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Abstract. Analyzing sport data becomes, every year,
more interesting for a wide spectrum of researchers
in the sports domain. Recently, more and more
data relating to sports have become available to
researchers due to the huge progress of information
technologies. New wearable devices enable athletes
to track performance data that are saved into sport
activity datasets and later analyzed by sport trainers
using data mining methods. These datasets are also
very useful to researchers in the sports domain who
usually employ a collection of them in their researches.
Typically, these researchers are confronted with two
problems: Firstly, how to gain the real data, and sec-
ondly, how to process them. In this paper, we propose
a new tool for generating a collection of sport activity
datasets online (named SportyDataGen), where data
from various endurance sports disciplines, obtained
from different mobile devices worn by amateur, as
well as professional athletes are stored. The data are
generated in CSV format according to user demands,
and do not require any preprocessing. Here, the
proposed tool is described systematically, while one
example is also presented of a generated collection.

Keywords. sport data analysis, data mining, triathlon,
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1 Introduction

Analyzing sports activity datasets has become an un-
avoidable tool for monitoring advances of athletes in-
volved in the process of sport training. This state-
ment is supported by the rising power of Information
Technology (IT) on the one hand, and development of
more sophisticated algorithms in the domain of Arti-
ficial Intelligence (AI) on the other. Simultaneously,
a lot of people have been involving into sports, into
which they are forced due to their, usually sedentary,
modern life-style. Mainly, the endurance sports disci-
plines are preferred by the athletes, because those are
individual sports and do not need any sports infrastruc-
ture (e.g., sports hall, special sports tools, etc.), where
athletes train, when they have time, and therefore, there

is no need for special coordination between people as
in the case of a team sports disciplines. Nowadays,
these athletes use smart watches or smart phones dur-
ing the training session in order to analyze tracked data
about realized their sport activities after training. Typi-
cally, these devices are the origin of producing the huge
amount of data. Indeed, data in this domain have been
rising exponentially.

Swimming, biking, and running are typical en-
durance sports disciplines that are more eligible for am-
ateur athletes. However, combining these three sports
caused the formation of the more complex sports dis-
ciplines, such as, for example, triathlon. The word
triathlon refers to the modern sport that is one of the
more attractive sports disciplines recently, where the fi-
nal time of the competition is the sum of all three sports
disciplines, together with two transitions. Thus, the
first transition is devoted to preparing an athlete from
swimming to cycling, and the second from cycling to
running. It is worth mentioning that there are various
triathlon distances that spread from the short distance
toward the medium and long distances, until the ultra-
triathlons.

Although the triathlon is a very young sport, every
year it attracts more and more competitors from all over
the world. This trend is already evidenced by the fol-
lowing facts: (1) The majority of international races
(e.g. IRONMAN triathlons) are filled with competitors
from the whole world shortly after the Internet registra-
tions are opened, (2) Many personal trainers have be-
come more busy due to providing the process of sports
training for an increased number of triathlon enthusi-
asts during the whole year, and (3) Triathlon has also
become an interesting subject for intensive scientific
researches [11, 16, 13, 10].

In the past years, most of the researches related to
performance studies, tactics, and health in cycling, run-
ning, and triathlon. These sports also became interest-
ing for researchers in Data Science and other Al do-
mains by rising the volume of data produced during
training sessions. For example, Matabuena et al. [14]
showed that the performance of a group of athletes can
be predicted without forcing them to fatigue by exer-

29th CECIIS, September 19-21, 2018, Varazdin, Croatia



172 Proceedings of the Central European Conference on Information and Intelligent Systems

cises of low intensity. Not long ago, Mnadla et al. [15]
outlined data concerning the related activities and inter-
est for the [ronman competition on the Internet, while
Knechtle et al. [12] analyzed participation and perfor-
mance trends in ultra-triathlons. Moreover, analyzing
cycling data [2, 17] also produced valuable research for
a wide audience. On the other hand, Cintia et al. [3]
shows how to exploit the massive data exported from
Strava to construct personalized training programmes
for cyclists.

Interestingly, public access to endurance sports data
for research is still a very big bottleneck for researchers
in this research domain, because a lot of data remain
unreachable due to the policy of athletes, trainers, or
even sport clubs. For that reason, studies cannot be
replicated, while some studies cannot even be con-
ducted because of the lack of data. In the past, we
have tried to supply data produced by wearable de-
vices (smart phones and smart watches) to researchers
in some individual sports disciplines [18, 8]. In line
with this, we were focused on collecting data obtained
from real athletes. However, this task was not so easy,
because some athletes did not want to share their activ-
ities publicly. Therefore, we have assembled sports ac-
tivity data obtained from a group of athletes who were
willing to share their data. Every year, we published a
big collection of these data online. Fascinatingly, we
received a very positive feedback over the years.

Unfortunately, these datasets were collected in their
native format (i.e., TCX and GPX file formats), and,
therefore, preprocessing (i.e., parsing) is needed before
using them. Obviously, this task is far to be simple,
especially for researchers without deep knowledge of
computer programming. In order to help them, we de-
cided to develop an online sports activity generator of
sports activity collection, where users would be able to
select what and how much of the generated data they
want. This generator, named SportyDataGen, can be
found at the Internet page www.sport-slo.net.

The aim of the paper is to present the features of the
online generator of an endurance sports activity collec-
tion that are available to a potential user on the Inter-
net. The structure of the remainder of the paper is as
follows. Section 2 discusses problems arising in us-
ing existing collections of an endurance sports activ-
ity datasets. Generation of the endurance sports activ-
ity collection with SportyDataGen is described in Sec-
tion 3. Examples of the generated endurance sports ac-
tivity datasets are presented in Section 4. The paper is
concluded with Section 5, which summarizes the per-
formed work and outlines directions for the future.

2 Problems using existent collec-
tions of endurance sports activity
datasets

SportyDataGen relies on real data that were obtained
from mobile devices worn by amateur and profes-
sional athletes during their endurance sports training
sessions. Most of the data were exported directly
from Internet applications, like Garmin Connect [9],
Strava Connecting the world’s athletes [20], or Suunto
MovesCount [21]. Athletes gave us their credentials in
order to access their profiles on such applications. At
the same time, they agreed that data can be used in this
research. The exported datasets can either be in TCX or
GPX file format. Actually, both formats basically have
their roots in eXtensible Markup Language (XML).

Although these activity datasets obtained from real
athletes were collected and made available publicly for
the purpose of research, they were rarely used in prac-
tice, especially because they must be preprocessed be-
fore their use. However, the preprocessing is not a sim-
ple task, due to the fact that there is no sophisticated
parser of these file formats available in particular pro-
gramming languages. As a result, the parser needs to
be developed from scratch, but this demands a suffi-
ciently high level of knowledge in computer program-
ming. Unfortunately, a lot of users suffer from a lack of
this knowledge and, therefore, are unable to carry out
such preprocessing.

Obviously, the authors of these collections are aware
of these problems. Consequently, some previous ver-
sions of the collections allow downloading the activ-
ity datasets in a raw data format suitable for explor-
ing without preprocessing [8]. Although these col-
lections are very useful, they are too static, and do
not consider any variability (e.g., using similar activ-
ity datasets from two different athletes). Indeed, this
situation calls for using a generation tool for genera-
tion of the endurance sports activity collections that are
suitable for generating data on user demand.

3 Generation of endurance sports
activity collection

The SportyDataGen is a generator for endurance sports
activity collection consisting of more components
working together sequentially. Actually, the architec-
ture of the generator that is presented in Fig. 1 is very
complex. There are the following six components of
the generator:

e Collection: This component enables automatic
downloading of the endurance sports activities from
online profiles to be at the disposal by producers of
specific wearable devices, like Garmin, Strava, Su-
unto, etc.
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o Processing: Downloaded raw endurance sports ac-
tivities saved in TCX or GPX file formats are parsed
by the mentioned components. This means that the
most important features are extracted from raw files.
Thus, features, like the average Heart Rate (HR), the
total sports training Time Duration (TD), the total
distance and consumed calories, characterize a typi-
cal endurance sports training session.

o Database: The purpose of the component is to store
extracted features into a database for further analy-
sis. Typically, each training session in the database
is identified by the training load indicator - TRaining
IMPulse (TRIMP), proposed by Banister [1]. This
load indicator is expressed simply as:

TRIMP = TD - HR, (1)

where T'D denotes the time duration of the en-
durance sports training session in minutes, and HR
is an average Heart Rate in beats per minutes.

o Generation: The corresponding endurance sports ac-
tivities are selected from a database according to
the user’s preferences, like the sports discipline, the
number of generated endurance sports activities in
the collection, and the features that should be gen-
erated. In line with this, these activities can also be
clustered regarding the TRIMP measure.

e Output: The component is devoted for exporting the
selected collection of measured sports activities in
CSV format. Additionally, the table with the same
features are also made available to the user.

e Web application: It allows control of the database
and the generation process of the measured sports ac-
tivity collection. On the other hand, the application
enables users to interact with a User Application In-
terface (API) for tailoring the collection according to
their needs.

The first three components are already part of the
Artificial Sports Trainer (AST) proposed by Fister et
al. [7], dedicated to acquire the sports training activities
into a database. Indeed, the database serves as a ba-
sis for decision-making about realization of the sports
training process by the AST. In line with this, the AST
uses it for planning the sports training sessions [5],
adapting the training sessions [6], proposing the dietary
plan necessary for covering energy consumption as de-
manded by the specific training plan [4].

In this study, the database was exploited for genera-
tion of endurance sports activity collection, where the
prescribed number of endurance sports activities are
selected according to the user’s preferences in a CSV
file format that does not need any preprocessing and
is, therefore, also available for use by users with less
knowledge of computer programming. The following
preferences are available to users by generating the col-
lection of sports activities:

o the endurance sports discipline

o the number of generated activities
o features

o the number of clusters

o intensity of the generated endurance activity collec-
tion in TRIMP

o the generation mode

At this moment, two endurance sports disciplines are
supported, i.e., cycling and running. However, more
endurance sports disciplines could be supported in
the future (e.g., triathlon). The number of generated
endurance sports activities determines the endurance
sports activities collection. Users can select between
the following features: heart rate, duration, distance,
calories, maximum and average altitude, and pace. The
number of clusters prescribes those numbers of differ-
ent clusters used by the k-means clustering algorithm,
from which the activities could be selected. The inten-
sity of the generated activities is optional, and actually
refers to the generation mode. If the generation mode
is purely random, then the value of zero is expected,
which means that the intensity of all training activities
in the collection is ignored. In contrast, when the evo-
lutionary approach is selected, a minimum TRIMP in-
tensity value I, of the appropriate participating cluster
is specified by the evolutionary optimization process.

As already mentioned, the SportyDataGen supports
two modes of generating the in the remained of the pa-
per sports activity collection, i.e., purely random, and
evolutionary. In the remained of the paper, both modes
are described in detail.

3.1 Generation modes

Two modes of generating the endurance sports activ-
ity collection exist. Actually, both modes start with
clustering the endurance sports activities into a defi-
nite number of clusters. The clusters are determined
according to the TRIMP measure, while the k-means
clustering algorithm is applied for clustering. However,
the number of clusters is crucial for the performance
of the generation. The more clusters are selected, the
more diverse activities can be generated. At the mo-
ment, the SportDataGen supports from 3 to 10 numbers
of clusters. Typically, the proper number of clusters
must be determined experimentally.

The set of endurance training sessions are clustered
according to the TRIMP training load indicator in order
to obtain groups of training sessions of similar intensi-
ties. As can be seen from Eq. (1), time duration and
average heart rate have influence on the TRIMP train-
ing load indicator. However, the main disadvantage of
this indicator is that it is insensitive to the different lev-
els of training. Users of SportyDataGen can choose the
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Figure 1: Architecture of SportyDataGen.
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Figure 2: Example of clustering (C = 8).
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desired cluster settings. Fig 2 presents an example of

clustering, where the number of clusters is 8.
Generation of the endurance sports activity collec-

tion can be defined mathematically as follows. Let us

assume a collection of endurance sports activities as a

real-valued vector:

fori=1,...,NP, (2)

x; = i1, ,7p]",

and a set of clusters are given:
C= {01702,...,071}7 (3)

where NP denotes the number of different collections,
D is the number of endurance activities in the collec-
tion, n the number of clusters. Each cluster is defined
as:

fork=1,....,n, &)

Ok’ = {tk,lv ce 7tk,7nk}7

where ¢, ; denotes a specific endurance training session
and my, is the size of the k-th cluster. A vector denoting
a sequence of clusters

fori=1,...,NP, (5

C; = [Ci,la ceey Ci,D]T7

is assigned to each of the vector x; that determines a
specific cluster from which the endurance sports activ-
ity can be selected. The sequence of clusters is then
generated according to the following assumptions. Un-
til the vector c; is not full, a tournament is played
between the specific cluster j and its corresponding
threshold value is expressed as follows:

threshold(C;, C;) = |I¢, — Ic,| /10. (6)

If the value drawn from the uniform random distribu-
tion in interval [0, 1] is less than the threshold value,
the j-th cluster is placed on the observed position in the
vector c;. The intensity cluster entered via user’s API
Ic, = 0 favors those clusters C; that gave the closest
distances |/, — I, | according to the following order-
ing:

Ie,

0

= do = Io, = Ie,, == e, (T)

where / >’ denotes the relation of ’is better than or
equal to’, and I, = 0. Actually, a distance |I¢, —
Ic, | =1, 0r|Ig, — I¢,,,| = 1, adistance |I¢, —
Ic, ,| = 2, 0r |Ig, — Ic,,,| = 2, while a distance
|Ici _ICO| =1— 1, and |IC¢ —Icn| =n—1—1.

Then, the corresponding sports activity ., , ; is de-
termined, where [ is calculated according to the follow-
ing equation:

l= I.xiJ ! mci,jJ TMe; 55 (8)

If the purely random selection mode is drawn, each
element x; ; is selected simply according to the follow-
ing equation:

L5 = rand(O, ].), (9)

where rand(0, 1) generates the random number drawn
from the interval [0, 1].

The evolutionary approach is intended for produc-
ing more reliable and robust data. It is powered by
Differential Evolution (DE) [19] that is considered as
an Evolutionary Algorithm (EA). Due to the nature of
EAs, DE is population-based, and consists of Np real-
coded vectors representing the candidate solutions re-
garding Eq. 2. Each element of the solution is in the
interval xi? € [xz(»L), xz(»U)], where I’EL) and xEU) de-
notes the lower and upper bounds of the ¢-th variable,
respectively.

DE guided search is controlled by three operators:

e mutation,
e crossover and
o selection.

Mutation selects two solutions randomly, and adds
the scaled difference between these to the third solu-
tion. This mutation is expressed as follows:

ul = x4 P (x—x) fori =1,..., Np, (10)

where F' denotes the scaling factor as a positive real
number that scales the rate of modification, while
rl, r2, r3 are randomly selected values in the inter-
val 1... Np. Note that, typically, the interval F' €
[0.1,1.0] is used in the DE community.

Uniform crossover is employed as a crossover by the
DE, where the trial vector is built from parameter val-
ues copied from two different solutions. It is expressed
as follows:
LD {u(t;

e

.3 (t)
i3

randj (O7 1) S CRV j - jrand:

otherwise,

(1)

where CR € [0.0, 1.0] controls the fraction of parame-
ters that are copied to the trial solution. Note, the rela-
tion j = jrqnq €nsures that the trial vector is different
from the original solution th).
Selection is, in fact, a generalized one-to-one selec-
tion that is expressed mathematically as follows:
KD _ {w(f:)) if f(wi) < f(x1), (12)

X; otherwise .

In fact, each element ¢, ; denotes the [-th training
session in the ¢;-th cluster. As a result, the fitness func-
tion of the DE algorithm is expressed as follows:

D
f(xi) =Y TRIMP_ (13)
j=1
where TRIMP;,_ ; denotes the TRIMP training load
indicator of the corresponding training session ¢, ; cal-
culated by Eq. (13).
Let us mention that parameter settings for evolution-
ary approach are: NP = 20, Ny, ! =200, F = 0.5,
CR =0.9.

"number of iterations
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3.2 Advances and weaknesses of Sporty-
DataGen

SportyDataGen is easy to use. The user may only se-
lect the required parameters and sports data is gen-
erated. To use SportyDataGen, no annoying Regis-
ter/Login features are needed, and no irritating adver-
tisements are present. It generates real data obtained
from different athletes. Thus, amateur, as well as pro-
fessional, athletes are taken into account. SportyData-
Gen relies totally on references and, therefore, does not
offer randomly generated data. Generated datasets are
downloaded from a server. This means that they are
easy to share. Each of them obtains a unique dataset
link for the purposes of citing in a publication or shar-
ing to your friends. On the other hand, they are also
easy to reuse and for replication. In any case, review-
ers may be equipped by a full dataset and convince
themselves by reproducing your research. The genera-
tor supports a multiple format output. Striving to help
researchers with time consuming tasks is taken into ac-
count. Sports data can, therefore, be downloaded in
multiple formats, including CSV. More formats will
be supported in the future. Generated datasets are
stored on a server permanently, and daily backups are
conducted. Data are added into our database regu-
larly. To have access for sport volunteers for donating
sports data is in accordance with the mission of Sporty-
DataGen. The current version of SportyDataGen sup-
ports biking and running sports disciplines. However,
SportyDataGen could support more sports disciplines
in the future, including swimming and multi-sports
(e.g., triathlon, duathlon). In other words, the current
version of SportyDataGen is not finished yet. Indeed,
new ideas will be implemented in the coming versions
of SportyDataGen.

On the contrary, some weaknesses of the proposed
method also exist. Due to the nature of our volunteers,
some clusters are not supported by enough data. For
example, according to the clustering in 10 clusters, the
cluster with high intensities is not supported by enough
activities. The main problems are that athletes do not
perform extremely long training sessions with high av-
erage heart rate. One of the weaknesses that may also
be considered is that raw data of a particular endurance
activity is not presented online. Raw endurance ac-
tivity consists of all GPS track points that some re-
searchers can use for deeper analysis. However, this
part is considered for future releases of SportyData-
Gen. Additionally, the current version is not concen-
trated on deeper validation of measures produced by
wearable devices. In fact, some athletes do not use the
newest wearable devices. For that reason, some mea-
sures may not be totally consistent due to the problems
with devices. Anyway, we consider all original mea-
sures that are available in data. In the future, we intend
to validate each activity deeply before saving it to the
database.

4 Examples of generated endurance
sports activity collection

Table 1 presents an example of a generated endurance
sports activity collection in cycling. In this collection,
the first row presents the ID of an activity and all the
features that were selected by the user. It is worth men-
tioning that the value of duration is presented in min-
utes, while distance is presented in kilometers. Aver-
age HR is presented as beats per minute, altitude mea-
sures are presented in meters, while calories are based
on kCal. Here, endurance activities are very similar,
due to the selected parameter of intensity. These data
can now be imported easily as test data for many tasks,
e.g. planning sport training sessions with Al tools.

5 Conclusion

The objective of this paper was to present a very com-
plex generator of endurance sport activity collection for
research that is accessible online. In the past years, an-
alyzing sport activities that were created by sport track-
ers has become a very interesting research area. How-
ever, data for analysis still represent a big bottleneck
for many researchers. Although many datasets have
been released in the past years, they were actually col-
lections of raw activity data downloaded from various
applications that producers of various wearable track-
ing devices offer their customers (i.e., athletes).

In line with this, raw data limited the use of such data
due to the sophisticated processing. Some researchers
are non-programmers and therefore can hardly deal
with programming tasks. In this case, the proposed
tool SportyDataGen is unavoidable. On the other hand,
it really speeds up the preprocessing process, while it’s
web application is easy to use. Moreover, its architec-
ture allows users to share data easily. Users can simply
select parameters and thus they are capable of generat-
ing the various outputs.

In the future, we intend to improve this generator ac-
cording to the user’s feedback. More generation modes
are going to be supported in a future release, along with
more endurance sports disciplines. The next big chal-
lenge is to support generation of triathlon datasets.
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