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Abstract. We present the e-Gibalec system, designed to encourage schoolchildren towards a more active lifestyle. The system
consists of a mobile application that, through sensors built into the smartphone, detects children’s physical activity and rewards
them in a game-like manner. It also consists of a web application that allows the parents and physical education teachers to look
at the children’s physical activity history, so they can further motivate them if needed. We discuss the motivational mechanisms
employed in the system, provide an evaluation of the accuracy of the activity-recognition component, and present a pilot study
that measured the effect of our system on a sample schoolchildren population.
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1. Introduction

Regular physical activity is of utmost importance
to a healthy lifestyle and personal well-being. It acts
as a major preventive factor against chronic and other
diseases related to an increasingly sedentary lifestyle.
Since the effects of sedentary lifestyle accumulate over
the lifetime, one should adopt an active lifestyle at an
early age.

Children are first systematically introduced to the
connection between physical activity and healthy life
in schools, through physical education (PE) classes.
The aim of PE is not only to teach children essen-
tial movement patterns and sports, but also to encour-
age them to be physically active in their leisure time
throughout their lives. However, it appears that PE is
failing in its objectives. A study monitoring physi-
cal development and performance of elementary and
high-school students in Slovenia for over 20 years, us-
ing standardized tests [39], revealed worrisome trends.
The average physical fitness has been decreasing over
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the last two decades, while the child obesity has in-
creased. Although the number of children with reduced
or insufficient fitness has stabilized in recent years, the
overall situation is nevertheless considered bad, as the
number is still more than twice as high as it was 20
years ago. This problem is not specific to Slovenia and
can be observed worldwide [17].

The drop in fitness can be in part attributed to
an increasing use of computers and other electronic
devices, with subsequent lifestyle changes. However,
these same technologies can be used as a tool to stimu-
late children to increase their physical activity. Several
studies [23] have already demonstrated that mobile
applications can motivate children to be more active.
A review of studies [22] also demonstrated that the
most effective interventions aiming to increase physi-
cal activity in children are carried out through schools.

All this motivated us to develop the e-Gibalec sys-
tem (Slovene for “e-mover*). The system uses a holis-
tic approach that involves all actors involved in the
PE of children, namely the children themselves, their
parents and their PE teachers. e-Gibalec consists of
a smartphone application designed for elementary
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school children, and a web application designed for
their PE teachers and parents.

The smartphone application combines ambient-
intelligence methods for monitoring children’s activ-
ities, and motivational mechanisms that stimulate the
children to adopt a healthy lifestyle by accepting phys-
ical activity as a virtue. The intelligent methods are
based on decision tree and Support Vector Regres-
sion machine-learning models constructed on the data
from the smartphone’s built-in inertial sensors, to au-
tomatically recognize the children’s activities and es-
timate their intensity. The motivational mechanisms
were designed in a human-centered fashion and in-
clude displaying children’s activities and progress in
an understandable way, giving them daily goals to ac-
complish, awarding them with virtual rewards, hav-
ing their avatar express different moods depending on
their progress, and allowing them to compete with their
friends.

The web application allows the PE teachers and par-
ents to monitor children’s progress in their physical ac-
tivity outside the PE classes, which gives them a better
insight in the children’s lifestyles and allows them to
detect potential problems earlier and act accordingly.
Given that teachers and parents present a great influ-
ence on the children in this development phase, their
involvement importantly complements the e-Gibalec
application itself. Our hope is that together they may
achieve what individually they could not.

In order to investigate how children interact with the
application and obtain some information about its ef-
fectiveness, we carried out a pilot study on 42 chil-
dren from two elementary schools. We compared the
data from children using a fully-functional application
against the data from a control group using a stripped-
down version of the application which tracked their
activity, but was otherwise “blank” (meaning that it
did not feature any motivational mechanisms). We at-
tempted to verify the hypothesis that children with a
fully-functional application would be more motivated
to use it and would consequently be more active, as
opposed to children with the stripped-down version.

This paper is organized as follows: after a brief re-
view of the related work in Section 2, we present a
broad overview of the system in Section 3, including
both the mobile and web application. In Section 4, we
explain our motivational mechanisms, together with
the approaches of gamification and serious game de-
sign that we used in the mobile application. In Sec-
tion 5, we present the methods for the automatic recog-

nition of the children’s activities and their intensity. In
Section 6, we present the results of the pilot study.

This paper is an extension of the conference pa-
per, presented at the 12th International Conference
on Intelligent Environments in London in September
2016 [9].

2. Related work
2.1. Commercial products

The interest in activity monitoring has increased in
the recent years, resulting in a plethora of dedicated
smartphone applications as well as dedicated wearable
devices. A large majority of these commercial products
can be classified as “fitness trackers” for adults, spe-
cialized in tracking vigorous sports activities such as
running or cycling (e.g., Runtastic [31], Strava [38]).
Smartphone operating systems already contain a ba-
sic activity/wellbeing tracker, whose sensing capabil-
ity typically consists of step counting [15,27,33]. If en-
hanced with a dedicated wearable [3,26,34], they can
also assess the intensity of the performed activities.
The popularity and availability of stand-alone wear-
able devices [13,19], usually worn on wrists, is also
increasing.

However, a common problem of these applications
is that the set of activities recognized is limited, users
are commonly required to manually input their cur-
rent activity and — as mentioned — they often rely on
wearable devices that must be bought in addition to the
phone. Finally, the motivational mechanisms in most
of these applications are basic (typically limited to dis-
playing progress and achievements). In many cases the
reason is that they have been designed for people who
are already active (e.g., runners) and do not need an
additional motivation.

On the other hand, using gamification has a great
potential in this regard. One of the most prominent
recent examples of an application that uses gamifica-
tion is “Pokemon Go”. A study [1] showed that people
using the application increased their number of steps
per day significantly — for more than 25% (although
a part of this increase is probably due to the novelty
factor, as seen by the drop of active users in the sub-
sequent months). This indicates that such motivational
approaches can be very effective. However, the ap-
plication recognizes only walking, and does so only
through GPS — which is expensive with regard to the
battery life. Furthermore, the commercial nature of the
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application makes it potentially inappropriate to adver-
tise in schools.

There are also products that are specifically de-
signed for children to motivate them to be more active.
Examples are dedicated wristbands Leap Band [24]
and KidFit [21], and belt- or shoe-mounted pedome-
ters (ibitz [18]). The activity-monitoring mechanism in
them is very basic — it essentially counts the child’s
steps and uses this information to stimulate the chil-
dren to be active by awarding them virtual currency or
allowing them to unlock higher levels in a game. Com-
pared to them, we go a step further, by including in-
telligent methods which more precisely recognize the
performed activity and more importantly increase the
accuracy of the energy expenditure estimates. Addi-
tionally, we include both parents and PE teachers into
the application.

Up to date, we found no wide-scale use of applica-
tions that promote active lifestyle in school population
and, in addition, there are no PE-related applications
available in Slovene. Here we present the e-Gibalec
system which in addition to children engages the PE
teachers and parents into the process. It performs the
activity monitoring solely with in-built accelerometers
in a smartphone and provides a playful environment
which aims at motivating children to be more active.

2.2. Activity monitoring

Activity monitoring is still a developing area since
there is a need for more accurate recognition of activ-
ities and estimation of their intensity, especially in or-
der to help patients with medical conditions such as di-
abetes or chronic heart failure. The monitoring is com-
posed of two major components: (i) the activity recog-
nition (AR), which recognizes the activity being per-
formed and (ii) the estimation of energy expenditure
(EEE), which evaluates the intensity of the performed
activity.

AR with dedicated sensors (mostly accelerometers
attached to pre-defined parts of person’s body) is a
fairly mature area of research. However, doing AR
with a smartphone alone is a more difficult task since
the phone’s location (on the body) and orientation is
unknown and may frequently change. To overcome
this problem, Siirtola et al. [35] utilized features inde-
pendent of the on-body location and orientation. This
approach proved sufficient for recognizing basic activ-
ities such as walking, running, and resting. Ustev et al.
[41] went one step further and normalized the orienta-
tion and removed the gravity component from the ac-

celeration data, which increased the recognition accu-
racy in comparison to previous work. In our previous
work [10] we also considered different locations of the
smartphone (trousers, torso, bag) in addition to nor-
malizing the orientation. This approach increased the
accuracy and the number of activities that can be rec-
ognized sufficiently accurately. Approaches that use
other smartphone sensors (GPS and WiFi-based lo-
calization, sound, light, air pressure, etc.) also exist
[8,25,37], but are not directly relevant for this paper,
since we aim at an energy-efficient system.

EEE is usually measured in metabolic equivalents
of task (MET), where 1 MET is equal to the energy
expended at rest and 20 MET is the energy expended
during extreme exertion. MET multiplied by the user’s
weight is directly proportional to the calories burned.
Methods that reliably measure the energy expenditure
are expensive and can be used only under laboratory
conditions (they rely either on the produced heat, CO,
concentration, or blood/urine samples), thus methods
that are able to estimate the energy expenditure us-
ing a more convenient device are needed. In the past,
the typical sensor for this task was a dedicated ac-
celerometer placed on a pre-defined location on a per-
son’s body. Crouter et al. [7] used an accelerometer at-
tached to a person’s belt to first determine the activ-
ity and then used a specialized activity-specific regres-
sion model to predict the energy expenditure. Altini
et al. [2] showed that two accelerometers (chest and
ankle) are enough for accurate AR and EEE. Further
enhancements utilize additional physiological sensors.
Cvetkovié et al. [11] combined and evaluated differ-
ent physiological sensors in addition to an accelerom-
eter to accurately estimate the energy expenditure in
sports and lifestyle activities. Vyas et al. [42] utilized
an accelerometer and temperature-related physiologi-
cal sensor data embedded into an armband to develop
the method implemented in the SenseWear [30] com-
mercial device. Estimation with only a smartphone
has also been attempted. Pande et al. [28] used artifi-
cial neural networks with accelerometer and barometer
features as the input to show that barometer data can
increase the accuracy when dealing with activities that
involve moving up or down (climbing stairs). In our
previously mentioned work [10] we also developed a
combination of location-specific models which utilize
the recognized activity to estimate the energy expendi-
ture with a smartphone.

In this work we simplify our previous work [10] to
achieve better energy efficiency, but we still attain re-
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sults comparable to both our previous work and the
previously mentioned SenseWear commercial device.

3. e-Gibalec overview

The e-Gibalec system consists of a smartphone ap-
plication for children and a web application for PE
teachers and parents. Both applications are connected
to a cloud hosted by The Academic and Research Net-
work of Slovenia (ARNES) [4], which is the Internet
provider for educational institutions in Slovenia.

The mobile application was developed for all major
mobile platforms: Android, i0S, and Windows Phone,
and is available on respective mobile markets. It uti-
lizes the data from the smartphone inertial sensor to
recognize the users’ activity and estimates its inten-
sity. The web application was developed using the
Django platform and other open-source technologies.
The e-Gibalec system (smartphone applications and
web application) has been made open-source (AGPL-3
license) and is available on Sourceforge [36].

In this section, we present a general overview of the
system and its functionalities, while a detailed descrip-
tion of the serious game design and the activity mon-
itoring algorithms (activity recognition and estimation
of energy expenditure) will be presented in the follow-
ing sections.

3.1. Smartphone application

When children log into the application for the first
time, they are assigned a default avatar in the shape of
an animal, which they can then change. In total, there
are six different avatars available to choose from: di-
nosaur, fox, bear, wolf, rabbit, and dragon. Children
also create their profiles, by choosing a username and
password, and inputting their date of birth and weight,
the latter being required for better energy-expenditure
estimates.

The left side of Fig. 1 shows the home screen of the
application. It should be noted that the application is
originally in the Slovenian language, the captions have
been translated for the purpose of this paper. Under the
avatar image, the status bar indicates the progress to-
wards the daily goal. The avatar monitors the progress
of the user and responds with an appropriate emotional
state (right side of Fig. 1). Most of the time, the avatar
is in the neutral state (top right avatar in Fig. 1). Once
the user reaches the daily goal, the avatar changes to
the happy state (middle right avatar in Fig. 1). In the
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Fig. 1. e-Gibalec home screen and three emotional states of the
avatar (neutral, happy, sad).

evening, the avatar will display a sad state if the user
is far from reaching the daily goal (bottom right avatar
in Fig. 1). Under the status bar, there are four buttons
to interact with the application; the results of the in-
teractions are presented in Fig. 2. “My activities” but-
ton (top left view in Fig. 2) shows a screen with the
activity intensity on a daily, weekly, or monthly basis,
together with a pie chart that shows types of activities.
It also shows the avatar with a motivational message,
which depends on the current user’s progress. Activi-
ties can also be input manually, with the “Activity in-
put” screen that offers a drop-down menu of differ-
ent activities and their duration (bottom left view in
Fig. 2). For schoolchildren, their parents have to con-
firm these activities in the web application. For poten-
tial adult users, the confirmation is not required.

The “Avatar” button allows the user to change the
avatar and to purchase and upgrade sports equipment
with the in-game currency (bottom left view in Fig. 2).
There are two types of currency — virtual coins, ob-
tained by daily activities (corresponding to the points
collected by being active), and special currency, ob-
tained by reaching the daily goals (which is by de-
fault set to 12 points). The special currency is avatar-
specific, such as a bone for the dinosaur, feather for
the fox, honey for the bear, etc. Virtual coins are used
to purchase sports equipment which then allows the
user to challenge friends in specific activities. For ex-
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Fig. 2. Smartphone application views. Top left is the activities view
where the daily/weekly/monthly activities are evaluated in terms of
points and the pie chart presents the ratio of activities. The top right
view is the interface to input the activities. Bottom left is the view
where one can choose the avatar and purchase sports equipment.
Bottom right view shows friends and ongoing challenges.

ample, a racket can be used for challenges in tennis,
table tennis, and badminton; a ball can be used for
challenges in football and basketball. The special cur-
rency is used for equipment upgrades, in the sequence
regular-bronze-silver-gold, with each level increasing
the rewards for winning activity challenges (left view
in Fig. 3).

Activity challenges are an important social compo-
nent of the application. They are accessible through the
“Friends” button (bottom right view in Fig. 2). On the
Friends screen, users can add one another as friends
(searching by the username). They can also challenge
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Fig. 3. Purchasing and upgrading sports equipment (left) and chal-
lenging friends (right).

one another in various sports activities (right view in
Fig. 3). Challenges can take place over one day, three
days, or the whole week, and can be limited to ac-
tivities monitored with sensors, or can include all ac-
tivities (this allows the users to take into account the
perceived honesty of the friends they challenge). The
progress can be monitored on a dedicated status bar,
and the winner of the challenge (the more active per-
son) receives virtual coins as a reward. In addition to
challenges from human friends, the application also
contains a virtual challenger Veselko Gibalec (Slovene
for “Merry Mover”’) who occasionally invites to chal-
lenges of its own.

When the daily goal is achieved, e-Gibalec uses a
push notification to notify the user. Otherwise, unless
opened, the application does not interact with the user
and runs in the background.

3.2. Web application

The web application (Fig. 4) complements the
smartphone application and is intended for parents and
PE teachers. Since e-Gibalec is a somewhat didactic
application, including parents and teachers can moti-
vate the child to be more active. Parents can monitor
the activity of their children and also confirm manually
input activities. PE teachers can monitor the activities
of all children in a class. This allows them to adjust
their classes and provide individual counselling. In ad-
dition, they can enter activities for the whole class for
PE classes, and also adjust daily goals for individual
children. We are considering possible additional func-
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Fig. 4. Home page of the e-Gibalec website.

tionalities for PE teachers, such as the use of push noti-
fications to send messages to children or to notify them
about changes to daily goals etc.

4. Serious game design

Our aim when designing the system was not only
to accurately monitor children’s activity, but also to be
able to motivate them to change their behavior toward
a healthier lifestyle. We combined the approaches of
internal and external motivation.

Internal motivation, also called the autotelic moti-
vation [16], causes people to engage in an activity for
their own pleasure, to improve with respect to them-
selves [12]. Physical education is frequently the only
or the most important physical activity of children
[20], and they frequently dislike this subject and its
contents, which may also cause them to dislike phys-
ical activity itself. Through not engaging in physical
activity and finding no pleasure in it, they are neglect-
ing one of the basic prerequisites for a healthy lifestyle
[32]. Our application automatically detects the child’s
activity. This helps the child to see that he/she is im-
proving in their activity, which is the essential part
of internal motivation. As most physical activity takes
place during the PE classes, the children’s motivation
for participation will increase. Consequently, children
will be more active in PE classes and physical activity
will slowly start to become their habit.

An important mechanism of internal motivation are
the avatars which represent the users in the application.
Feedback for children is more effective when it is pro-
vided in a personalized manner, which is also seen as
developmentally appropriate [14]. While adults can in-
terpret and use raw numbers and graphs, the feedback

for children should be more playful. Therefore, we de-
cided to introduce the avatar figures, which would offer
the children information on their activity. Our aim was
to make the avatars look friendly and, in addition, to in-
troduce a variety of options so that children can choose
the one that suits them best. Avatars convey emotions
depending on how far towards the daily goal the child
currently is, motivating them to try and reach it.

A focus group was used to help us choose what kind
of avatars should be used in the application. We wanted
to get a detailed opinion on the image and likeability
of avatars and we believed that a focus group was the
most appropriate method for such purpose. The group
consisted of 9 children, aged between 10 and 12 years,
who were shown several drawings by two cartoonists.
They depicted several animals, a boy and a girl. They
were asked whether they would they like to have these
characters as avatars (characters representing their per-
sonas in the application) and what they liked and dis-
liked about each drawing. They were unanimous in se-
lecting the animals while only two also selected the
drawing of a girl, and one selected the drawing of a
boy. They explained their choices by saying that an-
imal avatars seem nicer and that they look like they
“move more” than the drawings of the children. As
the application focuses on physical activity, children
thought they would be better represented by animal
avatars. We thus decided to offer only animals as pos-
sible avatars. All six avatars in their neutral emotional
states are presented in Fig. 5.

The application also uses external motivation, which
can complement internal motivation, and is shown by
handing rewards and allowing children to compete
with classmates and other users of the application. Ex-
ternal motivation means that we engage in activity for
material resources, other people’s compliments or af-
fection, that we want other people to notice our efforts
and to see that we are better than our peers.

Fig. 5. The avatars available in the application.
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Rewards that the application hands out come in
form of two virtual currencies: virtual coins and
avatar-specific special currency. Virtual coins’ reward
is directly proportional to the amount of user activ-
ity (weighted by its intensity) and promotes mov-
ing as much as possible. The special currency can be
achieved only once per day, by completing the daily
activity goal. This encourages children to perceive
physical activity as a part of their daily routine and not
as something to do in infrequent large batches.

Virtual coins can be used for buying sports equip-
ment, while the special currency is used for equipment
upgrades. This equipment can in turn be used both as a
trophy and for bonus reward-point multiplier in any fu-
ture activity challenges. The default value of the daily
goal was set to 12 points, which roughly corresponds
to 2 hours of moderate physical activity, such as walk-
ing, or 1 hours of vigorous activity, such as running
or playing football. PE teachers are able to regularly
change this daily goal in order to keep children mo-
tivated. For example, children who were initially not
very active because of obesity or other health-related
problems may be initially assigned lower daily goals,
which their PE teacher finds more reasonable to reach;
as they become more active, the value progressively
increases. On the other hand, very active children may
be assigned a higher-than-default value to present them
with a challenge.

The price of buying and upgrading the sports equip-
ment was set in such a way that it allows children
to buy and upgrade all the available items in about
a year’s time, provided that they are active and reg-
ularly reach their daily goals. The cost of upgrades
was set to be the same for each item. 7 special cur-
rency units are required to upgrade to bronze, 14 to
silver, and 21 to gold, which means that an individual
item can be upgraded to the highest level in six weeks.
Regarding purchasing the equipment, the cost of the
items was set to progressively increase. The first item
costs 50 coins, which is easily achievable in a couple
of days. The price linearly increases to the most expen-
sive item, which costs 1000 coins. In a year, solely by
reaching the default daily goal every day, one can earn
365 x 12 = 4380 coins.

Activity challenges present an additional external
motivational mechanism. A child can challenge other
children in activities, for example running, handball,
skiing, etc. Being able to compare themselves with
others gives children information on their competence.
It has been shown that accurate perception of one’s
competence enhances motivation [29]. In addition,

winning activity challenges also brings rewards in
form of virtual coins. For a daily challenge, the win-
ner is awarded 25 coins, whereas 12 coins are awarded
to each competitor in case of a draw. There are no
rewards for the person who loses the challenge. For
multi-day challenges (3 or 7 days), the award is a mul-
tiple of the award for a day. Each friend can be in-
vited to one challenge at a time and one day has to
pass before the next challenge can be initiated with the
same user. The virtual friend, Veselko Gibalec, is set to
challenge the user every 7 days if there were no other
challenges from friends. Children can also challenge
Veselko themselves. The activity of the virtual friend
is calculated as the average activity of all users. This
will likely have to be changed in future, for example to
the average activity of recently active users, since inac-
tive users lower the average, making the virtual friend
increasingly easier to beat in challenges.

We aimed to teach the children to perceive a healthy
lifestyle as a value. Therefore, we found it of utmost
importance to involve parents and PE teachers as well.
Since parents are the most important actors when it
comes to teaching children about values, they also
need to be involved when it comes to physical activity
of their children [40]. The participation of parents is
ensured by parents being required to confirm the activ-
ities which their children enter manually. This not only
gives the parents an opportunity to monitor what the
children are doing, but also to discuss the entered ac-
tivities with their children. The PE teacher, on the other
hand, is supposed to additionally encourage physical
activity by individualizing the PE program and adapt-
ing the intensity of activity to the needs of every indi-
vidual group or child. This option makes our applica-
tion unique, as it gives the teacher a constant and con-
tinuous feedback on the progress of every class where
children are using e-Gibalec.

5. Activity monitoring

To correctly reward users for their activity, the ap-
plication first has to recognize and evaluate it. Users
have the option of manually inputting their current
activity, but doing so is tedious, not to mention dis-
honest users, therefore automatic activity monitoring
with phone sensors is preferable. We split the task into
two parts: (i) AR; recognition of the type of activity
(for example “walking”, “running”, and “resting”) and
(i1) EEE; estimation of the user’s expended energy (in
MET). The latter depends both on the type and inten-
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sity of activity; for example: walking slowly expends
less energy than walking fast.

In our previous work we presented an AR and
EEE approach that was developed for the European
project Commodity12 [5,10]. This system processes
the phone’s accelerometer data in several steps. First,
it uses a simple AR classification model to recog-
nize walking (a common and easily recognized activ-
ity). After walking is recognized, the orientation of the
phone is normalized. Then, the accelerometer data is
used to determine where on the body the phone is worn
(in trousers, on the upper body or in a bag). After the
location is determined, the approach uses a location-
specific classification model to recognize the current
activity. Finally, it uses the detected location and rec-
ognized activity together with accelerometer data to
estimate the energy expenditure.

While the described approach is accurate, its com-
plexity makes it computationally expensive, putting
a strain on the phone battery. Since the aim of the
e-Gibalec application is to run continuously without
significantly draining the battery, we decided to de-
velop create another, simplified AR approach. In ad-
dition, the approach from Commodity12 uses models
trained on adults, while the algorithms in e-Gibalec
should be adapted to children, who are the target group
here.

In the following, we first describe the data collec-
tion. Then, we discuss the path to designing the AR
and EEE models. Finally, we evaluate the described
models and compare them both against the Commod-
ity12 models and a commercial EEE device.

5.1. Data collection

The dataset was collected from ten children, aged
10-12, who were equipped with the following de-
vices:

e Three smartphones (trousers pocket, jacket
pocket, and bag), from which we collected the
accelerometer sensor data at a 50 Hz sampling
frequency.

e SenseWear armband [30], a commercial device
which estimates the energy expenditure and was
intended for comparison with our methods.

e Cosmed device [6], an indirect calorimeter which
measures the energy expenditure based on the in-
haled O, and exhaled CO;,. These measurements
were used as the ground truth for the energy ex-
penditure.

Table 1
Data collecting scenario

Activity Duration Activity Duration
(minutes) (minutes)
Lying 4 Dodgeball 4
Sitting 2 Break 1
Slow walking 2 Basketball 4
Fast walking 2 Break 1
Slow running 2 Volleyball 4
Fast running 2 Break 1
Break 3 Football 4
Stretching 4 Break 5
Sit-ups, push-ups, 5 Cycling 5
jumps, ...
Break 1 Total 61

Each child performed a series of activities from
a pre-defined scenario, which included lying, sitting,
slow and fast walking, slow and fast running, station-
ary exercise such as jumping and push-ups, team sports
(dodgeball, basketball, football, volleyball), and cy-
cling. Between the activities, children were instructed
to take a break which allowed their energy expenditure
to return to the resting level. The combined scenario
took about an hour and is described in detail in Table 1.

We utilize the collected smartphone inertial data to
train the models. The ground truth for the activity was
labeled manually in real time, while the labels for the
energy expenditure were taken from the Cosmed de-
vice (indirect calorimeter).

5.2. AR and EEE models

Data frequency: Since the phone’s battery consump-
tion increases with higher sensor sampling frequency,
we tried to minimize it while still retaining accuracy.
To achieve this, we compared the AR accuracy at
different sampling frequencies to choose the optimal
one. The comparison is presented in Fig. 6, which
shows that the accuracy of the AR starts to drop be-
low the frequency of 9 Hz. For the EEE, the pattern
repeats (which is reasonable, since the EEE depends
on the input from the AR). We chose the frequency
of 10 Hz based on this comparison and since it is
natively supported by many smartphone devices. The
features computed from the raw sensor readings (dis-
cussed later) were normalized with respect to the sam-
pling frequency, allowing the model to be run even on
phones that only support frequencies lower than 10 Hz
(obviously, with lower accuracy).



V. Janko et al. / e-Gibalec: Mobile application to monitor and encourage physical activity in schoolchildren 603

100

Yo}
o

=
UOO et il '..__'.
.

(o)
o

~
o

Accuracy

D
o

v
o

20 18 16 14 12 10 8 6 4 2
Frequency (Hz)

ceeses )48 SVM RF

Fig. 6. Accuracy of different classification models with different
sampling frequencies.

Widowing: Data was split into windows of 5 sec-
onds for the AR and of 15 seconds for the EEE. All
the samples of acceleration in a window were trans-
formed into features, comprising a single learning in-
stance. All data together consist of approximately 5500
instances for the AR and 2000 instances for the EEE.
Windows were intentionally made fairly long, to re-
duce the number of feature calculations (e.g., 12 times
per minute in case the window is 5 seconds long vs.
30 times per minute in case the window is 2 seconds
long — as in our previous work).

Feature selection: We started with approximately
60 features previously introduced in the Commod-
ity12 system. From those features, we removed all the
computationally intensive ones (namely, those derived
from the Fast Fourier Transform) and all features that
depended on the phone’s orientation (so that we are
not required to compute it). We then ran a feature-
selection algorithm that worked as follows: features
were ranked with the ReliefF method and then itera-
tively added to the selected set. They were kept only
if doing so increased the overall accuracy of the newly
trained model in case of the AR and they were kept if
the mean absolute error decreased in case of the EEE
(the machine-learning algorithms to train the models
are discussed later in this section).

The final five features for the AR were the average
of magnitudes, the value of the third quartile, the vari-
ance, the coefficient of variation, and the number of
peaks.

The features used for the EEE were the activity as
recognised by the AR model, the magnitude skewness,
the kurtosis, the variance, the coefficient of variation,
the second magnitude quartile, the interquartile range,
the number of times signal crosses its average, the in-

tegral of the signal, and the number of peaks in the
window.

Phone location: We want our models to work inde-
pendently of phone’s location on the user. As the loca-
tion can influence how the phone perceives the move-
ment, we used the data from all three phones (that were
placed in the trousers pocket, jacket pocket, and bag),
created instances from each of them, and then added
them all up into one training set — making it represen-
tative for all three locations.

Activity set selection: Although our dataset contains
many different activities, we wanted to find a subset
of those that would cover a sufficiently wide range of
user’s activity and could be recognized with a reason-
able accuracy, since the activity is also presented in
the application. We attempted to create three differ-
ent sets. The first set contained “walking”, “running”,
and “rest” (we define rest as a combination of “stand-
ing”, “sitting”, and “lying”, which all have a similar
intensity). The second set added an additional activity,
“cycling”, to the first set. The third set added an ad-
ditional activity, “sport”, to the second set, thus bring-
ing the total number of different activities to five. Here,
all sport activities that were recorded were labeled as
“sport”. Table 2 presents the evaluation of these three
sets. Other activities are too difficult to recognize with
a smartphone alone, so attempting to recognize them

Table 2
Accuracy for different Commodityl2 and e-Gibalec models (-
rest. w-walking, u-running, c-cycling, s-standing, t-sitting, 1-lying,
s-sport)

System Location Activity set Accuracy
Commodity12 All locations r, w, u 91.6%
Commodity12 All locations I, w,u,c 85.7%
Commodity12 Bag L, W, u 91.0%
Commodity12 Bag I,w,u,c 82.0%
Commodity12 Trousers s+1,wrc,t 82.9%
Commodity12 Breast pocket s+t wrc,l 85.0%
e-Gibalec Trousers r, w,u 89.8%
Breast pocket 93.6%
Bag 96.4%
All locations 93.5%
e-Gibalec Trousers r,w,u,c 80.7%
Breast pocket 91.7%
Bag 89.1%
All locations 86.3%
e-Gibalec Trousers I,w,u,c,sS 75.7%
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Table 3
MAE for different regression models for the EEE task
SVR Reg. tree MLP
MAE 1.17 1.20 1.65

would degrade the overall quality of the classification
model. This remains a challenge for future work.

Machine-learning models: For the AR task we
tested three machine-learning algorithms: Random
Forest, J48 decision tree, and Support Vector Ma-
chine (SVM), all implemented in the Weka suite [43].
The results shown in Fig. 6 show that the classifi-
cation models trained with the three algorithms gave
very similar results, with differences showing only at
the very low accelerometer sampling frequencies. We
therefore chose the decision tree as our model, as it
is computationally the simplest and also easiest to im-
plement on different mobile platforms without relying
on any specific machine-learning library. For the EEE
task, we also tested three algorithms: regression tree,
multilayered perceptron, and support vector regression
(SVR). SVR was chosen for producing both the sim-
plest and the best performing regression model (shown
in Table 3).

5.3. Evaluation of the AR and EEE models

All evaluations were done using the leave-one-
person-out approach (the model is trained on nine per-
sons and tested on the remaining one — repeated for
each person). For the classification task we measured
the classification accuracy. For the regression task we
used the mean absolute error (MAE) in MET.

Figure 6 shows the results for the e-Gibalec activ-
ity classification model with the activity set: “rest”,
“walking”, “running”, “cycling”, trained with different
machine-learning algorithms and using different ac-
celerometer data sampling frequencies. The same ex-
periment was carried out for other activity sets with a
similar conclusion: on this dataset, the type of classifi-
cation model does not have a significant impact on the
performance. The classification accuracy starts to drop
after the frequency of 9 Hz, and starts falling quickly
after the frequency of 5 Hz.

The results for the AR for both Commodity12 and
e-Gibalec classification model (trained on the 10 Hz
data using SVM) are listed in Table 2. For fairness
of comparison we retrained the Commodity12 models
on the e-Gibalec dataset. We also tested the original
models trained on the adult data, but they consistently
performed slightly worse than the retrained ones. This

was not unexpected, considering that the target popu-
lation was considerably different. Note that the Com-
modity12 classification models recognize different ac-
tivities depending on the location of the phone.

We see that the e-Gibalec classification models
work with a relatively high accuracy and compa-
rably to Commodityl2 classification models (when
comparing models on the same activity set). In the
e-Gibalec system, the same classification model is
used on all phone’s locations. Nevertheless, we also
decided to test it on each location individually. Lo-
cation “trousers”, performed slightly worse than the
other two, sometimes mixing walking and running.
This may be a consequence of phone being loose in a
“bag” or “jacket”, moving more intensely, thus mak-
ing running easier to detect. Activity set that contained
“sport” was tested with “trouser” location only, as
“jacket” or “bag” locations can be considered unreal-
istic in this case.

Ultimately, we settled on the activity set without
“sport”, since classifying “sport” reduces the overall
accuracy while at the same time having a limited use-
fulness: children typically do not carry a smartphone in
their pocket while playing sports. In addition, several
sports can be viewed as a combination of rest, walking
and running — which may give a decent EEE neverthe-
less.

The results for the energy expenditure estimation,
using SVR, Regression tree (Reg. tree), and Multi-
layered perceptron (MLP) models are listed in Table 3.
As mentioned before, SVR turned out to be the best
of the three, which was also observed in our previous
work.

For comparing the e-Gibalec regression models
against the Commodityl2 “no location” regression
model and SenseWear commercial device predictions,
we carried out two separate experiments. In the first
one we only tested the regression models on the part
of the dataset that contained activities that our activ-
ity classification model can recognize (rest, walking,
running, cycling). The second one was made on the
whole dataset (including warm up, push-ups, jumps,
...). Note that the results in Table 3 reflect the tests on
the same part of the dataset as the first experiment.

The results of the two experiments are listed in Ta-
ble 4. They show that the e-Gibalec regression model
performs similarly to the other two on the set of se-
lected activities, and outperforms them on the whole
dataset. The decreased performance of the Commod-
ity12 model in the second experiment may be the re-
sult of the Commodity12 features that were originally
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Table 4
MAE for energy expenditure estimation

Selected acts. All acts.
e-Gibalec 1.17 MET 1.37 MET
Commodity12 1.17 MET 1.65 MET
SenseWear 1.18 MET 1.42 MET
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Fig. 7. Comparison of the estimated and ground-truth energy expen-
diture. The labels on top indicate in the location of the phone and the
activity.

selected for recognizing and estimating the expended
energy of a wider range of activities that correspond
to tasks in a more sedentary lifestyle of patients with
diabetes.

To illustrate the outputs of the e-Gibalec EEE re-
gression model, we plotted the ground-truth energy
expenditure (as determined by the Cosmed device)
against the one we estimated for one test subject in
Fig. 7. Note that the data from the smartphones orig-
inates from three smartphones worn at the same time,
therefore the Cosmed data is the same in all three
cases.

Table 5
General statistics of the children engaged in pilot study
School Group Gender Avg. Age Avg. weight
location M F (kg)
Urban Control 5 2 104 £0.5 39+10
Test 5 7 10.3+0.6 37+6
Outskirts Control 2 3 10.8 £0.4 407
Test 4 14 10.94+0.3 39+5

6. Pilot study

In order to evaluate whether the e-Gibalec system
stimulates the children to be more active, and to get
a broader insight into its actual interaction with the
users, a pilot study was carried out on N = 42
schoolchildren from two elementary schools. One of
the schools was located in the city of Ljubljana (urban
setting), while the other was located on the outskirts
of Ljubljana, which could be considered a semi-rural
setting. The general statistics of the children engaged
in the study are presented in Table 5.

The pilot study was carried out over 5 weeks in April
and May 2016. The participating children were stu-
dents of 5th and 6th grades of elementary school, cor-
responding to ages from 10 to 12. The children were
randomly divided into two groups, with roughly one
third being assigned into a control and two thirds into
a test group. Children in the test group were given
a fully-functional e-Gibalec application. Children in
the control group were given a stripped-down version,
which retains full functionality regarding the activ-
ity monitoring and the manual input of activities, but
omits all interactive aspects, namely the ability to mon-
itor daily progress, display of the earned coins and
special rewards, buying sports equipment, challenging
friends, and the avatars. The aim was to create a “bor-
ing” version of the application, one that would affect
children’s activities as little as possible. Nevertheless,
the stripped-down application still retained the func-
tion for manual input of activities, since manual input
is the only mean of obtaining information about activi-
ties when the child was not carrying the phone. Due to
the limited duration of the study, the cost of the sports
equipment was set to 80 coins per item, so that children
could buy several of them (in the regular version, chil-
dren would typically require several months to afford
all the items). The costs of the equipment upgrades re-
mained the same.

At the beginning of the study, we generated the user
accounts and assisted the children to install the as-
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signed application and log in. In addition, user ac-
counts were created for the parents so they could con-
firm the manually-input activities. Children were asked
to use their version of the installed application over the
course of five weeks (35 days). Both children in the
test and the control group were asked to manually input
their activities performed when they were not carry-
ing their smartphones. Throughout the duration of the
study, the authors of this paper were available both to
the parents and the children to solve potential technical
issues. At the end of the study, the participating chil-
dren were asked to fill in a questionnaire about their
user experience.

6.1. Evaluation of the pilot study

The analysis of the pilot data showed that the usage
of the application varied significantly among the chil-
dren. In both schools and both in the test and control
groups, some children used the application throughout
the run of the pilot study and were also inputting their
activities manually. On the other hand, several children
lost interest in the application at some point and ceased
using it. In this evaluation, we focus on the following
aspects: the time of use, the average activities within
each group, the number of daily goals reached, and the
interaction with the application, such as the manual in-
put of activities and activity challenges with friends. At
the end, we present the results of a survey we carried
out among the children after the end of the pilot.

The statistics of the number of days the children
were actually using the application, meaning that the
application was sending data to the server, is presented
in Table 6.

We can see that in both groups we had children
who used the application during the entire duration of
the pilot. Some children ceased using the application
within days of the beginning of the pilot, and one child
in each control group did not use it at all. The aver-

Table 6

Number of days the children were using the application

School Group Min Max Avg Median
location days days days days
Urban Control 0 35 9.0 2
Test 1 35 14.6 13
Outskirts Control 0 30 11.6 4
Test 3 35 19.6 22
Combined Control 0 35 10.1 3
Test 1 35 17.3 21

age and median use of the application shows that chil-
dren in the test group were using the application sig-
nificantly longer than in the control group. The me-
dian values for the use of the application in both con-
trol groups are comparable, while the median use in
the test group is higher in the outskirts school. Some
children kept using the application even after the for-
mal conclusion of the pilot, but that data was excluded
from the analysis.

In the analysis of the activities, we have to dif-
fer between sensor-monitored activities and activities
that were input manually through the application. It
turned out that only eight children in total were us-
ing this function — six in the urban school and two in
the outskirt school, all of them belonging to the test
groups. In total, children used the input function 243
times. The most frequently input activities were walk-
ing (96), football (27), gymnastics (23), running (17),
cycling (13), playing an instrument (10), and home
chores (10). There were 15 more activities which were
recorded less than ten times each.

We next checked how many times children reached
their daily goal. In the urban school, one child from the
control group and seven children from the test group
reached the daily goal at least once. The child in the
control group reached the daily goal 9 times and the
best two performances in the test group were 22 and 15
daily goals reached. In the outskirts school, two chil-
dren from the control group and eight children from
the test group reached the daily goal at least once. The
maximum number of daily goals reached in the control
group was 3 and in test group 5.

As the usage of the e-Gibalec application among
children has been somewhat inconsistent, especially
regarding the manual activity input, we cannot draw
firm conclusions regarding the amount of children’s
physical activity. Nevertheless, we present a compar-
ison of the average active calories burned and points
gained per child per day of use in Table 7. Active calo-
ries are the calories burned while performing moderate
or vigorous activities, which in our case includes mod-
erate and vigorous activities recognised with sensors
and input manually.

The above analysis indicates that in both schools,
the children in the test group were in total more ac-
tive than the children in the control group. This sug-
gests that the e-Gibalec system successfully promotes
physical activity, although the data is collected on
a relatively small sample and cannot be generalized.
The results show that children in both control groups
achieved a comparable number of points while using
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Table 7

Average active calories (kcal) and average gained points per user per
day of application use during the pilot study

School location Group Average per day
Active Calories (kcal) Points
Urban Control 38 1.5
Test 164 4.9
Outskirts Control 20 1.6
Test 55 3.0
Combined Control 31 1.5
Test 105 3.8

the application. When comparing the test groups, we
can observe that the children in the urban area achieved
a higher number of points than the children in the out-
skirts area. We suspect that this difference arises not
necessarily from urban children being physically more
active, but rather that children from the outskirts do not
keep their phone with themselves all the time. If they
play in the garden or help their parents with chores
around the home, they are active, but the phone will
not detect that, as they might leave it in the house. Fig-
ure 8 presents an overview of the daily points gained
for a representative active child from the test group
from the urban area. The green area represents the to-
tal points per day, while the blue and orange bars cor-
respond to the points gained from the activity moni-
toring and from the manually input activities, respec-
tively. The black line is the threshold for achieving the
daily goal.

We also analysed the use of the avatars and activ-
ity challenges. The most popular avatar turned out to
be the dragon (35%), followed by the dinosaur (25%).
During the course of the pilot, 11 children purchased

25

20

Points

at least one sport equipment item. Out of those, only
two children upgraded at least one item. This is not
surprising since children typically did not reach seven
daily goals, which is required for the first upgrade. In-
terestingly, the most active child in the pilot purchased
all the sports equipment items and even upgraded one.
In the analysis of the activity challenges, we found that
13 children were using this function and 33 challenges
were carried out in total throughout the run of the pilot.

At the end of the pilot, several children reported that
they wanted an even bigger variety of avatars, which
is something we will consider in future work. Children
also mentioned that, as some parents had technical dif-
ficulties confirming their activities outside school, the
scores did not necessarily reflect the correct levels of
their physical activity. Since such technical problems
were not reported to the technical support team during
the pilot, there was not much we could do about this
issue.

Most of the comments in the survey were given
by the children who used the full version of the ap-
plication, while the children who used the stripped-
down version gave practically no additional comments.
As the children who used the full version commented
more on it and suggested more ideas on how to im-
prove the application and — as indicated by the results
of the study — were also more active, we assume that
the full version motivated the children more and that
e-Gibalec shows potential to help lead the children to
a more active lifestyle.

7. Conclusion

In this work we presented the e-Gibalec system that
aims to stimulate children, with the help of parents

123 45 67 8 91011121314151617 18192021 222324252627 2829 303132333435
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Points from activity monitoring

Day

Points from input activity e D qily goal

Fig. 8. Chart representing points gained per day for a single test user from urban school.
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and PE teachers, to lead a more active life. The smart-
phone application focuses on children. It can automat-
ically detect children’s activity and estimate their en-
ergy expenditure, and then motivates them to be physi-
cally active. The web application helps parents and PE
teachers to monitor children’s progress and to further
stimulate them. As opposed to commercially avail-
able products, e-Gibalec distinguishes itself by being
specifically designed to target schoolchildren, by not
using additional wearables, and by being the first PE-
related application in Slovenian language.

We demonstrated that the AR and EEE models are
sufficiently accurate for the purpose of the mobile ap-
plication, taking into account the data acquisition fre-
quency and the computational complexity, which both
influence the battery life. The AR module correctly
classified over 86% of activities when looking at rest,
walking, running, cycling. When considering only the
first three activities, the accuracy was even above 93%.
The EEE results were comparable to the more com-
plex models used in the Commodity 12 project and also
to those obtained by a dedicated commercial wearable
device.

The pilot study provided us an insight into how chil-
dren use the application. Although the results indicate
that the test group (using the fully-functioning version
of the application) appeared to be more active than the
control group (with the stripped-down version) during
the duration of the study, the nature of the data col-
lected prevents us from performing a detailed statis-
tical comparison between the urban and the outskirts
settings. Nevertheless, we saw that the children that
were using the application embraced its various func-
tionalities, such as choosing the avatars, purchasing
sports equipment, and challenging friends in various
activities. We plan to extend the study with validation
pilot with larger groups, again focusing on difference
between children from urban and outskirts environ-
ment.

During the development of the system and dur-
ing the pilot study, we identified several potential im-
provements for future versions of e-Gibalec. In order
to keep children motivated, we can introduce addi-
tional unlockable avatars, sports equipment items, and
higher upgrade levels. Depending on the preferences
of the users, additional push notifications for children
and messaging components for interactions between
children and teachers may turn out to be beneficial.
A long-term goal is to expand the AR models to in-
clude various sports activities and thus enable chil-
dren to challenge friends in, for example, football with

sensor readings. A potential extension could include
short- and long-term tasks in addition to daily goals.

In the next step, we plan to work with Slovenian
schools to introduce the e-Gibalec system to PE classes
and daily lives of schoolchildren. Doing so, we can
influence the children to be more physically active
and to embrace a more active lifestyle. Although the
e-Gibalec has been developed for children, and is in
appearance adapted for them, we believe that we could
apply this model (rewards, notifications, avatars, per-
sonalised messages) with minor modifications for ado-
lescents and adults as well.
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