, etc. If inertial sensors are used for the AR, the sudden concept
drift manifests as follows: the impact of the walking activity of a tall person might be
similar to the impact of running of a shorter person, or the walking activity of the short
person might not have a sufficient magnitude that it can easily be misclassified as standing
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and moving a bit. In both cases, some personalisation of the model is needed.
A more complex classification example is the recognition of a person’s context in terms

of whether they are eating, at home, at work, exercising, out doing errands, out for leisure
etc., from smartphone sensor data (for example, accelerometer, gyroscope, sound, light,
GPS, WIFI, etc.). The model trained in a laboratory can recognise general patterns of
each context. The location, time, habits, and another person’s specifics play an important
role in recognising all contexts accurately. In this particular task, one context may occur in
multiple guises (multiple work locations, shops, etc.), so, in addition to the sudden concept
drift, we are also faced changes that have a nature of a recurring concept drift.

Problems solved by regression often need personalisation, too. For example, a very
popular topic in person-centric systems is the estimation of human energy expenditure
(burned calories while performing the physical activity). The general rule for solving this
task is that the expended energy is correlated with the person’s body mass index, age,
heart rate, and accelerometer signal while performing activities. However, the metabolic
system differs in people of the same age and body mass index group; thus, personalisation
of the model is beneficial for more accurate estimations.

The introduction of a new class is addressed in the identification task in which we aim
at identifying a person from his or her walking signature. Each person has a different
signature walk, but since there are several types of walking (normal, fast, uphill, carrying
a burden, Nordic walk, etc.), the identification model may be confused about the identi-
fication prediction. The goal is to personalise the identification model so it can identify
the person during different types of walking. The model starts without any knowledge
about the new person (new label). Once the new person starts using the model, the model
detects a new person and uses the walking data for adapting itself. The change in the
walking type of a person to be identified is a change of the labels’ statistical properties and
has a nature of recurring concept drift (presented in Section 1.1).

Introduced tasks could be adequately personalised in a supervised machine-learning
manner by labelling enough person-specific data and training a person-specific model. This
approach is, apart from being labour intensive and expensive, sometimes even impossible.
It may be hard to design a scenario in which the collection of all events is feasible and safe
(elderly person running, falling, etc.). It is also assumed as intrusive and unacceptable to
video record a persons’ lifestyle, so the recording can be used later to label otherwise not
understandable data. Personalisation using SSL seems an excellent approach, considering
that it utilises unlabelled data and the amount of unlabelled person-specific data generated
while using such systems.

There are three general categories of SSL methods: generative models, graph-based
methods, and low-density separation methods. The former two were successfully used in
many domains, but they have some important drawbacks described in Section 2. Low-
density separation methods contain a group of probabilistic methods called self-training
methods which we adopt as suitable for personalisation. Briefly, the self-training methods
evaluate automatically labelled examples in real time and use label probability as a predic-
tion confidence measure to decide on the inclusion of each automatically labelled example
in the dataset used for retraining the model. The drawback of these methods is that the
inclusion criterion is usually set in such a way that only the most confident predictions are
included in the training set, which may cause the retrained model not to improve over the
initial model since the examples already fit the model correctly.

In this dissertation, we aim to design an SSL method that fits the idea of self-training.
The designed method should automatically label unseen data and, when appropriate, use
it to retrain a general machine-learning model, thus adapting and personalising it. The
method needs to allow personalisation in real time on unseen data. We explore SSL
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approaches and define the steps and design the building blocks needed for successful adap-
tation. We develop a methodology for the selection of the final label and the inclusion
of the newly labelled example in the training dataset. This is achieved by designing and
training two machine-learning models, one for the selection of the label, namely the se-
lection model, and one for the decision on the inclusion of the newly labelled example,
namely the inclusion model. The task of the selection model is to choose the model which
will provide the final label. It chooses between the general model, trained on the general
dataset that contains data of people that are not the target person, and the person-specific
model, trained on a few examples of the target person. The results of the domain mod-
els and the selection model are evaluated by the inclusion model with a task to decide
whether the newly labelled example is suitable for inclusion. These examples are added
into the general dataset, and the general model is retrained, thus gradually adapted. With
this methodology, we include examples with higher prediction uncertainty in addition to
examples with highly confident prediction, thus introducing diversity to the model, which
will result in a more efficient adaptation.

1.3 Purpose and Goals of the Dissertation

The purpose of this dissertation is to solve the problem of decreased machine-learning
model accuracy when deployed in real life by exploiting a large amount of unlabelled data
that are generated daily while using a machine-learning enhanced system.

To achieve this, we will investigate if and how SSL can be used for the task and design
an SSL method that enables automatic labelling of unlabelled data produced by wearable
sensors, thus decreasing the need for human annotation. The SSL method will utilise the
automatically labelled data for personalisation of the machine-learning models

The goals are:

Goal 1. Design a novel self-training SSL method for real-time adaptation and personali-
sation of models.

Goal 2. Analyse different aspects of designing the structure of a self-training SSL method
in terms of the number of machine-learning models, as well as the selection and
inclusion procedures.

Goal 3. Empirically evaluate the designed method on classification and regression domain
where personalisation is required.

Goal 4. Compare the proposed method against other personalisation and SSL methods that
can operate in real time.

1.4 Hypotheses

The hypotheses of the dissertation are:

Hypothesis 1. SSL can efficiently exploit unlabelled data generated by wearable sensors
for personalisation of machine-learning models.

Hypothesis 2. Employing an additional model in a self-training method to aggregate the
outputs of the introduced domain models for the selection of the final label improves
the performance, as opposed to the use of a simple heuristic.
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Hypothesis 3. Employing an additional model in a self-training method for the decision
on the inclusion of self-labelled examples enables inclusion of more diverse examples
into the dataset used for retraining the general domain model. This enables efficient
adaptation and personalisation in comparison to the heuristic approach that includes
only the examples with high labelling confidence.

1.5 Scientific Contributions

Contribution 1. Design and implementation of a novel SSL method called Multi-Model
Adaptive Training for personalisation of models.

The contribution is composed of:

• Architecture of the method

• Design of the models composing the method

• Training procedure for the individual models

The work related to the development of the method architecture, training procedure,
and reference implementation is covered in Chapter 3 and the journal paper included
in Section 4.1. The work was published in the following publications:

Journal Article

Cvetković, B., Kaluža, B., Gams, M., & Luštrek, M. (2015). Adapting activity recog-
nition to a person with Multi-Classifier Adaptive Training. Journal of Ambient
Intelligence and Smart Environments, 7 (2), 171–185.

Conference Papers

Cvetković, B. & Luštrek, M. (2014). Analiza možnosti zaznavanja podobnosti med
uporabniki. In Intelligent systems : Proceedings of the 17th International Mul-
ticonference Information Society - IS 2014. Ljubljana, Slovenia: Jožef Stefan
Insitute.

Cvetković, B., Kaluža, B., Luštrek, M., & Gams, M. (2012). Multi-Classifier Adaptive
Training: Specialising an activity recognition classifier using semi-supervised
learning. In F. Paternò, B. de Ruyter, P. Markopoulos, C. Santoro, E. van Loe-
nen, & K. Luyten (Eds.), Ambient intelligence (pp. 193–207). Springer Berlin
Heidelberg.

Cvetković, B., Luštrek, M., Kaluža, B., & Gams, M. (2011). Semi-supervised learning
for adaptation of human activity recognition classifier to the user. In IJCAI
Workshop on Space, Time and Ambient Intelligence.

Contribution 2. Analysis of the Multi-Model Adaptive Training.

The contribution is composed of:

• Evaluation of all individual models composing the method and evaluation of the
contribution of each model to the final performance of the method

• Analysis of the selection model output in successive iterations of adaptation

• Analysis of the inclusion model performance in terms of the number of included
and discarded examples in successive iterations of adaptation
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The work related to the evaluation of individual models, contribution of each model
to the performance of the method, as well as the analysis of the models, is covered in
Chapter 4 and in journal papers included in Section 4.1 and Section 4.2. The work
was published in the following publications:

Journal Article

Cvetković, B., Janko, V., Romero, A. E., Kafali, O., Stathis, K., & Luštrek, M.
(2016). Activity recognition for diabetic patients using a smartphone. Journal
of Medical Systems, 40 (12), 256.

Cvetković, B., Kaluža, B., Gams, M., & Luštrek, M. (2015). Adapting activity recog-
nition to a person with Multi-Classifier Adaptive Training. Journal of Ambient
Intelligence and Smart Environments, 7 (2), 171–185.

Contribution 3. Demonstration and evaluation of the applicability of the method on three
classification domains and one regression domain.

The case studies are:

• Classification case study 1: Personalisation of a low-level activity recognition
classification model using localisation sensor data

• Classification case study 2: Personalisation of a context recognition classification
model utilising data fusion of multiple smartphone sensors

• Regression case study 1: Personalisation of a human energy expenditure esti-
mation regression model utilising physiological and accelerometer sensor data

• Classification case study 3: Personalisation of a classification model for identify-
ing people from their walking signature using smartphone accelerometer sensor
data

The contribution is composed of:

• Development, training, and evaluation of the best-performing domain model per
case study in a supervised manner

• Evaluation of the Multi-Model Adaptive Training (Multi-Classifier Adaptive
Training - MCAT) for personalisation of the classification model in the classifi-
cation case studies

• Evaluation of the Multi-Model Adaptive Training (Multi-Regressor Adaptive
Training - MRAT) for personalisation of the regression model in the regression
case study

• Comparison of the Multi-Model Adaptive Training (Multi-Classifier Adaptive
Training - MCAT) against most common personalisation and self-training SSL
approaches.

The work related to the development, training, and evaluation of the best-performing
domain models in a supervised manner and their evaluation using the Multi-Model
Adaptive Training is covered in Chapter 4 and in the journal paper included in
Section 4.3. The work was published in the following publications:
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Journal Article

Cvetković, B., Szeklicki, R., Janko, V., Lutomski, P., & Luštrek, M. (2017). Real-time
activity monitoring with a wristband and a smartphone. Information Fusion.
In press. doi:10.1016/j.inffus.2017.05.004

Cvetković, B., Janko, V., Romero, A. E., Kafali, O., Stathis, K., & Luštrek, M.
(2016). Activity recognition for diabetic patients using a smartphone. Journal
of Medical Systems, 40 (12), 256.

Cvetković, B., Milić, R., & Luštrek, M. (2016). Estimating energy expenditure with
multiple models using different wearable sensors. IEEE Journal of Biomedical
and Health Informatics, 20 (4), 1081–1087.

Cvetković, B., Kaluža, B., Gams, M., & Luštrek, M. (2015). Adapting activity recog-
nition to a person with Multi-Classifier Adaptive Training. Journal of Ambient
Intelligence and Smart Environments, 7 (2), 171–185.

Kaluža, B., Cvetković, B., Dovgan, E., Gjoreski, H., Gams, M., Luštrek, M., &
Mirchevska, V. (2014). A multi-agent care system to support independent liv-
ing. International Journal on Artificial Intelligence Tools, 23 (01), 1–30.

Conference Papers

Cvetković, B., Janko, V., & Luštrek, M. (2015). Demo abstract: Activity recogni-
tion and human energy expenditure estimation with a smartphone. In 13th
IEEE International Conference on Pervasive Computing and Communication,
PerCom Workshops 2015 (pp. 193–195).

Cvetković, B., Mirchevska, V., Janko, V., & Luštrek, M. (2015a). Recognition of
high-level activities with a smartphone. In Adjunct Proceedings of the 2015
ACM International Joint Conference on Pervasive and Ubiquitous Computing
and Proceedings of the 2015 ACM International Symposium on Wearable Com-
puters, UbiComp/ISWC’15 Adjunct (pp. 1453–1461). Osaka, Japan: ACM.

Cvetković, B. & Luštrek, M. (2014). Analiza možnosti zaznavanja podobnosti med
uporabniki. In Intelligent systems : Proceedings of the 17th International Mul-
ticonference Information Society - IS 2014. Ljubljana, Slovenia: Jožef Stefan
Insitute.

Cvetković, B., Kaluža, B., Luštrek, M., & Gams, M. (2012). Multi-Classifier Adaptive
Training: Specialising an activity recognition classifier using semi-supervised
learning. In F. Paternò, B. de Ruyter, P. Markopoulos, C. Santoro, E. van Loe-
nen, & K. Luyten (Eds.), Ambient intelligence (pp. 193–207). Springer Berlin
Heidelberg.

Cvetković, B., Luštrek, M., Kaluža, B., & Gams, M. (2011). Semi-supervised learning
for adaptation of human activity recognition classifier to the user. In IJCAI
Workshop on Space, Time and Ambient Intelligence.

1.6 Organisation of the Dissertation

The dissertation is organised as follows. Chapter 1 presents the shortcomings of models
trained in a supervised manner when used in a dynamic environment and places the dis-
sertation in the context of SSL with a problem definition. We declare the purpose and
goals of the dissertation as well as the hypotheses and scientific contributions.

Chapter 2 further elaborates the problem and introduces the background and the re-
lated work on personalisation as is usually performed. It introduces the SSL approaches,

https://dx.doi.org/10.1016/j.inffus.2017.05.004


1.6. Organisation of the Dissertation 9

their usage and their shortcomings. It also identifies the steps to be taken to develop an
SSL approach suitable for personalisation.

Chapter 3 introduces the proposed SSL method called Multi-Model Adaptive Training.
First, it describes the architecture in general and the purpose of each model in the method.
Second, it describes the models in detail in terms of the type of dataset and the set
of features used for training. Third, it introduces an algorithm that divides the labelled
dataset into folds and uses them for training the models: the training algorithm is designed
with special attention to fully exploiting the data and to dividing the data into non-
overlapping folds, thus providing fair training circumstances.

Chapter 4 presents the evaluation of the personalisation using Multi-Model Adaptive
Training on four domains—three classification and one regression. The chapter features
three journal papers. Two papers cover the adaptation of classification models in two
classification domains and one paper presents a starting point for the adaptation of the
regression domain. The results are also compared against simple personalisation techniques
and other SSL approaches.

Chapter 4 concludes the dissertation with a summary and discussion. The chapter also
points out possible improvements and directions for further research.
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Chapter 2

Background

This chapter presents the most common approaches to personalisation of machine-learning
models in Section 2.1 and introduces the SSL in Section 2.2. Special attention is given
to self-training, that is, a group of SSL methods that are closely related to the method
proposed in this dissertation. We finally define the challenges to be tackled to design an
SSL method to be used for efficient personalisation.

2.1 Personalisation

Personalisation is very important in the field of recommender systems (RS) and some of
the ideas are also used in SSL, so we briefly introduce it. The personalisation in RS is
divided into personalisation on a group and individual levels with the goal of providing
the most suitable advice to a person, usually in the form of ranked items. The most
common approach to group-level personalisation is collaborative filtering (Koren & Bell,
2015), which groups together users with similar parameters (interests, demography, etc.)
using an unsupervised machine-learning technique with the rationale that similar users are
interested in or need similar items. The approach to individual personalisation is called
content-based filtering (Lops, de Gemmis, & Semeraro, 2011), which learns from past
explicit interests of a particular user to estimate the interest for a new, unseen item.

The approaches to personalise machine-learning models in systems that use data from
wearable sensors differ according to how the target person’s labelled data (person-specific
data) is used.

The basic approach is to train the model only with the person-specific data or to include
person-specific data in the general training dataset that contains data of other people
and use the merged dataset for training the model (Weiss & Lockhart, 2012; Medrano,
Plaza, Igual, Sánchez, & Castro, 2016). Some personalisation can also be done by utilising
contextual and anthropomorphic person-specific features for the normalisation of important
parameters (Altini, Casale, Penders, & Amft, 2015).

Advanced approaches are often done either offline by boosting the general model with
the person-specific data (Bleser et al., 2015; Zinnen, Blanke, & Schiele, 2009), or online
by having the person label important events as they occur, after which the algorithm uses
this labelled data to update and personalise the general model (Parkka, Cluitmans, &
Ermes, 2010). Reiss and Stricker (2013) proposed two approaches, in which they trained
an ensemble of models on a general dataset and obtained the final label by the majority
vote. In the first approach, the person-specific data were used for adapting the weights in
a majority vote for each model in the ensemble. Each model in the ensemble labelled the
example from the person-specific dataset. If it was labelled correctly, the model’s weight
stayed the same, and if it was mislabelled it was decreased by half. In the second approach,
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the person-specific data were evaluated by each model in the ensemble to find a matrix
of weights, where each weight corresponded to one model per majority vote class. Both
approaches resulted in an unchanged ensemble of models with personalised weights in the
majority vote. They also explored how the amount of labelled data used for adapting
and calculating the weights affects the adaptation accuracy of the model. An important
conclusion was that in general, a larger amount of labelled data is better, but a significant
improvement is also achieved with a limited amount of data, which indicates that a system
that uses a small amount of labelled data for adaptation is feasible.

Maekawa and Watanabe (2011) explored the possibility of personalising a model in an
unsupervised manner without any person-specific data, similar to collaborative filtering in
RS. They explored a general training dataset to find similar users to a new user according
to physical characteristics, with only the resulting data employed to train the model.
This approach is the cheapest way to personalise models; however, to use this approach
efficiently, the general dataset from which the training examples are chosen would need to
be fairly large to include people with diverse characteristics, which is difficult.

Huynh and Schiele (2006) showed that a small amount of labelled data from wearable
sensors can be used to label unlabelled data. In their approach, the unlabelled data are
firstly clustered using a multiple eigenspaces approach. Next, they used a Support Vector
Machine (SVM) model trained on a small amount of labelled examples to label the clustered
data. The reported accuracy of their approach is comparable to or even higher than that
when a model is trained on all data in a supervised manner. Jänicke, Sick, Lukowicz, and
Bannach (2014) used a similar idea for model self-healing that occurs in environments in
which the sensor type is often changed. The task was to adapt the machine-learning model
to work with new sensor type data.

These approaches show that a small amount of data labelled specifically for the person
or a task can improve a general model. Supervised approaches use person-specific data to
train a new model, boost or normalise a general model, or adjust the weight per model
in the majority vote procedure in case an ensemble of models is used. The unsupervised
approaches build on the idea of similarity between users and use physical characteristics
to find a subset of similar users whose data is used for training a new model. The last two
approaches utilise both labelled and unlabelled data, which is a common ground with SSL
methods, and achieve better results regarding classification accuracy after personalisation.

The purpose of this dissertation is to use unlabelled data for real-time retraining and
adaptation of machine-learning models trained on general datasets. We explore the SSL
methodology that deals with automatic labelling of unseen examples which can be used
for retraining the machine-learning models.

2.2 Semi-Supervised Learning

Learning techniques can be categorised according to labelled data availability into super-
vised learning (Definition 2.1) and unsupervised learning (Definition 2.2). SSL occupies
the middle ground between supervised and unsupervised learning (Definition 2.3), and
deals with learning from unlabelled data using a small amount of labelled data. The idea
of learning from unlabelled data appeared in the mid-60s (Scudder, 1965) with the idea of
self-labelling and took off in the 70s, first with transductive inference (Vapnik & Chervo-
nenkis, 1974) and later with estimating Fisher’s linear discriminant rule with unlabelled
data and a mixture of Gaussian distributions (Hosmer, 1973), as well as with a mixture of
the multinomial distribution.

Definition 2.1 (Supervised learning). Supervised learning requires labelled data from
which it infers a function that maps input to output. The training set is given in pairs
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(xi, yi), where xi is an example (xi ∈ X) and yi is its label (yi ∈ Y ). When Y contains a
finite set of discrete values, the task is called classification, and when Y contains continuous
numeric values, the task is called regression.

Definition 2.2 (Unsupervised learning). Unsupervised learning requires unlabelled
data, which are assumed to be drawn from identical distribution on X. Unsupervised
learning tasks infer a hidden structure of the unlabelled data. The training set is composed
from examples (xi ∈ X) from which the structure of X is inferred.

Definition 2.3 (Semi-supervised learning). Semi-supervised learning learning requires
labelled data (Xl ⊆ X, for which Yl is known) and unlabelled data (Xu ⊆ X, for which
Yu is not known). The SSL utilises all data to infer a function f : X → Y in transductive
(Definition 2.4) or inductive setting (Definition 2.5).

Definition 2.4 (Transductive setting). In a transductive setting, an SSL method uses
all given data (Xl, Yl and Xu) to train a function f : Xl+u → Yl+u to give good predictions
of Yu for unlabelled data Xu.

Definition 2.5 (Inductive setting). In an inductive setting, an SSL method uses all
given data (Xl, Yl and Xu) to train a function f : X → Y to give good predictions of Y
for any unlabelled example x ∈ X, beyond Xl+u.

The goal of SSL is to extract useful information from Xu to make efficient inference on
p(y|x). If useful information is not extracted, the inference might not achieve improvement
over supervised learning and may even degrade the accuracy with erroneous inference. To
make semi-supervised learning work, at least one of the following assumptions must hold
for the data (Chapelle et al., 2006):

• The smoothness assumption — if we take into consideration the density of the inputs,
then the two points x1, x2 in a high-density region that are close have corresponding
labels y1, y2 that are also close. If two points x1, x2 are separated by a low-density
region, the labels should differ.

• The cluster assumption — we assume that points of each class form a cluster and if
points x1, x2 are in the same cluster, they are likely to have the same labels y1 = y2.

• The manifold assumption — high-dimensional input data lie on a manifold of lower
dimension. In this case, the dimensionality can be decreased, and the training can
be done on the low-dimensional manifold.

SSL approaches can be divided into three general categories (Chapelle et al., 2006; Zhu
& Goldberg, 2009): a) Generative models, b) Graph-based methods, and c) Low-density
separation methods. In the following subsections, we briefly introduce the categories with
an emphasis on self-training approaches from the low-density separation category, since
they are closely related to the method proposed in this dissertation.

2.2.1 Generative Models

Generative models are mostly used in transductive setting and assume that a given dataset
has an identifiable class distribution, on which class-conditional density p(x|y) of Xu can
be estimated. A predictive density p(y|x) specifies the likelihood of each class label for a
given example, which can be calculated with a probability rule (e.g., Bayes rule). Examples
of generative models are Gaussian and Multinomial mixture models and Hidden Markov
Models (Marin, Mengersen, & Robert, 2005).
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In supervised learning, a generative model learns the class distribution from the labelled
training set D = (Xl, Yl) by estimating the parameters θ (e.g., mean, covariance matrix in
case of Gaussian distribution) that describe the class distribution. The estimation of θ is an
optimisation problem with the objective to find θ under which the data likelihood p(D|θ)
is the largest. This procedure is solved analytically most commonly with the logarithmic
maximum likelihood estimate (MLE) method (Harris & Stocker, 1999).

In SSL, the training set consists of labelled and unlabelled examples D = (Xl+u, Yl+u),
which makes the optimisation problem difficult to solve analytically due to the existence
of unlabelled data. Finding the local maxima of the class distribution needs to be solved
with an approach that can handle both labelled and unlabelled data. The most com-
mon approach for finding the parameters θ is the Expectation Maximisation algorithm
(EM) (Dempster, Laird, & Rubin, 1977). EM iteratively clusters the unlabelled data into
the number of clusters defined by the number of classes in the given dataset. The procedure
iterates until convergence (finds the local maxima of the θ). Once the procedure stops, it
is assumed that the examples in the same cluster have the same labels (cluster assumption
in Section 2.3); therefore, the labelled examples are used to associate each cluster with the
class.

An advantage of the generative models approach is that if the class distribution is
identifiable, the data structure can be modelled by learning. The shortcoming is that
if the class distribution is not identified correctly from the unlabelled data, the use of
labelled examples may not result in an accurate model. Besides, even if the resulting
model is correct and yields high accuracy for the given data, it may degrade once updated
with a larger amount of previously unseen unlabelled examples.

2.2.2 Graph-Based Methods

Graph-based methods are one of the most active areas of SSL research and are done mostly
in transductive setting. The idea is to construct a graph g = (V,E) using the entire dataset
(Xl, Yl and Xu), where the examples Xl and Xu are vertices V , and the edge e between xi
and xj represents the pairwise distance (similarity) between the vertices. The similarity is
assessed with a weight (wi,j), where a higher value indicates similarity and a lower value
dissimilarity, while the absence of the edge equals infinite distance or zero similarity. Labels
Yl are used for label propagation in order to label all the nodes. Graph-based methods
agree with the manifold assumption (Section 2.3), if the distance between two vertices is
computed as the minimal aggregated path distance over all connecting paths (manifold of
data points).

The distances between vertices can be defined as the Euclidean distance between k-
nearest neighbours. The result is the weight matrix where wi,j is non-zero if xi and xj are
among k-nearest neighbours. Another popular approach to calculate the weight matrix is
with Gaussian function.

There are two general approaches for label propagation, one uses graph structure to
propagate the labels from labelled vertices to unlabelled vertices (Zhu & Ghahramani, 2002;
D. Zhou, Bousquet, Lal, Weston, & Schölkopf, 2003; Szummer & Jaakkola, 2002b) and the
other is based on graph regularisation using a Laplacian matrix to pass the information to
unlabelled vertices (Belkin & Niyogi, 2002; Belkin, Matveeva, & Niyogi, 2004; Delalleau,
Bengio, & Le Roux, 2005).

Zhu and Ghahramani (2002) proposed an algorithm which propagates a label iteratively.
Each iteration is composed of two steps. The first step is label propagation to their first
neighbours and the second step is re-labelling the initially labelled vertices Xl with the
original labels Yl. The procedure starts with the labelled vertices propagating the label to
their first neighbours and iterates until all vertices are labelled, and the labels converge.
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Y. Zhou and Goldman (2004) proposed a procedure which uses the normalised Laplacian
matrix in label propagation and allows label change of the initially labelled vertices. In
each iteration, the labelled vertices propagate the label to the neighbouring vertices in
the form of a contribution to their current label value (instead of a fixed label as in the
previous example).

The process iterates until all vertices are labelled and it reaches convergence. Szummer
and Jaakkola (2002b) proposed Markov random walks through the graph. The transition
probabilities between vertices are calculated using EM (Dempster et al., 1977) and used
as label propagation probabilities. The performance of such an approach depends on the
length of the walk, which can be decided with cross-validation (if we have enough labelled
data) or with a heuristic, which makes this a point of failure of the approach.

Graph regularisation approaches deal with the trade-off between the consistency of the
partial labelling and the geometry of the data. The cost function is composed of a value
that measures the change of the initially labelled data and a penalty value. The penalty
value is used to penalise quick changes of the labels in the vertices that are close together
according to the W matrix. Zhu, Ghahramani, and Lafferty (2003) proposed an approach
where the labels are first propagated to the neighbouring vertices as in other approaches;
second, the initially labelled vertices are re-labelled with original labels; third, the penalty
function is used on newly labelled vertices (unlabelled portion of the data) to smooth the
transitions and maintain the geometry of the data (smoothness assumption in Section 2.2).

2.2.3 Low-Density Separation

The main idea of these methods is that the decision boundary between classes needs to
lie in a low-density region (Chapelle & Zien, 2005). In general, low-density separation
methods agree with either the smoothness or cluster assumption presented in Section 2.2.

The intuition behind low-density separation was introduced by Vapnik (1998) as a
transductive inference approach called transductive support vector machine (TSVM). The
general goal of the low-density separation is to find the most informative examples in the
unlabelled dataset with the aim of pushing the class decision boundary of one class as far
away from the other class as possible, thus separating the data well. This is achieved by
employing a maximal-margin algorithm that separates the data by a hyperplane that has
a maximal margin to the nearest labelled example for all labels. One such algorithm is
SVM (Cortes & Vapnik, 1995). Finding maximal margin using both labelled examples (Xl,
Yl) and unlabelled examples (Xu) with SVM is difficult and computationally complex for
large datasets (Vapnik & Sterin, 1977; Bennett & Demiriz, 1999).

Joachims (2002) proposed the SVMlight algorithm which uses the labelled portion of
the dataset (Xl, Yl) to train an SVM model to be used to predict the labels (Yu) of
the unlabelled examples (Xu). It uses the coordinate descent algorithm (Wright, 2015)
to perform a local search on unlabelled examples as labelled by the trained SVM in a
predefined number of iterative steps, each of which retrains the SVM model with the newly
labelled examples. The number of examples to be labelled in one step is defined by the user
or estimated according to the balance of the training set (the number of positive examples
and the number of negative examples). A similar approach was proposed by Demiriz and
Bennett (2001) in which they recalculate the number of included examples in each iteration
to speed up the adaptation. The last two approaches can be used in an inductive setting.

Unlike TSVM, which is a non-probabilistic model, an alternative approach is to put
the problem into a discriminative Bayesian framework and concentrate on modelling the
posterior probability p(y|x) (Neil D. & Michael I., 2006) or to minimise the entropy (as
a measure of class overlap) and increase the posterior probability p(y|x) in high-density
regions (Zhu et al., 2003; Szummer & Jaakkola, 2002a). Grandvalet and Bengio (2006)
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proposed a minimum-entropy method in an inductive setting. The method trains a proba-
bilistic model with a minimum entropy criterion applied (Hu, Fan, Wu, & Zhou, 2013) on
labelled examples and uses it to label the unlabelled examples in iterations, each of which
retrains the model.

Probabilistic approaches are convenient for the evaluation of their performance since
they output label probability. This opens the possibility to design methods that can
perform in an inductive setting. The method can label the unlabelled example and use
the label probability as a prediction confidence measure. This enables faster adaptation of
the model. Such methods are called self-training, and since they are closely related to the
method proposed in this dissertation, we dedicate a separate section (Section 2.2.4) to a
detailed overview.

2.2.4 Self-Training Methods

Self-training methods fit into the low-density separation methods category. The goal of
their task is to push the decision boundary between classes further apart in each iteration.

Briefly, self-training methods are wrapper methods in which, first, one or multiple
models are trained on a small number of labelled examples in a supervised manner to
predict labels for unseen unlabelled data; second, the most confident predictions are used
to retrain the model(s). The advantage of these methods is that the models do not make
any specific assumptions about the input data. The shortcoming is that if the models are
retrained with erroneous labels, the performance decreases, while if only the most confident
predictions are used for retraining, the performance might not surpass the performance of
the model trained in a supervised manner.

There are several properties that distinguish between the self-training methods that
were well defined by Triguero, García, and Herrera (2015):

• Number of domain models used for label prediction defines how many models label
the example and how the final label is selected.

• Type of machine-learning algorithm used for training the domain models defines
whether the same algorithm is used for all of them.

• Number of data views defines whether the feature vector structure of the domain
models is the same.

• Retraining property defines how the retraining is performed.

The self-training algorithms are presented in the form of a hierarchy according to their
properties in Figure 2.1. According to the number of domain models used for predicting
the label, a method can be a single-model method if only one model predicts the label and
a multiple-model method if two or more models predict the label. In case of a multiple-
model method, we differentiate between single-learner and multiple-learner methods. In
single-learner methods, the models are trained using the same machine-learning algorithm
as opposed to the multi-learner methods where each model is trained using a different
machine-learning algorithm. The design of the feature space per model in multiple-model
methods defines whether the method is a single-view method or a multi-view method.
Single-view methods use the same feature space in all models. In multi-view methods,
each model has orthogonally independent feature subset. The retraining property defines
whether the model(s) are retrained in an incremental, batch, or amending mode. Incre-
mental mode evaluates the label confidence of each newly labelled example and selects
for retraining only the examples with the most confident label predictions. Batch mode
evaluates the prediction confidence of the newly labelled examples and adds into a batch
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Figure 2.1: Self-training methods according to their properties (Triguero, García, & Her-
rera, 2015).

each that meets the confidence criteria. The examples in the batch are used for retraining
at once. The amending mode is either in incremental or batch mode and takes into con-
sideration that the example in the dataset can get outdated. The amending mechanism
handles the evaluation of an example’s obsolescence and removes it from the dataset used
for retraining if required.

Two algorithms that established the area of self-training and are adopted as a stan-
dard are Self-Training proposed by Yarowsky (1995) and Co-Training proposed by Blum
and Mitchell (1998). Self-Training is an incremental, single-model, and single-learner algo-
rithm, and Co-Training is an incremental, multiple-model, single-learner, and multi-view
algorithm. Later algorithms are mostly enhancements or extensions of these two algorithms
with different approaches to confidence evaluation and inclusion criteria.

The most common single-view method is Self-training (Yarowsky, 1995), which is com-
posed of one model trained with any machine-learning algorithm that outputs probability.
The model predicts the labels of the unlabelled examples and retrains itself with the newly
labelled examples that achieve confidence criterion (usually high label probability). Ex-
amples of multiple-model methods are Tri-Training (Z. H. Zhou & Li, 2005), Co-Forest (Li
& Zhou, 2007) and CLUS-SSL proposed by (Levatić, Ceci, Kocev, & Džeroski, 2015). All
are single-learner and single-view methods. Tri-training is composed of three models, and
the retraining is performed in incremental mode. It first divides the training dataset into
three data subsets, each of which is used to train one of three models with the Bagging
algorithm (Breiman, 1996). A majority vote obtains the final label of the unlabelled exam-
ple from the predictions of the three models. The newly labelled example is added to the
dataset used for retraining and temporary models are retrained. A heuristic evaluates the
performance of the temporary models on the initial labelled dataset. If the performance
stays the same or is improved, the example stays in the dataset used for retraining the mod-
els; otherwise, it is omitted. The Co-Forest uses Random Forest (Breiman, 2001) to train
an ensemble of trees and performs the adaptation in a batch mode. The ensemble predicts
the labels for the unlabelled examples, and the Random Forests majority vote decides on
the final label. If the confidence of the Random Forest surpasses a predefined threshold,
the newly labelled example is included in the dataset used for retraining. CLUS-SSL uses
predictive clustering trees (PCT) in the Random Forest method to train an ensemble of
trees for multi-target regression (MTR). The ensemble is trained on the labelled dataset
and used to predict the labels for the unlabelled examples. Since the task is to adapt the
model for MTR task, they propose a heuristic to be used as a confidence measure for the
prediction. If the label prediction surpasses the proposed heuristic threshold, the newly
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labelled example is included in the training set used for retraining.
Democratic co-learning (Y. Zhou & Goldman, 2004) is composed of three models and

the retraining is performed in incremental mode. This method is a multiple-learner method,
which means that the three models are trained with a different machine-learning algorithm.
The selection of the final label is obtained by a majority vote from the labels as predicted
by the three models. Whether the newly labelled example is added to the dataset used for
retraining or not is decided by a heuristic.

Multi-view methods are necessarily composed of more than one model, which cate-
gorises them into multiple-model methods. Most commonly, the models are trained with
the same machine-learning algorithm (single-learner methods). As mentioned, Blum and
Mitchell (1998) pioneered the multi-view methods with Co-training composed of two in-
dependent models that retrain in incremental mode. The Co-training method has two
prerequisites. First, the feature space needs to be divided into two orthogonal subsets,
one for training each model. Second, each trained model needs to be self-sufficient for the
task. The first prerequisite ensures that the trained models are independent of each other,
thus providing individual views on the task (this is where the multi-view name comes
from) and complementary information. The second prerequisite ensures that the mod-
els can accurately label the unlabelled examples and decrease the possibility of retraining
with incorrectly labelled examples. Both models label unlabelled examples, and the most
confident predictions of each model are included in the training set used for retraining.

The main obstacle to implement an efficient Co-training method is the orthogonality
prerequisite since it is not always possible to achieve it. RASCO (J. Wang, Luo, & Zeng,
2008) and Rel-RASCO (Yaslan & Cataltepe, 2010) are both upgrades of the Co-training
method regarding how to choose the feature subsets for the trained models to comply
with the rule of subset orthogonality. RASCO stands for RAndom Subspace Co-Training:
the proposed approach randomly divides the feature subspace into a predefined number of
subspaces and trains the same number of models. In contrast to the original Co-training
which requires self-sufficient models, RASCO requires models that return accuracy better
than a random guess to efficiently adapt the models and outperform the original Co-
training. Majority voting obtains the final label. Rel-RASCO stands for Co-training with
relevant random subspaces, which is an upgrade of both mentioned methods. The features
are evaluated using mutual information between the feature and the label as a relevance
score. To maintain the randomness, the features are selected into subspaces according
to probabilities proportional to the relevance scores, which are calculated on the labelled
portion of the dataset. The number of models composing the method is predefined with
the number of feature subspaces. Majority voting obtains the final label.

Self-training methods with more than one model mostly obtain the final label using a
majority vote. The inclusion criterion is defined with either the selection of the number
of most confident predictions from the given set of unlabelled examples or with a heuristic
that evaluates whether the prediction confidence meets the requirements for inclusion. The
heuristic is usually set to select only the examples with high prediction confidence. This
may result in the inclusion of examples that do not contribute new information to the
model since they already perfectly fit the models trained in a supervised manner. Models
would benefit if examples with a higher uncertainty were included for retraining.

2.3 SSL for Real-time Personalisation

Overview of personalisation techniques showed that certain amount of person-specific data
is always required. These data are used to personalise a larger general dataset that con-
tains data of other people than the target person. The personalised dataset is afterwards
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used for training a machine-learning model personalised for the target person. Overview of
the SSL techniques showed that unlabelled data can be used to improve the model trained
using only labelled data and that it can be used in real-time. Since the behaviour, habits,
physical characteristics and similar change over time, the model personalised with com-
mon personalisation technique may soon become less accurate and would require further
personalisation. On the other hand, a large amount of unlabelled data generated while
using such system can be used in SSL manner to personalise the model without the need
for human annotator.

We aim at designing a method that is simple to use and can be deployed in real
life for real-time adaptation and personalisation of models in the inductive setting. The
personalised model will need to be able to efficiently predict labels on unseen data (Def-
inition 2.5) and use them for retraining. Additionally, we would like to fully exploit the
general dataset(s) available for a task in addition to a small amount of labelled person-
specific data.

Generative models were successfully applied on many domains, mainly in the transduc-
tive setting, and even though they have appealing features connected with identifiable class
distribution, they also have some major drawbacks. Modelling p(x|y) is more demanding
then modelling p(y|x), as is the goal of discriminative methods. It is too computationally
demanding to be used in real time on high-frequency data. Besides, if the dataset has com-
plex class distribution (multinomial problem), it may be easily misspecified, which results
in an incorrect model, thus compromising accuracy.

The graph-based approaches are currently a very popular area of research since graph
theory proved to have a high potential in many domains from natural language process-
ing (Mills & Bourbakis, 2014) and bioinformatics (Yan, Zhao, & Pang, 2017) to the analysis
of social networks (Truong, Truong, & Dkaki, 2016). These methods are done in a transduc-
tive setting and propagate the label to unlabelled examples through neighbouring vertices
defined by similarity. Their task is to label the unlabelled examples while maintaining la-
bel consistency and data geometry. Each time a vertex is labelled, all neighbouring nodes
are revisited and labels re-evaluated, which means that the entire graph may need to be
updated. In case of large datasets with highly variable data, this may cause too many
re-evaluations for real-life tasks in an inductive setting.

Low-density separation methods are based on an idea of transductive inference, which
uses SVM to find the maximal low-density area as a boundary between classes. Since find-
ing the boundary using both labelled and unlabelled data with SVM is a hard optimisation
problem, the methods transited to achieving the same results using probabilistic models.
The initial model is trained on the labelled portion of the data in a supervised manner and
used to label the unlabelled examples, which are then used for retraining the model. This
approach opened a new area of methods called self-training, which can be used in real time
and their performance measured with the label probability output. These methods do not
require assumptions about the input data and were successfully used in inductive setting
on many domains, which makes them suitable for personalisation.

The performance of the self-training methods depends on the quality of single or mul-
tiple models and the heuristics used for the selection of the final label and the inclusion of
the labelled examples. If the inclusion heuristic includes only the most confidently labelled
examples, the retrained model might not perform better compared to a model trained in
a supervised manner.

We aim to improve the adaptation by also including examples labelled with higher
uncertainty, which can be achieved by replacing the heuristic with a machine-learning
model. Additionally, we would like to exploit general labelled datasets that can be freely
obtained or were previously collected and labelled for other people. These data can be
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used to train a general model, and the SSL technique can be used to adapt this model to
the target person. To design an SSL method that takes into consideration all the above-
mentioned parameters and to replace the heuristic with machine-learning models, we will
address the following challenges:

• Define the design of the domain models trained to solve the domain task in terms of
feature vectors or views, datasets, and a machine-learning algorithm used for training.

• Define the criterion procedure for the selection of label of newly labelled examples,
preferably in the form of a machine-learning model.

• Define the criterion procedure for the inclusion of newly labelled examples in the
training dataset, preferably in the form of a machine-learning model.

• Define a stopping criterion — when does the retraining stop.

In the next chapter, we answer the challenges and propose a multi-model, single-learner,
self-training method with an upgrade of the selection and inclusion heuristics as they
are used in the current self-training approaches. The method uses two machine-learning
models: one to tackle the selection of the final label instead of the majority vote, and one
to tackle the inclusion task. The goal is to include more diverse examples in the training
set used for retraining the models compared to approaches that include only the examples
with high prediction confidence. The introduced diversity should be beneficial for achieving
better adaptation results.

2.4 Summary

The chapter presents the related work on most common personalisation techniques and
overview of SSL methods. The overview of the SSL methods focuses on exploring the
SSL categories to highlight the one that can be used for personalisation in real-time. We
concluded that the self-training methods from the low-density separation category are the
most suitable approach for further exploration and reviewed them in detail. The chapter
ends with the section presenting the positive aspect and limitations of the personalisation
and self-training approaches and points out the challenges to be addressed in order to
design the self-training SSL method for real-time personalisation successfully.
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Chapter 3

Multi-Model Adaptive Training

Most common approaches to personalisation are efficient for short-term improvement of the
models (Section 2.1) since they consider one-time-only personalisation and do not employ
any adaptive mechanisms that would enable further refinement of the models. Self-training
SSL approaches (Section 2.2.4) seem to facilitate implementation of such mechanism using
the same person-specific data as in the common personalisation approaches. However, the
shortcoming of the self-training methods is in the heuristic that evaluates the reliability
of the label prediction to be used for personalisation (retraining) of the model. If the
heuristic is too conservative, the included example may not contribute to the improve-
ment of the model, and if it is too liberal it may include misclassified examples which
will inevitably degrade the accuracy. We present the SSL method named Multi-Model
Adaptive Training that introduces the appealing feature of common personalisation such
as using larger publicly available labelled datasets for the task into SSL self-training al-
gorithm enhanced with machine-learning models instead of heuristic for the evaluation of
the reliability of the predicted label for the inclusion in retraining. Since we use multiple
models that need to be trained, we also provide a training procedure dedicated to training
all composing machine-learning models by ensuring fair data division and full exploitation
of the available labelled data. The method and the training procedure was published in
the paper Cvetković, Kaluža, Gams, and Luštrek (2015) included in Chapter 4.1, but here
we put the method into a framework, extend it and present it in more detail.

The chapter is structured as follows. First, we introduce the general framework of the
method and explain the connection to the general machine-learning pipeline and purpose
of each module of the method. Next, we introduce the implemented and evaluated ar-
chitecture and the structure of each composing model. Finally, we present the training
procedure that ensures training of all models with a limited amount of data.

3.1 General Framework of Multi-Model Adaptive Training

Multi-Model Adaptive Training is follows the idea of self-training methods for person-
alisation of machine-learning models. It is designed to connect to the general machine-
learning pipeline presented in Figure 3.1 (Fayyad, Piatetsky-Shapiro, & Smyth, 1996).
The pipeline is modified to emphasise the procedure after the deployment of the trained
machine-learning models.

The general pipeline is composed of a data input module, a data preprocessing module,
and a module in which a machine-learning task is solved. The data input can be set to
retrieve the raw data from a database or real-time stream to the preprocessing module
in which the data are fused, synchronised, filtered, and transformed into a feature vector
forming an example ready to be fed into one or more machine-learning models in the
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Figure 3.1: General machine-learning pipeline enhanced with the Multi-Model Adaptive
Training SSL pipeline.

machine-learning task module. The models in the general machine-learning pipeline are
general domain models (green models in Figure 3.1) trained in a supervised manner on a
general dataset (left-side dataset in Figure 3.1), which contains sufficiently diverse data
to yield high accuracy in a laboratory evaluation. Once the models are deployed, they
process the example to make a prediction and obtain a domain result in the form of a label
that can be used by an application-specific service (e.g., recognised activity used is activity
monitoring service ). A general dataset can be obtained from public repositories or can be
previously collected for the domain task. These data are perceived as general domain and
do not contain any specific knowledge about the target person.

Multi-Model Adaptive Training adds to the general pipeline one or multiple specific
machine-learning domain models that belong to the target person (yellow models in Fig-
ure 3.1). The specific machine-learning models are trained and evaluated in a supervised
manner with a small amount of person-specific data (right-side dataset in Figure 3.1) for
the same task as the general models in the general machine-learning pipeline. The do-
main results from each domain model are fed into the selection module, which is based on
an idea of stacking (Wolpert, 1992; Z.-H. Zhou, 2012) and uses one or multiple stacked
machine-learning models to predict the final label by choosing one of the domain models
for labelling the example (red models in Figure 3.1). The selection models are trained
and evaluated using the data from the general dataset in a specifically designed training
procedure introduced later in Section 3.2.3. In case of multiple selection models, these can
be additionally stacked for a final selection result. The outputs of the selection models,
together with the results of the general and specific models, are fed into the inclusion
module, which uses one or multiple machine-learning models (blue models in Figure 3.1)
to decide whether the newly labelled example is appropriate for inclusion in the general
dataset used for retraining the general machine-learning models. The inclusion models
are trained and evaluated using the data from the general dataset in the same training
procedure as selection models, introduced later in Section 3.2.3. Again, in case of multiple
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Figure 3.2: Multi-Model Adaptive Training architecture.

inclusion models, these can be additionally stacked to obtain a final result.
There are two main differences between the approach to SSL and self-training as seen in

the Section 2.2.4 of Chapter 2 and the Multi-Model Adaptive Training method. The first
difference originates from SSL methods usually utilising only data collected specifically for
the target person for training the models and for the adaptation. In our method, in addition
to person-specific data, we also exploit general datasets that already exist and can be easily
obtained. We use general datasets to train general models for solving the task. The second
difference originates from the use of heuristics for selection and inclusion criteria in self-
training methods, which in general selects and includes only the examples with the most
confidently predicted labels. Retraining only with the most confident predictions might
result in low improvement of the model performance since these examples already fit the
model. In Multi-Model Adaptive Training, we replace the heuristics with machine-learning
models: one type of models are trained to select the final label and the second type are
trained to decide on the inclusion of the newly labelled examples in the general dataset for
retraining. This enables the method to include, in addition to the most confidently labelled
examples, examples that were labelled with higher uncertainty, which will introduce more
diverse examples specific for the target person, thus better and faster adaptation of the
model.

3.2 Implemented Architecture

Following the pipeline presented in Figure 3.1, we construct and implement the method
with a single general, single person-specific model and single selection and inclusion model.
The architecture is presented in Figure 3.2 and as pseudo-code in Algorithm 3.1. The
method is meant to be deployed as a part of a system that already uses machine-learning
models for a domain task and requires each example to be labelled. In addition to labelling
each example coming into the system, the Multi-Model Adaptive Training decides whether
the labelled instance should be used for retraining the models or not.

The method operates as follows. Line numbers in brackets correspond to lines in Algo-
rithm 3.1. The data are obtained from a real-time stream, preprocessed into a feature vector
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Algorithm 3.1: Multi-Model Adaptive Training algorithm.

Models : General (G), Person-specific (P ), Selection (S) and Inclusion (I) model
Dataset: Datasetgeneral: General dataset
Data: Queueexamples: Queue containing examples in a form of a feature vectors
Result: G: Adapted general model

/* Personalise if the queue contains examples and if the stopping
criterion is not met */

1 while size(Queueexamples) > 0 and stop == FALSE do

/* Retrieve example from the queue */
2 example← getExample(Queueexamples);

/* Label the example with general and person-specific model */
/* Extract prediction confidence for all labels and labels */

3 CG, labelG← label (G, example);
4 CP, labelP← label (P , example);

/* Extract features and create feature vector for Selection model
*/

5 featuresS ← extractFeaturesSelection (example, CG, CP, labelG, labelP);
6 CS, select ← label (S, featuresS);

7 if select == G then
8 labelexample ← labelG;
9 else

10 labelexample ← labelP;
11 end

/* Extract features and create feature vector for Inclusion model
*/

12 featuresI ← extractFeaturesInclusion (featuresS, CG, CP, CS);
13 include ← label (I, featuresI);

14 if include == YES then
/* Include labelled example and retrain */

15 Datasetgeneral← Datasetgeneral + (example, labelexample);
16 G ← train (Datasetgeneral);
17 end

/* Evaluate if the conditions for the stopping criterion are met */
18 if stopingConditions () then
19 stop ← TRUE;
20 end
21 end

that represents the unlabelled example (example) and inserted in a queue (Queueexamples).
If the queue is not empty and the predefined stopping criterion is not met, the method
proceeds with the personalisation (line 1). The unlabelled example is retrieved from the
queue (line 2) and labelled with the general and the person-specific model at the same
time (lines 3 and 4). The results are an array of prediction confidence values (Cmodel) for
all labels and the labels per model (labelmodel). The prediction confidence values (label
probability) and labels per model are processed with a procedure which extracts the se-
lection model features and forms a selection model feature vector (line 5). The feature
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vector is fed into the selection model which outputs the decision regarding which model
should be trusted with final labelling the example and its prediction confidence value (line
6). The example is labelled according to the result of the selection model (lines 7 to 11).
The next step of the Multi-Model Adaptive Training is the evaluation of the inclusion suit-
ability of the automatically labelled example. The array of prediction confidence values
of all models is processed with the feature extraction procedure to form a feature vector
for the inclusion model to obtain a decision whether the automatically labelled example
should be included into the general dataset or not (lines 12 and 13). If the output of the
inclusion model returns a positive decision, the automatically labelled example is added
to the general dataset, and the general model is retrained (lines 14 to 17). Before a new
repetition, the procedure for evaluation of stopping criterion is called (lines 18 to 20).

To implement and use the Multi-Model Adaptive Training method, one must train
three machine-learning models on a limited amount of data and one model on data specific
for the target person. The dataset and the training procedure are described in the next
subsections.

3.2.1 Datasets

Figure 3.2 presents the method work flow composed of two datasets that contain raw data:
the general dataset (left-side dataset in Figure 3.2), and the specific dataset (right-side
dataset in Figure 3.2).

The general dataset (Datasetgeneral) is either obtained from public repositories or
collected and labelled for the task. It is required that the dataset is of good quality since
it is used for training and evaluation of the domain models in the laboratory environment.
Data collection is usually controlled with the intention to collect as diverse data as possible.
This is achieved by instructing the people whose data are collected to try to perform
the tasks as naturally as possible (in activity recognition, context recognition), to try to
perform the task to the limit (e.g., running or cycling vigorously for a longer period of
time in human energy expenditure estimation), or even produce specific states (running
vigorously before measuring blood pressure in case of blood pressure estimation). These
datasets are therefore rich in information, but lack the information on the target user.

Along with the requirement of quality labelled Datasetgeneral, two additional require-
ments need to be fulfilled for the dataset to be suitable for the training procedure introduced
in Section 3.2.3. The dataset should enable partitioning by a person, e.g., identification
number (columns in Figure 3.3), and some semantic parameter, such as label, scenario, or
context of the task (rows in Figure 3.3). For example, the data of person A with labelled
daily activities can be semantically grouped by the type of activity. The partitioning per
person enables us to exclude a person for which the training is performed and to evalu-
ate the trained model in the Leave-One-Person-Out (LOPO) approach. The division per
semantic group enables control over the creation of representative folds required for the
training procedure of the models (Section 3.2.3).

The specific dataset (Datasetperson) is briefly collected and labelled onsite with the
target person. This dataset is small and contains just a few examples and does not neces-
sarily contain all the labels that are present in the Datasetgeneral.

In most common machine-learning enhanced applications, the Datasetgeneral is the
dataset used for training a domain model in a supervised manner; after evaluation in
a laboratory environment, the model is deployed in real life to be used with the target
user. Due to physical, behavioural, habit, etc., differences between people and the lack of
information about the target person, the model can experience a decrease in accuracy. One
could merge Datasetperson and Datasetgeneral and retrain the domain model in a supervised
manner; however, the amount of data is small and not all labels are represented, so it
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Figure 3.3: Required dataset partitioning of the Datasetgeneral to be suitable for the train-
ing procedure. The columns represent partitioning by a person (identification number),
and rows by a semantic parameter (label, scenario, or context of the task).

may not contribute significantly to performance improvement of the domain model. The
goal of the Multi-Model Adaptive Training is to include person-specific examples into the
Datasetgeneral automatically, thus personalise the model trained on this dataset.

3.2.2 Domain and Decision Models

This section introduces the design of the domain and decision models.

3.2.2.1 Domain Models

General model (G) is the main domain model. When the task is to adapt to the new
statistical properties of the data ( concept drift), the general model is trained only on
Datasetgeneral. When the personalisation task is to adapt to the newly introduced label,
the general model is trained on the union of Datasetgeneral and Datasetperson. The general
model is obtained with the common procedure for the development of best performing
machine-learning models in a supervised manner. One must train the model in a supervised
way and evaluate different feature sets and machine-learning algorithms. The feature set
and machine-learning algorithm that yields the best results on the given dataset in the
LOPO approach for the domain task is chosen as a design of the final general model. It is
required that the machine-learning algorithm used for training the general model outputs
label probabilities or any other measure that can be used as prediction confidence.

The general model is being retrained, thus personalised, with automatically labelled
examples included into the Datasetgeneral by the Multi-Model Adaptive Training method.

Person-specific model (P) is a helper domain model trained on Datasetperson. We
evaluated different approaches to person-specific model design (Cvetković & Luštrek, 2014)
and selected the following. The design of the model is adopted from the general model and
is thus constructed from the same set of features and trained with the same algorithm as the
general model. An exception occurs in classification tasks in which person-specific model is
a one class model. In this case it needs to be trained with a machine-learning algorithm that
can handle one-class classification. As previously introduced, the Datasetperson contains
fewer labels than the Datasetgeneral, so the person-specific model trained on this data can
provide a limited number of labels as an output. The data contained in the person-specific
model can represent chosen labels (Section 4.1 and Section 4.2) or a chosen person-specific
context (Section 4.3 and Section 4.4). Nevertheless, the content is called basic labels or
basic context (Basic).
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3.2.2.2 Decision Models

The architecture presented in Figure 3.2 is composed of two meta-level decision models:
the selection model trained to select one of the domain models for the final labelling of the
example, and the inclusion model trained to decide whether or not the labelled example
is suitable for inclusion to the Datasetgeneral. The method for the extraction of selection
features in classification task is presented in Algorithm 3.2.

Selection model (S) is a stacked decision model trained to tackle a classification
problem. It is required that the machine-learning algorithm used for training the selection
model has an ability to output the label probabilities or any other measure that can be used
as a prediction confidence value. The selection model is trained to output the instruction
on how to choose the final label. For classification tasks, it is trained to output one of the
domain models (G or P) as trustworthy for labelling the example. In the regression task, it
is trained to output either one of the domain models (G or P) as trustworthy for labelling
the example or an indicator of the equation to be used on the output values of the domain
models (e.g., average) to calculate the final label.

We evaluated different feature sets to be used for the design of the selection model
(Cvetković, Luštrek, Kaluža, & Gams, 2011). The most common approach, which uses the
domain model feature vector together with outputs of the domain models, did not yield
good results, so we chose the feature set with features extracted only from the outputs of
the general and person-specific model (Algorithm 3.2). The features can be contextual,
statistical, or raw outputs of the domain models. Although the selection features in differ-
ent systems might not be exactly the same, we propose the initial set that should be used
in classification and regression domains:

• CG(labelG): The prediction confidence of the general model in its prediction.

• CP(labelP): The prediction confidence of the person-specific model in its prediction.

In case the domain models are solving a classification task, we additionally propose:

• CG(labelP): The prediction confidence of the general model in the label predicted by
the person-specific model.

• CP(labelG): The prediction confidence of the person-specific model in the label pre-
dicted by the general model.

• Basic(labelG) binary feature set to describe whether the general model predicted a
basic label. As previously introduced, the basic labels are those that are contained
in the person-specific model.

• Equal(labelG, labelP) binary feature set to describe whether the general model ad
person specific model predictions are equal.

We also propose using single or multiple contextual features in both classification and
regression domains:

• Context(example): Contextual information of the example.

• Context(labelG): Contextual information of the label predicted by the general model.

• Context(labelP): Contextual information of the label predicted by the person-specific
model.
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Algorithm 3.2: Procedure for extraction of features for selection model.

Data: CG, CP, labelG, labelP, example: prediction confidences and labels
Result: labels: labels, features: decision features

/* Extract prediction confidences per prediction */
1 CG(labelG);
2 CP(labelP);

/* Extract contextual features */
3 Context(labelG) ← extractFeaturesContext (labelG) ;
4 Context(labelP) ← extractFeaturesContext (labelG) ;
5 Context(example) ← extractFeaturesContext (example) ;

/* Extract prediction confidences per label as predicted by other
model */

6 CG(labelP);
7 CP(labelG);

8 if labelG== labelP then
9 Equal← YES ;

10 else
11 Equal← NO ;
12 end
13 if labelGis basic then
14 Basic(labelG) ← YES ;
15 else
16 Basic(labelG) ← NO ;
17 end
18 features ← (CG(labelG), CP(labelP), CG(labelP), CP(labelG), Equal, Basic(labelG),

Context(labelG), Context(labelP), Context(example)) ;
19 return features

Extending the feature set with a contextual type of features depends on the domain
problem itself, so we cannot propose a general contextual features. In the regression
domain, a contextual feature is discretisation of the estimated value by the general model
and the person-specific model into a context. For example, estimated blood pressure can
be discretised into a context of blood pressure: low, normal, or high blood pressure. We
elaborate and propose contextual features in Section 4.3 of Chapter 4 for tackled regression
domain (energy expenditure estimation).

Inclusion model (I) is a decision model trained to tackle a binary classification prob-
lem. It is required that the machine-learning algorithm used for training the selection
model has an ability to output the label probabilities or any other measure that can be
used as a prediction confidence. The output of the model is a decision (yes or no) whether
the example should be included in the Datasetgeneral for retraining or not. The features
for the model are copied from the selection model with additional features extracted from
the results of the selection model. To the list of features extracted for the selection model,
we propose adding the following two:

• labelS: The result of the selection model.

• CS(labelS): The prediction confidence of the selection model in its prediction.
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3.2.3 Training Procedure

As introduced previously, the three models, that is, the general model, selection model,
and inclusion model, need to be trained using the labelled data from the Datasetgeneral.
To perform this procedure correctly, we need to divide the dataset in such a way that the
data we use for training an individual model do not overlap with those used for training
other models and we still keep enough data for training them all. The training procedure
for a case in which there are more repetitions of a task per person in a Datasetgeneral is
presented in the paper included in Section 4.1 of Chapter 4. Since it is common to have
a dataset with single repetition of a task per person, we extend the presented training
procedure to such cases in this section.

The Datasetgeneral requirements were presented in Section 3.2.1. Briefly, apart from
quality labelled data, the dataset needs to be dividable per person and per semantic groups
(these can be labels if no other division is possible). These requirements are needed so we
can allocate a representable subset of data for training the selection and inclusion model,
as well as for a fair evaluation of the models and the method. The latter is explained in the
next chapter (Chapter 4) and the former on an example as follows. Let us select Person A
from the dataset as if this person were the new target person, the Datasetgeneral as parti-
tioned in Figure 4.9, and train all models needed for the Multi-Model Adaptive Training
for the given person. We define Pall as a set of all people contained in the dataset (Eq. 3.1)
and Ptarget = {A} as the target person A .

To train the person-specific model for person A, we need to define the content of
Datasetperson regarding a number of labels and an amount of data per label specific to
the ptarget. The number of labels is defined by a number of labels that can be easily
and safely collected (e.g., in activity recognition it is easy to collect walking, sitting and
lying, but not safe to collect falls). The amount can be arbitrarily defined according to
the easiness of the collection (e.g., 15 seconds of sensor data per label). These labels are
called basic labels. Once we define the amount of data to be allocated for Datasetperson,
we identify the semantic partitions in which the basic labels occur. The examples for
Datasetperson are selected either according to some natural boundary (first n examples),
according to the repetition (if the dataset has multiple repeats of the same partition), or
arbitrarily (randomly selected examples). In Figure 3.4 we have three basic labels that
appear in the partitions a, b and c and are marked green (column A data of ptarget). We
exclude the rest of column A from all further training. The remaining data from all other
persons (yellow samples in Figure 3.4) are defined as Pgeneral (Eq. 3.2), which is used to
train the general model for target person Ptarget.

Pall = {A,B,C,D,E, F} (3.1)

Pgeneral = Pall \ Ptarget (3.2)

The training of selection and inclusion model is done using only the data of the re-
maining five people previously allocated for training the general model (Pgeneral). Fig-
ure 3.5 shows that we exclude the ptargetand use the remaining data for the training pro-
cedure in five repetitions. In each repetition, we select another person to be a temporary
target person ptemp. As explained previously, we allocate the data for the temporary
Datasetperson (green samples per repetition in Figure 3.5) and for Datasetgeneral (yellow
samples per repetition in Figure 3.5). Next, we divide the remaining data of ptemp in two
datasets, the dataset for training the selection model Datasetselection (blue samples per rep-
etition in Figure 3.5) and the dataset for training the inclusion model Datasetinclusion (red
samples per repetition in Figure 3.5). This procedure of dividing the datasets can be done
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Figure 3.4: Data used for training the person-specific and general model for Person A.

Figure 3.5: Data partitioning for training the selection and inclusion model for Person A.

multiple times in loops in each selecting new random portion the datasets (Cvetković,
Kaluža, Gams, & Luštrek, 2015; Cvetković, Kaluža, Luštrek, & Gams, 2012; Cvetković,
Janko, Romero, et al., 2016). Here we explain one loop.

Once we have all datasets ready, we first run the procedure for training the selection
model presented in Algorithm 3.3. The line numbers in this paragraph correspond to
this algorithm. The input to the procedure are arrays of required datasets per person.
The arrays are denoted as Data to distinguish them from the datasets per person. The
procedure iterates over the data of people in Pgeneral. For each temporary target person
ptemp, a general model and a person-specific model are trained (lines 3 and 4). Every
example from Datasetselection (extracted from Dataselection for ptemp) for current ptemp is
labelled with the general and person-specific model (lines 6 to 8). The predicted labels
are fed into the procedure presented in Algorithm 3.2 (line 9), which extracts the features
composing the feature vector of the selection model. The selection feature vector is labelled
with person-specific (P) if the person-specific model labelled the example correctly, or
general model (G) otherwise (lines 10 to 14). In the regression task, the selection feature
vector is labelled with the option that returned the lowest estimation error (one of the
domain models or a value calculated from the outputs of the domain models, e.g., average).
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Algorithm 3.3: Selection model training procedure – classification tasks.

Dataset: Datageneral, Dataperson, Dataselection: Arrays of per person datasets
Data: Pgeneral: set of people in the general dataset
Result: S: Selection model trained with DatasetselectionTemp per person

/* Process selection datasets of all remaining people */
1 for i ← 0 to length(Pgeneral) do

/* Simulated temporary target person */
2 ptemp ← Pgeneral[i];

/* Train models for temporary target person */
3 G ← train (Datageneral(ptemp));
4 P ← train (Dataperson(ptemp));
5 for j ← 0 to length(Dataselection(ptemp)) do
6 example← Dataselection(ptemp)[j];
7 CG, labelG← label (G, example);
8 CP, labelP← label (P , example);

/* Extract features with Algorithm 3.2 */
9 features ← extractFeaturesSelection (example, CG, CP, labelG, labelP);

/* Select the model with correct classification label */
10 if labelP == labeltrue then
11 labelS← person-specific;
12 else
13 labelS← general;
14 end
15 DatasetselectionTemp ← DatasetselectionTemp + (features, labelS);
16 end
17 end

/* Train selection model */
18 S ← train (DatasetselectionTemp);
19 return S

The labelled examples are stored in DatasetselectionTemp (line 16), which is the dataset for
training the final selection model (line 18).

Once we trained the final selection model, we run the procedure for training the in-
clusion model presented in Algorithm 3.4. The line numbers in this paragraph correspond
to this algorithm. The input to the procedure are arrays of required datasets per person.
The procedure iterates over the data of people in Pgeneral taking one as a temporary target
person ptempper repetition. For each ptemp, a general model and a person-specific model are
trained (lines 3 and 4). To train the selection model, we first exclude the current tempo-
rary person ptemp from the Pgeneral (line 5) and feed the remaining set of people ( Pselection)
into Algorithm 3.3 to train the temporary selection model (line 6). Every example from
Datasetinclusion (extracted from Datainclusion for ptemp) for current ptemp is labelled with
the general and person-specific model (lines 9 and 10). The predicted labels are fed into
the procedure presented in Algorithm 3.2 (line 9), which extracts the features composing
the feature vector of the selection model (line 11) that are fed into the selection model
trained in line 6. The results of the selection model are used for the construction of the
inclusion model feature vector (line 13). It is essentially selection model feature vector
with additional three features, the prediction of the selection model and the confidence in
its prediction. The prediction of the selection model is also used to define the label for the
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Algorithm 3.4: Inclusion model training procedure – classification tasks.

Dataset: Datageneral, Dataperson, Datainclusion: Arrays of datasets per person
Data: Pgeneral: set of people in the general dataset
Result: I: Inclusion model trained with DatasetinclusionTemp

1 for i ←0 to length(Ptraining) do
2 ptemp ← Ptraining[i];
3 G ← train (Datageneral(ptemp));
4 P ← train (Dataperson(ptemp));

/* Remove current target person from the Ptraining */
5 Pselection ← Ptraining \ ptemp;

/* Train selection model with Algorithm 3.3 */
6 S ← trainSelectionModel (Pselection);

7 for j ← 0 to length(Datainclusion(ptemp)) do
8 example← Datainclusion(ptemp)[j];
9 CG, labelG← label (G, example);

10 CP, labelP← label (P , example);

/* Extract features with Algorithm 3.2 */
11 featuresS ← extractFeaturesSelection (example, CG, CP, labelG,

labelP);
12 CS, labelS← label (S, featuresS);

/* Extract features for inclusion model */
13 featuresI ← extractFeaturesInclusion (featuresS, CS, labelS);

/* Label for inclusion if the selected model label is correct */
14 if labelS== general then
15 if labelG== labeltrue then
16 labelI← YES;
17 else
18 labelI← NO;
19 end
20 else
21 if labelP== labeltrue then
22 labelI← YES;
23 else
24 labelI← NO;
25 end
26 end
27 DatasetinclusionTemp ← DatasetinclusionTemp + (featuresI,labelI);
28 end
29 end
30 I ← train (DatasetinclusionTemp)
31 return I

inclusion model feature vector (lines 16 to 26). In classification tasks, we evaluate if the
result of the selection model (which domain model should label the example) corresponds
to the correct label. If the selection model was correct, the label of the inclusion feature
vector is set to YES (for inclusion), otherwise, it is set to NO (against inclusion). With
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this, we hope to train the decision model to detect the potential misclassification and omit
falsely labelled examples from inclusion in the general dataset and retraining. In case of a
regression task, we evaluate the mean absolute error of the selection models prediction (er-
ror between the true value and the value as predicted by the selected domain model). One
can choose any error that seems appropriate (e.g., mean absolute error, root mean squared
error, mean absolute percentage error, etc.). If the error of the prediction is in an accept-
able interval, we label the feature vector for inclusion (YES), and if it is not, we label it
against inclusion (NO). The labelled feature vectors are stored in DatasetinclusionTemp (line
27). Once all the people are processed, this dataset is used for training the final inclusion
model (line 30).

It may not be needed to include all correctly labelled examples in the training set due
to redundant information, but since it is hard to detect the utility of a newly labelled
example, we choose to train the model with the mentioned heuristic.

3.2.4 Adaptation procedure

The adaptation or personalisation procedure can start once all models are trained. The
procedure takes as an input a stream of raw data for the task or data from the database.
It preprocesses it and transforms it into domain feature vectors that can be used by the
domain models for predictions which are evaluated by the decision models for the inclusion.
The personalisation can be performed either in a batch or incremental mode. Bach mode is
more appropriate for utilising data from the database since it first evaluates a larger amount
of data for inclusion and then uses all positively evaluated predictions for retraining. In
the incremental mode, the retraining occurs each time prediction is positively evaluated
for inclusion.

The adaptation procedure is performed until a stopping criterion is met. The stopping
criterion can be either set arbitrarily or as a measure calculated from the performance of
the method. Example of an arbitrarily defined stopping criterion is a predefined period
of time or a preset number of included examples. Example of a performance measure is
the ratio between the included and discarded examples in an interval which we use as a
stopping criterion in the evaluation chapter in Section 4.3 and Section 4.4.

3.3 Summary

The chapter introduces the proposed method called Multi-Model Adaptive Training and
associated procedures that enable its implementation. We start with the description of the
general framework and its connection to the general machine-learning pipeline and proceed
to a more detailed description of the implemented architecture composed of four machine-
learning models, two of which are designed to replace the heuristics commonly used in self-
training approaches and improve the personalisation. We present the dataset requirements
and the training procedures for each of the composing machine-learning models. We end
with the description of the overall adaptation procedure and potential stopping criteria.
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Chapter 4

Evaluation

We evaluate the Multi-Model Adaptive Training (MMAT) on three classification tasks
and one regression task. In each task, we train a general model and adapt it to the new
person. In Sections 4.1, 4.2 and 4.4, we tackle the three classification tasks for which
we use Multi-Classifier Adaptive Training (MCAT), a customised MMAT to work with
classification domain models. In Section 4.3, we tackle a regression task for which we use
Multi-Regressor Adaptive Training (MRAT), a customised MMAT to work with regression
domain models.

We start with the evaluation of MCAT on a simple domain, an identification task in
which we introduce a new label and adapt a model to more accurately identify people.
Next, we proceed to two complex classification tasks, the adaptation of a low-level activity
recognition model and adaptation of a context recognition model both enclosed as pub-
lished journal papers. The goal of the low-level activity recognition task is to adapt the
classification model to better recognise activities as performed by the new person, similarly,
in the second task, the aim is to adapt the classification model to better recognise contexts
of the new person.

To evaluate MRAT, we tackle the human energy expenditure estimation regression
task. We enclose a published journal paper in which we describe the supervised regression
task and point out the problem of increased estimation error due to the difference between
people. In Section 4.3, we extend the supervised approach from the paper with MRAT to
adapt the regression model to the new user.

4.1 Use Case 1: Low-Level Activity Recognition Task – Clas-
sification

Intelligent systems aimed at monitoring persons’ daily lifestyles usually employ a mod-
ule that tackles low-level activity recognition to detect atomic activities (e.g., standing,
walking, running, lying, sitting, etc.) of the person. An activity-recognition model is usu-
ally trained in a laboratory on data of individuals performing predefined activities. Even
though the evaluation in a laboratory environment shows high recognition accuracy, once
the model is deployed in real life, the accuracy often decreases, since people have specific
characteristics and ways of performing activities.

4.1.1 Related Publication

In the included journal paper (Cvetković, Kaluža, Gams, & Luštrek, 2015), we use MCAT
to personalise the low-level activity recognition model to a new user. Here we summarise
the content of the paper.
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4.1.2 Dataset

The dataset used in this paper contains data of ten volunteers wearing localisation tags
on the chest, waist, and both ankles. The volunteers were performing a predefined set of
scenarios reflecting typical daily activities (standing, sitting, lying, sitting on the ground,
crawling on all fours, falling, going down, and standing). The scenario was repeated five
times which provided 2.8 hours of data per person. The localisation data are obtained in
the form of a three-dimensional vector describing the location in x, y, and z coordinates
(Kaluža et al., 2014).

4.1.3 Training Procedure

The dataset is in line with the general requirements presented in Section 3.2.1. It can be
partitioned by person and by scenario, which is needed for the training procedure presented
in Section 3.2.3.

4.1.3.1 Data Partitioning

First, we identified the labels that will be included in the person-specific model. These
were lying, sitting and standing (30 seconds per activity) which were randomly selected
from the scenarios in which the label occurred. The rest of the data was divided to be used
for training the selection model (called Meta-A) and inclusion model (called Meta-B).

4.1.3.2 Machine-Learning Model Training

The initial general model is trained on preprocessed data to recognise eight activities:
standing, sitting, lying, sitting on the ground, crawling on all fours, falling, going down,
and standing up as presented by Kaluža et al. (2014). The person-specific model is trained
on a small amount of data (30 seconds per activity) representing the lying, sitting, and
standing activity of the current target person. The selection model (called Meta-A) and
inclusion model (called Meta-B) are trained with the training procedure in which the data
for the models are selected according to the repetitions of a scenario and cross-validated on
the same dataset (Section 4.2 in the enclosed paper and Section 3.2.3 in the dissertation).

4.1.4 Adaptation Procedure

The paper evaluates the procedure for personalisation of the activity-recognition model
on 10 people. We start with the initial general activity-recognition model with the mean
accuracy of 70%. Using the MCAT for personalisation increases the overall mean accuracy
by 12.7 percentage point to 82.7 %.

The personalisation results are compared against four baseline supervised approaches
and three baseline SSL approaches. The baseline supervised approaches are the accuracy
of the initial general model, the person-specific model, a model trained on their merged
data of both models (most common personalisation approach), and the selection model
without adaptation. The baseline SSL approaches are the Self-training (Yarowsky, 1995),
slightly modified Democratic co-learning (called the Majority vote in the paper) (Y. Zhou
& Goldman, 2004) and a threshold-based MCAT (a threshold rule replaces the inclusion
model). We also compared the results against Co-training (Blum & Mitchell, 1998), in
which we strived to divide the dataset into two orthogonal views and fulfil the prerequisite
of having two efficient models, but the results per model were so poor that we did not
report them. All compared methods increased the accuracy of the initial model (by up to
six percentage points) but did not outperform the MCAT approach.
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4.1.5 Summary

There are two main conclusions of the paper. First is that the MCAT procedure can be
used for personalisation of low-level activity recognition models; second is that employing
the two additional models (selection and decision model) significantly improves the per-
sonalisation procedure. In comparison with other approaches, MCAT turned out to be
superior in terms of increased accuracy of the general model. Additionally, the dataset
on which the adaptation was performed reflects the distribution of typical daily activities
which is unbalanced (Table 3 in the included paper). Persons’ day is composed of large
amount lying, sitting and standing and a smaller amount of all other activities. We showed
in previous research on the same dataset that the method can adapt the general model
also to the classes that do not occur often (Cvetković et al., 2011). However, it would
be beneficial to employ a mechanism that will evaluate the structure of the dataset after
personalisation to ensure that none of the classes prevail.

The future work consisted of an evaluation on an additional classification and on a
regression domain and employment of an amending mechanism for removing outdated
examples. The additional classification domain is presented in Section 4.2 and regression
domain in Section 4.3.
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recognition

1. Introduction

Applications that classify highly variable data with
machine learning are often faced with the problem
of decreased classification accuracy when deployed
in a real-world situation. For example, an activity-
recognition classifier may show high classification ac-
curacy when tested in a controlled environment, yet be
significantly less accurate with an end-user. This is-
sue could be resolved if enough person-specific data
could be labelled in the real-world situation in which
the classifier is deployed. However, since this is of-
ten impractical and labour-intensive, semi-supervised
learning can be used to automatically label the data of
specific end-user.

In semi-supervised learning, one or multiple classi-
fiers usually label each instance. A mechanism selects
the final class based on their outputs. If the confidence

*Corresponding author. E-mail: boza.cvetkovic@ijs.si.

in this class is sufficient, it is used to label the instance,
which is then added into the training set of the clas-
sifiers. This approach raises the following three chal-
lenges: (i) how to design the classifiers and what data
to use for training each of them; (ii) how to choose the
final class during the selection process; and (iii) how
to decide if an instance will be added to the training set
of the classifiers.

This paper introduces a novel algorithm for adapting
an activity-recognition classifier to a person. This algo-
rithm is referred to as Multi-Classifier Adaptive Train-
ing (MCAT). It addresses all of the above-mentioned
challenges. The algorithm is based on the following
key contributions: (i) it introduces two classifiers for
classifying activities, a general one (trained on general
data labelled in a controlled environment), and a spe-
cific one (trained on a limited number of labelled in-
stances belonging to a specific person); (ii) the selec-
tion of the final class is handled by a meta-classifier,
which uses the outputs of both the specific and gen-

1876-1364/15/$35.00 © 2015 – IOS Press and the authors. All rights reserved
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eral classifiers; and (iii) the decision about which in-
stance to include in the training set of the general
classifier is tackled by an additional meta-classifier.
The two meta-classifiers combine the general activity-
recognition model with the end-user model in the envi-
ronment in which the classifiers are deployed. The fi-
nal contribution of the paper is the training procedure,
which takes maximum advantage of all the available
data to properly train each of the four classifiers.

The MCAT algorithm was implemented and evalu-
ated on an activity-recognition domain based on Ultra-
Wideband (UWB) localisation technology. The indi-
viduals had four wearable sensors attached to their
clothes (chest, waist and both ankles). The general
activity-recognition domain knowledge was induced
from the data of the individuals performing activities
while wearing the sensors in the controlled laboratory
environment. The specific data was obtained from an
additional person to whom the system was adapted.
The proposed approach was compared to three adap-
tive approaches: the initial version of the proposed ap-
proach [5], the self-learning algorithm [32], and the
majority-vote algorithm [20,21].

The experimental results show that the MCAT algo-
rithm successfully increases the classification accuracy
of the initial activity-recognition classifier and signifi-
cantly outperforms all three competing methods.

The rest of the paper is structured as follows. Sec-
tion 2 reviews the related work on semi-supervised
learning approaches and their use in adapting activity
recognition. Section 3 introduces the motivating do-
main. Section 4 explains the MCAT algorithm. Sec-
tion 5 describes the experimental setup and the results.
Finally, Section 6 concludes the paper.

2. Related work

Semi-supervised learning is a technique in machine-
learning that uses both labelled and unlabelled data. It
is gaining popularity because the technology makes it
increasingly easy to generate large datasets, whereas
labelling still requires time-intensive human effort.
The main idea of the semi-supervised approach is to
extend classifiers either trained in supervised or unsu-
pervised mode to label unlabelled data and include ad-
ditional information into classifiers.

A similar approach is active learning, which also
uses supervised learning for the initial classification.
However, when the classifier is less confident in its
output, a human annotator is consulted [6,27]. Human

interaction is needed when high-risk data must be la-
belled, such as the data of patients with degenerative
diseases. The focus of this paper is on low-risk data,
where the cost of active learning is too high.

Four dimensions have been proposed along which
semi-supervised learning can be categorised [32]:
(i) single- and multiple-classifier; (ii) single- and
multi-view; (iii) inductive and transductive; and
(iv) classifier and database approaches. The single-
classifier methods use only one classifier for the classi-
fication task, whereas multiple-classifier methods use
two or more classifiers. The key characteristic of multi-
view methods is multiple classifiers with different fea-
tures and data for one classification problem. Single-
view methods use classifiers with the same feature vec-
tor, but differentiate in the algorithm used for learning.
Inductive methods first produce labels for unlabelled
data and then train a classifier to use this self-labelled
data. Transductive methods only produce labels and
do not generate a new classifier. Classifier-based ap-
proaches start from one or more initial classifiers and
enhance them iteratively. The database approaches dis-
cover an inherent geometry in the data and exploit
it to find a good classifier. This paper will focus on
multiple-classifier, single-view, inductive, classifier-
based semi-supervised learning.

Self-training is the most common method that uses
a single classifier [32]. After an unlabelled instance
is classified, the classifier returns a confidence in its
own prediction, or the class probability. If a class-
probability threshold is reached, the instance is added
to the classifier’s training set, and the classifier is
retrained. Bicocchi et al. [1] have successfully ap-
plied the self-training method to activity-recognition
domains. Their activity-recognition classifier was ini-
tially trained on camera data and could recognise four
atomic activities. The classifier was later used to label
accelerometer data, which was intended to be used au-
tonomously. Reported results are 80 percent classifica-
tion accuracy for the self-trained accelerometer classi-
fier, while the initial camera-based classifier achieves
88 percent classification accuracy. The self-training
method can only be used if the initial classifier alone
achieves a high classification accuracy, since misclas-
sified instances used for retraining can decrease the
classifier accuracy. The self-training has also been suc-
cessfully applied to several other domains, such as
handwriting recognition [10], natural language pro-
cessing [13], and protein-coding gene recognition [9].

Democratic co-learning [31] is a single-view tech-
nique with multiple classifiers. All the classifiers have
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the same set of features that are trained on the same la-
belled data, but with different algorithms. When an un-
labelled instance enters the system, all classifiers pro-
vide an output. The final label is based on a weighted
majority vote among the classifiers. If the voting re-
sults have sufficient confidence, the instance is added
in the training set of all the classifiers.

Co-training [2] is a multi-view method with two
independent classifiers. To achieve independence, the
features are split into two feature subspaces, one for
each classifier. The classifier that surpasses a confi-
dence threshold for a given instance can classify the in-
stance. The instance is then added to the training set of
the classifier that did not surpass the confidence thresh-
old. A major problem of this algorithm is that the fea-
ture space of the data cannot always be divided orthog-
onally. If the features are randomly split, it is possi-
ble that classifiers do not satisfy the self-sufficiency
requirement [8]. In other words, each classifier must
achieve sufficient classification accuracy.

A modified co-training algorithm, En-Co-training
[12], was used in the activity-recognition domain. The
method uses information from 40 sensors. There are 20
sensors on each leg to identify the posture. The multi-
view approach was changed into single-view by using
all the data for training three classifiers with the same
feature vector and a different learning algorithm. This
is similar to democratic co-learning. The final label is
chosen by majority voting among the three classifiers.
The classified instance is added into the training set of
all the classifiers. The reported results show an average
classification improvement of 14.5 percentage points.

This paper extends our previous research on MCAT
[4]. The MCAT method uses two classifiers. Both are
trained with the same algorithm but on different data.
A meta-classifier is used to make the final class pre-
diction. The decision whether or not to put an instance
into the training set is solved by using another meta
classifier, rather than a threshold as seen in all the men-
tioned methods. In contrast to co-training and en-co-
training, our two domain classifiers have the same fea-
ture set. Therefore, we do not have the problem of di-
viding the sets.

3. Motivating domain

The MCAT algorithm is applied to activity recog-
nition, which is a very common task in ambient in-
telligence. An activity-recognition classifier is usually
trained using a machine-learning algorithm on the data

Fig. 1. The multi-layer system architecture of the Confidence sys-
tem. It consists of six layers. The reconstruction layer is the focus of
this paper, since it contains the activity-recognition mechanism.

retrieved from individuals performing predefined ac-
tivities in a controlled environment, such as a research
laboratory. The classifier trained in this fashion will
typically report a high classification accuracy when
tested in the same environment. However, it is likely
that the classification accuracy will decrease when de-
ployed in a new environment with an end-user, since
each person tends to have specific characteristics and
mannerisms in performing the activities. We faced this
problem during the development and evaluation of the
Confidence system [7,25] in different environments.

The Confidence system is developed for real-time
activity monitoring and detection of abnormal-event
(such as falls), or detection of long-term unusual be-
haviour that results from a developing disease. It is
based on a six-layer architecture shown in Fig. 1. The
sensor layer serves raw localisation data to the next
layer. The refining layer filters out the noise and inter-
polates the missing data. The reconstruction layer de-
termines the location and reconstructs a person’s ac-
tivity. The interpretation layer interprets the state of
the person and provides emergency information. The
prevention layer observes the person and detects pos-
sible behavioural deviations [18]. The communication
layer interacts with the user, relatives, or emergency
services. Detailed description of the Confidence sys-
tem can be found in [16,19]. The paper at hand focuses
on the reconstruction layer.

System inputs from the sensor layer are the co-
ordinates of Ubisense location tags [28] (based on
UWB localisation technology) attached to the person’s
waist, chest and ankles. Since the Ubisense system is
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noisy, three filters are used, implemented in the refine-
ment layer, to attenuate it. The data is first processed
with a median filter. Afterwards the data is processed
with an anatomic filter, which applies anatomic con-
straints. Finally, the data is processed with the Kalman
filter. Detailed information on the filters were given
in [17].

Tag positions in a specific timespan are represented
as snapshots, created with 4 Hz frequency. Each snap-
shot is augmented with positions and various features
for activity recognition and other purposes, such as de-
tection of abnormal behaviour. For each tag the follow-
ing features are computed: the z coordinate of the tag,
the velocity of the tag, the velocity of the tag in the z

direction. For each pair of tags the following features
are computed: the distance in the z direction, the dis-
tance in the xy plane and the total distance. This re-
sults in 30 features per time point. To capture the pat-
tern of movement, the snapshot contains a sequence of
features across 10 consecutive time points. Each fea-
ture vector thus contains 300 features, which is further
in the paper referred as a snapshot. The reader is re-
ferred to [22] for more details about the features and
the snapshot.

The reconstruction layer, which is responsible for
activity recognition, can recognise eight atomic (ele-
mentary) activities: standing, sitting, lying, falling, on
all fours, sitting on the ground, standing up, and sit-
ting down. Activity recognition is done by combining
two individual activity-recognition modules, as shown
in Fig. 1. The snapshots are processed by a machine-
learning classifier and a rule engine working in par-
allel. Both return the activity that is fed into heuris-
tic Bayesian rules, which provide the final snapshot la-
bel. Each module was evaluated in a controlled envi-
ronment on data of five individuals, using the leave-
one-person-out approach. The classification accuracy
of the machine-learning (ML) module was 82 percent,
while the accuracy of the rule-engine was 80 percent.
When combined by heuristics, activity-recognition ac-
curacy increases to 86 percent. However, if machine-
learning module classification accuracy decreases, the
overall accuracy will also decrease. The classifica-
tion accuracy is the percentage of correctly classi-
fied instances in the dataset. The reader is referred
to [23] for more details on the design and evaluation
of the activity-recognition modules. The high activity-
recognition classification accuracy is essential, since
the entire reasoning of the system (detection of falls
and abnormal behaviour) is based on it. Adapting ac-
tivity recognition to each person helps improve the

overall performance of the system. Accurate recogni-
tion of atomic activities also contribute to better recog-
nition of complex activities [15]. The rest of the paper
is focused on the ML module (Fig. 1).

4. The Multi-Classifier Adaptive Training method
(MCAT)

This section describes the MCAT method that im-
proves the classification accuracy of an initial activity-
recognition classifier using unlabelled data and auxil-
iary classifiers. In addition to the general approach, a
small amount of labelled data from the new real-world
environment and new person is obtained. This is usu-
ally done when the system is introduced to the person
for the first time.

The initial classifier is trained on activities per-
formed by several people. When using this classifier on
a new person, whose physical characteristics are differ-
ent, the recognition classification accuracy can be low,
since each person has a specific way of moving. The
MCAT method uses a few activities performed by the
new person to learn such specifics. The knowledge of
the specifics is later used to adapt the initial classifier
to further improve its performance.

4.1. The MCAT algorithm

The proposed MCAT algorithm is shown in Fig. 2
and presented as pseudo code in Algorithm 1. The gen-
eral classifier is the initial classifier trained on the gen-
eral domain data. This would be the only classifier de-
ployed in a typical application that does not use the
proposed method. In Fig. 1, this would be the ML mod-
ule inside the reconstruction layer. To improve the gen-
eral classifier, a set of three auxiliary classifiers are
proposed: (i) the specific classifier, which is trained on
a small subset of manually labelled data specific for the
person; (ii) the meta-A classifier, which decides which
classifier (specific or general) will classify an instance;
and (iii) the meta-B classifier, which decides whether
the instance should be included in the training set of
the general classifier.

The general classifier is trained on a general set of
labelled data available for the activity-recognition do-
main in a controlled environment. The features are
domain-specific. They are listed in Section 3 and de-
noted as AR (activity recognition) in Table 1. The
machine-learning algorithm is chosen based on its per-
formance on the domain.



B. Cvetković et al. / Adapting activity recognition to a person with Multi-Classifier Adaptive Training 175

Fig. 2. The work flow of the algorithm proceeds as follows: The method contains two activity-recognition classifiers (general and specific) and
two additional meta-classifiers. The meta-A classifier decides on the final class of the instance, and the meta-B classifier decides whether the
instance is to be included in the training set of the general classifier.

Algorithm 1 Multi-Classifier Adaptive Training
1: Load classifiers G, S, MA, MB; � Load all four classifiers
2: timer ← n � Adaptation time
3: set ← {} � Set of instances that will be added into the training set
4: procedure MCAT(G, S, MA, MB, inst)
5: CG ← G.classify (inst) � Classify with general classifier
6: CS ← S.classify (inst) � Classify with specific classifier
7: maattr ← generate features for MA � Generate meta-A features
8: if MA.classify(maattr) is G then � Select which classifier will classify the instance
9: class ← CG

10: else
11: class ← CS

12: end if
13: mbattr ← generate features for MB � Generate meta-B features
14: if MB.classify(mbattr) is TRUE then � Should the instance be included into the G dataset
15: set ← add(inst)
16: end if
17: timer ← timer − 1
18: if time is 0 then � Start of adaptation when timer expires
19: Gdataset ← add(set)
20: G.train(Gdataset) � Adaptation of the general classifier
21: timer ← n � Set timer to the initial value
22: set ← {} � Empty the set
23: end if
24: return class � Return class for the current instance
25: end procedure

The specific classifier is trained on a limited amount
of labelled data that is specific to the new environ-
ment in which the classifiers are deployed (the new
person). Note that this limited dataset does not nec-
essary contain all the classes that are present in the

dataset of the general classifier. This may be due to an
unbalanced distribution of class labels. For example, in
the activity-recognition domain, quick and short move-
ments such as falls are rare. The classes the specific
classifier knows are termed basic. The features and the
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Table 1

Features per classifier. The first row represent features used for activ-
ity recognition (AR), rows from 2-10 are the features to be used for
training the meta-A classifier. The feature in the last row is an addi-
tional feature for the meta-B classifier, the confidence of the meta-A
classifier in its prediction

Features Classifiers

General Specific Meta-A Meta-B

AR x x

CG x x

CS x x

PG(CG) x x

PS(CS) x x

PG(CS) x x

PS(CG) x x

Basic(CG) x x

Equal(CG, CS) x x

Cmeta−A x

machine-learning algorithm should preferably be the
same as those used in constructing the general classi-
fier as shown in the second column of Table 1.

After both classifiers return their outputs (Algo-
rithm 1, lines 5, 6), the meta-A classifier is activated.
The meta-A classifier’s decision problem is to select
one of the two classifiers to classify a new instance (Al-
gorithm 1, lines 8–12). The meta-A classifier should be
trained with the machine-learning algorithm perform-
ing best on the domain. The features for the meta-A
classifier should describe the outputs of the general and
specific classifiers as completely as possible, while re-
maining domain-independent. If domain features are
added to the meta-features, the decision of the meta-
A classifier will also be based on the specifics of the
training data available prior to the deployment of the
classifiers. This may be different from the specifics of
the situation in which the classifiers are deployed. Our
previous work [5] experimentally confirmed that do-
main features do not contribute to higher classifier ac-
curacy of the classifier. Instead, they can result in over-
fitting to the specifics of the training data.

Although the features in meta-A classifiers, de-
ployed in different systems need not be exactly the
same, the following set of features (also shown in the
third column of Table 1) are proposed:

– The class predicted by the general classifier (CG)
– The class predicted by the specific classifier (CS)
– The probability assigned by the general classifier

to CG (PG(CG))
– The probability assigned by the specific classifier

to CS (PS(CS))

– The probability assigned by the general classifier
to CS (PG(CS))

– The probability assigned by the specific classifier
to CG (PS(CG))

– Is CG one of the basic classes? (Basic(CG))
– Are CG and CS equal? (Equal(CG,CS))

After the selection process, the meta-B classifier
then solves the problem of whether or not an instance
should be included in the general classifier’s training
set (Algorithm 1, lines 14–16). The meta-B classifier’s
output should determine if the current instance con-
tributes to a higher classification accuracy of the gen-
eral classifier. This question is not trivial and there
are several approaches that specifically address it [30].
We use a heuristic that answers the question: “Did
the meta-A classifier select the correct class for the
current instance?” The heuristic performs well and
is computationally inexpensive, so the investigation
of more complex approaches will be left for the fu-
ture work. The features used in the meta-B classifier
are the same as those in the meta-A classifier, with
one addition: The confidence of the meta-A classi-
fier in its prediction. The features of the meta-B clas-
sifier can be observed in the fourth column of Ta-
ble 1. The meta-B classifier should be trained with the
machine-learning algorithm performing the best on the
domain.

The instances selected as eligible for inclusion into
the dataset of the general classifier are stored in a set
(Algorithm 1, line 15). The adaptation is performed
when the predefined timer expires (Algorithm 1, lines
18–23). The stopping criteria of the algorithm can ei-
ther be running out of unlabelled instances in offline
adaptation or (in the case of online adaptation) a dura-
tion of adaptation in days, hours, weeks or even never.

4.2. Training procedure

The training of the four classifiers requires the data
to be divided into subsets so that no classifier is used
to classify the data on which it was trained, while max-
imally utilising all the data. In particular, the meta-A
classifier needs data classified by the general and spe-
cific classifiers, neither of which should be trained on
these data. Furthermore, the meta-B classifier needs
data classified by the meta-A classifier, but the meta-A
classifier should not be trained on this data.

We propose a training procedure that divides the
data into subsets for training both the general classi-
fier and the meta-classifiers. The general classifier is



B. Cvetković et al. / Adapting activity recognition to a person with Multi-Classifier Adaptive Training 177

Fig. 3. Preparing the data for meta-A classifier training.

Algorithm 2 Prepare data for meta-A
1: Load dataset data;
2: numberOfpersons;
3: dataDot � Data classified with general classifier
4: dataMetaA � Data prepared for meta-A training
5: procedure PREPAREDATAFORMETAA(data)
6: for i = 0 to numberOfpersons do
7: G ← train(data[not i]) � Figure 3 Step a.2
8: dataDot[i] ← G.classify(data[i]) � Figure 3 Step a.3
9: end for

10: for i = 0 to numberOfpersons do
11: S ← train(data[i][0]) � Figure 3 Step a.5
12: dataMetaA[i] ← S.classify(dataDot[i][not 0]) � Figure 3 Step a.6
13: end for
14: return dataMetaA � Result is data for training meta-A, Figure 3 Step a.7
15: end procedure

simply trained on the complete dataset, while meta-
classifier training is explained in the following para-
graphs. Steps are labelled a.1 through a.7 for the meta-
A classifier, and b.1 through b.10 for the meta-B clas-
sifier. The procedure is general, but for the purposes
of this paper the activity-recognition domain is used.
Specifically, the publicly available Localisation Data
For Person Activity dataset from the UCI Machine
Learning Repository [29] will be used. The dataset
consists of recordings of five people performing a pre-
defined scenario five times. The scenario is a continu-
ous sequence of activities that represent typical daily
activities. Each person had four Ubisense [28] tags at-
tached to the body (neck, waist, and both ankles). Each
tag returns its current position. The goal is to assign
one of 8 activities to each time frame. The dataset can

be divided five times by the person, and five times by
the scenario repetition, or episode (steps a.1 and b.1).

Meta-A classifier training. The procedure is shown
in Fig. 3 and Algorithm 2.

Four people are selected for training a temporary
general classifier (step a.2), which is used to classify
the fifth person (step a.3). This is repeated five times,
once for each person. The resulting complete dataset
is classified with the temporary general classifier (step
a.4). The data classified with the temporary general
classifier is represented with dots in Fig. 3. This data
is then split five times by the episode. Since the spe-
cific classifier should be trained on a small amount of
data, one episode for each person is used for training a
temporary specific classifier (step a.5). The remaining
four episodes are classified with the temporary specific
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Fig. 4. Preparing the data for meta-B classifier training.

Algorithm 3 Prepare data for meta-B
1: Load dataset data;
2: numberOfpersons;
3: numberOfEpisodes;
4: dataTemp � Temporary data
5: dataDot � Data classified with general classifier
6: tempDataMetaA � Data prepared for temporary meta-A training
7: dataMetaB � Data prepared for meta-B training
8: procedure PREPAREDATAFORMETAB(data)
9: for i = 0 to numberOfpersons do

10: G ← train(data[not i]) � Figure 4 Step b.2
11: dataDot[i] ← G.classify(data[i]) � Figure 4 Step b.3
12: end for � Result is dataDot Figure 4 Step b.4
13: for j = 0 to numberOfEpisodes do
14: dataTemp ← dataDot[not j ] � Figure 4 Step b.5
15: for i = 0 to numberOfpersons do
16: S ← train(dataTemp[i][0]) � Figure 4 Step b.7
17: tempDataMetaA[i] ← S.classify(dataTemp[i][not 0]) � Figure 4 Step b.8
18: end for
19: tempMetaA ← train(dataTempMetaA) � Figure 4 Step b.9
20: dataMetaB[j ] ← tempMetaA.classify(dataDot[j ]) � Figure 4 Step b.6
21: end for
22: return dataMetaB � Result is data for training meta-B, Figure 4 Step b.10
23: end procedure

classifier (step a.6). The data classified with the tem-
porary specific classifier are represented with stars in
Fig. 3. There is a total of five temporary specific clas-
sifiers (one per person), each of which classified four
episodes. This finally gives us the data in the step a.7,

which represents the training set for the final meta-A
classifier.

Meta-B classifier training. Figure 4 and Algo-
rithm 3 show this procedure. The steps from b.1 to b.4
are identical to the steps from a.1 to a.4 in the meta-
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A classifier training procedure. Steps that are the same
for meta-A and meta-B training have shaded back-
ground in Fig. 4. The data classified with the tempo-
rary general classifier (dotted data in step b.4) is then
divided by the episode. Four episodes are used to train
a temporary meta-A classifier (step b.5), while the re-
maining episode is kept aside to be classified by this
classifier (step b.6). The training then proceeds in es-
sentially the same way as the training of the final meta-
A classifier (steps a.5 through a.7). One episode for
each person is used to train a temporary specific clas-
sifier (step b.7), and the remaining three episodes are
classified with the temporary specific classifier (step
b.8). This gives five specific classifiers (one per per-
son), each of which was used to classify three episodes,
yielding the data in step b.9. This data is used to train
the temporary meta-A classifier. The data that was kept
aside in step b.6 is now retrieved and classified with the
temporary meta-A classifier (b.10). Steps b.5 through
b.9 are repeated five times to classify all five episodes,
yielding the training set for the final meta-B classifier
(step b.10).

4.3. Computational complexity

The computational complexity of instance labelling
introduces only a constant increase in computational
load, thus only computational complexity for training
procedure and retraining of the classifier is analysed.
Since MCAT approach may use various algorithms as
the core classifiers, only relative changes in computa-
tional complexity are analysed.

Let p be the number of people and let e be the num-
ber of episodes per person. Suppose a base classifier
with the training time complexity Ob is chosen. The
training time complexity using p · e data is defined by
Eq. (1).

Ob(p · e) (1)

The meta-A classifier has three levels of training.
First, it builds p temporary general classifiers using
(p − 1) · e data. Second, it builds p · e temporary
specific classifiers using less than 1 episode unit data.
And third, the final meta-A classifier is built using
p · (e − 1) · e data. The total complexity of training the
meta-A classifier is defined by Eq. (2).

The meta-B classifier has four levels of training.
Similarly, it first builds p temporary general classifiers
using (p − 1) · e data. Second, p · e temporary specific
classifiers are built using less than 1 episode unit data.
Third, e temporary meta-A classifiers are built using

p · (e − 2) · (e − 1) data. Finally, the meta-B classifier
is built on p · e data. The computational complexity is
defined by Eq. (3). The upper limit for total training
computational complexity is given by Eq. (4).

OmetaA � p · Ob

(
(p − 1) · e

)

+ p · e · Ob(1)

+ Ob

(
p · (e − 1) · e

)

� p · Ob(p · e) + p · e · Ob(1)

+ Ob

(
p · e2)

(2)

The MCAT training procedure introduces polyno-
mial increase (of power two) in the number of trained
classifiers as well as in the amount of trained data.
Since instance labelling introduces only a constant in-
crease, that is, an instance is labelled with four clas-
sifiers instead of one, the main source of complex-
ity increase remains in the classifier training proce-
dure. Since the training procedure is run only when the
MCAT is initialised, the complexity increase does not
affect real-time labelling. Occasional retraining of the
general classifier, which is triggered during labelling,
requires Ob(p · e + ε) steps, where ε is the number of
newly arrived instances.

OmetaB � p · Ob

(
(p − 1) · e

)

+ e · p · (e − 1) · Ob(1)

+ e · Ob

(
p · (e − 2) · (e − 1)

)

+ Ob(p · e)
� (p + 1) · Ob(p · e)

+ p · e · (e − 1) · Ob(1)

+ e · Ob

(
p · e2)

(3)

Oupper �
[
p · Ob(p · e) + p · e · Ob(1)

+ Ob

(
p · e2)]

+ [
(p + 1) · Ob(p · e)

+ p · e · (e − 1) · Ob(1)

+ e · Ob

(
p · e2)] + [

Ob(p · e)
]

� (2 · p + 2) · Ob(p · e)

+ p · e2 · Ob(1)

+ (e + 1) · Ob

(
p · e2)

(4)
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5. Experimental evaluation

The experimental evaluation focuses on the activ-
ity recognition discussed in the previous sections. The
main reason why the general classifier will likely not
perform well in a real-world environment on a partic-
ular person is that each person has their own specifics,
such as the height and movement characteristics. The
general classifier, which is trained on several people,
can then recognise the activities of a “general person”.
Obtaining enough training data for a particular end-
user is difficult, so the MCAT method is well-suited
for solving this problem.

5.1. Experimental setup

The experimental data was collected using the Con-
fidence system described in Section 3. Two differ-
ent sets of data were collected, one for the classifier
training (the training dataset) and one for testing the
semi-supervised adaptation to the individuals (the test
dataset).

The training dataset was retrieved from the UCI Ma-
chine Learning Repository [29]. The data was divided
into segments as discussed in Section 4.2 and used for
training the classifiers.

The test dataset consists of the recordings of 10 peo-
ple performing typical daily activities. All individuals
were different than in the training dataset. Each person
repeated the scenario five times, which provided an av-
erage 2.8 hours of data per person, and 28.5 hours al-
together. The scenario was designed to reflect the dis-
tribution of the activities during one day of an average
person. The scenario contains eight activities: stand-
ing, lying, sitting, sitting down, standing up, falling, on
all fours, and sitting on the ground. Compared to the
training dataset, the scenario in the test dataset con-
tains an additional episode of sitting on the ground,
with the respective transitions.

The training dataset contains more labels than the
test dataset, so the transition activities were merged
as follows. The activities lying down and sitting down
were merged into the going down activity. The stand-
ing up from lying, standing up from sitting, and stand-
ing up from sitting on the ground activities were
merged into the standing up activity. The walking ac-
tivity was merged into the standing activity.

The test dataset was divided as follows in order to
create datasets needed for the proposed method: (i) the
basic activity dataset had 10 people performing the
basic activities (30 seconds per activity), which were

Table 2

Information about the people used in the test dataset

Person A B C D E F G H I J

Gender M M F M M M M F F F

Age 27 26 28 28 24 27 25 34 29 27

Height (cm) 194 181 160 184 188 178 187 160 172 168

lying, standing, and sitting; it was used to train spe-
cific classifier for each person and (ii) the unlabelled
test dataset had 10 people performing the scenario five
times (125 minutes per person on average, data for
the basic activity dataset is excluded); it was used for
the semi-supervised adaptation, which is the core of
MCAT.

Demographic information on the people used for
MCAT adaptation is shown in Table 2. Additional in-
formation about the datasets can be seen in Tables 3
and 4, which show the number of instances, duration
and distribution of classes per person of the unlabelled
test dataset and the basic activity dataset, respectively,
in comparison to the training dataset.

The classifier training used the training dataset, as
described in Section 4.2. The meta-A classifier was
trained with the Support Vector Machines algorithm
[24] and the meta-B classifier used the C4.5 ma-
chine learning algorithm [26]. The classifiers could
be trained with other machine-learning algorithms, but
these two algorithms proved satisfying in experiments.
Both were used with the default parameter values as
implemented in the Weka suite [14], and the features
presented in Section 4.2 and in Table 1. The general
classifier was trained with the Random Forest algo-
rithm [3] and the features presented in Section 3 and in
Table 1.This algorithm was selected according to the
results from previous research [11]. The classifier is
82 percent accurate (as seen in Section 3) when eval-
uated using the leave-one-person out approach. This
implies that one can expect the same classification ac-
curacy when the classifier is deployed in the new en-
vironment. However, this is not the case, as Table 5
shows in the column labelled with G (initial general
classifier). There, the average classification accuracy is
70.03 percent. The specifics of each person when per-
forming the activities explain this decreased classifica-
tion accuracy.

The specific classifier was trained with the Random
Forest algorithm on the basic activity dataset for each
person in the test dataset. The unlabelled test dataset
of that person was processed with the MCAT method.
The general classifier was retrained after each episode
of the test scenario (five episodes per person), to take
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Table 3

Number of instances, duration in hours and distribution of classes per person of the unlabelled test dataset in comparison to training dataset used
to train the general classifier

Training
dataset

Person

A B C D E F G H I J

# Instances (×10000) 4.1 2.5 2.6 3.0 3.1 3.2 3.4 3.2 3.2 3.5 3.2

Duration (hours) 3.80 2.28 2.36 2.76 2.84 2.93 3.18 2.97 2.96 3.23 2.96

Standing (%) 19.56 30.27 31.56 29.40 31.87 28.84 29.02 24.98 29.27 28.40 31.03

Sitting (%) 16.67 15.82 16.10 16.11 15.82 16.06 14.69 16.19 14.96 14.67 14.96

Lying (%) 33.14 31.57 31.18 30.52 30.62 31.22 30.25 32.40 33.43 33.38 31.43

Sitting on the ground (%) 7.20 15.26 15.69 15.46 15.36 16.65 14.69 19.00 16.18 17.31 15.59

On all fours (%) 3.06 0.49 0.54 0.71 0.57 0.67 0.72 0.66 0.69 0.44 0.65

Falling (%) 1.82 1.23 0.92 0.88 1.17 0.64 0.84 0.87 0.62 0.62 0.79

Going down (%) 4.80 1.42 0.96 1.08 1.25 1.46 1.75 1.37 1.12 1.01 1.20

Standing up (%) 13.75 3.94 3.05 5.85 3.34 4.46 8.04 4.52 3.74 4.17 4.34

Table 4

Number of instances, duration in minutes and distribution of classes per person of the basic dataset used to train the specific classifier in
comparison to training dataset used to train the general classifier. The classes that are not present in the basic dataset are omitted from the table

Training
dataset

Person

A B C D E F G H I J

# Instances 40968 304 303 303 307 305 304 302 305 306 307

Duration (minutes) 228 1.69 1.68 1.68 1.71 1.69 1.69 1.68 1.69 1.70 1.71

Standing (%) 19.56 33.88 33.66 33.66 33.22 33.44 34.21 34.44 32.79 34.31 33.22

Sitting (%) 16.67 32.57 32.34 33.33 33.55 34.10 32.24 32.78 33.44 32.35 33.55

Lying (%) 33.14 33.55 33.99 33.00 33.22 32.46 33.55 32.78 33.77 33.33 33.22

Table 5

Classifier classification accuracies and comparison of the MCAT method to the transductive approaches: baseline (G and S merged G&S) and
MCAT without adaptation (only meta-A); and semi-supervised approaches: self-training (ST) and majority vote (MV); and our: threshold-based
MCAT (TB) and full MCAT

Person Initial classifier (classification accuracy %) Method Comparison (gain/loss in pp against G)

Initial G Specific S G&S Meta-A ST MV TB MCAT

A 75.28 76.82 −10.57 +3.62 +2.36 +0.38 +3.82 +9.18

B 76.28 60.06 +1.17 +0.58 +0.28 +0.64 +0.70 +7.38

C 62.87 70.85 +8.52 +12.82 −1.18 +3.07 +13.46 +20.58

D 69.55 76.17 −0.21 +8.99 +2.23 +2.10 +9.77 +12.57

E 68.13 74.23 +0.20 +5.78 −1.81 +6.73 +9.76 +16.22

F 73.57 68.18 −4.42 +2.62 +6.07 +3.67 +8.08 +8.86

G 65.42 67.72 5.97 +6.99 −0.21 +8.57 +9.76 +12.60

H 73.45 67.46 −8.02 +0.01 +4.31 +0.41 +4.51 +10.53

I 62.09 68.08 +7.75 +16.81 −0.18 +11.03 +16.98 +17.08

J 73.67 74.17 +1.18 +3.15 +6.87 +5.98 +8.73 +11.65

Average 70.03 70.37 +0.16 +6.14 +1.87 +4.26 +8.56 +12.66

advantage of the instances from the unlabelled dataset
that were included in its training dataset.

The MCAT method was compared to five compet-
ing methods: two transductive approaches that only

labelled the instance and did not perform any adap-
tation; and three inductive semi-supervised learning
approaches. The transductive approaches are: (i) the
baseline approach; and (ii) the MCAT without meta-
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B approach. The inductive approaches are: (i) self-
training; (ii) majority vote; and (iii) threshold-based
MCAT.

The baseline approach merges the training data
of the general and the specific classifier into one
training set and then trains a new general classi-
fier.

MCAT without meta-B is MCAT without the gen-
eral classifier adaptation. It builds both the general and
specific classifier and uses the meta-A classifier to de-
cide which one to trust.

Self-training is a well-known method for semi-
supervised learning [10]. It uses the general classifier
for classification. The instances in the unlabelled test
dataset with 100 percent classification confidence are
added to its training set. A 100 percent confidence is
most commonly used as a self-training threshold in re-
lated work. Self-training was not specifically adapted
to be used with our dataset.

The majority vote is slightly modified Democratic
co-learning [31]. The modification is done on the level
of decision, since the original paper does not con-
tain enough information for effective reimplementa-
tion. The majority vote uses three classifiers trained on
the same training set with different machine-learning
algorithms. The algorithms that achieved the high-
est classification accuracy in the evaluation of general
classifier with the leave-one-person out approach were
used. These were: Support Vector Machines, Random
Forest, and C4.5. The instances in the unlabelled test
dataset with 100 percent classification confidence were
included in the training set of all classifiers as seen in
Democratic co-learning.

The threshold-based MCAT is the previous ver-
sion of the current MCAT algorithm [5]. It uses a
threshold rule of 100 percent instead of the meta-B
classifier to select the instances to be included in the
training set of the general classifier. It was included
in the comparison to show the benefits of the meta-B
classifier.

The experiment was done in two steps: The classi-
fier training and then the MCAT as a semi-supervised
adaptation of the initial general classifier.

The data for each person was processed two times
by all the methods. In the first run, the instances se-
lected for inclusion in the training set were assigned a
weight of 2 to accelerate the adaptation and in the sec-
ond run the weight was decreased to 1 to avoid over-
fitting. If an instance already existed in the training set
and was selected for the inclusion again, it was dis-
carded.

5.2. Results

Table 5 shows the absolute difference in classifica-
tion accuracies between the initial general classifier
and the general classifier after adaptation. The left side
of Table 5 shows the classification accuracy of the ini-
tial general classifier G and the specific classifier S.
The right side of Table 5 shows the gain/loss in clas-
sification accuracy of the MCAT and the competing
methods, compared to the initial general classifier.

The results for the general classifier show a decrease
in classification accuracy when used in a different en-
vironment than the controlled environment, which had
a classification accuracy of 82 percent (cross-validated
on the training set). The average classification accu-
racy on 10 people was 70.03 percent (Table 5, col-
umn Initial G). The results of the specific classifier
(Table 5, column Specific S) show that it achieved
a slightly higher classification accuracy than the ini-
tial general classifier in several individual cases, even
though it was able to predict only three basic classes
(lying, standing, sitting).

The worst results were with the baseline method,
where the merged datasets (general and specific) were
used for training. The classification accuracy for four
people decreased compared to the general classifier.
This is because some instances from the specific and
general classifier were similar but differed in the label.
The results of using the meta-A classifier to select the
final class showed that this method outperformed the
general classifier by 6.14 percentage points (pp). The
higher classification accuracy is due to the knowledge
of the basic activities representing 76.67 percent of the
dataset. This increase in the classification accuracy re-
veals that using a classifier for class selection is one
reason for the success of the proposed approach. An-
other reason is the semi-supervised adaptation.

The results of the self-training show that in a few
cases, where the general classifier has a low initial
classification accuracy, the method performs poorly
and further weakens the classifier. The average classi-
fication accuracy after adaptation was 71.91 percent.
The results of the majority-vote method show that in-
troducing extra classifiers contributes to a gain in clas-
sification accuracy compared to the initial classifier.
The average classification accuracy after the adapta-
tion with the majority-vote method was 74.29 percent.
The average classification accuracy of the general clas-
sifier after adaptation using the previous version of
MCAT was 78.59 percent. The average gain in the
classification accuracy was 8.56 percentage points.
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Fig. 5. Adaptation process. Increase in classification accuracy per person and on average.

The results for the MCAT method show the average
gain in the classification accuracy of 12.66 percentage
points, and the average classification accuracy of the
classifier was 82.70 percent. In the best case (Person
C), it achieves an increase in the classification accu-
racy of 20.58 percentage points. The worst case (Per-
son B) had an increase in the classification accuracy
of only 7.38 percentage points. Person J achieved the
highest classification accuracy of 85.32 percent. The
MCAT method outperformed the self-training method
(by 10.79 percentage points), the majority vote (by
8.41 percentage points), and the previous version of
MCAT (by 4.11 percentage points).

Figure 5 shows the trend of changing the classifi-
cation accuracy with the adaptation time. The dashed
lines represent the general-classifier classification ac-
curacy for each person, and the solid line is the average
general-classifier classification accuracy line for the
entire process. We observed that the average line in-
creased rather monotonously. The reported final clas-
sification accuracy was measured after all the data was
used. We speculate that if more data was fed to the
MCAT method, we could gain more classification ac-
curacy before achieving convergence.

To further evaluate the results of the MCAT method,
a paired two-tailed t-test for statistical significance of
the algorithm was performed. The t-test was performed
for initial classifiers (general and specific) and for each
algorithm the MCAT method was compared to. The re-

sults of the test returned a probability of 6 ∗ 10−4 <
p < 4.8 ∗ 10−6. The conclusion is that MCAT statisti-
cally outperformed all other methods.

6. Conclusion and discussion

The paper is focused on the problem of improv-
ing an initial activity-recognition classifier using unla-
belled data. The two main contributions of this paper
are: (i) a novel approach for specialising the activity-
recognition classifier by semi-supervised learning re-
ferred to as MCAT; and (ii) a procedure for training
multiple classifiers from a limited amount of labelled
data that fully utilises the data. The MCAT method
for the semi-supervised learning uses auxiliary classi-
fiers to improve the classification accuracy of the initial
general classifier. It uses a specific classifier trained on
a small amount of labelled data specific to a particular
person, in addition to the general-knowledge classifier.
The two additional meta-classifiers decide whether to
trust the general or the specific classifier on a given
instance, and whether or not the instance should be
added to the training set of the general classifier.

The MCAT method was compared to two transduc-
tive approaches and three inductive semi-supervised
approaches. The MCAT method significantly outper-
formed the baseline approach (by an average 12.51
percentage points) and the MCAT without meta-B
(by an average 6.53 percentage points). The MCAT
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method also significantly outperformed inductive ap-
proaches. It outperformed the self-training (by an av-
erage 10.79 percentage points), the majority vote (by
an average 8.41 percentage points), and the threshold-
based MCAT (by an average 4.11 percentage points).
On average, the classification accuracy of the initial
classifier improved by 12.66 percentage points. The
classification accuracy trend analysis suggest that if
there was more data to feed to the MCAT algorithm,
a higher classification accuracy could be achieved be-
fore convergence.

The outcomes of the experiment were tested for
statistical significance with a paired two-tailed t-test.
The results show that MCAT statistically significantly
(p � 0.01) outperformed all other methods and the
initial classifiers.

To verify if MCAT can significantly contribute to
further development of the ambient intelligence appli-
cations, many more tests will have to be performed.
It is not clear yet if the method is successful only
for recognising an individual’s activities or if it can
be used for general learning tasks. Real-time systems
produce large amount of unlabelled data that can be
used for adapting the modules to a specific environ-
ment or person. Each person has specific mannerisms
in performing activities. This can be used to achieve
higher classification accuracy on activity recognition.
MCAT offers several potential benefits, including ac-
curate recognition of atomic activities, which can also
contribute to more reliable recognition of the complex
activities.

In addition to more concrete analysis of the algo-
rithms performance, overfitting of the classifiers and
drift, the algorithm will have to be evaluated on several
other domains. Moreover, the future work includes fur-
ther investigation of the MCAT algorithm to work on
regression domains, for example, estimation of human
energy expenditure.
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[16] B. Kaluža, B. Cvetković, E. Dovgan, H. Gjoreski, M. Gams
and M. Luštrek, Multiagent care system to support independent
living, International Journal on Artificial Intelligence Tools
1(23) (2014).

[17] B. Kaluža and E. Dovgan, Glajenje trajektorij gibanja
cloveškega telesa zajetih z radijsko tehnologijo, in: Proc. of the
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4.2 Use Case 2: Context Recognition Task – Classification

In the last decade, we witnessed a rapid increase in the development and availability of
sensors that are currently embedded into almost all personal electronic devices. One such
device is the smartphone, which is very convenient for context monitoring since we rarely
leave home without it and its processing unit is capable of real-time computing. The con-
texts can be seen as high-level activities, such as the person being outdoors doing errands
or leisure activities or being indoors doing home chores, leisure activities, eating, prepar-
ing food, working, etc. The contexts are drawn from the time, sound, location, performed
low-level activity, and intensity of the performed activity (Cvetković, Mirchevska, Janko,
& Luštrek, 2015).

If one wants to use person-specific data such as sound, location, and time component
for analysis of the target person’s context, the general model trained on data of other
people may not be sufficient for accurate context recognition.

4.2.1 Related Publication

In the enclosed paper (Cvetković, Janko, Romero, et al., 2016), we use MCAT to personalise
the model for the recognition of mentioned contexts. Here we summarise the content of
the paper.

4.2.2 Dataset

The dataset in the paper contains smartphone and ECG data of nine volunteers who were
instructed to carry a smartphone with the data-collection application for two weeks. They
were asked to lead their life as usual and to label the following events that occur at home
as home (home-chores, home-leisure, food preparation), eating, exercise, work, events that
occur outdoors as out (out-errands, out-leisure) , sleep and transport.

4.2.3 Training Procedure

The dataset is in line with the general requirements presented in Section 3.2.1. It can be
partitioned by person and by context, which is needed for the training procedure presented
in Section 3.2.3.

4.2.3.1 Data partitioning

First we identified the labels that will be included in the person-specific model (called the
User-specific model). These were exercise, home and eating. Since we had two weeks of
data, we selected the first week for training and the second for adaptation and evaluation.
The data for the person-specific model was in this case selected on first occurrence in the
first week (the user would be instructed to label the first occurrence of the events). The
rest of the first week data was divided to be used for training the selection model (called
Meta model selection) and inclusion model (called Meta model selection).

4.2.3.2 Machine-Learning Model Training

The general model, called Person-independent (PI) model, is trained on general data with
the location data preprocessed into a semantic location feature (home, work, out). The
person-specific model is trained on the dataset of first occurrences of the defined events.
The selection and inclusion models are trained with the training procedure with repeti-
tions (Section 3.2.3) presented in the paper enclosed in the Section 4.1 in which a day is
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considered a repetition. The evaluation of the models is done with cross-validation during
the training procedure.

4.2.4 Adaptation Procedure

The paper evaluates the use of MCAT for personalisation of the context-recognition model
on nine people using data from sensors embedded in an average smartphone. The person-
alisation results are compared against one person-independent approach, two single-model
personalisation approaches, and one multi-model personalisation approach. The person-
independent approach uses a person-independent model (PI method in the paper) trained
on general data of other people (with the semantic location extracted). The single-model
personalisation approaches are using a person-dependent model (PD method in the pa-
per) for which we take the collected week of data (labelled) and train it in a supervised
manner, and the most common approach to personalisation, merging a small amount of
person-specific data (which is labelled at the first occurrence) with the general dataset
(PIA method in the paper). The multi-model approach is MCAT for which we exclude
the inclusion model and replace the selection model with a heuristic (PIAH method in
the paper). The results show that MCAT is superior to other compared approaches and
even surpasses the accuracy of the person-dependent approach (trained on one week of
labelled data) by nine percentage points, since, for some people in the dataset, the first
week differed from the second week, which could not be captured from the data of the first
week, but could be adapted during the second week with the use of MCAT.

4.2.5 Summary

The main conclusion is that SSL should be used in tasks such as context recognition since
daily patterns differ between people and even change in the case of the same person;
therefore, the used models need to be personalised accordingly.

The experiment was done on a dataset that reflects the distribution of contexts as they
occur in a normal daily life of a person (unbalanced dataset). We showed that we can also
successfully adapt to the classes that do not happen often. We evaluated the accuracy
and F-measure of the general model and showed that none of the classes experience a
decrease in any of the measures (Table 2 and Table 3 in the included paper). However,
we did not explore the performance of the general model if certain class never happens
during the personalisation. We assume that this would result in other classes prevailing
the missing one, which is a shortcoming. This needs further investigation and employment
of an amending mechanism that will ensure a proper structure of the dataset.
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an approach that combines machine-learning and symbolic
reasoning to recognise high-level lifestyle activities using
sensor data obtained primarily from the patient’s smart-
phone. We compare five methods for machine-learning
which differ in the amount of manually labelled data by the
user, to investigate the trade-off between the labelling effort
and recognition accuracy. In an evaluation on real-life data,
the highest accuracy of 83.4 % was achieved by the MCAT
method, which is capable of gradually adapting to each user.

Keywords Activity recognition · Smartphone · Lifestyle ·
Diabetes

Introduction

Currently around 415 million people suffer from diabetes,
and by 2040 their number is expected to increase to 642 mil-
lion [3]. Diabetes is a metabolic disease in which the body’s
cells do not respond properly to insulin or the insulin pro-
duction is inadequate, so glucose is not removed from the
blood to be used for energy. Since diabetes has no cure,
it has to be managed through medication and appropriate
lifestyle. Key lifestyle activities for diabetic patients are eat-
ing and exercise – eating causes glucose in the blood to rise
while exercise speeds up its absorption.

Technology for activity monitoring can help the patients
better manage their lifestyle, and provide their physicians
an insight into the patients’ life. In the COMMODITY12
project [2], we developed a personal health system for dia-
betes intended both for the patients and their physicians. In
order not to burden the patients with unnecessary devices,
it primarily relies on a smartphone. The phone can be aug-
mented with an ECG monitor, which was introduced for
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the management of cardiovascular co-morbidities [13] and
diagnosis [15], but is also used for activity recognition.

Activity recognition is a common task in telemonitor-
ing, because physical activities characterise the patients’
lifestyle and provide the context for more direct health-
related observations. For example, in diabetes blood glucose
needs to be interpreted in the context of the two most
important activities which influence the blood glucose level:
eating and exercise. The recognition of other activities gives
an insight into the patients’ lifestyle which makes it possi-
ble to give more appropriate lifestyle advice and monitor the
progress of the disease and its complications.

Activity recognition is usually done by utilising environ-
mental or wearable sensors or even both [17]. This paper
focuses on wearable sensors. Most approaches for activ-
ity recognition with smartphone sensors and other wearable
devices tackle low-level activities such as Walking, Sitting
and Lying. In contrast, this paper describes the recognition
of high-level activities such as Work, Eating, Exercise and
Home activities.

Low-level activities are commonly recognised with
machine learning from a sliding window passed over a
stream of acceleration data [4, 5]. Dernbach et al. [8] used
the low-level approach for high-level activities and reached
the accuracy of barely 50 %. Lee & Cho [18] applied hierar-
chical hidden Markov models to accelerometer data to first
determine low-level activities, and from those high-level
activities (Shopping, Taking bus, Walking). They reached
the precision of around 80 %, but their set of activities was
very limited and the users carried the phone in their hand.

Using other smartphone sensors, such as the GPS,
improves activity recognition. This way, Lin [19] classi-
fied Work, Sleep, Leisure, Visit, Driving and Other with
conditional random fields. He achieved the accuracy of 86
%. Wang et al. [21] additionally used the microphone and
light sensor. They determined the users’ state (Working,
Home talking, Place speech etc.) with a rule-based system.
They achieved the accuracy of around 90 %, but the users’
home and office wi-fi names were known to the system in
advance, and some states were defined expressly in terms of
ambient sounds.

Helal et al. [11] developed a platform specifically for
monitoring diabetic patients. They used hidden Markov
models to recognize activities such as Washing hands,
Cooking and Eating oatmeal. They relied on ambient sen-
sors, restricting their platform to the patients’ homes. Amft
et al. [1] detected eating from video, and recognised dif-
ferent types of eating by analysing body movement while
eating. However, this was done with fairly intrusive inertial,
EMG and other sensors.

Unlike in most related work, the system described in this
paper attempts to recognise all the users’ activities, includ-
ing ambiguous ones (e.g., cycling can be exercise, transport

or a part of shopping), and was tested in a completely natu-
ral setting. The core methods are based on machine learning.
We investigated various options differing in the number of
models used, and the amount of data labelled by the per-
son using the system. The recognised activities are refined
by rules encoded in Event Calculus [16] and optimised for
speed and real-time purposes.

Activity Recognition Approach

Our activity recognition approach is composed of three
main steps: feature extraction, core activity recognition, and
refinement of the recognised activities. Feature extraction
transforms raw sensor data into features that can be used in
the next two steps. The core activity recognition mainly uses
machine-learning to recognise high-level lifestyle activities.
Finally, we refine the recognised activities with symbolic
reasoning.

Features for activity recognition

The features are extracted from smartphone sensors and
optionally from an accelerometer-equipped chest-worn
ECGmonitor. They are computed over one-minute windows
and belong to five groups: sound, location, acceleration,
heart-rate and respiration-rate.

Sound features are extracted from the ambient sound
recorded with the smartphone’s microphone using the jAu-
dio library [12]. We record 100 ms of sound out of each
second in a minute (to preserve the users’ privacy) and
further split it to 20 ms sub-windows. The computed fea-
tures are the average spectral-centroid, zero-crossing, mel-
frequency-cepstral-coefficient, method-of-moments values
and linear-predictive-coding for each one-minute window
[6].

Location features are extracted from two sources: (i) the
smartphone’s GPS receiver, from which we take the geo-
graphical coordinates, and from (ii) the wi-fi module, from
which we take information about the visible access points
and signal strength. The features from both sources are clus-
tered into 20 clusters each with the hierarchical clustering as
implemented in the Weka machine-learning suite [10]. The
clusters are afterwards assigned one of three semantic loca-
tions – residence, work and elsewhere – with the following
algorithm:

– The importance of each cluster is computed as the frac-
tion of time the user spends in the cluster in a day
(heatmap in Fig. 1).

– Clusters with the highest free-day importance, that
also have workday importance above 0, belong to the
location residence (blue semantic location in Fig. 1).
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Fig. 1 Heatmap for wi-fi clusters and the transformation into semantic
locations for an example user

– Clusters with highest workday importance above 0,
which are never visited on free days, and aggregate into
50 % of the time, belong to the location work.

– All other clusters belong to the location elsewhere.

Each wi-fi cluster is assigned the correct semantic loca-
tion with the accuracy of 84 % and each GPS cluster with
81 %. In Fig. 2 we present a GPS plot (latitude, longitude)
with GPS clusters (the size of the circle represents the size
of the cluster) and their corresponding semantic locations.
Since GPS can only be used outdoors due to its poor sig-
nal indoors, the wi-fi signal clustering is needed for more
fine-grained location indoors. Fig. 3 shows workplace clus-
ters from Fig. 2 (GPS clusters 1, 2 and 20) and Fig. 4 the
residence cluster from Fig. 2 (GPS cluster 18) as a compo-
sition of wi-fi clusters, assigned semantic location and the
distribution of activities per cluster. We can observe that wi-
fi clusters enable detection of more fine-grained semantic
locations (in brackets after each cluster number).

GPS work location (GPS cluster 1, 2 and 20) is com-
posed of five wi-fi clusters (Fig. 3): wi-fi-clusters 1 and 2
are clean work clusters, wi-fi cluster 2 is a mixed cluster cor-
responding to a cafeteria close to the office, the wi-fi cluster
4 is probably assigned to the parking lot close to the office
(Exercise activity represents the running to the car), and
wi-fi cluster 13 represents the restaurant near the workplace.

Fig. 2 All 20 GPS clusters and their corresponding semantic locations
for an example user

Fig. 3 Wi-fi clusters composing GPS clusters 1, 2 and 20 (GPS work
semantic location). Each wi-fi cluster is labelled with the recognised
wi-fi semantic location and presented with the distribution of activities

GPS residence location (GPS cluster 18) is composed
of five wi-fi clusters (Fig. 4): wi-fi cluster 7 represents the
outdoors of the residence, while the remaining four may
represent different parts of the house. Wi-fi cluster 8 and
10 probably represent the dining room, wi-fi cluster 9 the
bedroom and wi-fi cluster 11 the living room.

Additional location features are the wi-fi availability
determined by the strength of the wi-fi signal, GPS avail-
ability determined by the visibility of satellites, velocity, and
location category according to the Foursquare location API
[9].

Acceleration features are extracted from the smart-
phone’s and/or ECG monitor’s accelerometer. They are the
user’s most common low-level activity, the percentage of
each low-level activity within the one-minute window, the
user’s average estimated expended energy and the percent-
age of the estimated low, medium and vigorous intensity
of the activity. They are computed with our recent method
[5] that can seamlessly use the phone, ECG monitor or
both.

Heart-rate features and respiration-rate features are
extracted from the ECG monitor if present. The features are
the (i) minimum, (ii) maximum and (iii) average heart-rate
or respiration-rate within each one-minute window.

Fig. 4 Wi-fi clusters composing the GPS cluster 18 (GPS residence
semantic location). Each wi-fi cluster is labelled with the recognised
wi-fi semantic location and presented with the distribution of activities
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Fig. 5 Correlation heatmap between groups of features and activities

The last three categories of features use the ECG mon-
itor. The quality of the acceleration features is not much
degraded without the ECGmonitor [5], and according to the
heatmap presented in Fig. 5, the heart-rate and respiration
features are not very important, so the ECG monitor is not
essential.

Core methods for activity recognition

Since each person performs the daily activities differently,
our activity-recognition system can benefit from labelled
activities of each user. However, since labelling represents
a burden for the user, our goal was to investigate the trade-
off between the amount of labelled data and the recognition
accuracy. We developed five methods, some of which use
a single model trained with machine learning (Fig. 6) and
some multiple models (Fig. 7):

– Person-dependent method (PD, Fig. 6a) is a single-
model method, where the model (PD model) for each
user is trained on that user’s data only (PD dataset).
This requires the user to label all the activities to be
recognised during the training phase – one week in our
experiments. This can be fairly burdensome, and the
quality of the recognition strongly depends on the user’s
conscientiousness.

– Person-independent method (PI, Fig. 6b) is a single-
model method, where the model (PI model) for each
user is trained on data of people other than the user (PI
dataset). This approach does not require any labelling
from the user.

– PI method with person-specific data (PIA, Fig. 6c) is
a single-model method, where the PI dataset is aug-
mented with user-specific data of Exercise and Eating

(these two activities are the most relevant for dia-
betic patients, but any activities could be included in
principle). This approach requires the user to label Eat-
ing and Exercise during the training phase, after which
an augmented model is trained (PIA model).

– PI and person-specific model combined with heuris-
tics method (PIAH, Fig. 6a) is a two-model method.
The PI model is trained on the PI dataset as in the PI
method. The user-specific model is trained on data of
Exercise and Eating labelled by the user, requiring the
same effort as the PIA method. The outputs of the two
models are merged with a heuristic method into the final
activity. The reader is referred to [6] for more details.

– Multi-Classifier Adaptive Training (MCAT, Fig. 6b)
is a semi-supervised learning method that can
adapt to a user while the system is in use. It
is composed of two domain-dependant models and
two domain-independent meta-models. The domain-
dependant models are the PI model and a small user-
specific model. The user-specific model is trained on
only the first occurrences of Eating, Exercise and Home
activity, requiring minimal labelling effort from the
user (again, any activities could be used in princi-
ple). The outputs of the two models are merged with
a meta-model that selects which of them to trust.
The MCAT algorithm also utilises a meta-model that
decides whether each instance should be included in
the PI dataset or not. The PI model is then periodically
retrained, becoming ever more personalised. While the
MCAT method does not need much user-labelled data,
it does need a fairly large amount of unlabelled data
to gradually adapt to the user. The reader is referred to
our earlier work on a different problem [7] for more
details.

All five methods are summarised in Table 1 according to
the labelling effort needed from the user.

Refinement of recognised activities

Activity recognition using a mobile phone is error prone
because mobile sensors are noisy. Sensor noise fed in classi-
fication algorithms propagate errors in predictions and as a
result an activity being recognised can be incorrect. On top
of this, classification algorithms are oblivious to common
sense knowledge, thus it is possible for example to confuse

Fig. 6 Single-model methods
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Fig. 7 Multi-model methods

that a person is eating while the person is actually exercis-
ing, even if it is commonly known that eating and exercising
to be incompatible.

To refine confused predictions we study how symbolic
rules can be used with classification algorithms. The idea
is to refine the classification models and to act as inter-
faces with techniques used to monitor a diabetic patient and
reason about his condition as in the agent-oriented system
discussed in [13]. More specifically, Kafalı et al [14] show
how activity recognition from sensors can be reasoned upon
with symbolic rules to arrive at more complex conclusions,
for example, that while a person was walking home from
work has fallen because he had a hypoglycemic attack. This
framework is based on a specific representation of activities
where events (or observations) that happen at different times
start, suspend, resume and achieve activities according to a
user’s goals specified at the mobile phone’s settings.

We combine the Kafalı et al framework together with pre-
dictions provided by a classifier to eliminate misclassified
activities using symbolic rules of the form: Conclusion ←
Conditions where the Conclusion is a predicate that holds
to be true if the set of predicates in the Conditions hold to
be true. A predicate name must be a constant, while each
argument within a predicate can either be a constant or a
variable. Constants are represented by identifiers starting
with a lower-case letter and variables by identifiers starting
with an upper-case letter. A constant stands for a specific
entity, and different constants stand for different entities. A
variable can stand for any entity, and different variables can
stand for the same entity. A single underscore ‘ ’ denotes an
anonymous variable and means ‘any term’.

Table 1 Comparison of the amount of manually labelled data by the
user in the core methods for activity recognition

Labelled data by the user

Method Activities Duration

PD All 1 week

PI None None

PIA Eating, Exercise 1 week

PIAH Eating, Exercise 1 week

MCAT Eating, Exercise, Home First occurrence

Removal of orphan activities (R1). If the classifier pre-
dicts an activity A at a stage identified by time T+1, an
activity B at the previous stage identified by time T, and
the activity A at a previous stage identified by T-1, then the
activity B is replaced with activity A at the stage identified
by T. Such a generic rule eliminates predictions such as a
person being at home, then being at work, then being back
at home in three consecutive and very close to each other
times, and replaces them with the person being at home
throughout these times.

As an example of how this rule can be applied, we show the
following set of predicted activities taking from the dataset:
(12:01:48, Eating), (12:03:00, Transport), (12:04:12, Trans-
port). In that case, the second prediction will be changed
into Eating, as it seems unlikely that there is one minute of
Transport.

Learning person-dependent activity intervals (R2) cap-
tures whether an activity is valid at a given time. For
instance, we know that an average person usually eats at
least three times a day. If we know that a person eats
at specific times, we validate the predicted eating activ-
ity. Moreover, we learn such valid activity intervals for
each activity using the training datasets available for each
individual person.

For a certain person of the dataset, for example, the max-
imal sleep interval across all the training data is [00:16:12,
10:12:12]. A prediction of Sleep found at 20:40:48 will be
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changed into the second more likely prediction (Home, in
this case).

We apply the rules in the following order: R1 then R2.
R1 applies to all activities, and R2 applies to Sleep, Work
and Eating.

Experiments

The activity-recognition approach was evaluated on the
recordings of nine volunteers who wore the smartphone and
the ECG monitor for two weeks each. All the methods used
the first week of recordings for training and the second week
for testing. Person-independent methods (PI, PIA, PIAH
and MCAT) were evaluated with the leave-one-person-out
approach, meaning that models were trained on the data of
eight people (first week) and tested on the ninth (second
week), repeated once for each person. The first week of each
test person was used to determine the semantic locations
(residence, work and elsewhere), and to train user-specific
classifiers where applicable (see Table 1).

The models in the core activity-recognition are ensem-
bles of base models trained with SVM, J48, Random For-
est, JRip, AdaBoost and Bagging algorithms with default
parameters as implemented in the Weka machine-learning
suite [10]. The exception are the user-specific and two meta-
classifiers in the MCAT method, the former of which is
trained with the Random Forest algorithm and the latter two
with the J48 algorithm.

Dataset

The nine healthy volunteers (eight male, one female, aged
from 24 to 36) were asked to carry the smartphone with
the data-collection application as much as possible for two
weeks, in any pocket they wanted (or in a bag), and to wear
the ECG monitor each day until the battery ran out. They
were asked to lead their life as usual. While some of them
had fairly regular daily routines, others had unusual eating
patterns, were staying at a different place during the week
and weekend, took trips etc., so the resulting dataset is quite
challenging for activity recognition. On average, we col-
lected 7.5 hours of recordings per day with the ECGmonitor
and 11 hours with the phone.

The smartphone application was collecting the sensor
data and was used for labelling the activities: Home-chores,
Home-leisure, Food preparation, Eating, Exercise, Work,
Out-errands, Out-leisure, Sleep and Transport. We later
merged Home-chores, Home-leisure and Food preparation
into Home, and Out-Errands and Out-leisure into Out, since
these activities proved impossible to distinguish.

Table 2 Average classification accuracy (%) and micro-averaged
f-score for the evaluated core methods and after correction with
symbolic reasoning

Core methods Refining method

Methods Accuracy F-score Accuracy F-score

Default 35.9 0.35 35.9 0.35

PD 72.9 0.73 74.3 0.73

PI 71.3 0.71 73.7 0.72

PIA 66.4 0.66 69.9 0.67

PIAH 72.0 0.72 73.7 0.72

MCAT 81.8 0.82 83.4 0.82

Results

Table 2 shows the results of all the evaluated methods in
terms of micro-averaged classification accuracy and f-score,
both before and after the refinement with symbolic reason-
ing. In Table 3 we present the f-scores per activity after
the refinement. The default model, which serves as a base-
line for comparison, always outputs the most common class,
which is the work activity.

We first evaluated the two simplest methods: PD, which
requires the user to label all the activities during the training
week, and PI, which requires no user labelling. The advan-
tage of the PD method is that it can adapt to the user, but
it has less training data available. The advantage of the PI
method is more training data (from eight people vs. one),
but it is not adapted to the user. The results of both methods
proved similar, so apparently their advantages and disadvan-
tages balanced out. The PI method was more successful at
recognising the Transport and Out activities, which reflects
their generality, while the PD method was more successful
at other activities, particularly Eating and Exercise, which
suggests they are more user-specific.

Table 3 Average f-score for the activities after machine-learning +
symbolic approach approach

Methods

Activity PD PI PIA PIAH MCAT

Sleep 0.80 0.72 0.71 0.72 0.80

Exercise 0.62 0.40 0.58 0.40 0.91

Work 0.88 0.85 0.81 0.85 0.90

Transport 0.58 0.69 0.71 0.69 0.78

Eating 0.34 0.22 0.24 0.22 0.68

Home 0.81 0.75 0.70 0.75 0.83

Out 0.35 0.51 0.51 0.51 0.69
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Table 4 Confusion matrix of the MCAT method refined with the symbolic reasoning

PREDICTED

TRUE Sleep Exercise Work Transport Eating Home Out

Sleep 661 (-2) 0 (0) 0 (0) 0 (0) 0 (0) 292 (2) 0 (0)

Exercise 0 (0) 859 (11) 3 (-1) 5 (-3) 8 (-5) 53 (-1) 2 (-1)

Work 31 (0) 18 (0) 11322 (68) 173 (-4) 110 (-6) 922 (-59) 49 (1)

Transport 9 (-2) 13 (-1) 244 (6) 2927 (11) 18 (-3) 235 (-2) 142 (-9)

Eating 1 (0) 1 (0) 50 (-3) 10 (-2) 1329 (15) 497 (-11) 200 (1)

Home 164 (-67) 42 (2) 495 (-11) 71 (0) 138 (-18) 9377 (115) 60 (-21)

Out 0 (0) 20 (-2) 390 (-1) 757 (-5) 197 (-12) 822 (-10) 2884 (3)0

The brackets contain the contribution of the refining method

We continued with the evaluation of methods combining
user-independent and user-specific data and models. The
PIA method, which simply adds user-specific Exercise and
Eating data to its model, significantly improved the recog-
nition of Exercise, but had less success with Eating and was
the least accurate overall. The PIAH method, which heuris-
tically merges a person-independent and person-specific
model, proved almost identical to the PI method overall.
It did yield a higher accuracy for four people (81 % – 85
%), but a lower one for the rest (50 % – 76 %). This indi-
cates that some recorded people had substantially different
training and test weeks.

At the end we evaluated the MCATmethod [7], for which
the user was required to label a single Eating, Exercise and
Home activity. The MCAT method gradually adapts the PI
model to a current user by retraining it on automatically
labelled and selected data. It was retrained three times in our
experiments. The adaptation improved the recognition of all
the activities, not only those for which it had user-specific
data. The confusion matrix of the MCAT method with the
symbolic refinement is presented in Table 4. Most of the
activities were miss-classified as the Home because they
occurred at the residence location (the location being the
most important feature for activity recognition). For exam-
ple, most of the recorded people exercised at their residence,
and all of them ate and slept there. The miss-classification
of Transport occurred during transitions from/to Home, Out
and Work. Eating was confused not only with Home, but
also Work, Out and even Transport. This happened because
people were eating in the same locations and postures as
doing home activities (e.g., eating at the kitchen table or
on the sofa where they also read and watch TV), working
(e.g., eating at their office desk), eating while shopping or
commuting.

Conclusion

In this paper we presented an approach that combines
machine learning and symbolic reasoning to recognise high-
level lifestyle activities of diabetic patients using sensor
data obtained primarily from the patients’ smartphones. Our
motivation was that diabetes has to be managed through
appropriate lifestyle – particularly eating and exercise,
which directly affect blood glucose. Lifestyle is important
for other diseases as well, so our work has applications
beyond diabetes. The main challenge was that patients’
lifestyles and consequently ways they perform activities
are very diverse, so activity recognition should be adapted
to each individual. But since labelling represents a bur-
den for the user, we focused on investigating the trade-offs
between the amount of labelled data and the recognition
accuracy.

Our first results showed that the two extreme cases –
relying only on user-labelled data and completely eschew-
ing user-labelled data – are comparable. This suggested
that the strengths of both methods should be combined.
We did this in increasingly sophisticated fashion: by sim-
ply merging general and user-specific training data (PIA
method), by heuristically merging the outputs of general
and user-specific classifiers (PIAH method), and by util-
ising semi-supervised learning approach (MCAT method).
The last method required the least labelled user-specific
data, but nevertheless produced the best results. This is
because it could take advantage of unlabelled data, which
is easily obtained in large quantities, since it requires no
effort from the user other then carrying a smartphone with
an activity-monitoring application. Since not all knowledge
about activities is captured by phone sensors, the machine-
learning methods benefited from symbolic refinement based
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on human understanding of the problem, albeit the benefit
was not very large.

We believe that the accuracy of the MCAT method is
sufficient to be of real benefit for diabetic patients. The
overall accuracy of 83.4 % and f-score of 0.82 are compa-
rable to related work, even to examples that tackle easier
problems. The recognition of Exercise with the f-score of
0.91 is even better. Only the recognition of Eating with
the f-score of 0.68 is somewhat lacking. Since unobtrusive
monitoring with smartphone sensors cannot possibly recog-
nise the quantity of food eaten, it can only prompt the user
to input the quantity or act (e.g., inject insulin) according
to his/her own judgement anyway. In this capacity, even a
somewhat lower accuracy is useful. The detection of Sleep
can be used to recognise sleep problems, which are com-
mon in diabetes. The overall activity recognition can be used
to recognise diabetes fatigue and depression by monitoring
deviations from the daily routine and the degree of activ-
ity. The recognition of Home, Work and Transport activities
enables quality advice about exercise (e.g., remind the users
of their daily exercise during Home activity rather than work
or suggest commuting on foot or by bicycle).

In the future, we plan to use the activity recognition meth-
ods described in this paper for just such lifestyle advice, as
well as advanced diseases monitoring. We will also improve
the recognition of Eating by replacing the ECG monitor
with a wrist-worn device. Such devices are also preferable
because they are more comfortable and can be worn at all
times. Another area for future work is sound processing,
since the sound is a general feature with the potential to
improve the recognition of eating as well as other activities.
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4.3 Use Case 3: Human Energy Expenditure Estimation -
Regression

The human energy expenditure estimation is a physiological measure of the intensity of
the physical activity and is usually expressed in a unit called MET (metabolic equiva-
lent of task). The MET values range from 0.9 MET, which equals the energy expended
while sleeping to 23 MET, which equals the energy expended during extreme exertion like
running at 22.5 km/h. The standardised MET values per physical activity are listed in
Compendium of Physical Activities primarily intended as a reference value to be used in
epidemiological studies (Ainsworth et al., 2011). When these values are used on an indi-
vidual level, it often occurs that the true values deviate from the reference value because
of the difference in persons’ fitness level and metabolic rate.

Methods to measure true MET values on the individual level (direct- or indirect
calorimetry, doubly labelled water) are not applicable in everyday life since they require
big and expensive equipment (Levine, 2005), so the research moved to using machine-
learning methods on sensor data from consumer wearable devices such as wristbands,
smartphones, or other accelerometer and heart-rate-equipped devices to estimate the MET
values (Cvetković, Szeklicki, Janko, Lutomski, & Luštrek, 2017; Cvetković, Milić, &
Luštrek, 2016; Cvetković, Janko, & Luštrek, 2015; Altini et al., 2015). These approaches
achieve low average estimation error, but the error for some individuals is incomparably
large, which shows the need for personalisation of the models.

Since fitness centres, medical centres and similar facilities usually own an indirect
calorimeter, the individual could measure the real expended energy for a limited set of
activities and use them for personalisation.

The Multi-regressor adaptive training (MRAT) is an adapted MCAT algorithm to
tackle the regression domain problems such as the human energy expenditure estimation
domain. The MRAT is evaluated and analysed in the same manner as MCAT. We present
and compare the individual accuracies of each step of the procedure in the batch and
incremental mode.

4.3.1 Related Publication

The included paper presents training and evaluation of the general regression model which
is used for adaptation and personalised using the MRAT. Here we summarise the paper
and extend the adaptation and analysis in Section 4.3.4.

The trained general model for the estimation of energy expenditure is compared to
consumer devices, and the results show that our approach outperforms them all. Even
though the overall mean error is low, the regression models still achieve high error for some
of the evaluated people, which can be seen from the positions of the upper whiskers per
box plot in the first chart of Figure 12 in the enclosed paper. The box plots present the
estimation errors over all people per recognised activity. The coloured box plots represent
50% of all estimated values (second and third quartile), and upper whisker represents
the estimation errors in the fourth quartile. We can observe that 25% of errors (fourth
quartile) can be twice or three times as high as the mean absolute error. The analysis of
the error shows that the same subgroup of people contributes to such a high deviation of
error; therefore, personalisation could be used to decrease the per person and overall mean
absolute error.
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a b s t r a c t 

Activity monitoring is a very important task in lifestyle and health domains where physical activity of a 

person plays an important role in further reasoning or for providing personalized recommendations. To 

make such services available to a broader population, one should use devices that most users already 

have, such as smartphones. Since trends show an increasing popularity of wrist-worn wearables we also 

consider a sensor-rich wristband as an optional device in this research. We present a real-time activity 

monitoring algorithm which utilizes data from the smartphone sensors, wristband sensors or their fusion 

for activity recognition and estimation of energy expenditure of the user. The algorithm detects which 

devices are present and uses an interval of walking for gravity detection and normalization of the ori- 

entation of the devices. The normalized data is afterwards used for the detection of the location of the 

smartphone on the body, which serves as a context for the selection of location-specific classification 

model for activity recognition. The recognized activity is finally used for the selection of one or multiple 

regression models for the estimation of the user’s energy expenditure. To develop the machine-learning 

models, which can be deployed on the smartphone, we optimized the number and type of extracted fea- 

tures via automatic feature selection. We evaluated each step of the algorithm and each device configu- 

ration, and compared the human energy expenditure estimation results against the Bodymedia armband 

and Microsoft Band 2. We also evaluated the benefit of decision fusion where appropriate. The results 

show that we achieve a 87% ± 5% average accuracy for activity recognition and that we outperformed 

both competing devices in the estimation of human energy expenditure by achieving the mean absolute 

error of 0.6 ± 0.1 MET on average. 

© 2017 Elsevier B.V. All rights reserved. 

1. Introduction 

Activity monitoring using body sensor network is a mature 

and important area of research due to vast range of domains that 

can benefit from it. Accurate activity monitoring is required in 

domains where further reasoning or person-specific recommenda- 

tions rely on the user’s physical activity. These range from lighter 

topics such as sports and lifestyle to more sensitive topics such 

as health [1,2] . In sports and lifestyle, the activity monitoring 

gives the user an insight into the amount of their physical activity 
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either to support better sports training, improve self-awareness 

and help maintaining a healthier lifestyle, whereas in health this 

information is used to provide better recommendations on how to 

manage pathologies of a particular disease and thus improve the 

quality of life of the patient. 

It is a known fact that engagement in physical activity has a 

positive influence on body and mind [3] . The ones that are the 

most aware of this fact are already using the service of activity 

monitoring to track their sports activities such as running and 

cycling either with a smartphone application [4] or dedicated 

devices [5] . These services are more popular among young active 

population, who are aware of the long-term risk imposed by the 

sedentary lifestyle (e.g., office work). Elderly population is more 

difficult to reach with technology even though they needed it 

more due to chronic diseases such as diabetes and coronary heart 

diseases [6] and generally less robust health. Moreover, the ser- 

vices which include activity monitoring mostly target the younger 

population and do not include specific features and knowledge 

http://dx.doi.org/10.1016/j.inffus.2017.05.004 

1566-2535/© 2017 Elsevier B.V. All rights reserved. 
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that applies for the elderly, especially not the ones who have been 

already diagnosed with some disease. Aim of this research is to 

develop activity monitoring models specialized for the elderly, 

which can be used either for lifestyle or health applications, so we 

develop our methods on data of elderly active population [7] con- 

sisting of most common every day and sports activities. 

To support the lifestyle self-awareness or disease self- 

management in terms of activity monitoring, two individual 

tasks have to be solved: activity recognition to recognize the 

current activity which is being performed, and the estimation of 

human energy expenditure to quantify the performed activity. Pre- 

vious research has shown that both of these tasks can be solved 

fairly accurate when dedicated devices have static placements 

(are attached to predefined location on the body, with predefined 

orientation) [8,9] . The activity recognition is usually set as a classi- 

fication machine-learning problem, where the recognized activities 

include sedentary activities (e.g., sitting, standing, lying), ambula- 

tory activities (e.g., walking, jogging, running) and sports activities 

(e.g., cycling). The energy expenditure is usually set as a regression 

machine-learning task where the regression model estimates the 

expended energy in a unit called MET (Metabolic equivalent of 

task). METs range from 0.9 MET, which is equal to the energy 

expended while sleeping, to over 20 MET, which is expended 

during extreme exertion [10] . METs are also used to describe the 

intensity of the physical activity where activities up to 3 MET 

are considered light activities, from 3 MET to 6 MET moderate 

activities and above 6 MET vigorous activities. The advantage over 

the more common kilo-calories is that MET does not depend on 

users weight, and can be easily translated into kilo-calories. 

To make the activity monitoring more widely applicable, and to 

make it available to more people, we need to design a body sensor 

network from the devices most people already have. The most 

natural choice is a smartphone, which can serve as a processing 

unit and as a graphical interface for interaction with the user. 

There are already many smartphone applications available on the 

market, whose scope is limited to step counters or to activity- 

specific monitoring. Application which provide step counters and 

step-related estimation of energy expenditure [11] are suitable 

for tracking general ambulatory physical activities which do not 

require very accurate activity quantification. The activity-specific 

applications are intended for sports-active people. Such applica- 

tions are the run trackers with run-related estimation of energy 

expenditure [4] , which monitor the specific activity on users 

request and are therefore very accurate for the quantification of 

that exact activity. In general, the step counters are the most 

popular since we carry our smartphone only when we are headed 

somewhere (walking, running) and not at home so it captures the 

expended energy only during ambulatory activities and count the 

time when smartphone is not carried as rest. To catch every day 

activities and non-ambulatory exercise in addition to ambulatory 

activities, we need to improve the recognition and estimation of 

the models used by the smartphone or to use a commodity device 

that is worn by the user most of the day. In the past several years, 

the development of sensor-rich wrist-worn devices (smartwatches, 

sensor-equipped wristbands) has increased, and so did their 

popularity. Similarly to smartphones, the wrist-worn devices have 

activity monitoring methods already integrated into the device and 

can monitor physical activity even while sedentary. The accuracy 

of such activity monitoring is usually low but satisfactory for 

getting an insight into the movement pattern of the day. To get 

more accurate activity quantification, the user still has to explicitly 

input the type of workout performed (walking, running, cycling, 

etc.). Additionally, none of the devices fuse data/information from 

multiple devices but merely override the activity data with the 

analysis done by the preferred device. 

The objective of our research was to develop a real-time 

continuous activity monitoring algorithm that utilizes sensor data 

from a smartphone or wrist-worn wearable alone and can fuse 

the data and decisions of both devices if both are present on the 

body (active in the body sensor network). The algorithm should 

be optimized to run on the smartphone to perform continuous 

data analysis in real-time. To develop such a method the following 

requirements should be fulfilled: 

1. The method has to have the ability to detect which devices are 

present on the body, thus active in the body sensor network 

2. The smartphone and wrist-worn device can be worn freely on 

the body at most common locations (trousers pocket, jacket 

pocket, bag) and in any orientation 

3. The method has to have the ability to normalize the orientation 

of the present devices and recognize their location 

4. To achieve maximum classification and regression accuracy 

with any combination of devices, they should be fused on mul- 

tiple levels: the data level, feature level and decision level [12] 

5. Procedures for decreasing the computational complexity should 

be used to optimize the machine-learning models to be deploy- 

able on the smartphone 

In this paper we present a method that fulfills these re- 

quirements. The main contribution is the automatization of the 

complete activity-monitoring pipeline: the detection whether 

single or multiple devices are present on the body, normalization 

of the orientation of the devices, detection of the location of the 

smartphone relative to the users body (trousers pocket, jacket 

pocket, bag), and adaptation of the activity recognition and energy 

expenditure estimation to the location. Individual steps in this 

pipeline have been done in related work for activity recognition, 

but not for energy expenditure estimation. To our knowledge, this 

paper presents the first implementation of the complete pipeline, 

and it experimentally shows its benefits in terms of accuracy. 

The rest of the paper is structured as follows: related work 

on body sensor network, pipeline procedures, activity recognition 

and estimation of energy expenditure is presented in Section 2 . 

Section 3 introduces the datasets and the methods we use to 

develop the activity monitoring algorithm. The evaluation of the 

methods is presented in Section 4 . We discuss the research in 

Sections 5 and 6 concludes the paper. 

2. Related work 

Activity monitoring as seen in this research is composed of 

human activity recognition and estimation of human energy 

expenditure, both very common in applications of body sensor 

networks. We focus on accelerometer-based wearables such as 

smartphones and wristbands and their combinations, where we 

pay particular attention to varying orientations and locations 

of accelerometer sensors, which is the key distinction of our 

approach compared to the related work. 

2.1. Body sensor networks 

Body sensor networks are composed of sensor nodes attached 

to a persons body, which are able to sense one or more phys- 

iological or motion signals. These are usually dedicated sensor 

enclosures or wearables with single or multiple sensors, and often 

perform preprocessing and storing before transmitting data to a 

base station [13] it is analysed. There are many challenges and 

opportunities in the research area that can be roughly divided into 

sensor design, network communication and data fusion [14] . Sen- 

sor design tackles the problems of sensor hardware design (power 

consumption, fault detection, etc.) and enclosure ergonomics [15] , 

network research focuses on the network challenges (topology, 

Please cite this article as: B. Cvetkovi ́c et al., Real-time activity monitoring with a wristband and a smartphone, Information Fusion 
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security, routing algorithms, etc.) [16] , and data fusion research is 

focused on data manipulation (filtering, feature extraction, classi- 

fication, computational complexity, etc.) [12] . Since we use con- 

sumer devices in this research (smartphone and wristband), which 

already have the final design and their own communication proto- 

col, we will focus on data fusion pertaining to activity monitoring. 

One of the main concerns is the development of efficient 

algorithms in terms of computational complexity and power 

consumption when preprocessing and classification is performed 

on sensor nodes. Ghasemzadeh et al. [17] evaluated the trade-off

between the number of sensors (using only 1-D signal from ac- 

celerometers to conserve power) and accuracy for the detection of 

transition events (sit to stand, sit to lie, jump, etc.). The goal was 

to set the minimum number of sensors (attached to predefined 

locations in predefined orientation) which can still accurately 

recognize these events. They concluded that different sensors 

should be active for different events (from 1 to 17), and showed 

that decreasing the number of active sensor nodes can decrease 

the power consumption by up to 98 %. To perform continuous 

activity monitoring it is crucial to extract complex features rather 

then raw signals, and to sample the data with sufficient frequency. 

Fortino et al. [18] gathered the requirements for developing 

a power-efficient body sensor network, and proposed a SPINE 

framework for sensor node configuration is terms of sampling fre- 

quency, feature extraction and window size, which can speed-up 

the prototyping of applications and evaluate the trade-off between 

power-consuming tasks (feature extraction) and accuracy. 

In our research, we decreased the size of the body sensor 

network to one (smartphone or wristband) or two (smartphone 

and wristband) active sensor nodes (wearables), which can be 

worn freely in any orientation and in the case of the smartphone 

on three locations on the body. This brings additional challenges, 

which we review in the following subsections. To further reduce 

the power consumption of the designed algorithm, we performed 

feature selection to reduce the number of features to be calcu- 

lated, thus reduced computational complexity and related power 

consumption. 

2.2. Sensor placement 

Sensor placement is composed of the location relative to the 

users body, and the orientation of the sensor. Most often the activ- 

ity monitoring research in body sensor network uses single or mul- 

tiple accelerometers attached to predefined locations and in prede- 

fined orientations. Attal et al. [8] thoroughly reviewed the research 

done until 2015 in the activity recognition domain and showed 

that the number of recognized activities increases with the num- 

ber of sensors attached to the users body. Since all the reviewed 

work used static placements, the authors doubt about the accep- 

tance of such approaches since they require to carefully follow the 

instructions about the placement and orientation of the sensors. 

The research about sensors’ orientation and location varying 

during use was probably pioneered by Kunze et al. [19] in 2005, 

who used supervised machine learning on accelerometer data to 

first recognize walking in a manner independent of the sensor lo- 

cation, and afterwards used the walking segment to recognize the 

sensor placement on the body. In later work [20] they explored 

the detection of the orientation of an accelerometer-equipped 

smartphone around the vertical axis by relying on the walking 

segment. Other researchers explored the possibility to use rota- 

tion to normalize the orientation. Mizell [21] proposed a vector 

calculation to rotate acceleration axes to a canonical orientation 

and Tundo et al. [22] used quaternion rotations for the same task. 

The results on the impact of the orientation normalization on 

activity recognition vary. Tundo et al. [22] reported improvement 

only for the recognition of the sitting activity. In the same year, 

Ustev et al. [23] published results where orientation normalization 

increased the overall accuracy of the activity recognition. 

Since smartphone (one of the sensor nodes in our research) can 

be worn in any orientation and in various locations on the body, 

we combined and extended the work of Kunze et al. [20] and 

Tundo et al. [22] to develop a procedure for real-time orientation 

normalization and location detection. 

2.3. Activity recognition 

Most of the research done on activity recognition with the 

smartphone in different locations was done using machine- 

learning techniques with predefined knowledge about the place- 

ment of the smartphone [24] [25] . In 2016 Shaoib et al. [26] re- 

viewed the research done on activity recognition with the 

smartphone in terms of the used smartphone-embedded sensors, 

recognized activities, extracted features, sampling frequency and 

orientation and location dependency. Lu et al. [27] and Thiem- 

jarus et al. [28] used the Mizell [21] approach to orientation 

normalization. The former did not take into consideration varying 

location of the smartphone and required the user to leave the 

smartphone on the table for the calibration of the orientation. 

The latter used location-independent features and required the 

person to perform a set of predefined activities for the cali- 

bration. Anjum et. al [29] and Guo et. al [30] used the Tundo 

et al. [22] approach to orientation normalization. The former used 

location-independent features, and the latter used predefined loca- 

tions of the smartphone. Martin et al. [31] took into consideration 

varying orientation and location of the smartphone. In addition 

to the smartphone-embedded accelerometer, they used the prox- 

imity, gyroscope, magnetometer, gravity and linear acceleration 

data to estimate the orientation as a relative angle, and to detect 

the location of the smartphone with a rule-based approach. For 

each location they trained a location-specific activity-recognition 

model, which increased the accuracy of the recognition. In our 

previous research [32] , we proposed a real-time method that first 

normalizes the orientation, recognizes the location and afterwards 

uses a location specific machine-learning model to recognize five 

activities with 91% average accuracy over all locations. We build 

upon this approach in this paper. 

The research on activity recognition with wrist-worn devices 

has started with the accelerometer sensor placed on a persons 

wrist as one of the sensor nodes in the body sensor network [8] . 

The activity recognition using only the wrist-worn sensor is more 

popular for the recognition of activities that involve hand move- 

ment [33] . In 2009 Siirtola et al. [34] explored the recognition of 

sports activities with a single wrist-worn accelerometer. The activ- 

ity recognition was performed in two steps. In the first step, a sam- 

ple was clustered into one of six clusters (one activity can be in- 

cluded in more clusters). In the second step, a decision tree model 

was used to recognize the sports activity. This approach achieved 

85 % accuracy. In 2011 Chernbumroong et al. [35] achieved the 

accuracy of 94 % for five activities (sitting, standing, lying, walking, 

running) using a decision tree machine-learning algorithm. 

Weiss et al. [36] explored the activity recognition accuracy 

when recognizing the same activity with a smartwatch or smart- 

phone alone (placed in the trousers pocket with a predefined 

orientation). The scenario of activities was divided into non-hand- 

oriented activities and hand-oriented activities. The overall accu- 

racy was better with the smartwatch alone, well over 70%, since 

the majority of the activities included hand movement (eating, 

folding clothes, handwriting, etc.) which cannot be recognized with 

the smartphone placed in the trousers pocket. The smartphone 

activity recognition achieved rather poor accuracy of 30 % since 

it was able to recognize only the non-hand-oriented movements 

(walking, jogging, etc.). Ramos et al. [37] combined the smartphone 
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(trousers pocket) and the wristband to achieve 80% accurate activ- 

ity recognition of four activities (walking, sitting, standing, driving), 

but did not report if the orientation of the phone was predefined. 

In summary, several researchers investigated activity recogni- 

tion with a varying orientation and location of the smartphone 

(or a dedicated sensor) on the users body. For the most part, 

they found that taking this into account increases the accuracy, al- 

though the gains varied. Only a few of these researchers developed 

activity recognition systems that automatically take the orientation 

or the location of the smartphone into account. To the best of our 

knowledge, the system described in this paper is the first that nor- 

malizes the orientation of the smartphone and the wristband, de- 

tects the location of the smartphone (trousers, jacket and bag) and 

fuses the data of both devices if present for activity recognition. 

2.4. Estimation of energy expenditure 

Methods for accurate measurement of the human energy 

expenditure (direct and indirect calorimetry, doubly labeled wa- 

ter) are expensive, cumbersome and not applicable in everyday 

life [38] . The alternative is to estimate the expended energy using 

the smartphone and/or other sensor-rich wearables. 

The pioneers of pervasive technology in the estimation of the 

energy expenditure used a single accelerometer attached to the 

users body, usually waist, and tried to correlate the motion inten- 

sity (activity counts) with the energy expenditure using a single 

count-based regression equation. This proved insufficient for the 

energy expenditure estimation of light and vigorous activities [39] , 

so Crouter et al. [40] refined the count-based approach by using 

different regression equations according to the performed activity 

(sedentary, ambulatory, lifestyle) recognized from the number of 

activity counts. For the sedentary activity they assign the static 

value of 1 MET and used regression equations for others. The 

shortcoming of this approach, apart from the simplicity of the 

equations, is that the sensor placement (waist) was unsuitable 

for the energy expenditure estimation of activities involving only 

upper or lower limbs (cycling was omitted from the evaluation). 

Later works introduced activity recognition based on machine 

learning as an essential part of the estimation of the energy ex- 

penditure [41] [42] [43] , also known as activity-specific estimation 

of energy expenditure. 

Research utilizing smartphone or wristband accelerometers 

mostly rely on the research done with dedicated sensors. Pande 

et al. [44] developed a machine-learning approach which fuses 

the orientation-independent features from accelerometer sen- 

sor attached to a persons waist with demographic data. Altini 

et al. [45] fused the smartphones’ accelerometer data with the 

heart-rate data, which most of the wristbands have to achieve 

more accurate estimations. 

The research in which multi-sensor fusion is used together 

with the activity information for the energy expenditure estima- 

tion showed a decrease of estimation error. Tapia [43] fused the 

heart rate information to decrease the estimation error. Altini 

et al. [46] proposed a combined approach where they used two 

groups of activities, the sedentary (three activities) and active 

group (four activities). For the sedentary group they used a MET 

lookup table [10] , the values of which were adjusted using the 

users heart rate. For other activities they used one regression 

model per activity. Vyas et al. [47] fused the data from accelerom- 

eter and temperature-related physiological sensors, where each 

sensor represented one or more contexts upon which a context- 

specific regression model was used. In 2016 we proposed an 

approach which fuses the data from accelerometer, heart rate and 

near-body temperature sensor [9] for the estimation of energy 

expenditure. We used three regression models, each for a set of 

recognized activities. This approach is revisited in this paper and 

upgraded to be used with the smartphone and wristband. 

Duclos et al. [48] developed an approach that utilities smart- 

phone and smartwatch accelerometers for activity-specific esti- 

mation of energy expenditure. They differentiated between four 

activity categories according to intensity (sedentary, low, medium, 

vigorous intensity) and used a method based on acceleration vec- 

tor variance, essentially a predefined equation, to estimate the en- 

ergy expenditure. They did not account for the varying location of 

the smartphone, nor for the orientation of both devices. They com- 

pared the results against static MET values [10] and not the real 

expenditure which is usually measured with indirect calorimeter. 

There are dedicated devices for the estimation of human en- 

ergy expenditure in the market in form of wristbands [5] [49] and 

armbands [50] , but they mostly monitor sports activities and 

lack the information about everyday activities. According to Lee 

et al. [51] , who compared several consumer devices in free-living 

conditions, BodyMedia’s armband clearly outperformed the other 

devices, so we use it for comparison against our results. 

In summary, the research on this topic mostly covers the 

estimation of energy expenditure with accelerometers attached 

to different parts of the body. The researches evaluated how the 

number of accelerometers and additional modalities influence 

the accuracy of energy expenditure estimation. Very little work 

has been done using smartphone and wristband sensors, and 

we did not find any that would continuously fuse the data of a 

smartphone and a wristband. Finally, we are not aware of any 

research taking varying location and orientation of devices into 

account when estimating human energy expenditure. 

3. Materials and methods 

To develop and evaluate the activity monitoring algorithm we 

used the datasets presented in Section 3.1 and methods presented 

from Section 3.2 on. 

3.1. Datasets 

We acquired one dataset to develop and evaluate activity 

monitoring methods and one dataset to evaluate the presence of 

the smartphone on the body. 

3.1.1. Activity monitoring dataset 

The difference between elder and younger population (which 

was the topic of our previous research) is reflected in the range 

of popular activities, the manner of performing the activities and 

most importantly in the metabolic rate (the energy cost of physical 

activities). The metabolic rate of a person depends on the person’s 

body mass index (BMI) and age. To model the activities and the 

energy expenditure for the target population we had to collect an 

appropriate dataset which contains their representative activities. 

Prior to designing the scenario for the data collection, we 

surveyed the population characteristics regarding the health and 

fitness status through a questionnaire. We acquired the response 

from 277 persons, aged between 50 and 75 (five European coun- 

tries), which gave as an insight into the most popular activities we 

should include into the data collection scenario. The final scenario 

is composed of ten tasks as presented in Table 1 . The scenario 

contains normal everyday activities (lying, eating, cleaning, etc.) 

as well as ambulatory and exercise activities (walking slowly, 

walking normally, Nordic walk, running, etc.). The sequence of 

tasks was ordered by increasing energy expenditure, from light 

lying at the beginning building up to more intensive activities 

such as running and cycling at the end. This ensured that the body 

processes stimulated by the more intense activities did not distort 

the data collected during the less intense activities. For the same 
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Table 1 

Data collection scenario per task, its duration and average measured MET with the indirect calorimeter. In task Walking carrying a burden, females were carrying 2 kg 

burden and males 4 kg burden. In task Walking uphill the inclination was set to 5%. 

Activities Time Avg MET 

Lying Lying left side 1 ′ 1.2 

Lying front 1 ′ 1.5 

Lying right side 1 ′ 1.4 

Lying back 7 ′ 1.2 

Basic activities Walking slowly 10 ′ ′ 3.5 

Sitting down at the desk 

Sitting still 4 ′ 1.2 

Sitting doing light activities (reading, writing, leafing through a book, 

using computer, knitting, Rubik’s cube, playing cards) 

4 ′ 1.2 

Standing up 

Walking slowly 10 ′ ′ 3.5 

Standing still 4 ′ 1.3 

Standing talking & gesticulating 2 ′ 1.7 

Walking slowly 10 ′ ′ 3.5 

Standing washing hands 2 ′ 2.3 

Walking slowly 10 ′ ′ 3.5 

Home chores (cooking, serving food, washing dishes, sweeping floor, 

washing windows) 

6 ′ 2.5 

Eating Eating with cutlery 2 ′ 1.9 

Eating with hands 2 ′ 1.5 

Gardening Planting seedlings, digging, raking, weeding 6 ′ 2.2 

Rest 3 ′ 
Walking Walking slowly (4 km/h) 4 ′ 3.5 

Walking normally (6 km/h) 4 ′ 4.2 

Rest 3 ′ 
Nordic walking Walking normally (6 km/h) 6 ′ 4.5 

Rest 3 ′ 
Walking carrying a burden Walking slowly (4 km/h) 6 ′ 4.2 

Rest 3 ′ 
Walking uphill Walking slowly (3 km/h) 6 ′ 4.4 

Rest 3 ′ 
Running Running normally (8 km/h) 6 ′ 7.1 

Rest 3 ′ 
Stationary cycling Cycling lightly (60W) 6 ′ 4.2 

Cycling normally (100W) 6 ′ 5.0 

Rest 3 ′ 

reason mandatory 3 minute rest was imposed between the tasks 

containing moderate and vigorous activities. 

Data collection was done in the laboratory environment at the 

Faculty of Physical Education, Sport and Rehabilitation in Poznan 

University of Physical Education, Poland, under the supervision 

of physiology and sports experts. We have recruited ten healthy 

volunteers: six male and four female, aged from 51 to 66 (59 ±
4.6) with different fitness levels, BMI from 22 to 29 (25.8 ± 2.3). 

All volunteers refrained from eating and drinking (except for 

water) in the 12 h prior the experiment. 

The volunteers were explained the process of data collection 

and instructed to perform the tasks as they would do them in 

real life, so we could capture the variability of the tasks. They 

were also instructed to indicate if performed task is too vigorous 

(fast walking was omitted from the scenario for safety reasons). 

The volunteers were equipped with four smartphones (2 Samsung 

Galaxy S4, 2 Samsung Galaxy S2), two wristbands (Microsoft Band 

2 [49] and Empatica E4 [52] ), BodyMedia Fit Advantage armband 

[50] and Oxycon mobile [53] indirect calorimeter. The smartphones 

were put into the volunteers’ trousers pocket, jacket pocket and 

bag (each with a random orientation), while the fourth smart- 

phone was put in torso pocket and was used for collecting the 

data from Microsoft Band 2, which was worn on the left hand. 

The second wristband Empatica E4 was worn on the right hand. 

The Bodymedia FIT Advantage [50] data was recorded for compar- 

ison of our results and the Oxycon mobile for the ground truth 

measurements of the human energy expended. The Oxycon Mo- 

bile indirect calorimeter has good indicators of measurement reli- 

ability [54,55] and is commonly used in validation studies of other 

devices [56,57] . It is FDA (Food and Drug Administration) approved 

and the error in measurements are specified to not be higher then 

3%. Its flow range is from 0 to 15 liters per second and can be used 

in environments where temperature ranges from −10 ° C to 50 ° C 

and air pressure from 500 mbar to 1.100 mbar. Since it is mobile 

it can be used both in laboratory environment as well as in free- 

living conditions during every-day activities which made it suitable 

for our research. 

The users were instructed to wear the Microsoft Band 2 on 

the left hand in any orientation they thought correct. Two users 

wore it in the opposite direction from what we considered correct 

orientation and two people changed the orientation in the middle 

of the scenario. This data was used to test the normalization of 

the orientation of the wristband. Fig. 1 shows two volunteers 

equipped with all devices performing activities from the scenario. 

We acquired approximately 110 minutes of data from each 

sensor for each volunteer. 

3.1.2. Presence detection dataset 

Since the volunteers did not remove the smartphones from 

their location during the data collection procedure, we had to ac- 

quire separate dataset for evaluation of the smartphone’s presence. 

We prepared a fifty-minute scenario designed to test corner cases 

of the smartphone use. It was carried out by five volunteers with 

Samsung Galaxy S6 smartphone. 

The scenario included wearing the smartphone in all relevant 

locations for this research: trousers pocket, two types of torso 

pockets (jacket, breast pocket) and bag while the volunteer was 

moving and while the volunteer was sedentary. We also collected 

the data when the smartphone was in the hand, with screen 

either on or off, where it was in a bag but the bag was not 
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Fig. 1. Volunteers equipped with the wearable devices and the indirect calorimeter 

performing everyday activities. 

Fig. 2. Data transformation procedure. 

Table 2 

Frequencies per device [49,50,53] sensor. 

Device Sensor Frequency 

Smartphone Accelerometer 45–50 Hz 

Proximity sensor Reports a change 

Microsoft Band 2 Accelerometer 40–45 Hz 

Heart rate 1 Hz 

RR interval 2 Hz 

Skin temperature 12 Hz 

GSR 5 Hz 

Calories 0.1 Hz 

BodyMedia Estimated MET 1 per minute 

Oxycon mobile Measured MET 1 per 10 seconds 

worn, and where it was placed on some surface. Both horizontal 

and non-horizontal surfaces were tried, with smartphones screen 

facing either up or down, and for both still and shaking table 

(someone was typing and moving mouse nearby). 

3.2. Data fusion 

The goal of data fusion is to combine and preprocess the data 

into a form suitable for further reasoning. The data fusion is the 

first step of data transformation procedure presented in Fig. 2 

in which the raw data is fused into time-aligned raw snapshots, 

which is not trivial due to different sensor frequencies. Table 2 

presents the modality and frequency details per device sensor. 

To fuse the data into structure which contains raw data (raw 

snapshots) we first divided the sensors in two groups with differ- 

ent modes: the high frequency sensor data (accelerometers) are 

assigned the “necessary” mode, and the low frequency sensor data 

(other sensors) are assigned the “duplication” mode. 

The construction procedure of the raw snapshots expects at 

least one sensor reading from the sensors in the necessary mode to 

release a snapshot as complete for further processing. The sensors 

in the duplication mode attach the last received sensor reading to 

the raw snapshot under the condition that it is time-aligned with 

the data in the necessary mode currently contained by the raw 

snapshot. The time between the duplication and necessary data 

should not exceed one second to be included into the same raw 

snapshot. The exceptions are the Oxycon mobile data which is used 

in the energy expenditure estimation method, the proximity data, 

which is used for smartphone presence detection, Bodymedia data 

and Microsoft Band 2 calories data, which are used for comparison 

of the results. The Oxycon mobile data is duplicated if the time 

between the duplication and necessary data does not exceed ten 

seconds, which matches the needs of the energy expenditure esti- 

mation method ( Section 3.5.6 ). Proximity sensor reports only when 

the change in proximity is detected, this data is duplicated without 

any specific conditions. The Bodymedia data is duplicated if the 

time between duplication and necessary data does not exceed one 

minute, and is not used for final real-time monitoring but merely 

for the comparison of the energy expenditure estimation method 

performance. The Microsoft Band 2 calories were duplicated with- 

out any specific conditions. 

This data fusion procedure decreases the amount of missing 

data compared to an approach without duplication and gives us 

approximately 45 raw snapshots per second if only smartphone 

data is used, and 40 raw snapshots per second if only wristband is 

used or both devices are used. The raw snapshots are sent to the 

feature extraction module for further processing, where additional 

fusion is done as explained in the next subsection. 

3.3. Feature extraction 

The feature extraction procedure is the second step of data 

transformation procedure presented in Fig. 2 . It transforms the raw 

snapshots into feature vectors which are used by machine-learning 

and rule-based algorithms. The raw snapshots are collected into 

windows, the length of which depends on the task to be solved. In 

this research we address four machine-learning tasks for which we 

use two window lengths. We use 2-second windows for activity 

recognition and walking detection and 10-second window for 

smartphone location detection and estimation of energy expen- 

diture (explained in detail in Section 3.5 ). For each window, a 

number of features are extracted forming a feature vector ready to 

be used with the machine-learning algorithm. 

Raw acceleration data is low-pass (removing noise) and band- 

pass (removing noise and gravity) filtered, giving us three values 

for each axis. Low-pass filtered values are used in features de- 

scribing orientation, while band-pass filtered values are used in 

features describing movement. The magnitude of the three-axis 

vector is also computed. Intuitively, magnitude gives us the inten- 

sity of motion, useful for distinguishing running from walking and 

sedentary activities. On the other hand, features that use one of 

the axis components give us more information about orientation 

and direction, which is especially useful at distinguishing between 

sedentary activities, such as sitting, standing and lying. We extract 

90 features from acceleration data when single device is present, 

13 of which are orientation-independent. Some features come 

from statistics and describe the intensity and “shape” of the sig- 

nal: the mean, variance, Pearson’s correlation between axes, their 

covariance, skewness, kurtosis, quartile values and range between 

them. Other have a more physics-based interpretation, such as ve- 

locity and kinetic energy. The rest came from expert knowledge of 

the domain: the number of peaks in the signal, their height, their 

mean and their sum of the acceleration size, the number of times 

the signal crosses its mean value, sum of all data from an axis 

and squared sum of this data. Note that since most of the listed 

methods can work with low-pass or band-pass filtered data, with 

any axis or with magnitude, they each generally generate more 

than one feature (mean of the x-axis, mean of the y-axis, etc.). 

Some features are calculated from the filtered raw signals and 

some are constructed with feature fusion, for example the mean 
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Fig. 3. Gain ratio and correlation heatmaps of all extracted features when single 

device is used. 

kinetic energy is calculated from the velocity feature and the per- 

son’s BMI; skewness, kurtosis, crossing rates and correlations are 

calculated using the feature representing sum for each axes, etc. 

When both devices are present we calculate 192 acceleration 

features: 90 from each device and 12 features that use data fused 

from both accelerometer sensors. They are the mean of all data, 

its sum, area below the magnitudes signal (marked with keyword 

“total” on Figs. 3 and 4 ) and correlations between axes of the 

devices. Additionally, we add decision features where possible. 

Decision features are the outputs of machine-leaning models used 

as features and as contexts for decision fusion. When both devices 

are present, we use the outputs of activity recognition model per 

individual device as two decision features (phone activity and 

band activity) in the activity recognition feature vector for the 

device combination and in the energy estimation task we add 

the recognized activity as a feature into the energy expenditure 

estimation feature vector. These are also used for decision fusion 

in the activity monitoring procedure. 

Physiological sensor data retrieved from the wristband are 

transformed into the average, maximum, minimum and standard 

deviation value for the current window, which gives us altogether 

16 features from the four sensors in the wristband. 

One energy expenditure feature is extracted from Bodymedia 

and one from the Oxycon mobile device. Former is used for 

comparison and the latter is used as the ground truth. 

All features for a given device combination represent a feature 

vector which is used to build models with machine learning. 

Since the goal of this research is to design models to be used on 

a smartphone, the number of features should be decreased and 

the ones with high computational complexity omitted. The set 

of features for a given task is selected with the feature selection 

procedure which also omits the non-informative features, thus 

improve the accuracy of the models. 

Note that we use raw values of proximity sensor and calories 

as estimated by the Microsoft Band 2, but these are not included 

into the feature vector. 

Fig. 4. Gain ratio and correlation heatmaps of all extracted features when both de- 

vices are used and the smartphone is worn in the trousers pocket. 

3.4. Feature selection 

The feature selection procedure is composed of two steps: a 

single-feature evaluation, and a wrapper-based feature selection, 

which evaluates combinations of features and chooses the final 

feature set. Feature selection is performed only once for each 

pipeline procedure which uses machine-learning. 

The single-feature evaluation procedure starts with entire 

feature set. It uses Gain Ratio measure to evaluate the information 

about the class carried by each feature in the classification tasks. 

In regression tasks, it evaluates the importance of features as 

Pearson’s correlation with the class. 

Figs. 3 and 4 show heatmaps of the results of the evalua- 

tion procedure for the activity recognition (classification) and 

energy expenditure estimation tasks (regression) for individual 

devices and for the combination of devices. For a more compact 

representation we merged the features which are calculated for 

individual axis or are similar into single features with averaged 

mutual information value. Left side of Figs. 3 and 4 presents the 

gain ratio value for the features used in activity recognition. The 

higher the value, the more information is carried by a feature. 

The right side of Figs. 3 and 4 present the Pearson’s correlation 

coefficient for features used in estimation of energy expenditure 

task. The correlation values around 0 indicate low correlation and 

values towards 1 and −1 high positive and negative correlation 

respectively. Both, gain ratio and correlation were calculated with 

procedures implemented in the Weka machine-learning suite [58] . 

The features in the figures are listed as follows. In Fig. 3 the 

physiological sensor features are at the top, next are the decision 

features (in the case of the energy expedniture estimation esti- 

mation), followed by the magnitude features combining all axes, 

and per-axis features are at the bottom. It is similar in Fig. 4 : the 

physiological sensor features are at the top, next are the decision 

features followed by the features extracted from the wristband’s 

accelerometer (first magnitude features, then per-axis features) 
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and features extracted from the smartphone’s accelerometer (first 

magnitude features, then per-axis features). 

The single-feature evaluation procedure in activity recognition 

(left sides of Figs. 3 and 4 ) prefers the magnitude features and 

decision features, some significance is shown for the interquartile 

range and quartiles features which are orientation-dependent. 

Common sense tells us that per-axis features can provide more in- 

formation about the sedentary activities, where not much motion 

is performed and the orientation of the smartphone is important 

(sitting, lying, standing, etc.). This justifies our decision to use 

the wrapper approach, which can remove redundant magnitude 

features and add important per-axis features to be used in the 

feature vector. 

The single-feature evaluation procedure in energy expenditure 

estimation (right sides of Figs. 3 and 4 ) shows low correlation for 

some per axis features and high (positive or negative) correlation 

for magnitude and decision features as well as for the features 

extracted from the physiological sensors. Using only the single- 

feature evaluation procedure would result in to many features, 

which may be redundant and would increase computational 

complexity so we perform the wrapper-based feature selection to 

reduce the number of features. 

The feature selection wrapper is rather simple but efficient. 

The input to the procedure are the list of features ranked by 

the value retrieved from the single-feature evaluation procedure, 

the machine-learning algorithm for which the feature selection 

is performed and manually created folds for testing. In our case, 

we evaluate the models with the leave–one–person–out approach 

(LOPO) so we have n folds, where the data of n − 1 people are used 

as the training set and one person as the testing set (fold). The 

loop iterates over the list of features and adds them one by one, 

by decreasing rank, and performs the LOPO evaluation in terms 

of accuracy for classification and in terms of mean absolute error 

(MAE) for regression (any other measure can be evaluated). For 

each new feature set the accuracy/error is compared to the prior 

one and in case it is higher/lower the last added feature is kept. 

3.5. Activity monitoring 

Activity monitoring is designed to track the users activity 

in real-time with the devices currently present on the body. To 

achieve that, we developed the activity monitoring algorithm 

presented in Fig. 5 with pipeline of six consecutive modules: four 

modules to manage the device configuration (left side in Fig. 5 ) 

and two modules to analyze the activity (right side in Fig. 5 ). 

In brief, the sensor data received is first evaluated for the 

presence of the devices with simple heuristics, then the data is 

fused and features extracted in the data transformation module 

( Sections 3.2 and 3.3 ). The algorithm waits for ten seconds of 

walking for gravity detection, the data of which is used for nor- 

malizing the orientation of each device. While the algorithm waits 

for the normalization data, the modules for activity analysis use 

machine-learning models trained to be used without orientation 

and location information for activity recognition. Once the sensor 

data is normalized, it is used in all further machine-learning tasks. 

The first is to detect the location of the smartphone, which is then 

used for the selection of the machine-learning models for activity 

recognition and estimation of energy expenditure. 

Note that the tasks with gray boxes in Fig. 5 use machine 

learning. All machine-learning tasks use the feature set which was 

defined with feature selection. The evaluation is in Section 4 . 

3.5.1. Presence of the devices 

Presence of the devices is needed for identifying which data 

is available to be used for activity monitoring. The presence of 

the Microsoft Band 2 is straightforward since it has an ability to 

Fig. 5. Activity monitoring algorithm work flow. The modules on the left side man- 

age the device configuration and the right side performs the activity analysis (ac- 

tivity recognition and energy expenditure estimation). 

self-report its presence, however the detection of the smartphone 

presence is a bit more difficult. 

We assume that the smartphone is present if it is placed in a 

pocket or a bag (while the bag is worn). To detect that, we use the 

smartphone-embedded proximity sensor, the accelerometer data 

and the information about the phone state as shown in Fig. 6 . 

First, we check if the smartphone’s screen is on, if there is an 

on-going call or if the phone is charging, all of which indicate that 

the smartphone is not worn. Second, we detect the amount of 

movement in last two minutes (looking at the accelerometer data), 

no movement indicates that the smartphone is not present on the 

body. Even if the user is sedentary, we expect some movement in 

two-minute time interval. Third, we check the value of the smart- 

phone proximity sensor, which tells us if there is something close 

to the smartphone which could mean that it is in a pocket. In 

case there is something in proximity, we check if the smartphone 

is completely horizontal (easily determinable from accelerometer 

data), to eliminate the common false positive of the smartphone 

being on the table face down. Nothing in proximity implies that 

the smartphone is not in a bag or a pocket, but we again check 

for one exception - the smartphone being in a breast pocket with 

its top end looking out of the pocket. We do so by checking if the 

smartphone’s orientation is roughly vertical. 

Data from the present devices is sent into the data transforma- 

tion module ( Section 3.2 ). If the presence was not changed, the 

data from the data transformation module is transformed into fea- 

ture vectors for activity analysis and are feed directly into activ- 

ity analysis modules, otherwise the orientation is reset and data is 

transformed into feature vector needed for the walking detection. 

3.5.2. Walking detection 

Walking detection is essential for normalization of the orien- 

tation of the devices. It gives us information about the direction 

of gravity and under assumption that the average acceleration 

during walking corresponds to the Earths gravity we can use it to 

normalize the orientation. 
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Fig. 6. Heuristics for detection of the smartphone’s presence. 

The walking detection is a machine-learning tasks done essen- 

tially in the same way for both devices. The data transformation 

procedure segments the raw data of each present device into sep- 

arate 2-second window and extracts the orientation-independent 

features creating a feature vector. The walking detection model is 

a binary classifier trained to distinguish between walking activity 

and all other activities. While the model classifies 2-second inter- 

vals, the final decision – based on which orientation normalization 

is performed – is made for ten second interval. We assume that 

walking is detected if the four out of five consequent classifica- 

tions are walking. This satisfies the smartphone’ prerequisites for 

orientation normalization and prerequisite to detect the wristband 

gravity along the x-axis (buttons up/down). 

3.5.3. Orientation normalization 

The normalization of the orientation is based on the gravity 

detection. Prerequisite for the normalization is thus the detection 

of walking, which is described in the previous subsection. Let 

�
 a walk = (x walk , y walk , z walk ) be the acceleration vector consisting 

of the average accelerations along the three accelerometer axes 

during ten seconds of walking. 

Orientation normalization is needed for both devices. We have 

seen from practical experience that even if the wristband is always 

worn on the left wrist, it sometimes occurs that the users wear it 

upside down (buttons down), which switches acceleration x-axis 

in opposite direction and therefore inflicts errors in extracted 

orientation-depended features and consequently classification and 

regression errors. 

Wristband orientation normalization uses simple heuris- 

tics to detect vertical direction. We assume that the vector 

�
 a band = (g, 0 , 0) is the preferred acceleration vector when the 

wristband is correctly worn in the vertical direction, while walk- 

ing. To normalize the orientation it is sufficient to check if the 

Fig. 7. Wrist postures. Left is standing posture (A), in the middle is the hand down 

flat on the table posture (B) and on the right is hand down on the side posture (C). 

Table 3 

Wristband axis at different orientations. 

Position Buttons up Buttons down 

Inside Outside Inside Outside 

A (g, 0, 0) (g, 0, 0) ( −g, 0, 0) ( −g, 0, 0) 

B (0, 0, −g) (0, 0, g) (0, 0, −g) (0, 0, g) 

C (Left) (0, −g, 0) (0, −g, 0) (0, g, 0) (0, g, 0) 

C (Right) (0, g, 0) (0, g, 0) (0, −g, 0) (0, −g, 0) 

x-axis is negative and if absolute value exceeds 0.8 g and if it is, all 

further x-axis data from the wristband are multiplied by –1, other- 

wise the orientation in vertical direction is considered as correct. 

In Fig. 7 we present the wrist postures with perfect gravity 

detected. On left is the posture while standing/walking (A), middle 

is the posture while the hand is flat on thetable (B) and on 

the right is the posture while hand is on the side on the table 

(C). Table 3 presents the values per-axis in different orientation 

(buttons up/buttons down and inside/outside) and different wrist 

postures presented in Fig. 7 . We can observe, that it is also pos- 

sible to normalize z- and y-axis. Since our dataset did not include 

such data we only evaluated the x-axis orientation normalization. 

The normalization of the smartphone is more difficult 

since the smartphone can be worn in any orientation. Let 

�
 a smartphone = (0 , 9 . 81 , 0) be the preferred acceleration vector, 

which would be obtained if the smartphones longest side was 

perfectly aligned with the gravity. To normalize the smart- 

phone’s orientation it has to be rotated so that the y-axis of 

�
 a walk corresponds the � a smartphone . The rotation between these two 

vectors is represented with the quaternion matrix R , such that 

�
 a smartphone = R ∗ �

 a walk . To compute R , we adopted the approach by 

Tundo et al. [22] . The procedure is as follows. First, we compute 

the axis-angle pair �
 a pair as the cross product between the pre- 

ferred vector and the walking vector, i.e. � a pair = 

�
 a smartphone × �

 a walk . 

Second, we normalize � a pair by dividing it by its magnitude giving 

us � a norm 

, which is needed for the quaternion construction. Third, 

we use the dot product to compute the angle α between the 

vectors � a smartphone and 

�
 a walk as presented in Eq. (1) . 

α = arccos 
�
 a smartphone · �

 a walk ∥∥�
 a smartphone 

∥∥‖ 

�
 a walk ‖ 

(1) 

Finally, the quaternions are calculated according to Eq. (2) and 

the matrix R is calculated according to Eq. (3) . 

q 0 = cos 

(
α

2 

)
q 1 = sin 

(
α

2 

)
�
 a norm 

· x 

q 2 = sin 

(
α

2 

)
�
 a norm 

· y 

q 3 = sin 

(
α

2 

)
�
 a norm 

· z (2) 
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Table 4 

Recognized activities (most left) per wristband and smartphone when orientation information and location is missing (second group of columns) and 

wristband and smartphone location (third group of columns) and combination of devices (most right) when orientation normalized and location detected. 

O w = wristband without orientation, O s = smartphone without orientation and no location, W = wristband, T = trousers location, J = jacket location, B = 

bag location. In combinations it is assumed that the wristband is also present. 

Activity Single device Combination 

O w O s W T J B T J B 

Rest � � � � × � × × � 

Standing � � � � × × � � ×
Lying × × × × � × � � ×
Sitting × × × × × × � � ×
Upright × × × × � × × × ×
Movement � × � × × × × × ×
Chores × � × � × × � � ×
Walking � � � � � � � � � 

Nordic × × � × × × � � � 

Running � � � � � � � � � 

Cycling × × × � � � � � � 

# 5 5 6 6 5 4 8 8 5 

R = 

[ 

1 − 2(q 2 2 + q 2 3 ) 2(q 1 q 2 − q 0 q 3 ) 2(q 0 q 2 + q 1 q 3 ) 
2(q 1 q 2 + q 0 q 3 ) 1 − 2(q 2 1 + q 2 3 ) 2(q 2 q 3 − q 0 q 1 ) 
2(q 1 q 3 − q 0 q 2 ) 2(q 0 q 1 + q 2 q 3 ) 1 − 2(q 2 1 + q 2 2 ) 

] 

(3) 

Once the matrix R is computed, each sensed acceleration vector 

�
 a original can be normalized to the preferred orientation in real time, 

thus creating the normalized acceleration vector 
→ 

a norm aliz ed using 

the Eq. (4) . 

→ 

a normalized = R ∗ → 

a original (4) 

3.5.4. Location detection 

Once the data is normalized we use machine learning to detect 

the location of the smartphone. 

The data transformation procedure segments the normalized 

data from walking detection into 10-second window and extracts 

the orientation-dependent and orientation-independent features 

creating a feature vector ready to be used in the machine-learning 

task. The location model is trained to distinguish between three 

classes representing the location of the smartphone relative to the 

user’s body. These are the trousers pocket, jacket pocket and bag. 

Location is assumed immediately. 

The wristband location detection is not a subject of this paper, 

but we can conclude that it is feasible to do so according to the 

y-axis when worn on left or right wrist ( Table 3 ). 

3.5.5. Activity recognition 

Activity recognition is a classification machine-learning task. 

The normalized data is processed with data transformation pro- 

cedure and segmented into 2-second windows from which the 

orientation-independent and orientation-dependent features are 

extracted forming a feature vector which is fed into the machine- 

learning classification model. We trained nine location- and 

combination-specific classification machine-learning models, one 

for each device configuration (7 models) and one for each device 

(2 models) to be used before orientation is normalized. The model 

selection therefore depends on the currently present devices and 

on the recognized location of the smartphone if present (device 

configuration). The main reason for differentiating between the 

locations is that the type of motion detected by the accelerometer 

embedded into the smartphone depends on the location where it 

is attached, e.g., the smartphone in trousers pocket does not detect 

the motion of the upper body as much as if the smartphone is in 

the jacket pocket. It is similar when combinations of devices are 

used. It is important to adapt the set of activities to be recognized 

to the location and combination accordingly and to exploit as 

much information as possible. 

All recognized activities are listed in Table 4 . Each row corre- 

sponds to one activity we can recognize, and each column to one 

device configuration. First are the no orientation models followed 

by the seven models according to the device, location and combi- 

nation. We can observe that walking and running are recognized 

with all device configurations, whereas Nordic walking is recog- 

nized only with the wristband or in combination with the wrist- 

band when the orientation is known. Upright activity is one of 

the activities recognized with a single device, the smartphone lo- 

cated in the jacket pocket. It is composed of sitting and standing 

which cannot be distinguished only with an accelerometer placed 

on the persons torso (jacket pockets) due to the same orientation 

and amount of movement. When we add the wristband to the 

jacket-located smartphone, we can distinguish sitting from stand- 

ing, and the number of recognized activities increases from five 

to eight. Since bag is usually not worn indoors (while lying, sit- 

ting), we can observe that the combination of the wristband and 

the smartphone located in a bag can recognize fewer activities as 

than the wristband alone. However with this combination we can 

recognize cycling which cannot be recognized with the wristband 

only. The data in the dataset presented in Section 3.1 contains 33 

activity labels which were first merged into 10 activities (row la- 

bels in Fig. 8 ) and afterwards we merged these activities (colors in 

Fig. 8 ) to optimize the recognition according to the device configu- 

ration (columns in Fig. 8 ). For example, for the device configuration 

T (smartphone placed in trousers pocket) sitting and lying were 

merged into rest because the position of the smartphone is the 

same in both activities, thus impossible to distinguish accurately. 

3.5.6. Estimation of energy expenditure 

Estimation of energy expenditure is a regression machine- 

learning task. The data is segmented into 10-second windows, 

which was adopted as the minimal sensible interval based on our 

previous research. The data transformation module extracts the 

orientation-independent and orientation-dependent features from 

the data stream and includes the recognized activity to form a 

feature vector which is fed into a regression machine-learning al- 

gorithm.The output is the estimated energy expenditure expressed 

in MET. 

We have developed and evaluated two approaches: 

1. Single model approach 

2. Multiple-model approach which utilizes recognized activity for 

decision fusion about model selection 

In single model approach we developed seven regression mod- 

els, one for each device configuration with features extracted from 

all available data. 
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Fig. 8. Merged activities per device configuration. O w = wristband without orien- 

tation, O s = smartphone without orientation and no location, W = wristband, T 

= trousers location, J = jacket location, B = bag location, W_T = wristband and 

smartphone in trousers location, W_J = wristband and smartphone in jacket loca- 

tion, W_B = wristband and smartphone in bag location. 

In the multiple-model approach we developed multiple regres- 

sion models for the device configurations where different sensor 

modalities are available. Our previous research [9] showed that 

energy expenditure estimation performance is improved if similar 

activities with a large range of possible MET values (ambulatory 

activities) and activities with similar range of possible MET values 

have their own regression models, so we trained three models per 

device configuration where different modalities are present. The 

device configurations where only smartphone is present use single 

model approach 

All together we trained 15 models which are as follows: 

• Ambulatory regression models: four models are trained to be 

used when the recognized activity is either walking or running 
• Low regression models: four models were trained to be used 

when low-intensity activities such as lying, sitting, rest are rec- 

ognized 

• Other regression models: seven models were trained to be used 

with all other recognized activities and in case only smartphone 

is present 

Feature vectors of the ambulatory regression models and the 

other regression models are composed of features extracted from 

all available modalities. The feature vector of the low regression 

models are composed of features extracted from the accelerom- 

eters only and not physiological sensors, even if the wristband is 

present. 

The evaluation of both approaches is presented in the 

Section 4.7 . 

4. Evaluation results 

For the comprehensive understanding of the performance of 

our algorithm, we evaluated each task separately in the same 

sequence as implemented. The errors in orientation normalization 

and activity recognition are carried over to subsequent tasks, while 

we evaluated each location separately. The tasks were evaluated 

on the dataset presented in Section 3.1 in the LOPO manner. We 

Table 5 

Results of the AR without orientation and location (W = wristband, S = smartphone, 

# = number of features after feature selection). 

Device Accuracy Kappa F–score # 

Wristband 79.2 0.67 0.63 8 

Smartphone 79.4 0.67 0.50 6 

experimented with six machine-learning algorithms for classifica- 

tion tasks (J48 - decision trees, Support Vector Regression, JRip - 

decision rules, Random Forest, Naive Bayes and IBK - clustering) 

and five for regression task (Support Vector Regression, Multi- 

Layer Perceptron - neural network, Linear Regression, Random 

Forest and RepTree - decision tree) all as implemented in the 

Weka machine-learning suite [58] . We report the results of the 

best performing algorithm only, which was the Random Forest 

algorithm in all classification and regression tasks. 

The results for classification are presented in terms of the clas- 

sification accuracy (the percentage of correctly classified feature 

vectors), the kappa statistic (the homogeneity of the classifica- 

tions) and the F-score measure. The results of regression are 

presented in terms of mean absolute error (MAE), mean absolute 

percentage error (MAPE) and root mean squared error (RMSE). 

4.1. Presence detection 

We evaluated the presence detection on the separate dataset 

presented in Section 3.1 . In 90% of cases, the smartphone was 

correctly identified as being present/not present. The error oc- 

curred only in two cases. The first case was when a person left the 

smartphone on the table and the heuristics needed two minutes 

to decide that the smartphone is not present. These two minutes 

contributed to the error which could be eliminated by identifying 

the two-minute period as not present retroactively, which we 

decided not to do since we wanted a real-time algorithm. The 

second case was when the smartphone was screen-down on a 

non-horizontal surface on a shaking table (while someone is 

typing), as it is very similar to the position when smartphone is 

in a trousers pocket while the person is sitting. 

4.2. No orientation and no location 

These models are used from the time the presence of the 

devices changes until orientation is normalized and location de- 

tected. The results of the classifier trained with Random Forest 

are presented in Table 5 . The accuracy for activity recognition is 

around 79 % for the recognition of the five acti vities as gi ven in 

Table 4 in columns O w 

and O s . The results for kappa shows that 

there is high intra-class variability and that the classification is not 

very stable. This argues for the normalization of the orientation 

and detection of location of the devices. We can also observe that 

after feature selection the number of features decreased from 13 

orientation-independent features to 8 features in the case of the 

wristband and 6 features in the case of the smartphone. 

At this stage we are most interested in recognition of walking 

and the results of the per-class f–score (around 0.8 for individual 

device) indicate that this is feasible with specialized classifier. 

4.3. Walking detection 

The walking detection is performed for both devices separately 

with objective to detect the gravity needed for orientation nor- 

malization of both devices. The classifier was trained on the entire 

dataset on orientation-independent features. The non-walking 

samples were re-labeled with “other”, to create a binary classi- 

fication problem. The results of walking detection for individual 
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Table 6 

Results of the walking and location detection. Walking detection is performed for 

both devices separately and location detection only when the smartphone is present 

(W = wristband, S = smartphone, # = number of features after feature selection). 

Detection Device Accuracy Kappa F-score # 

Walking W 90% 0.76 0.89 6 

S 91% 0.83 0.91 9 

Location S 91% 0.88 0.91 11 

Fig. 9. Confusion matrix for smartphone location detection. 

device are presented in Table 6 . We can observe that we achieve 

accuracy over 90% with only 6 orientation independent features in 

case of a wristband and 91% accuracy with 9 orientation indepen- 

dent features in case of a smartphone. One average we achieve 0.8 

kappa and 0.9 f-score. 

4.4. Orientation normalization 

In this experiment we could evaluate only the accuracy of 

the orientation detection for the wristband. The true smartphone 

orientation could not be clearly defined so we cannot evaluate it. 

We evaluated the heuristics for wristband orientation normal- 

ization on the entire dataset. First we waited for the ten seconds of 

recognized walking, which was detected using the model explained 

in the previous subsection. When walking was detected we used 

the walking data to evaluate the up-down orientation of the wrist- 

band and to normalize x-axis. We achieved 100% accuracy on our 

dataset. The accuracy might decrease in such cases where the hand 

is raised above a head and the movements are miss-misclassified 

as walking. However, we did not have such events in our dataset. 

4.5. Location detection 

The location detection is performed for smartphone only. The 

classification model is trained on the normalized data classified 

as walking from the walking detection ( Section 4.3 ). The feature 

vector is constructed from both orientation-independent and 

orientation-dependent features. The data was labeled with the 

three labels: trousers, jacket and bag which comply with the 

location of the smartphone from which the data was acquired. 

The results for location detection are presented in the bottom row 

of Table 6 . We can observe that feature selection decreased the 

number of features from 90 to 11 which resulted in 91% accuracy 

with high kappa and f-score. Interestingly, only one orientation- 

independent feature remained in the final feature set, other 10 are 

orientation-dependent. 

The confusion matrix is presented in Fig. 9 showing that 

the smartphone at trousers location is best recognized and that 

Table 7 

Results of AR per device configuration. 

Single device Combination 

W T J B T J B 

Accuracy (%) 80 92 80 95 89 85 89 

Kappa 0.75 0.89 0.70 .90 0.87 0.80 0.83 

F-score 0.75 0.78 0.65 0.92 0.89 0.83 0.71 

# activities 6 6 5 4 8 8 5 

Table 8 

Number of orientation independent (O-independent), orientation dependent (O- 

dependent), physiological (Physiological) and machine-learning (Recognized activ- 

ity) for each activity recognition model after feature selection. 

Model Single device Combination 

W T J B T J B 

O-independent 9 4 4 7 10 6 1 

O-dependent 9 12 11 7 15 18 13 

Physiological 3 0 0 0 1 0 1 

Recognized activity 0 0 0 0 2 2 2 

# features 21 16 15 14 28 26 17 

some miss-classification occurs between jacket and bag location, 

probably because both locations are on the torso. 

4.6. Activity recognition 

Activity recognition was evaluated for each device configura- 

tion separately. The activity recognition classification models were 

trained on the normalized data from all scenarios in the dataset 

with different set of merged activities as labels (presented in 

Table 4 and Fig. 8 ). The feature selection procedure returned a set 

of the best performing features to be used in the feature vector. 

The results for each device configuration is presented in Table 7 

and in the form of the confusion matrices in Figs. 10 and 11 . The 

details on the used feature vectors are presented in Table 8 . 

Each model was trained to recognize a merged set of activities 

to find a trade-off between the acceptable accuracy and the num- 

ber of recognized activities. The number of activities per device 

configuration is also presented in Table 7 . The results show that 

the accuracies are mostly over 85% and that kappa and f-score 

also show stability for the evaluated configurations. The results of 

the device configurations are not directly comparable since they 

recognize different number of activities. 

We can observe that for a single device the highest accuracy (6 

activities) is achieved with the classification model for the smart- 

phone in a trousers pocket. The confusion matrix for the same 

model shows that there is a slight miss-classification of chores into 

standing and walking, which is reflected in lower overall f-score. 

This miss-classification is understandable since most of the home 

chores are composed of these two activities and the smartphone 

placement makes the acceleration measurements of upper limbs 

difficult. The wristband classification model achieves 80% accuracy 

and does miss-classifications of standing (mostly standing still 

data) into rest due to no movement in the wrist. The running and 

rest are sometimes miss-classified into movement due to wrist 

movement while performing these activities (gesticulating while 

running, gesticulating while at rest). The jacket classification model 

achieves 80% accuracy and does miss-classification of cycling into 

walking and upright activity. These errors occur because of the 

placement on the torso it is impossible to measure the movement 

of the lower limbs accurately. The classification model for bag 

achieves 95% accuracy since it recognizes only those activities that 

people do when they carry a bag (we excluded lying, eating and 

gardening from the training and testing data). 
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Fig. 10. Confusion matrices when activity recognition is done using single device. 

Fig. 11. Confusion matrices when activity recognition is done using two devices. 

The combinations achieve accuracies towards 90% and can 

recognize from five to eight activities. We can see in the confusion 

matrices, that all models perform well and that there is no large 

miss-classification going on. 

Additionally, the number of remaining features after feature se- 

lection do not surpass 28 (decreased from over 90 in single de- 

vice and over 200 in combination). Table 8 presents the number 

of orientation-independent, orientation-dependent features, phys- 

iological features and in case of combination of devices also the 

number of features which already need machine-learning (recog- 

nized activity by each device). We can observe, that orientation- 

dependent features form the majority of the feature vector which 

is the information gained by normalizing the orientation of the de- 

vice which would otherwise be lost. 

4.7. Estimation of energy expenditure 

Energy expenditure estimation was evaluated for each de- 

vice configuration separately. The energy expenditure estimation 

regression model was trained on the normalized data from all 

scenarios in the dataset labeled with the expended energy as 

measured by the indirect calorimeter Oxycon mobile [53] . 

We evaluated and compared both approaches, the single model 

approach and the multiple-model approach. The results for each 

device configuration is presented in Table 9 and details on the 

feature vector structure used is presented in Table 10 . We first 

compared the results against Bodymedia Fit armband, which is 

one of the most accurate energy expenditure estimation devices 

on the market [51] . Since smartphone only device configurations 

lack the presence of different sensor modalities, they do not meet 

the requirements of multiple-model design. In Fig. 12 we present 

the box-charts where multiple-model approach was applicable. 

The results show that the errors decrease when device config- 

uration combines devices and fuses different modalities from the 

data stream. We can observe that all device configurations out- 

perform Bodymedia armband, probably because Bodymedia arm- 

band is specifically designed for sport exercises and not every day 

activities. The best estimation of energy expenditure is achieved 

Table 9 

Results of energy expenditure estimation errors per device configuration. MAE is 

expressed in MET and MAPE in %. In combination of devices the wristband is always 

present. 

MAE MAPE RMSE 

Single device No orientation no location 

O w 0.94 29 0.98 

O s 1.12 34 1.21 

Single model 

W 0.64 27 0.86 

T 0.67 26 0.92 

J 0.72 34 1.02 

B 0.75 30 1.05 

Multiple model 

W 0.58 25 0.79 

Combination Single model 

T 0.59 25 0.79 

J 0.71 31 0.93 

B 0.57 22 0.74 

Multiple model 

T 0.55 23 0.76 

J 0.59 27 0.82 

B 0.50 18 0.70 

Bodymedia 1.03 37 1.60 

with wristband and smartphone in trousers pocket, for which we 

also present a chart in Fig. 13 for one person and all estimations 

over the duration of the entire scenario (estimations each 10 sec- 

onds). The Fig. 13 / > presents the energy expended in MET as mea- 

sured by the indirect calorimeter (blue line) and estimations as es- 

timated by our multiple-model approach (pink line). We can ob- 

serve that the errors occur when there is significant amount of 

hand movement while light-intensive activity is performed (e.g., 

washing hands) and at the beginning of vigorous-intensive activity, 

since the physiological signal need time to reach the exercise value. 

The box-carts in Fig. 12 present the distribution of error for 

both single-model and multiple-model approach. We can observe 

that when multiple-model approach is used error decreases for 

every device configuration and that the range of error distribution 

narrows, which brings more stable estimations for the activities. 
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Table 10 

Number of orientation independent (O-independent), orientation dependent (O-dependent), physiological (Physiological) and machine-learning (Recognized 

activity) for each energy expenditure estimation model after feature selection. The configuration which utilizes wristband data use multiple-model approach 

(a = ambulatory model, l = low level activity model, o-other model) and other use single model approach (s). 

Model W T J B T J B 

a l o s s s a l o a l o a l o 

O-independent 4 4 4 3 5 6 9 6 7 10 6 8 3 4 1 

O-dependent 14 12 16 10 15 8 15 18 23 16 13 23 10 10 9 

Physiological 3 0 4 0 0 0 3 0 2 3 0 3 2 0 4 

Recognized activity 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

# features 22 17 25 14 21 15 28 25 33 30 20 35 16 15 15 

Fig. 12. Mean absolute error comparison between single model approach and multiple model approach for device configurations where multiple modalities are present per 

recognized activity. 

Fig. 13. The comparison between the ground truth as measured by the Oxycon mobile indirect calorimeter (blue line) and estimates from our approach (pink line) for the 

duration of the entire scenario. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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Table 11 

Comparison of the energy expenditure estimation results in kilo-calories. We evaluate the wristband only device configuration to be comparable to other 

devices. Oxycon measures expended energy and is taken as a ground truth, Bodymedia and Microsoft Band 2 are the estimates from the devices and our 

approach presents the estimates of our approach. The error columns present comparison against the Oxycon mobile measurements. 

Scenario Error 

A B C D E F G H I J Sum AVG 

Oxycon 13 41 7 28 34 23 27 26 35 45 / / 

Bodymedia 10 44 7 35 36 23 29 27 35 26 40 4 

Microsoft band 2 5 13 2 6 10 7 6 7 11 7 202 20 

Our approach 14 44 7 26 34 24 28 24 40 41 19 2 

We compared our results against the Bodymedia armband and 

the Microsoft Band 2 in kilo-calories (kcal). For fair comparison we 

only compare against the results where only wristband is present. 

We chose to compare them in kilo-calories because Microsoft Band 

2 reports the energy expenditure estimations only in this unit and 

the Oxycon mobile indirect calorimeter and Bodymedia armband 

also report kilo-calories. Since our models estimate the energy 

expenditure in METs, we used the Eq. (5) for the conversion of 

estimated METs of our approach to kilo-calories. The results are 

reported in Table 11 for each scenario ( Section 3.1 ) and device. 

We took the Oxycon mobile measurements as the ground truth 

and calculated the sum of errors and an average error for the 

entire scenario for each device (right columns in Table 11 ). From 

the results we can conclude that our approach outperforms the 

compared devices and that Bodymedia approach is comparable 

to our according to the average error in calories. We can observe 

that Bodymedia perfectly estimates the burned kilo-calories while 

running and Nordic walking and has significantly lower error 

compared to Microsoft Band 2, which heavily underestimated all 

activities. This also proves, that the commodity devices available 

on the market are not very accurate and that there is a place for 

improvement. 

kcal = MET s × wight(kg) × time (hours ) (5) 

Additionally, the number of remaining features after feature 

selection do not surpass 35 (decreased from over 90 in single 

device and over 200 in combination). Table 10 presents the num- 

ber of orientation-independent, orientation-dependent features, 

physiological features and in case of combination of devices also 

the number of features which already need machine-learning 

(recognized activity by each device). The configurations in which 

we could not use the multiple-model approach list the number of 

features per single model (s = single model) and the configurations 

in which we use multiple-model approach list the features per 

model (a = ambulatory model, l = low level activity model, o = other 

model). 

We can observe, that the same as in activity recognition, the 

orientation-dependent features form the majority of the feature 

vector. This indicates that the decrease in error was affected by 

the knowledge about the orientation and consequently knowledge 

about the location. 

5. Discussion 

The popularity of smartphones and wrist wearables with built- 

in sensors makes these devices very attractive for activity monitor- 

ing. Indeed, in recent years the popularity of activity-monitoring 

research in which dedicated sensor nodes are replaced with such 

devices has increased. This makes applications of activity moni- 

toring accessible to a broader population. However, the available 

activity monitoring with such devices is either very simple and 

essentially counts the users steps and estimates the energy expen- 

diture accordingly, or is limited to monitoring specific sports activ- 

ities (run trackers) on the users request. The research on a broader 

Table 12 

Gain in number of recognized activities (#), gain in activity recognition (AR) accu- 

racy and decrease in energy expenditure estimation error (EEE) when orientation is 

normalized and the location of the smartphone detected and used as a context for 

selection of the appropriate machine-learning model. 

# AR EEE 

Smartphone + 1 Accuracy + 10% MAE −.32 

Kappa + .26 MAPE −1% 

F-score + .18 RMSE 0.1 

Wristband + 1 Accuracy + 1% MAE −0.45 

Kappa + .08 MAPE −6% 

F-score + .25 RMSE −0.31 

Combination + 3 Accuracy + 8% MAE −0.49 

Kappa + .16 MAPE −9% 

F-score + .18 RMSE −0.34 

range of monitored activities either requires the smartphone to be 

worn at a specific location or mostly uses orientation-independent 

features which limit the recognition and estimation accuracy. 

In this research we explore how to use commercial devices such 

as accelerometer-embedded smartphone, sensor-rich wristband 

or both to achieve comparable results to using dedicated senor 

nodes placed in a predefined manner. Additionally, we perform 

feature selection to decrease the computational complexity of the 

algorithm and explore how to optimally define activities to exploit 

the location and orientation of the smartphone, wristband or both. 

We start with no knowledge about the orientation and location 

of the devices, and use models with orientation- and location- 

independent features. With this approach we can recognize five 

activities with the accuracy of 79 %, kappa of 0.67and f-score from 

0.63 down to 0.5 in the case of the wristband. Once the algorithm 

is provided with the normalized orientation and the detected 

location, the number of recognized activities and the activity 

recognition accuracy increases, while the energy estimation error 

decreases. The results summarizing the impact of orientation 

normalization and location detection are presented in Table 12 

and are further discussed in the rest of this section. 

The activities that can be recognized depend on the locations 

of the available acceletometers. For example, the smartphone ac- 

celerometer has the same orientation during sitting and standing 

if the smartphone is placed on the torso, and during lying and 

sitting if the smartphone is placed in the trousers pocket. To draw 

maximal information from the accelerometer data, different activ- 

ities need to be recognized with different sensor configurations. 

We therefore started with a large set of activities and merged 

some when they could not be distinguished with a given sensor 

configuration. The procedure of merging the activities is presented 

in Section 3.5.5 and the achieved results in Section 4.6 . The av- 

erage number of recognized activities gained by using orientation 

normalization and location detection, averaged across all the 

smartphone locations, is presented in the row marked with # in 

Table 12 , and the gain in the activity recognition accuracy in the 

column AR. We can observe that even with an increased number 

of recognized activities, we achieve an increase in the accuracy of 
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up to 10 percentage points in the case of smartphone alone. In the 

case of the wristband we get a slight increase in the recognition 

accuracy but a significant increase in the f-score. If we fuse the 

data of both devices, we can recognize three more activities (up to 

eight) with a higher accuracy, kappa and f-score. The importance 

of orientation normalization is further explained by Tables 7 and 

12 , where one can see that the majority of features chosen by the 

feature selection are orientation-dependent, but one can only take 

full advantage of such features when the orientation is normalized. 

The comparison of the energy expenditure estimation model 

with orientation normalization and location detection against the 

no-orientation and no-location model shows a large decrease in 

all errors (column EEE in Table 12 ). We start with the average 

MAE of 1.03 MET and decrease it by 0.32 MET in the case of the 

smartphone, by 0.45 MET in the case of the wristband and by 

0.49 MET when both devices are present. The decrease in MAPE 

is from 1 to 9 percentage points and RMSE from 0.1 up to 0.34. 

The contributing factors to the decreased errors are not only the 

information about the location and normalized orientation, but 

also fine-grained activity recognition. Unlike in activity recognition, 

where the direction of the gravity acceleration (contained in the 

orientation-dependent features) is critical for the recognition of 

some activities, the magnitude of the acceleration is more impor- 

tant for energy expenditure estimation. The magnitude is strongly 

affected by the location of the smartphone (e.g., the acceleration 

in the trousers pocket during ambulatory activities is larger than 

in the jacket pocket), so location detection is critical. 

We experimented only with the accelerometer sensor data 

from the smartphone, since our objective was to develop a power- 

efficient application. We believe that the use of additional sensor 

data such as GPS data, Wi-fi signal, etc. would enable us to recog- 

nize an even wider range of activities with a comparable accuracy. 

However, using additional sensors has an impact on the battery 

life, so the algorithm would require mechanisms to manage the 

power via adjusting the active sensors and their frequency, which 

is not a subject of this research. 

6. Conclusion 

We present a real-time activity monitoring algorithm for 

activity recognition and estimation of energy expenditure with 

smartphone and wristband. The design of the algorithm enables 

the activity monitoring with individual device as well as with the 

combination of both. It first detects which devices are present on 

the body, then it expects ten seconds of walking to detect the 

gravity and normalize the orientation of the devices which enables 

the devices to be worn in any orientation. In case the smartphone 

is present it detects the location of the smartphone, which can 

be worn freely on the body (trousers pocket, jacket pocket and 

bag) and uses this information for selection of activity recognition 

classification model. The last step utilizes the information about 

the location of the smartphone and the recognized activity for 

selection of the energy expenditure estimation regression model. 

The output of the activity monitoring algorithm is the performed 

activity and energy expenditure expresses in MET. We use indirect 

calorimeter Oxycon mobile to label the ground truth for estimation 

of energy expenditure. 

We have evaluated each step in the algorithm and compared 

the results of the energy expenditure estimation model against 

two commercial devices. We first compared the resulted estimates 

in MET against Bodymedia armband, which is one of the most 

accurate EE estimation devices on the market and then we com- 

pared the estimates in kilo-calories against Bodymedia armband 

and Microsoft Band 2. The results have shown that our approach 

outperforms both devices and that even though there are many 

commercially available devices on the market for estimation of 

energy expenditure, they might not perform as accurately as 

expected and have room for improvement. 

Accurate activity monitoring is important in domains where 

further decisions about the lifestyle or person-specific recommen- 

dations rely on the user’s physical activity and its intensity. In the 

past, we have used simpler algorithms in health domains, for ex- 

ample, we have used activity monitoring with dedicated wearable 

sensors for monitoring physical activities of schoolchildren (eG- 

ibalec project), patients with chronic heart failure and for diabetes 

patients, for which the quantity of the activity is highly relevant to 

self-manage the disease [59,60] . This paper presents the upgrade 

of these approaches and the presented algorithm is implemented 

into the prototype of the AAL project Fit4Work, pilots of which 

will start soon. The results of the activity monitoring will be used 

to provide person-specific recommendations to older workers and 

help maintain their physical condition in good state. Additionally, 

this algorithm is going to be implemented as an initial algorithm 

for activity monitoring in the H2020 Heartman project. 

The future work first of all includes the development of the 

orientation normalization method for the wristband to normalize 

it along the remaining axis (y-axis and z-axis) and to develop a 

method for detecting whether the person wears the wristband on 

right or left wrist. We will also stay informed about wearable de- 

vices that are coming to the market and adapt the algorithm to use 

them. We currently own activity monitoring datasets (labeled with 

calorimeter) of school-children, younger adults and older workers. 

and we plan to enrich them with disease-specific data and with 

more versatile population regarding age, gender and ethnicity. 
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4.3.2 Dataset

The dataset contains data of six healthy elderly volunteers The volunteers were wearing
a wristband equipped with an accelerometer and a heart-rate sensor. To measure the
true value of the expended energy, they were wearing an indirect calorimeter Oxycon
mobile (“Oxycon Mobile Indirect Calorimeter,” 2017). Since food impacts the metabolic
rate, the volunteers were asked to refrain from eating and drinking (except for water) in
the 12 hours before the data collection procedure. The wristband and Oxycon mobile
data were collected while they performed activities of a predefined scenario (Table 1 in the
included paper) in a controlled environment that resulted in one-and-a-half hours’ worth
of data on average per person to be used for energy expenditure estimation.

For the dataset to be appropriate for the training procedure, it needs to fulfil the
partitioning requirement (see Section 3.2.1). We need to be able to divide the dataset by
person and by some semantic value. The division by people is straightforward, and for the
semantic value we select the recognised low-level activity also presented in the included
paper. The low-level activity recognition is done every 2 seconds and is able to recognise
six activities (running, Nordic walk, standing, rest, walking, movement). The pipeline
presented in the included paper is used for preprocessing and feature extraction for this
experiment.

The amount of partitioned data per person is presented in Figure 4.1 and in Table 4.1.
The left chart in Figure 4.1 presents the number of all examples per person (one example
is a feature vector constructed on a 10-second window) and the right chart is the number
of examples per recognised activity. The amount of examples in terms of their number and
duration in minutes is presented in Table 4.1. Note that the used activities are recognised
by the activity recognition module with 80% accuracy. On average, we have 516 ± 43
examples per person or 86 ± 7 minutes of data per person.

4.3.3 Training Procedure

The dataset is in line with the general requirements presented in Section 3.2.1. It is
partitioned by person and by the recognised activity, which is needed for the training
procedure presented in Section 3.2.3.

4.3.3.1 Data Partitioning

The data partitioning as presented in Chapter 3 is enough to train all needed models
in real-life applications but for the evaluation experiments, we need to divide the data
into additional datasets to ensure data for training the person-specific model, the person-

Table 4.1: Duration in minutes (t) and number of examples (#) per person and recognised
activity for energy expenditure estimation.

Running Nordic Standing Rest Walking Movement
Person # t # t # t # t # t # t

A 31 5 0 0 6 1 132 22 138 23 221 37
B 42 7 66 11 7 1 114 19 195 32 106 18
C 24 4 35 6 22 4 98 16 132 22 125 21
D 0 0 29 5 42 7 121 20 147 25 174 29
E 28 5 40 7 0 0 200 33 143 24 155 26
F 1 0 35 6 0 0 199 33 141 24 149 25
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Figure 4.1: Number of examples per person and per type of recognised activity.

Figure 4.2: Person data divided into datasets used for training the models and evaluation
of the MRAT adaptation.

alisation and the evaluation. In addition to the division of the data to Datasetperson,
Datasetselection and Datasetinclusion (as seen in Chapter 3), we need to allocate data
for personalisation Datasetunlabelled and data used for the evaluation Datasetevaluation.
Datasetunlabelled acts as unlabelled data that should be labelled by the method and the
Datasetevaluation is used to always evaluate the personalised general model on the same
dataset.

Before the division of the data, we have to define the data that will be included in the
person-specific dataset (basic data Section 3.2.2.1). Since this should be collected on the
spot with the person it should be easy for the person to perform. For this experiment, we
defined that the target person should perform 50 seconds of running, 50 seconds of walking
and 50 seconds resting which sums up to 90 seconds of person-specific data to be used
for Datasetperson. The divided data is presented in Figure 4.2 and the three steps of the
division procedure for the experiment are:

1. A small amount of data from the three predefined activities is randomly selected for
Datasetperson (green colour in Figure 4.2).

2. The half of the remaining data per activity is randomly selected for the dataset used
for personalisation Datasetunlabelled (light gray colour in Figure 4.2).

3. The remaining half is randomly divided by thirds per activity and allocated for
Datasetselection (blue colour in Figure 4.2), Datasetinclusion (red colour in Figure 4.2)
and Datasetevaluation (dark gray colour in Figure 4.2).
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Once the data are divided, we can use the folds for training and evaluation of the
required machine-learning models as introduced in the next section. Please note that when
the data of a person are used for training the general model, the Datasetunlabelled becomes
Datasetgeneral.

4.3.3.2 Machine-Learning Model Training

We need to train the four models composing the MRAT. The general model, person-specific
model, the selection model and the inclusion model. We use the divided data as presented
in Section 4.3.2 for training the two regression domain models and the two decision models.

General Model

The general model training procedure is adopted from the included paper. For target
person ptarget, we utilise Datasetgeneral of all remaining people to train the general model
with the Random Forest regression machine-learning algorithm. The evaluation of the
trained domain models is done with the LOPO approach in which we evaluate the mean
absolute error (MAE) of the model on the Datasetevaluation of the left-out subject. MAE
is calculated with Eq. 4.1 in which METtrue represents the MET value as measured with
the indirect calorimeter and METestimated the value as estimated by the trained model.
The sum of differences is divided by the number of observations (n). The results of the
evaluation per person are presented in Table 4.7 (row Initial). We can observe that MAE is
higher for two people (Persons A and E), which increases the overall mean error, resulting
in 0.66 MET.

MAE =

∑n
i=1|METtrue −METestimated|

n
(4.1)

To evaluate the achievable MAE with the given dataset, we incrementally included
correctly labelled examples fromDatasetunlabelled, then retrained and evaluated the general
model. The results per person are presented in Table 4.7 (row Best) and learning curves
in Figure 4.3 in which we marked the initial MAE of the general model and the final MAE
of the general model, both reported in Table 4.7. The learning curves show that the initial
MAE for Persons E and F is close to the error when all data are correctly labelled and
included into the Datasetgeneral, indicating that the personalisation is not necessary. In
case we perform the personalisation for the two people it should not increase the error.
The overall mean MAE for the row Best is 0.52 MAE, which is 0.14 MET lower than
the overall mean MAE of the initial general model. This difference corresponds to our
range of possible improvement. The results of the adaptation procedure are presented in
Section 4.3.4.

Person-Specific Model

The person-specific model was trained with the same feature set and regression machine-
learning algorithm as the general model. The data for training the model were obtained
from the specific dataset (Datasetperson) content of which was described in Section 4.3.3.1.
The person-specific model was evaluated on Datasetevaluation for each individual person.
The mean MAE of the person-specific model evaluation was high (1.13 MET) as expected
since the model was trained only on energy expenditure data of three activities and eval-
uated on energy expenditure data of all six activities for which the personalisation needs
to be performed.
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Figure 4.3: Best achieved mean absolute error with Random Forest Regression while in-
crementally including correctly labelled examples and retraining.

Selection Model

The selection model is trained with a classification machine-learning algorithm. The se-
lection model is trained to decide which of the domain models is more likely to be correct
and should predict the final label for the current example.

The dataset for training the selection model DatasetselectionTemp is generated with the
modified Algorithm 3.3 using data assigned especially for that (Datasetselection in blue in
Figure 4.2). The algorithm is modified to be used for regression domain models from line 10
to 14 in which the algorithm evaluates whether the model correctly labelled the example.
We define a condition under which we consider the label correct. Instead of comparing
the exact value of the labels against the true value (as in is done when the domain models
solve classification task), the condition compares the MAE of the predictions. In addition
to the MAE of the predictions as estimated by the domain models, we introduce a third
option: a mean value of both labels as estimated by the domain models. The condition
compares all three options and labels the example with the option with the lowest MAE
(general, person-specific, or mean). In addition to the statistical features extracted for
the feature vector, we include context features. These are the recognised activity and the
level of intensity (Ainsworth et al., 2011) of the recognised activity. The feature set for
the selection model is marked with a tick in the selection column (S) of Table 4.5 (see
Section 3.2.2.2) and the conversion of MET value into the level of intensity is presented in
Table 4.2.

The selection model can be trained with any classification machine-learning model that
can handle three classes and outputs the prediction confidence. We evaluated five machine-
learning classification algorithms (Random Forest, CART, SVM, Logistic Regression, and
Multi-Layer Perceptron) with the Leave-One-Set-Out (LOSO) approach for training the
selection model in which we train the model on the selection model training data of five
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Table 4.2: Level of intensity according to MET value range.

Intensity MET range
Low MET < 3
Moderate 3 ≤ MET ≤ 6
Vigorous MET > 6

Table 4.3: Evaluation of five machine-learning classification algorithms for training the
selection model for energy expenditure estimation adaptation. SVM – Support Vector
Machine, LogReg – Logistic Regression, MLP – Multi-Layer Perceptron, CART – Decision
Tree, RF – Random Forest.

Majority SVM LogReg MLP CART RF
Mean Accuracy [%] 64 78 78 73 71 82
Std. dev [±%] 1 2 1 3 1 1

people and test on the data of the remaining person. The evaluation is done for each
person, and the mean value is reported in Table 4.3. We can see that the Random Forest
performed the best; thus it is selected for training the final selection model.

Inclusion Model

The inclusion model is trained to decide whether a labelled example should be included
in the Datasetgeneral for retraining the general model or not. The output of the inclusion
model is either "Yes" or "No". The dataset DatasetinclusionTemp used for training the inclu-
sion model is generated with modified Algorithm 3.4 using the data especially assigned for
the inclusion model (Datasetinclusion, in red in Figure 4.2). The algorithm is modified from
lines 13 to 25 in which the algorithm evaluates whether the selected model (by the selection
model) labelled the example correctly and should be included in the Datasetgeneral. Since
we must evaluate the label as provided by a regression model, we need to define the condi-
tion under which we consider the label correct and acceptable for inclusion. We evaluate
the MAE of the label as estimated by the selected model against a predefined threshold,
and if the MAE is lower than the threshold, it is labelled for inclusion ("Yes"); otherwise it
is labelled for rejection ("No"). As in the selection model, we include contextual features
into the features set. The feature set for the inclusion model is marked with a tick in the
inclusion column (I) of Table 4.5 (see Section 3.2.2.2).

The inclusion model can be trained with any classification machine-learning algorithm
that is able to handle the binary classification problem. We evaluated five machine-learning
classification algorithms (Random Forest, CART, SVM, Logistic Regression, and Multi-
Layer Perceptron) with the Leave-One-Set-Out approach for training the inclusion model.

Table 4.4: Evaluation of five machine-learning classification algorithms for training the
inclusion model for energy expenditure estimation adaptation. SVM – Support Vector
Machine, LogReg – Logistic Regression, MLP – Multi-Layer Perceptron, CART – Decision
Tree, RF – Random Forest.

Majority SVM LogReg MLP CART RF
Mean Accuracy [%] 62 81 81 81 82 84
Std. dev [±%] 1 1 2 3 2 2
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Table 4.5: Feature set per decision model used for personalisation of energy expenditure
estimation.

Feature S I Description
CG(labelG) 3 3 Prediction confidence of labelG by G model
CP(labelP) 3 3 Prediction confidence of labelP by P model
Activity 3 3 Recognised activity
Intensity(Activity) 3 3 Intensity of recognised activity
Basic(Activity) 3 3 Is the data of recognised activity used in P model
labelS 3 S model output
CS(labelS) 3 Prediction confidence of labelS by S model

The results are presented in Table 4.4, from which we can see that the Random Forest
performed the best; thus it is selected for training the final inclusion model.

4.3.4 Adaptation Procedure

The models trained as described in the previous section are now combined into the MRAT
method to be used for personalisation of the human energy expenditure estimation model.
We evaluate the procedure in two modes:

• Batch adaptation.

• Incremental adaptation.

In the batch mode, the experiment is set to process all Datasetunlabelled examples
before retraining the general model. The examples that are selected for inclusion are
removed from Datasetunlabelled and the examples that are not selected for inclusion remain
inDatasetunlabelled to be used in the next iteration. In the incremental mode, the retraining
is performed every time a new example from Datasetunlabelled is selected for inclusion. The
adaptation stopping criterion in batch mode is set as a definite number of iteration runs,
and in the incremental mode, it is set as the percentage of discarded examples labelled in
an iteration.

We start with the evaluation of the adaptation procedure in the batch mode in which
we first evaluate how the error value chosen as a condition for training the inclusion model
impacts the personalisation procedure. We have already seen in related work and in Sec-
tion 4.1 (columns ST and TB in Table 5 of the included paper in which the confidence
threshold is set to 100%) that if only the examples with the highest confidence are included
in the Datasetgeneral, it may occur that the general model’s accuracy slightly increases or,
in the worst case, stays the same, since retraining with the most confident examples does
not provide new information to the general model. We started with a conservative range

Table 4.6: Evaluation of the condition value selected for training the inclusion model.

Condition error mean MAE Std. dev.
< 0.1 MAE 0.63 0.20
< 0.2 MAE 0.63 0.20
< 0.3 MAE 0.60 0.14
< 0.4 MAE 0.62 0.19
< 0.5 MAE 0.62 0.20
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Figure 4.4: Selection model decisions per person and iteration for adaptation of human
energy expenditure estimation in the batch setting.

Figure 4.5: The inclusion rate and general model labelling rate per iteration for adaptation
of the human energy expenditure estimation model in batch mode.

where the inclusion model is trained to include an example only in case the error is lower
than 0.1 MET; in the next experiments, we gradually increased the error up to 0.5 MET
and evaluated the performance. The results of these experiments are presented in Ta-
ble 4.6, where we report the overall mean MAE after 3rd iteration of the procedure. We
can see that the most conservative choice of the condition (0.1 and 0.2 MET) slightly de-
creased the overall error by 0.03 MET (from 0.66 MET row Initial in Table 4.7), whereas
the condition set to 0.3 MET results in the overall error decreasing to 0.60 MET. The
conditions of 0.4 and 0.5 MET results in a lower overall error than the most conservative
approach. We can conclude that, similar to classification tasks, if the condition for inclu-
sion is too conservative, the decrease in error may be lower. The best result in the batch
mode was obtained with the condition set to < 0.3 MAE, so we report the results of all
three iterations in column B (batch) of Table 4.7, and use the same condition for training
the inclusion model in the incremental mode.

The adaptation in the batch mode decreased the overall MAE error to 0.60 MET in
the first iteration. In the second and third iteration, the adaptation does not change
the overall MAE; thus, it stays 0.60 MET. The decisions of the selection and inclusion
model are presented in Figure 4.4 and in Figure 4.5. Figure 4.4 shows that the selection
model somewhat equally favours both domain models for making the final prediction and
that mean value (green colour in Figure 4.4) is not selected very often. Figure 4.5 shows
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Figure 4.6: Selection model decisions per person and iteration for adaptation of human
energy expenditure estimation in the incremental mode.

Figure 4.7: The inclusion rate and general model labelling rate per iteration for adaptation
of the human energy expenditure estimation model in incremental mode.

that the number of included examples per iteration is low; more specifically, in the first
iteration only 17% of examples overall are included in the Datasetgeneral, while 6% of the
remaining examples are included in second iteration, and 5% in the third iteration. The
personalisation is successful for all people except for Person F for whom the personalisation
procedure slightly increased the MAE. The reason for this result could be that the initial
error of the general model was already low and that personalisation was not even needed.
The best result was obtained for Person A, whose initial error of the general model was the
highest. The decisions of the selection and inclusion model show that the main portion of
the examples for Person A are included in the first iteration in which the selection model
mostly prefers the person-specific model for labelling the included examples. In the next
two iterations, we can see that the general model mostly labels the included examples,
which indicates that it was personalised. We can also see that for Person E, who has mild
heart failure and is on beta blocker drugs that maintain low heart rate, the adaptation
does not affect the general model performance, probably because the amount of included
examples is to low for such specific case.

In the incremental mode, the error is decreased to 0.62 MET (rows I in Table 4.7) in the
first iteration. The decisions of the selection model per iteration are presented in Figure 4.6
which shoes that thhe selection model favours somewhat equality both domain models for
the final prediction and that average is not selected often. The decisions of inclusion model



4.3. Use Case 3: Human Energy Expenditure Estimation - Regression 89

Table 4.7: Results of the initial general model, selection model and human energy ex-
penditure estimation adaptation in batch and incremental mode per iteration. Labelled-
when all examples are labelled correctly and included for retraining, G – initial general
model, P – person-specific model, S – selection model, A – Average, Batch – batch mode,
Incremental – incremental mode.

Person
A B C D E F Mean Std. dev

Labelled (Figure 4.3) 0.62 0.45 0.50 0.45 0.71 0.41 0.52 0.12
G 0.99 0.62 0.58 0.52 0.79 0.45 0.66 0.20
P 1.58 0.83 1.27 0.88 0.97 1.27 1.13 0.29
S 0.97 0.60 0.59 0.55 0.69 0.50 0.65 0.17
A 1.49 0.84 1.29 0.86 0.94 1.22 1.11 0.26

B
1st iteration 0.80 0.48 0.55 0.51 0.79 0.50 0.60 0.15
2nd iteration 0.77 0.50 0.55 0.49 0.81 0.47 0.60 0.15
3rd iteration 0.74 0.47 0.55 0.48 0.79 0.56 0.60 0.14

I
1st iteration 0.95 0.59 0.48 0.55 0.77 0.44 0.62 0.20
2nd iteration 0.75 0.48 - - - 0.45 0.57 0.15
3rd iteration - - - - - 0.44 0.57 0.15

and the general model labelling rate are presented in Figure 4.7. The overall number of
included examples in the first iteration is low, more specifically 17% of examples, which
is the same as in the first iteration in batch mode. In the incremental mode, we use the
stopping criterion.The three people that include more than 15% of examples proceeded
with the second iteration in which the MAE is decreased to 0.57 MET. The third iteration
is performed only for Person F, which does not change overall MAE. The error results
in Table 4.7 show that we adapt the general model successfully for all people and that
for person C, we achieve a lower error than in the adaptation when all examples from
Datasetunlabelled are correctly labelled and included into the Datasetgeneral.

Comparing the achieved adaptation results against the initial MAE shows that the
overall error is decreased in both modes. In the batch mode, we adapt the general model
for all people except for Person F whose initial error was already low. In the incremental
mode, we achieve lower error for all people; for Person C, we even obtain lower error than
in the case when all examples from Datasetunlabelled are labelled correctly and included
into the Datasetgeneral (row Labelled in Table 4.7). As this was also observed in the
classification task, it indicates that with the MRAT inclusion model, we exclude examples
that do not contribute to decreasing the error. We also include the results of the selection
model and results of choosing the correct label using a heuristic such as average label (row
A in Table 4.7). We can conclude from the results that stacking the domain models instead
of using a heuristic for selection yields better results.

Since the room for improvement in the human energy expenditure estimation domain
is very narrow, the test of significance showed non-significant results. This calls for further
research of MRAT on other regression domains that can result in modifications of the
procedure (e.g., the selection model trained as a regression model, different measure for
inclusion criterion, etc.).

4.3.5 Summary

We evaluated and analysed the MRAT on a human energy expenditure domain. We
describe the training procedure and the selection of the machine-learning algorithm for
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each composing model. The adaptation is done in two modes: the batch mode, in which
we retrain after iteration, and the incremental mode, in which the retraining occurs every
time an example is included in the general model training set.

The domain was very challenging since the initial general model already performed
with low error. We identified one person from the set for whom the estimations using the
initial model stood out in terms of error and who was a good candidate for personalisation
(Person A) of the model using MRAT. We performed the adaptation on all people in the
set and saw that, compared to the classification tasks, the number of included examples is
lower, but the overall result shows that the MRAT decreased the overall error. In case of
the batch mode, we improved the estimations for the person whose error stood out, but
we also increased the error of the person whose initial general model error was the lowest.
In the incremental mode in which we used the stopping criterion, we managed to decrease
the error even further. The overall error decreased, and so did the error per each person.

The MRAT is a good candidate to be analysed and modified in future work. The
low improvement might come from the fact that in this domain we had little room for
improvement. MRAT needs a thorough analysis of the possibility to use the regression
model instead of the classification model for the selection model and to include the dynamic
stopping criterion in the batch mode.

4.4 Use Case 4: Identification Task – Classification

Gait analysis using acceleration data with the goal to identify a person is a research in
the biometrics domain (Nickel, Brandt, & Busch, 2011; Choi, Youn, LeMay, Burns, &
Youn, 2014; Johnston & Weiss, 2015). The research is based on the hypothesis that people
differ according to their walking signature, hence if analysed correctly it can be used for
identification purposes. Moreover, using acceleration data for this purpose is less intrusive
than using video cameras and is as such more appealing.

The identification by analysing the walking signature can be used to grant access to
authorised people, either to the device itself or to the secured environments. For example,
at the entrance to a secured facility, a person takes the device, puts it in the pocket, and
walks in. If the identification and authorisation are successful, the access is granted. Once
the user leaves the facility, the device is left there to be used by other people. We assume
that the device is generating acceleration data while in use. These data can be used for
personalisation of the model which will improve identification.

The research showed that identification from the gait analysis is reasonably accurate if
the training dataset contains various types of walking for each person to be identified. As
in other similar domains, the lack of person-specific data makes it difficult to personalise
and adapt the models in a supervised way. The adaptive approaches to improve the
identification focus on normalisation of the segmented data into step-sized windows to
achieve pace-independent patterns and use them for identification (Juefei-Xu, Bhagavatula,
Jaech, Prasad, & Savvides, 2012; J. H. Wang, Ding, Chen, & Chen, 2012). These methods
take into account only the step size and speed during the regular walk and not during
various types of walking (e.g., walking up the hill, walking while carrying a burden).

In this task, we would like to train an identification model, that will identify a person
regardless of the type of walking. To achieve that we employ MCAT method. The MCAT
is gradually fed six types of walking for the current person. The MCAT performs the
identification using general and person-specific model, then uses the selection model to
decide on the final identification label, and finally, the inclusion model is used to evaluate
the reliability of the prediction to be used for retraining.

There are two types of problems addressed in this task:
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• Introduction of a new label. We add a new person as a new label for which we
perform the personalisation. This is analysed when a single new label is introduced
and when two new labels are introduced.

• Adapt to the a new walking type per person. Personalisation of the identification
model to accurately identify a person regardless of the type of walking performed
(nature of sudden and gradual concept drift Section 1.1).

This task is a special case since in contrast to previous use cases we start with the initial
general model that has low classification accuracy since it does not contain many (or any)
examples that are labelled with the new person identifier we are introducing to the system.
We chose to present this use case to show how MCAT can be used in such cases. In this
use case, we show how MCAT is used when we focus on adapting to a single label that has
many intra-label variations (person is a label that needs to be identified regardless of the
walking type). We extend this to adapting to two labels since this requires the modification
of the data selection for the training procedure. Moreover, we experiment with the case
in which the person-specific model is trained with the machine-learning model that can
handle single class.

The section is structured as follows. We begin with the introduction of the dataset used
in the experiment, then we present training and evaluation of the models composing the
MCAT utilising the training procedure (Section 3.2.3) and finally, we present the evaluation
and analysis of the model personalisation using MCAT.

4.4.1 Dataset

The identification dataset contains smartphone tri-axial acceleration data of six elderly
people (three female and three male). The volunteers carried a smartphone in their trousers
pocket and performed a predefined scenario presented in the included journal paper in
Section 4.3. The scenario was composed of various activities from which we extracted six
types of walking segments and labelled them with a person identifier. The walking types
present the variations inside a single label, the person identifier. The walking types are:

• Casual walk (Casual) – people were instructed to walk casually around the room at
their most comfortable pace

• Slow walk (Slow) – people were on a treadmill walking at 4 km/h

• Normal walk (Normal) – people were on a treadmill walking at 6 km/h

• Walking uphill (Uphill) – people were on a treadmill walking at 3 km/h with 4%
inclination

• Walking while carrying a burden (Burden) – people were on a treadmill walking at
4 km/h and carrying a burden (4 kg or 6 kg, gender-dependent)

• Nordic walk (Nordic) – people were instructed to perform Nordic walk at 6 km/h

The original dataset presented in the included paper contained 10 people, but due to
loss of walking data and due to some peoples’ health constraints (not being comfortable to
perform intenser walking types for a longer period of time), we selected the six people that
had a comparable amount of walking data per type. We denoted the set of people with
Pall (Eq. 4.2). The type and duration of the walking segments in minutes are presented in
Table 4.8. Walking segments are composed of examples. One example is a feature vector
consisting of features extracted from the accelerometer data in a two-second window and
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Table 4.8: Duration in minutes (t) and number of examples (#) per person and type of
walking.

Casual Slow Normal Uphill Burden Nordic
Person # t # t # t # t # t # t

A 10 0.3 87 2.9 88 2.9 0 0 111 3.7 0 0
B 43 1.6 88 2.9 91 3.0 150 5.0 162 5.4 137 4.6
C 0 0 105 3.5 120 4.0 163 5.4 157 5.2 120 4.0
D 12 0.6 92 3.1 103 3.4 157 5.2 155 5.2 141 4.7
E 36 1.2 105 3.5 9.8 3.3 161 5.4 167 5.6 148 4.9
F 43 1.4 99 3.3 103 3.4 0 0 173 5.8 149 5.0

Figure 4.8: Number of examples in the dataset per person and per type of walking.

labelled with the person identifier. The number of examples per person and walking type
is presented in Table 4.8 and in Figure 4.8. Please note that the difference in the amount
of data compared to the data used in Section 4.3 occurs because the data is collected in
the different stage of the pipeline presented in the included paper. We observed that the
number of examples varies among the people and that, in some cases, there are no examples
for certain types of walking (due to health constraints or loss of data). On average, we
have 606 ± 162 examples per person or 20.2 ± 5.4 minutes of data per person.

Pall = {A,B,C,D,E, F} (4.2)

4.4.2 Training procedure

The dataset is in line with the general requirements presented in Section 3.2.1. It can be
partitioned by person and by type of walking, which is needed for the training procedure
presented in Section 3.2.3.

4.4.2.1 Data partitioning

The data partitioning as presented in Chapter 3 is enough to train all needed models in real-
life applications. For evaluation experiments, we need to divide the data into additional
datasets to ensure data for training the person-specific model, the personalisation and
the evaluation since we are simulating the target person. In addition to the division of
the data to Datasetperson, Datasetselection and Datasetinclusion (as seen in Chapter 3), we
need to allocate data for personalisation Datasetunlabelled and data used for the evaluation
Datasetevaluation. Datasetunlabelled acts as unlabelled data that should be labelled by the
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method and the Datasetevaluation is used to always evaluate the personalised general model
on the same dataset.

Before the division of the data, we have to define the data that will be included in
the person-specific dataset. Since this should be collected on the spot with the person
it should be something easy to perform. For this experiment, we defined that the target
person should perform 10 seconds of casual walk, 10 seconds of normal walk and 10 seconds
walking up the hill which sums up to 30 seconds of person-specific data to be used for
Datasetperson. This represents the first difference compared to use cases presented in
previous sections. We select different variations of the same class to be included in the
Datasetperson and not data of different classes as seen previously. The divided data for a
single person are presented in Figure 4.9. The division procedure is done in three steps:

1. Randomly select examples per defined type for Datasetperson (green colour in Fig-
ure 4.9).

2. Randomly select half of the remaining examples for Datasetunlabelled (light gray
colour in Figure 4.9).

3. Randomly select one-third of the remaining examples for Datasetselection (blue colour
in Figure 4.9), third for Datasetinclusion (red colour in Figure 4.9) and third for
Datasetevaluation (dark gray colour in Figure 4.9).

Once the data are divided, we can use the datasets as folds for training and evaluation
of the required machine-learning models as introduced in the next section. Please note
that when the data of a person are used for training the general model, Datasetunlabelled is
used as Datasetgeneral.

4.4.2.2 Machine-Learning Model Training

We need to train four models for the MCAT method: the general model, the person-
specific model, the selection model, and the inclusion model. We use the partitioned
datasets presented in the previous section for training and evaluation of the individual
models. We adopt the preprocessing module with the feature extraction for the domain
models from the included paper in Section 4.3 (Cvetković et al., 2017). The feature vector
is composed of features extracted for accelerometer , the label (class) of the feature vector
is the respective person identifier.

We evaluate the MCAT for personalisation of the identification model in two separate
tasks: the adaptation of the model to identify one new person (single person adaptation),

Figure 4.9: Person data divided into datasets used for training the models and evaluation
of the adaptation.



94 Chapter 4. Evaluation

Table 4.9: The evaluation of five machine-learning classification algorithms for training
the general model in a simulation of adaptation using correctly labelled examples. SVM –
Support Vector Machine, LogReg – Logistic Regression, MLP – Multi-Layer Perceptron,
CART – Decision Tree, RF – Random Forest.

SVM LogReg MLP CART RF
Mean Accuracy (25% examples) 43 32 7 52 64
Mean Accuracy (50% of examples) 62 58 14 74 76
Mean Accuracy (75% of examples) 73 68 17 80 81
Mean Accuracy (100% of examples) 84 73 30 85 89

followed by adaptation of the model to identify two new people (two-people adaptation).
We choose to present both experiments because of the important difference in the number
of classes in the person-specific model. Training of each model is composed of the selection
and evaluation of the machine-learning algorithm.

General Model

The aim is to use the MCAT method to gradually include self-labelled examples into the
Datasetgeneral and retrain the general model, thus introduce person-specific examples to
the model and increase its identification accuracy.

To train an efficient initial general model, we need to define the feature set and select
the best performing machine-learning model for the task. The feature set is adopted from
our previous research (Section 4.3 (Cvetković et al., 2017)). As mentioned before, the
feature vector is composed of features extracted from the accelerometer, and the label is
the respective person identifier. The selection of the machine-learning model is slightly
difficult in this task. Since we are about to introduce a new label (person identifier) to the
model, the Datasetgeneral does not contain this label, so the common Leave-one-person-out
(LOPO) approach to evaluate machine-learning models is not appropriate. For example,
the general dataset is able to identify five people, but we would like to test the model
in identifying the sixth person (LOPO), this will always result in misclassification. We
choose to evaluate the machine-learning algorithms for training the general model in a
simulated personalisation procedure in which we start with a general model trained on
Datasetgeneral (Pgeneral= Pall\ Ptarget) that has no examples of the target person (no
examples labelled with the target person identifier) and incrementally include correctly
labelled examples from Datasetunlabelled for target person and evaluate the general model
on Datasetevaluation of the target person. We evaluate five classification machine-learning
algorithms as implemented in the Scikit-learn library (Random Forest, CART, SVM, Lo-
gistic Regression, Multi-Layer Perceptron) for Python (Pedregosa et al., 2011). The results
are presented in Table 4.9. We present the mean accuracy achieved by each algorithm when
25%, 50%, 75%, and 100% of the examples from the Datasetunlabelled are used for retrain-
ing. We can observe that CART and Random Forest achieve comparable final results and
that in each section Random Forest outperforms CART by a few percentage points. Most
importantly, Random Forest achieves good results even with 25% of data. We choose the
Random Forest algorithm for all general models we train for the identification task. The ac-
curacy while incrementally including correctly labelled examples in the Datasetgeneral and
retraining the general model is presented in Figure 4.10 for every person. The charts also
include marks (red circles) that indicate when the new walking type was introduced for
retraining.

In single-person adaptation, we introduce a new label to the model and as presented
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Figure 4.10: Accuracy achieved while incrementally including correctly labelled examples
and retraining with Random Forest.

in Chapter 3 (Section 3.2.2.1), in this case we merge the Datasetgeneral of the five remaining
people (Eq. 4.3) with target person’s (ptarget) Datasetperson for training the initial general
model (Eq. 4.4). This extends the number of labels in the initial general model with
the Random Forest algorithm which yields initial mean accuracy of 8%±6%. The initial
accuracies per person will be elaborated in Section 4.4.3. In two-people adaptation, the
initial Datasetgeneral is composed of the data for four remaining people Pgeneral (Eq. 4.5 and
Eq. 4.6) target persons Datasetperson for training the initial general model (Eq. 4.7) with
the Random Forest algorithm. This introduces the two new labels to the initial general
model. The initial mean accuracy of the general model is 14%±8%. The initial accuracies
per person will be elaborated in Section 4.4.3.

Pgeneral = Pall \ {pi} (4.3)

Datasetgeneral =
⋃

pk∈Pgeneral

Datageneral(pk) ∪ Dataperson(pi) (4.4)

Ptarget = {pi, pj} (4.5)

Pgeneral = Pall \ Ptarget (4.6)

Datasetgeneral =
⋃

pk∈Pgeneral

Datageneral(pk) ∪
⋃

pl∈Ptarget

Dataperson(pl) (4.7)
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Table 4.10: Evaluation of machine-learning algorithms to be used for person-specific model.

Random LOF OneClassSVM
Mean Accuracy [%] 16.7 54.3 75.0
Std. deviation [±%] 4.0 8.3 2.8

Table 4.11: Evaluation of five machine-learning classification algorithms for training the
person-specific model for adaptation of two people. SVM – Support Vector Machine,
LogReg – Logistic Regression, MLP – Multi–Layer Perceptron, CART – Decision Tree, RF
– Random Forest.

Majority SVM LogReg MLP CART RF
Mean Accuracy [%] 44 56 83 52 80 84
Std. dev [±%] 9 13 19 10 26 11

Person-Specific Model

For person-specific models, we take the Datasetperson for the target person. The content of
Datasetperson was introduced in Section 4.4.2.1. The training of the person-specific model
is done with the best performing machine-learning classification algorithm for the task,
which is evaluated on Datasetevaluation.

In single-person adaptation, the specific dataset contains data of only one person,
therefore it is able to identify only one person. The person-specific model needs to be
trained with a machine-learning algorithm that can handle one-class classification and
outputs the prediction confidence (label probability). We evaluated the Local Outlier Fac-
tor (LOF) algorithm and One Class Support Vector Machine (OneClassSVM) (Schölkopf,
Williamson, Smola, Shawe-Taylor, & Platt, 1999) algorithms as implemented in the Scikit-
learn library for Python, and compared the results against a random output. The evalu-
ation of the accuracy of the person-specific model is done on the Datasetevaluation for the
currently evaluated person. The results are presented in Table 4.10 from which we see that
OneClassSVM returned the highest accuracy for the task, making it the final algorithm
for training the person-specific model for single-person adaptation.

In two-people adaptation, theDatasetperson contains data of the two people ({ptargeti ,
ptargetj}) for which the adaptation is performed. There are 15 unique combinations of two
people for which we train the person-specific model. The person-specific model can be
trained with any machine-learning algorithm that can handle binary classification and
outputs the prediction confidence. We evaluated five machine-learning classification algo-
rithms: Random Forest, CART, SVM, Logistic Regression, and Multi-Layer Perceptron.
The evaluation was done on Datasetevaluation for the {ptargeti , ptargetj}. The results are
presented in Table 4.11. The Random Forest, CART, and Logistic Regression return a
comparable accuracy. We choose the Random Forest algorithm, which scored 84% mean
accuracy.

Selection Model

The selection model is trained to decide which of the domain models is more likely to be
correct and should provide the final class prediction for the current example. The dataset
for the selection model (DatasetselectionTemp) is generated with Algorithm 3.3 using data
assigned especially for the selection modelDatasetselection (blue in Figure 4.9). The features
used in the feature set of the selection model are presented in column S of Table 4.14 (also
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Figure 4.11: Selection and inclusion model training data division for single-person adap-
tation.

Table 4.12: Evaluation of five machine-learning classification algorithms for training the
selection model for single-person adaptation (S) and for two-people adaptation (T). SVM
– Support Vector Machine, LogReg – Logistic Regression, MLP – Multi-Layer Perceptron,
CART – Decision Tree, RF – Random Forest.

Task Measure Majority SVM LogReg MLP CART RF

S Mean Accuracy [%] 50 50 89 50 95 87
Std. dev [±%] 1 2 17 4 1 3

T Mean Accuracy [%] 61 82 91 88 92 91
Std. dev [±%] 1 2 1 2 1 2

see Section 3.2.2.2). The model can be trained with any classification machine-learning
algorithm that can handle binary classification and outputs the prediction confidence.

The difference between generation of the Datasetperson in single-person adaptation
and two-people adaptation is in the exclusion of person data from the Algorithm 3.3.
In the single-person adaptation, we exclude the single target person and run the procedure
generating theDatasetperson and training the selection model on the remaining data as pre-
sented in Section 3.2.3. In the two-people adaptation, we exclude the pair of target people
and run the Algorithm 3.3 on the remaining data, in each repetition taking two people as
a temporary target pair. The training procedure for single-person adaptation is presented
in Figure 4.11 and the training procedure for two-people adaptation in Figure 4.12.

The output of a repetition is a Datasetselectionfor the ptemp in case of single-person
adaptation and for the {ptempi

, ptempj
} in case of two-people adaptation. The outputs

of all repetitions are merged into the DatasetselectionTemp, which is then used for training
the final selection model for the target person ptarget. For the evaluation we perform the
Leave-One-Set-Out (LOSO) approach in which we train the selection model on outputs
of all repetitions excluding one, which we use for evaluation. This procedure is repeated
for each ptempand {ptempi

, ptempj
}. We evaluated five machine-learning classification algo-

rithms (Random Forest, CART, SVM, Logistic Regression, and Multi-Layer Perceptron)
on Dataevaluation for the ptemp in single-person adaptation and for {ptempi

, ptempj
} in two-

people adaptation in each repetition. The results are presented in Table 4.12. The results
for single-person adaptation are in first two rows marked with S and the results for two-
people adaptation in bottom two rows marked with T. We chose CART algorithm in both
tasks.

The analysis of the trees trained with CART in single-person adaptation show that the
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Figure 4.12: Selection and inclusion model training data division for two-people adaptation.

most important feature is the person-specific model’s prediction confidence in its own label
CP(labelP); if it is too low, the general model should be selected for the final labelling. The
next most important feature is the Basic(labelG), which tells the specific model whether
the label predicted by the general model is the one that can be predicted by the person-
specific model (see Section 3.2.2.2). If it is, then the person-specific model is selected for the
final labelling; otherwise, the general model should label the example. The analysis of the
trees trained with CART in two-people adaptation show that the most important feature
is the person-specific model’s prediction confidence in label as predicted by the general
model CG(labelG) (see Section 3.2.2.2); if the confidence is low, then the general model is
selected for final labelling. The next most important feature is the person-specific model’s
confidence in its own label CP(labelP). If the confidence is high, then the person-specific
model predicts the final label; otherwise, the general model does.

Inclusion Model

The inclusion model is trained to decide whether the currently labelled example should
be included in the general dataset and used for retraining the general model or not. The
output of the inclusion model is either “Yes” or “No”. The dataset for the inclusion model
DatasetinclusionTemp is generated with Algorithm 3.4 using data assigned especially for the
inclusion model Datasetinclusion (red in Figure 4.9). The features used in the feature set
of the inclusion model are presented in column I of Table 4.14 (see Section 3.2.2.2). The
inclusion model can be trained with any classification machine-learning algorithm that can
handle binary classification.

The same as in training the selection model, the difference between generation of the
Datasetinclusion in single-person adaptation and two-people adaptation is in the
exclusion of person data from the Algorithm 3.4. In the single-person adaptation, we
exclude the single target person and run the procedure generating the Datasetinclusion and
training the inclusion model on the remaining data as presented in Section 3.2.3. In the
two-people adaptation, we exclude the pair of target people and run the Algorithm 3.4 on
the remaining data, in each repetition taking two people as a temporary target pair. The
training procedure presented in Figure 4.11 and Figure 4.12 also applies for training the
inclusion model.

The output of a repetition is a Datasetinclusionfor the ptemp in case of single-person
adaptation and for the {ptempi

, ptempj
} in case of two-people adaptation. The outputs

of all repetitions are merged into the DatasetinclusionTemp, which is then used for training
the final inclusion model for the target person ptarget. For the evaluation we perform the
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Table 4.13: Evaluation of five machine-learning classification algorithms for training the in-
clusion model for the single-person adaptation (S) and for two-people adaptation (T). SVM
– Support Vector Machine, LogReg – Logistic Regression, MLP – Multi-Layer Perceptron,
CART – Decision Tree, RF – Random Forest.

Task Measure Majority SVM LogReg MLP CART RF

S Mean Accuracy [%] 65 89 93 34 98 97
Std. dev [±%] 1 4 1 1 0.1 1

T Mean Accuracy [%] 73 85 88 90 98 98
Std. dev [±%] 1 2 1 2 1 1

Table 4.14: Feature set per decision model used for personalisation of identification task.

Feature S I Description
CG(labelG) 3 3 Probability of labelG by G model
CP(labelP) 3 3 Probability of labelP by P model
CG(labelP) 3 3 Probability of labelP by G model
CP(labelG) 3 3 Probability of labelG by P model
Basic(labelG) 3 3 Can be labelG recognised by P model
Equal(labelG,labelP) 3 3 Are labelG and labelP equal
labelS 3 S model output
CS(labelS) 3 Probability of labelS by S model

Leave-One-Set-Out (LOSO) approach in which we train the inclusion model on outputs of
all repetitions excluding one, which we use for evaluation. This procedure is repeated for
each ptempand {ptempi

, ptempj
}. We evaluated the same five machine-learning classification

algorithms in the same way as in the selection model training experiments. The results
are presented in Table 4.13. The results for single-person adaptation are in first two rows
marked with S and the results for two-people adaptation in bottom two rows marked
with T. We chose CART algorithm in both tasks. We can observe that in single-person
adaptation, CART, Random Forest, and Logistic Regression return comparable results.
But since CART returned slightly better results than the Random Forest, we chose it for
training the final inclusion model in single-person adaptation. Similar results are observed
in two-people adaptation, we chose CART as a final machine-learning algorithm since it
was also selected in all previous decision models.

The tree analysis of the inclusion models per target user (single-model adaptation)
shows that the most important feature is the prediction confidence in the label as predicted
by the person-specific model (CP(labelP)). If the confidence is too low, then the example
is not included in the Datasetgeneral; if it surpasses a threshold, then the tree examines
whether the general model’s label is basic (Basic(labelG). If it is Basic, then the example is
not included in the Datasetgeneral. If it is not Basic, the label is evaluated for CG(labelG),
and if it surpasses a threshold, it is selected for inclusion and not otherwise. In two-people
adaptation, the tree analysis shows that the most important feature is the person-specific
model’s prediction confidence in its own label (CP(labelP)). If the confidence is high
enough, then the only reason for not including the example in the Datasetgeneral occurs
if the selection model decided that the general model should give the final label of the
example ( = General). If the probability is lower than a threshold, the example is included
in case the selection model selects the general model for the final label and the general
model’s confidence in the label predicted by the person-specific model is low (CG(labelP)).
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4.4.3 Adaptation Procedure

The trained models as presented in Section 4.4.2.2 are now used in the MCAT procedure
for adaptation and personalisation. We evaluate the MCAT for adaptation of the general
model to a single person and to two people.

The adaptation is evaluated for each ptarget in single-person adaptation task and for
each pair {ptargeti , ptargetj} in two-people adaptation. We analyse the adaptation procedure
in terms of inclusion rate, the number of instances included in the Datasetgeneral and in
terms of the retraining accuracy.

For each target person ptarget or a pair of target people {ptargeti , ptargetj} we train an
initial general model, person-specific model, selection and inclusion model as introduced
in Section 4.4.2.2. The input to the MCAT is the Datasetunlabelled (Figure 4.9) of current
target people. We experiment in two modes to compare the speed and the success of the
adaptation. The modes are:

• Batch adaptation.

• Incremental adaptation.

In batch mode, the experiment the MCAT evaluates all examples inDatasetunlabelled be-
fore retraining. The examples selected for inclusion are removed from the Datasetunlabelled,
while the examples that are not selected remain in the Datasetunlabelled to be used in the
next iteration. In the incremental mode, the retraining is performed every time a new
example from Datasetunlabelled is selected for inclusion. The adaptation-stopping criterion
in the batch mode is set as a definite number of iterations; in an incremental mode, it can
be set as a percentage of examples labelled by the general model compared to a percent-
age of examples labelled by the specific model or as a percentage between included and
discarded examples in one iteration. We set the stopping criterion to 85% of discarded
examples in one iteration. The percentage was chosen experimentally. A lower value can
make the adaptation stop too quickly, whereas a higher value can make the adaptation
loop indefinitely.

4.4.3.1 Single-Person Adaptation

We start with training the initial general model to be used in both modes. The initial
accuracy of the general model is, therefore, the same in both modes and is presented in
Table 4.15 for each person (row Initial). Next, we evaluate the impact on accuracy when
the selection model is used without adaptation (row Selection mode). The results show
an increase compared to the initial accuracy of the general model, which is an important
starting point for successful adaptation and personalisation of the general model. The rest
of the results are divided into groups per mode in which the adaptation is performed. The
first group of results are from the batch mode adaptation (rows B) and the second group
from the incremental mode (rows I).

The adaptation in the batch mode is performed in three iterations. In the first itera-
tion, the method processed the entire Datasetunlabelled for the current target person and
selected the examples which are included in the Datasetgeneral; the discarded examples
are input into the second iteration. The decisions of the selection model per iteration are
presented in Figure 4.13. The Figure shows how many times the selection model chose each
domain model for final prediction of the label for the included examples. Additionally, we
show the inclusion rate and the general model labelling rate per iteration in Figure 4.14.
The inclusion rate shows the percent of included examples per iteration from the entire
unlabelled set in the 1st iteration and from the remaining set of unlabelled examples in
the 2nd and 3rd iteration. The general labelling rate presents the percentage of included
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Figure 4.13: Selection model decisions per person and iteration in single-person adaptation
in batch mode.

Figure 4.14: Inclusion and general model labelling rate per iteration for single-model adap-
tation in the batch mode.

Figure 4.15: Selection model decisions in single-person adaptation per person and iteration
in incremental mode.

examples that were labelled by the general model. The accuracy results per iteration are
presented in row B in Table 4.15.

The first iteration includes 65% of the examples overall in the Datasetgeneral, which is
presented in the first rows in heat maps in Figure 4.14. Figure 4.13 and the second heat map
in Figure 4.14 shows that the person-specific model is selected for labelling the included
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Figure 4.16: Inclusion and general model labelling rate per iteration for single-person
adaptation in the incremental mode.

examples more often than the general model (20% of included examples are labelled by the
general model). The evaluation results after the first iteration in batch mode (Table 4.15)
show that the accuracy of the retrained general model surpasses the accuracy of using
only the selection model without adaptation for all target people except for Person F.
The heat map shows that the inclusion rate for Persons B and C is lower than for the
rest of the people. The analysis of these two events shows that the reason is in the lower
accuracy of the selection model (Selection model row in Table 4.15) and good judgement
of the inclusion model. The general model labelling rate heat map shows that, in the case
of Person D, the general model is selected for labelling the included example more often
than the person-specific model, which can be explained by the accuracy achieved by the
initial general model (Initial general model row in Table 4.15) due to this person having a
significant difference in the way they walked due to a hip disease.

In the second iteration (second bars per person in Figure 4.13, the second row of heat
maps in Figure 4.14 and row B 2nd iteration in Table 4.15), as well as the number of
included examples, remain high (65%), but the examples that are included are labelled
only by the general model, which indicates that the retrained general model is already able
to perform the domain task on its own. The accuracy increases for each target person. The
examples that are not included in the second iteration are used as the input into the third
iteration (third bars per person in Figure 4.13, the third row of heat maps in Figure 4.14
and row B 3rd iteration in Table 4.15). In the third iteration, only 30% of the remaining
examples are included in the Datasetgeneral and the general model labels all the examples.
The accuracy of the general model slightly increases, achieving the mean accuracy of 86.6%,
which is two percentage points lower compared to the achievable accuracy when all data
are correctly labelled and used for retraining (row Labelled Table 4.15).

The adaptation in the incremental mode retrains the general model every time an
example is included in the Datasetgeneral, and the retrained general model is immediately
used as a domain model for the task. The stopping criterion in the incremental mode is set
according to the ratio between the included and discarded examples in one iteration. The
adaptation is stopped once the number of discarded examples represents more than 85%
of all examples in the iteration. The adaptation for all people meets this criterion after
the third iteration. The accuracy results per iteration are presented in row I in Table 4.15.
The decisions of the selection model per iteration are presented in Figure 4.15 in terms of
which domain model labelled the included example. Heat maps in Figure 4.16 show the
inclusion and general model labelling rate per iteration.

The input to the first iteration is Datasetunlabelled for the target person, while the
discarded examples are used in the next iteration. Compared to the batch mode, we can
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Figure 4.17: The accuracy of the general model in incremental mode. The accuracy was
evaluated after each example was included into the Datasetgeneral and the general model
retrained.

Table 4.15: Results of the initial general model, selection model, and single-person adap-
tation in batch and incremental mode per iteration. The last row presents the achievable
accuracy if all examples are labelled correctly and included into the Datasetgeneral.

Person
A B C D E F Mean Std. dev

Initial general model 18.0 0.8 8.5 34.0 6.9 7.5 12.6 11.8
Person-specific model 32.2 32.8 13.2 14.5 41.8 38.3 28.8 12.1
Selection model 70.5 53.6 48.8 68.5 70.2 77.6 64.9 11.1

B
1st iteration 80.3 76.0 60.5 92.7 81.7 66.4 76.3 11.5
2nd iteration 91.8 88.8 75.2 95.2 87.0 72.0 85.0 9.3
3rd iteration 93.4 90.0 79.1 - 89.3 72.9 86.6 8.8

I
1st iteration 91.8 85.6 73.6 92.7 87.0 70.1 83.5 8.6
2nd iteration 93.4 88.8 76.7 95.2 87.8 71.0 85.5 8.7
3rd iteration - 89.6 81.4 - 89.3 73.8 87.1 7.4
Labelled (Figure 4.10) 91.8 96.0 85.2 95.1 90.1 73.8 88.7 8.3

observe that the number of included examples in the first iteration increases to 83% and
that the general model is more often selected for the final labelling (79% of examples),
which indicates faster adaptation. The mean accuracy of the general model increases up
to 83.5% after the first iteration. In the second iteration, 53% of remaining examples are
selected for inclusion, and the included examples are labelled by the general model only.
The third iteration is final since the inclusion rate discards more than 85% of the remaining
examples for all people (see third rows of heat maps in Figure 4.16). Interestingly, even
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Figure 4.18: The first two components of the Principal Component Analysis for included
and discarded examples.

though some examples are not included in the Datasetgeneral, the final accuracy for Persons
E and F is comparable to the accuracy when all data are correctly labelled and included
in the Datasetgeneral. In case of Person A, we can see that the achieved accuracy surpasses
this. The reason may be that the MCAT discards the noisy examples that do not contribute
to the accuracy. We also present the change in accuracy over the duration of the entire
procedure in the incremental mode for each target person in Figure 4.17. The charts
present the evaluated accuracy of the general model; every time a new example is added
into the Datasetgeneral, the circles present the beginning of the iteration.

The analysis of the included examples per iteration, as well as discarded examples, are
presented in Figure 4.18. Examples from the general dataset are presented with grey marks,
while those included in the first iteration have red marks, those in the second iteration have
green marks, those in the third iteration have orange marks, and discarded examples have
blue marks. We can see that, in the first iteration, the method includes examples from
the entire decision space, including those that are not covered with the general model and
were correctly classified by the person-specific model. In the second and third iterations,
the method focuses on including the examples that overlap with those from the general
model. This subset is perceived as examples that are hard to label. The general model
needs to be adapted to some extent (first iteration), to get a positive decision from the
inclusion model.

We also evaluated the statistical significance of each step against the procedure for
both modes. The evaluation was performed with one-way ANOVA method (Montgomery
& Runger, 2003), and the results are presented in Table 4.16. The statistically significant
pairs are marked with 3 (the p-value is lower than 0.05), and statistically insignificant pairs
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are marked with 7 (the p-value is higher than 0.05). We can observe that the accuracies of
all steps are statistically significantly higher compared to the accuracy of the initial general
model. The increase in accuracy compared to the selection model achieves statistical
significance in the second iteration in the batch mode and first iteration in the incremental
mode. The increase in accuracy between iteration steps is not statistically significant.

Table 4.16: The evaluation of the statistical significance between the initial general model
and the accuracies achieved when using the selection model without adaptation or after
each iteration of the adaptation with MCAT. B – batch mode, I – incremental mode.

Initial G S model 1st iteration 2nd iteration 3rd iteration

B

Initial G - - - - -
S model 3 - - - -
1st iteration 3 7 - - -
2nd iteration 3 3 7 - -
3rd iteration 3 3 7 7 -

I

Initial G - - - - -
S model 3 - - - -
1st iteration 3 3 - - -
2nd iteration 3 3 7 - -
3rd iteration 3 3 7 7 -

4.4.3.2 Two-People Adaptation

The methodology is the same as in single-person adaptation. We start with training all
models as presented in Section 4.4.2.2 for two-people adaptation and then we proceed with
the adaptation in batch and incremental mode. The accuracy of the initial general model
is the same in both modes and is presented in column G in Table 4.17. Next, we evaluate
the contribution of the selection model to the accuracy (column S in Table 4.17). We
can see that the selection model already improves the labelling accuracy compared to the
initial general model, which is fundamental for the successful adaptation and personalisa-
tion of the general model. As in single-person adaptation, we also evaluated the increase
in accuracy if all examples from the Datasetunlabelled for the pair of target people were
correctly labelled and included into the Datasetgeneral used for retraining. The results of
this evaluation are presented in the Labelled column in Table 4.17. The rest of the results
are divided into groups per mode: the results in the Batch columns are from the batch
mode adaptation and those in the Incremental columns are from the adaptation in the
incremental mode.

The adaptation in the batch modes is performed in three iterations. In the first itera-
tion, the method processed the entireDatasetunlabelled for the current pair of target persons
and chose the examples that are included in the Datasetgeneral, while the discarded exam-
ples are input into the second iteration. The results of the selection model decisions on the
final labelling per iteration are presented in Figure 4.19. The inclusion rate and general
model labelling rate per iteration are presented in heat maps in Figure 4.20. The accuracy
results are presented in column Batch 1st in Table 4.17. The results after the first iteration
show that the adaptation improves the overall accuracy compared to the selection model
results for five percentage points. From Figure 4.19 and Figure 4.20, we see that 87% of
examples overall are selected for inclusion in the first iteration, and that the majority of
these examples are labelled with the person-specific model. The discarded examples are
fed into the second iteration. The results of the second iteration show an increase of the
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Figure 4.19: Selection model decisions per iteration and per people pair in two-people
adaptation in batch mode.

Figure 4.20: The inclusion and general model learning rate for two-people adaptation in
the batch mode.

overall mean accuracy for two percentage points compared to the first iteration, but the
accuracy for two pairs (AB and EF) experienced a minor decrease (less than one percentage
point). The percentage of included examples remains high (76%), but the decision of the
selection model shows that it mostly favoured the general model for labelling the included
examples. The discarded examples are processed in the third iteration in which only 18% of
the remaining examples are included, and most are labelled by the person-specific model,
which indicates that only hard examples are left in the Datasetunlabelled. We achieve a
minor increase in the overall mean accuracy, but also a minor decrease in accuracy of
seven target people pairs (column Batch 3rd) compared to the second iteration and of two
target people pairs compared to the first iteration (AD and BE). Compared to the Labelled
column, we achieve higher or the same accuracy for six target people pairs. These minor
decreases and overall increase indicate that we have exploited the given Datasetunlabelled to
the point where the accuracy starts converging and that only hard examples are left in the
Datasetunlabelled. A new set of unlabelled data is needed for further improvement.

The adaptation in the incremental mode starts with the same general and selection
model as the batch mode adaptation. In the first iteration, the method is fed with all
examples from Datasetunlabelled for the target people pair. Every time the example is
selected for inclusion in the Datasetgeneral, the general model is retrained. The discarded
examples from one iteration serve as an input into the next iteration until the stopping
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Figure 4.21: The selection model decisions in the incremental mode. First iteration upper
chart and the rest of the iterations as applicable in the lower chart.

criterion is met. The criterion is the same as in single-person adaptation; when 85% of
examples are discarded in one iteration the adaptation for the target people pair stops.
The classification accuracy results are presented in the Incremental column in Table 4.17
and the decisions of the selection model in charts in Figure 4.21 and the inclusion rates
and the general model learning rates per iteration in heat maps in Figure 4.22. The upper
chart in Figure 4.21 presents the selection model decision for the first iteration and the
lower chart for the second, third, and fourth where applicable.

First iteration results in a 5.8 percentage point increase in overall mean accuracy com-
pared to the selection model. From the first chart in Figure 4.21 and the first rows in
heat maps in Figure 4.22, we can see that the majority of examples (93%) are included
in the first iteration and that most (77%) are labelled by the general model, which indi-
cates faster adaptation compared to the batch mode. In the second iteration, the overall
mean accuracy slightly increases, and the number of included examples falls compared to
the first iteration (42% of examples are included). The decision of the selection model is
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Figure 4.22: The inclusion and general model learning rate for two-people adaptation in
the incremental mode.

Table 4.17: Results of the two-people adaptation per mode and per iteration. Labelled
– when all examples are labelled correctly and included for retraining, G – initial general
model, P – person-specific model, S – selection model, Batch – batch mode, Incremental –
incremental mode.

Models Batch Incremental
Person Labelled G P S 1st 2nd 3rd 1st 2nd 3rd 4th

AB 95.7 12.9 56.3 85.0 95.7 95.2 95.7 95.7 95.7 96.7 -
AC 88.9 10.0 45.8 74.1 82.6 85.8 84.7 82.1 84.2 85.2 -
AD 94.1 34.1 43.8 89.3 95.1 95.1 93.5 94.1 94.1 95.1 -
AE 89.6 12.0 50.5 81.6 89.6 89.6 89.6 90.1 90.6 90.1 -
AF 81.0 12.5 52.6 85.5 79.2 82.1 82.7 80.4 81.0 80.8 81.0
BC 92.1 5.9 41.7 79.8 86.6 89.8 89.0 88.6 89.0 89.6 -
BD 95.2 24.1 52.7 89.6 95.6 97.2 96.0 95.6 95.6 96.6 -
BE 94.9 5.1 46.8 77.9 88.7 89.5 88.3 88.7 88.3 89.3 -
BF 85.3 11.6 60.3 76.5 80.2 81.0 82.3 81.0 81.5 82.0 -
CD 91.7 17.4 51.7 88.8 88.9 91.3 90.9 90.9 92.1 91.5 -
CE 87.7 10.8 66.9 77.4 78.1 81.9 82.3 82.7 82.3 82.5 -
CF 86.4 9.3 55.3 68.3 75.4 76.3 78.0 77.1 77.5 77.3 -
DE 93.3 20.4 58.4 84.2 92.5 94.5 94.1 93.3 94.5 93.9 94.5
DF 86.1 26.0 52.7 85.5 84.0 84.0 86.6 83.5 83.5 85.4 85.8
EF 84.9 13.9 61.3 72.3 76.9 76.1 79.8 78.6 79.0 80.0 -
Mean 89.8 15.1 53.1 81.0 85.9 87.3 87.6 86.8 87.3 87.7 87.8

evenly distributed between the general and person-specific model, the general model labels
54% of included examples. The discarded examples are processed in the third iteration in
which the overall mean accuracy slightly increases. From the charts in Figure 4.21 and
Figure 4.22, we see that only 13% of examples overall are selected for inclusion and that
the person-specific model labels the majority of included examples. In the third iteration,
the 12 target people pairs met the stopping criterion (the inclusion rate is below 15%); for
the three people, we ran the fourth iteration with the few remaining examples. We can
observe that the accuracy for the three people increased, which contributed to the overall
mean accuracy. The included examples are labelled only by the general model.

The evaluation of statistical significance is presented in Table 4.18 of each step of the
procedure. The results show the same results as in single-person adaptation, and the
accuracy of each adaptation iteration is statistically significant compared to the accuracy
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Table 4.18: The evaluation of the two-people adaptation statistical significance between
initial general model and the accuracies achieved when using the selection model without
adaptation or after each iteration of the adaptation with MCAT. B – batch mode, I –
incremental mode.

Initial G S model 1st iter. 2nd iter. 3rd iteration 4th iter.

B

Initial G - - - - - -
S model 3 - - - - -
1st iter. 3 7 - - - -
2nd iter. 3 3 7 - - -
3rd iter. 3 3 7 7 - -

I

Initial G - - - - - -
S model 3 - - - - -
1st iter. 3 3 - - - -
2nd iter. 3 3 7 - - -
3rd iter. 3 3 7 7 - -
4th iter. 3 3 7 7 7 -

of the initial general model. The increase in accuracy compared to the selection model
achieves statistical significance in the second iteration in the batch mode and in the first
iteration in the incremental mode. The increase in accuracy between iteration steps is not
statistically significant.

4.4.4 Summary

Section 4.4 introduces and evaluates the MCAT method for the adaptation of the general
model trained to identify people from walking. In the identification task we have a case
in which we introduce new label to the model and aim at adapting the model to improve
identification accuracy for the new person. The MCAT models were trained and evaluated
in a single-person adaptation task in which one new label is introduced, and in a two-
people adaptation task in which two new labels are introduced. In addition to the new
label, the model is presented with data of different types of walking per person, which may
be considered a concept drift. For each task, we described the training procedure and the
adaptation procedure with evaluation in batch and incremental mode.

We first evaluate the accuracy if all data are correctly labelled and included into the
Datasetgeneral used for retraining the general model. This result represents the goal of the
adaptation. The results of the single-person adaptation are presented in Table 4.15 and for
two-people adaptation in Table 4.17. We observed that both modes’ final accuracies are
comparable, yet the incremental adaptation outperforms the batch adaptation in terms of
the adaptation speed of the general model. This was observed in the analysis of the selection
and inclusion model decisions per mode. The decisions for single-person adaptation are
presented in Figure 4.13 for the batch mode, and in Figure 4.15 for the incremental mode.
The decisions for two-people adaptation are presented in Figure 4.19 for the batch mode,
and in Figure 4.21 for the incremental mode. In both modes, we achieve comparable results
to those achieved if all data were correctly labelled and included in the Datasetgeneral for
retraining.
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Chapter 5

Conclusions and Further Work

In this dissertation, we proposed a novel SSL method called Multi-Model Adaptive Train-
ing for personalisation of machine-learning models using data from wearable sensors. The
method is designed in such way that it can be used for personalisation in real time, ex-
ploiting the unlabelled data generated by wearable devices while in use.

In this chapter, we summarise the hypotheses of the thesis along with the scientific
contributions, discuss the strengths and limitations of the proposed method, and conclude
with ideas for further work.

5.1 Scientific Contributions

This dissertation has three scientific contributions, each summarised along with the hy-
potheses in an individual subsection.

5.1.1 Design and Implementation of a Novel SSL Method Called Multi-
Model Adaptive Training

In Section 1.4 we first hypothesised that SSL can efficiently exploit unlabelled data gener-
ated by wearable sensors for personalisation of machine-learning models. To analyse this
hypothesis we designed and implement a novel SSL method called Multi-Model Adaptive
Training. The method is designed to receive unlabelled sensor data in real time, automati-
cally label the data and decide whether the automatically labelled data should be used for
personalisation of the domain machine-learning models. This scientific contribution was
achieved by reaching Goal 1 of the dissertation set in Section 1.3.

The content of this scientific contribution is presented in Chapter 3 and was published
in the paper included in Section 4.1 in which we established the architecture of the method,
proposed the design of the machine-learning models after evaluating various datasets and
feature sets, and proposed the training-procedure algorithm.

5.1.2 Analysis of the Multi-Model Adaptive Training

This scientific contribution applies to the second and the third hypothesis of the dissertation
introduced in Section 1.4. This scientific contribution was achieved by reaching the Goal
2 of the dissertation set in Section 1.3.

The second hypothesis of the dissertation was that employing an additional model to
aggregate the outputs of the introduced domain models for the selection of the final label
improves the performance, as opposed to the use of a simple heuristic. First, we explored
several approaches to efficiently combine the two datasets (the general dataset and person-
specific dataset) to train single or multiple domain models for final label prediction. We
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showed that the best results are obtained when two domain models are trained, one per
dataset, and predictions of both models combined. Second, we analysed and evaluated
methods for combining the prediction of the two domain models and showed that stacking
an ensemble of the domain models with the dedicated selection model yields superior
performance in both classification and regression tasks compared to combining the domain
model using heuristic.

The third hypothesis of the dissertation was that employing an additional model for
the decision on the inclusion of self-labelled examples enables inclusion of more diverse
examples into the dataset used for retraining the general domain model. The most common
inclusion approach in Self-training methods is the inclusion of those examples that were
labelled with high prediction confidence. These examples already overlap with the examples
contained in the general model, so they may not contribute to the performance of the
model. We analysed the Multi-Model Adaptive Training inclusion procedure per iteration
in terms of principal component analysis (PCA). We showed that the first iteration includes
examples from the entire decision space, which can be interpreted as the inclusion of diverse
examples. The second and the third iteration includes examples which have an overlap
with the examples from the general model, which can be interpreted as the inclusion of
non-diverse examples since the model has already adapted.

The content of this scientific contribution is presented in published papers and in the
Section 4. More specifically, the analysis of the domain models, selection model and the
decision model, as well as the comparison of the selection model and decision model against
heuristics was published in papers included in Section 4.1 and Section 4.2. The analysis of
the outputs of the selection and decision model in successive iterations of adaptation and
the PCA analysis is presented in Section 4.3 and Section 4.4.

5.1.3 Demonstration and Evaluation of the Applicability

This scientific contribution applies to the first and the third hypothesis of the dissertation
introduced in Section 1.4. This scientific contribution was achieved by reaching the Goals
3 and 4 of the dissertation set in Section 1.3.

The first hypothesis of the dissertation was that SSL can efficiently exploit unlabelled
data generated by wearable sensors for personalisation of machine-learning models. We
empirically evaluated the Multi-Model Adaptive Training on four tasks that needed per-
sonalisation. The Multi-Classifier Adaptive Training (MCAT – Multi-Model Adaptive
Training for personalisation of classification models) was evaluated on three classification
tasks: the personalisation of the low-level activity recognition model, the personalisation
of the context-recognition model and the personalisation of the identification model. We
developed the best performing general classification model trained in a supervised man-
ner for the target task and used the MCAT method for the personalisation. We showed
that MCAT successfully personalised the domain model in all three tasks. The Multi-
Regressor Adaptive Training (MRAT – Multi-Model Adaptive Training for personalisation
of regression models) was evaluated on the human energy expenditure estimation task. We
developed the best performing general regression model trained in a supervised manner
for the task and used the MRAT method for the personalisation. We showed that MRAT
successfully decreased the overall mean absolute error of the estimation model.

The third hypothesis was that employing an additional model for the decision on the
inclusion of self-labelled examples enables inclusion of more diverse examples which en-
ables efficient adaptation and personalisation in comparison to the heuristic approach that
includes only the examples with high labelling confidence. The diversity of the inclusion
was covered as a part of Contribution 2 (Section 5.1.2). For evaluation of the efficiency
of the adaptation using the included examples, we compared the MCAT method against
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the following heuristic based SSL methods: the Self-training, a version of Democratic Co-
learning, and threshold-based MCAT in the low-level activity recognition task. We showed
that the MCAT outperformed the comparing methods from 4 to 10 percentage points.
Additionally, we compared the MCAT against the common personalisation approaches in
the context recognition domain and showed that MCAT achieves superior personalisation
results. In case of MRAT we evaluated how the criterion value affects the improvement
of the model. The results confirm that inclusion of only highly confident predictions does
not contribute to the improvement while selecting those with appropriately less confident
predictions contributed to the improvement the most.

The content of this scientific contribution is presented in published papers and in the
Section 4. More specifically, the low-level classification task is published in the paper
included in Section 4.1, the context-recognition task is published in the paper included
in Section 4.2 and the human energy expenditure estimation task is published in the
paper included in 4.3. In Section 4.4 we present the evaluation and the analysis of the
identification task and in Section 4.3 the extension of the human energy expenditure task
with the analysis of the inclusion criterion.

5.2 Discussion

5.2.1 Critical Aspects of The Method

Successful evaluation of the Multi-Model Adaptive Training on the presented domains
confirms the method design for successful personalisation of the models used in person-
centric tasks. Despite the good personalisation results, we can need to emphasise several
aspects that may need revisiting for the method to be ready for real-time applicability and
list the conditions under which the method operates as limitations.

The critical aspects of the method are:

• The computational complexity of retraining the models is a critical aspect of the
method. The training time depends on the chosen machine-learning algorithm as well
as the number of examples and the number of features in the dataset. We showed
that incremental mode is faster in personalising the model, which means that every
time a new example is included in the dataset, the retraining is performed. With
each included example the size of the dataset increases and so does the retraining
time which makes the application using the model slow and after a while potentially
unusable. To overcome this problem, we can employ a machine-learning algorithm
that can retrain incrementally to accelerate the retraining or introduce an amending
mechanism that can detect and remove outdated examples and control the size of
the dataset. We did not experiment with either of the solutions at this time but have
left them as ideas for the future work.

• We evaluated the method on an unbalanced dataset in the papers included in Section
4.1 and Section 4.2 and showed that the method can also adapt to the classes that
occur less often. What we see as a critical aspect of a current design of the method
is personalisation using data in which certain labels (classes) do not occur for a
longer period. We assume that this would reflect in overfitting the model to other
classes and would decrease the probability of such class being picked by the model
if it occurs. This can be solved by including an amending mechanism which will
evaluate the structure of the dataset and remove or amend the contained examples
accordingly.
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• Evaluation of the personalised model in a real-life environment is challenging since
no labelled data can be dedicated for this purpose. In the dissertation, we dedicated
a portion of the labelled dataset only for assessment of the personalisation procedure.
At this point, one can use the person-specific dataset, but the evaluation will show
the achieved accuracy for the labels included in the person-specific model and not
for all possible labels per task.

• We proved that retraining the model using examples labelled with the highest label
confidence might not contribute to personalisation of the model as much as if ex-
amples were chosen more liberally. The inclusion of examples with lower confidence
were the ones that personalised the model better, which was achieved by using the
selection and inclusion model instead of heuristic. However, in the current design of
the method, we use the measure of accuracy in classification and error in the regres-
sion for inclusion and not the potential novel information carried by the example.
This may have discarded too many examples as seen in the regression task and needs
further research.

5.2.2 Conditions Under Which the Method Operates

The analysis of the method was also focused on finding the conditions under which the
method operates and can be used to personalise the classification or regression model
successfully. The method is applicable in domains that use sensor data and need personal-
isation. In addition to the domains evaluated in this dissertation, we are sure that it can be
applied to other person-centric tasks that use sensor data streams, such as blood pressure
estimation or sleep analysis, and in tasks that use images, such as person identification
or handwriting recognition. The method needs to translate into similar problem form as
presented in the thesis. The conditions that need to be fulfilled to use the method for
personalisation are the following:

• The general dataset needs to be dividable per person and per some semantic value
to fulfil the requirements for the training procedure.

• The general dataset needs to be labelled correctly and should not have noisy data.

• The evaluation of the initial general model trained in a supervised manner using the
general dataset needs to yield acceptable results with the stratified cross-validation
approach in case of an introduction of a new label and with the LOPO approach in
case of an adaptation to the changed statistical parameters of a label.

• At least one of the domain models needs to perform with moderate accuracy.

• The domain models and the selection model must be trained with a machine-learning
algorithm able to report probability or any other measure that can be interpreted as
prediction confidence.

5.3 Further Work

The proposed method was evaluated as effective for personalisation of machine-learning
models utilising data from wearable sensors. Further work is defined along five lines:

• Research in employing an ensemble of several domain models. The framework pre-
sented in Chapter 3 permits more domain models, the number of which could be
defined by the number of available labelled general datasets. The current design will
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have to be evaluated and adjusted accordingly. In case multiple selection models are
required, the training procedure will need to be upgraded to work with additional
levels of stacking.

• Improve the selection procedure by engineering additional features that will present
measures to evaluate the reliability of the predicted label by each domain model.
Current selection and inclusion feature vector contains features which are mostly do-
main independent, except if we use context features. We would need to better exploit
the feature vector used by the domain models and create features that represent more
complex correlation to the class.

• Research in finding a better measure for identifying good examples for inclusion. It
would be beneficial for the personalisation if a quality measure or a feature is devel-
oped that would improve the decision on the suitability of a newly labelled example
to be included in the general model training set. Improve the selection procedure by
engineering additional features that will present measures to evaluate the reliability
of the predicted label by each domain model. Current selection and inclusion fea-
ture vector contains features which are mostly domain independent, except if we use
context features. To create features that represent the value of the class they belong
to, more thorough exploitation of the feature vector information used in the domain
models would be necessary.

• Research in a modification of the method for regression tasks. MRAT evaluation
yielded acceptable results; however, in the scope of this dissertation we did not in-
vestigate different types of selection models (e.g., selection model solving a regression
task instead of classification), and we did not evaluate different types of errors to be
used for training the selection and inclusion model. The current architecture of
MRAT does not include as many examples as MCAT does, so it would be beneficial
to research in developing the selection and inclusion model that will increase the
number of included examples.

• Development of an amending mechanism that removes outdated examples. Even
though it is commonly accepted that more data means better models, it may not
be so when it comes to models that are person-specific. For example, the physical
characteristics, as well as the person’s habits, change over time, and each time we
adapt the model new examples describing the current statistical properties of the task
are included in the dataset, while the examples that contain old statistical properties
remain and can be outdated. Future development includes amending mechanism for
evaluation and exclusion of the outdated examples.

• Development of an amending mechanism that evaluates the structure of the dataset
used for retraining, and ensures that none of the classes prevail due to personalisa-
tion. It can happen that data of a certain class is not available. For example, the
recognition of falling in activity recognition: people mostly do not fall very often, so
MCAT can not pick up the ’activity’ of falling and use it for personalisation, on the
other hand, it can pick up other events, which will then prevail over it.

• Further evaluation of the proposed method is needed in a real-life setting on both
classification and regression domains.

• Exploration of a possibility to use the proposed method structure as a deep learning
architecture, for example using deep learning models instead of regular machine-
learning algorithms for domain and decision models and to connect the entire struc-
ture into a single deep neural network.
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