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Abstract 
Our research aims at supporting personal cycling trainer applications in training planning 
and feedback giving to nonprofessional outdoor cyclists, based on a general reference. In 
this paper we present the created dataset. According to our present knowledge, this data 
collection is the first public dataset containing cycling activities recorded outdoor. Its 
usability for training planning and feedback giving is demonstrated through an example. 
The dataset is clustered according to age groups, considering distance and average speed 
as the two most influential features when predicting the time required for training. These 
clusters are then applied as references in feedback giving and goal setting. 

Key words: Outdoor cycling dataset, Sports data mining, Cycling performance feedback, Personal cycling trainer 

1. Introduction 
Goal setting is a mental tool one can use to 

maintain a high level of motivation in any activity. In 
effective goal setting SMART goals are needed. 
Although historically the philosophy behind goal 
setting dates back to the Greeks, the idea of creating 
SMART goals was formalized later. Doran [8] was the 
first to introduce the Specific, Measurable, Assignable, 
Realistic and Time-related (SMART) method for 
writing effective management goals. Over time the 
SMART acronym experienced changes and a variety 
of other words were used as more people saw the 
benefits of the concept in business and education. 
SMART goals became SMARTER goals where 
Exciting and Recorded are the additional 
characteristics. 

The application of SMART goals in sport activities 
was studied by Locke and Latham [15]. Their general 
hypothesis was that goal setting works as well in sports 
as in business and laboratory tasks, and they set ten 
specific hypotheses to be tested in competitive sports. 
They also state that goal setting in the absence of 
informative feedback becomes meaningless. 

A similar statement can be derived from the 
behavioral sports psychology literature (see Horn [11]) 
for a review), that also emphasizes the importance of 
feedback. In book of Ward [25], three primary 
principles of goal setting are identified. 1) Goals 
should be specific and difficult, 2) goal statements 
should define the consequences of meeting or not 
achieving the goal, and 3) goal setting is more effective 
when combined with performance feedback. 
Performance feedback can be given by a person (self, 
or other, e.g. coach or teammate), or technology. 

Technology have become increasingly useful in 
providing feedback in sports settings and in fitness and 
health, see Sykora et al. [22]. Functionally, feedback 
types can be divided into three main groups: 1) 
monitoring actual activity, 2) comparing actual 
performance with personal records, and 3) showing 
actual performance with respect to a general reference. 

Whilst gadgets providing first-type feedback are 
simple electronic measuring devices, for second- and 
third-type feedback an information system is needed 
that collects, filters, processes, and displays the data 
coming from the measuring units, see Chi [6] and Baca 
et al. [3]. Tracking devices, like sports watches with 
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built-in GPS, or mobile devices running tracking apps, 
produce vast amount of training data. They usually 
track and monitor performance in real time. This 
means that for example mobile applications dedicated 
to running, cycling or hiking activities record 
information regarding the duration time, length and 
altitude of the course in parallel with the athlete's 
moves. Examples here are Strava and Garmin Connect, 
which are web-based training services, offering their 
users sports activity data visualization and analysis. 
Strava stores training data in a file in GPS exchange 
format (GPX), which is a light-weight XML data 
format for the interchange of GPS data (waypoints, 
routes, and tracks) between applications and Web 
services on the Internet (see: 
http://www.topografix.com/gpx.asp). Garmin 
introduced the TCX (Training Center XML) dataset 
format, which is similar to the GPX format (see: 
http://www8.garmin.com/xmlschemas/Training 

CenterDatabasev2.xsd). It exchanges also GPS 
tracks, but treats a track as an activity rather than 
simply a series of GPS points. TCX includes additional 
data with each track point: heart rate, running 
cadence/bicycle cadence, calories, as well as summary 
data in the form of laps. The movement of the athlete 
is visualized using Mapbox in Strava, and on Google 
Maps in Garmin Connect, together with some 
statistical measures like average heart rate during 
sports session, velocity, or length of the performed 
course. This analysis, however, represents only the 
actual sports session.  

Combination of technology with data mining 
methods opens new perspectives. First attempts 
include activity identification Lee and Hoff [13], 
analysis of the outcomes of sport events by De Marchi 
[7], and sport result prediction by Min et.al. [18], 
Baulch [5], McCabe and Trevathan [16] and Miljkovic 
et al [17]. Lately, relevant second-type feedback 
presenting systems have been created with the purpose 
of achieving better performance and avoiding 
excessive load in professional sport settings by Baca 
[1] or Jaitner and Trapp [12]. The Mobile Motion 
Advisor introduced by Baca et al. [4], by applying the 
remote coaching concept, supports athletes and 
coaches in different sports in continuously supervising 
individual performance level and giving real-time 
feedback by Baca [2]. Recent scientific interest leans 
towards recommending training plans. Fister et al. [10] 
or Rauter et al. [20] started to build an automated 
personal trainer that is able to aggregate data from 
GPX files and on the basis of an analysis using data 
mining methods, gives second-type feedback and 
training recommendations for triathlon athletes based 
on personal records. Their intelligent sports trainer is 
aimed to be capable of dynamically planning sports 
sessions according to personal characteristics and 
external circumstances (e.g. weather) and applies a 
modified bat algorithm (MBA) Fister et al. [9]. 

The popular web-based training services, like 
Strava and Garmin Connect, also apply data mining 

methods. When recommending route or training plans 
for runners and cyclists the data come from a global 
dataset recorded by their users. Second-type feedback 
is provided when displaying personal progress or 
fitness level. Third-type feedback is implemented as 
showing personal results in view of the list of best 
records of other users. For these kinds of feedback, 
recorded data need to be stored under personal 
accounts and to keep privacy, they are managed and 
used privately. 

Large amount of historical data is needed for the 
purpose of personal cycle trainer applications that 
produce feedback based on general reference. Since 
we have not found such a dataset that 1) contains 
outdoor cycling data in an amount that is sufficient for 
feedback giving, and 2) is publicly available, we have 
collected several thousand records of cycling activities 
from volunteer users of different sports tracking 
applications. These users exported their own activities 
and gave us permission to use their data for research, 
keeping their anonymity. On the basis of this data 
collection we have created a public dataset that can be 
used as a reference to compare with one’s actual 
performance. The dataset is available at kaggle.com 
and can be downloaded from 
http://www.kaggle.com/dorinaferencsik/outdoor

-cycling-metrics (uploaded on October 4, 2019).  
In this paper we introduce the dataset. We present 

the method of its creation and demonstrate its usability 
for personal cycling trainer applications through an 
example. 

 
2. Data acquisition and cleaning  
For our research we have collected over ten 

thousand cycling activities. Among our volunteer data 
providers there are professional cyclists and 
commuters having more than 20 activities/month, and 
hobby cyclists with less than one activity/month. We 
have collected activity data from all groups so that we 
can offer a diverse reference base for a wide range of 
users.   

 
Fig. 1: Structure of the collected dataset 

Originally, we have collected activities completed 
by female and male cyclists as well, because we 
planned to create separate reference bases for each 
gender in order to grant more precise and reliable 
feedback. Unfortunately, there were only about a few 
hundreds of activities completed by female cyclists – 



31 
 

that were made available for us – which is not enough 
for data mining. For this reason, the present paper 
covers only the reference base of male cyclists. 

More than 10 thousand cycling activities of male 
athletes were uploaded to our website. As the collected 
files consist of only latitude-longitude geminates 
characterized by a timestamp and an elevation above 
sea level, first we had to extract useful information. 

This procedure involved the exploration of the 
possibilities of transforming GPS positions into 
features, and also the selection process of these 
extracted features. We have extracted several traits 
from the files and by combining them with the cyclists' 
characteristics (such as age and gender) we have ended 
up with a database containing 14 features (see Figure 
1). 

In the next step, we had to clean the dataset. The 
discovery and correction of the faulty data involved 
investigating missing values, dimension reduction and 
detecting outliers. This process was greatly supported 
by the Pandas Python package, which can create 
summaries about a given dataset and can facilitate the 
whole course of data processing. The describe() 
function was used to create a feature-wise summary 
table and was the base for identifying the number of 

missing values, and finding the uninterpretable or 
impossible values by checking the range of a feature. 

In our dataset, we found 2 activity features where 
over 80% of the values were missing. These are the 
start and end coordinates (latitude and longitude). The 
reason for this is that in the process of data acquisition, 
the users could decide whether they want to share the 
exact GPS positions of their cycling routes, or not. 
Missing value pairs mean that the user did not give us 
permission to include these data in the public dataset. 
As mentioned earlier, the gender feature came out to 
be indifferent as well, because of the small number of 
female users. Hence, the insufficient number of usable 
values motivated the deletion of these features on the 
one hand. On the other hand, if we want to give real 
time feedback on one's actual performance based on a 
general reference, dimension reduction is inevitable 
for reducing computation time. Consequently, the final 
dataset contains 11 cycling activity features: age 
group, average speed, distance, elapsed time, highest 
elevation, lowest elevation, hashed ID, maximum 
speed, moving time, total elevation gain, and local start 
date. 

 
Table 1: Numerical features of the cleaned dataset 

 Mean STD Min 0.25 0.50 0.75 Max 
average_speed [m/s] 5.76 1.22 2.03 4.99 5.74 6.46 12.48 
distance [m] 26120.85 29199.25 161.0 7451.3 13702.2 34599.1 436806.0 
elapased_time [s] 5817.39 19632.69 61 1645.0 2998.0 7338.5 1806211.0 
highest_elevation [m] 270.73 166.61 -71.2 162.3 229.4 290.5 956.0 

lowest_elevation [m] 129.92 47.88 -134.4 103.2 130.2 148.3 809.0 
max_speed [m/s] 12.22 3.24 2.3 9.7 11.6 14.4 22.0 
moving_time [s] 4509.68 4948.21 61.0 1440.0 2415.0 6099.0 90983.0 
elevation_gain [m] 274.47 410.03 0.0 29.8 87.0 359.45 3896.8 

 
 
The last step was the investigation of outlier values. 

Outliers significantly differ from other observations. 
They can represent outstanding performance of 
professional cyclists or can originate from human error 
(e.g. one forgets to switch off the tracking device when 
the activity is stopped) or from measuring failures. 
Since our dataset is a mixture of two user groups 
(professional and hobby cyclists), both causes are 
probable. We have checked these values feature-wise 
and applied a mixture method to remedy the problem. 
Records containing outstanding, but correct values 
were retained, but records having impossible values, 
such as 441 km/h as maximum speed or 12100 meter 
as highest elevation above sea level, were deleted. As 
the result of eliminating outliers and missing values, 
our dataset was reduced to 9474 sample records.  

The summary of the cleaned and prepared dataset's 
numerical features is shown in Table 1. This table 
shows the mean, the standard deviation (STD), the 
minimum and the maximum value of each numerical 

feature. Furthermore, the first, second and third 
quartile of the dataset are listed in the corresponding 
0.25, 0.50 and 0.75 columns. 

The 9474 cycling activity samples in the dataset are 
categorized by the users' age groups as follows.  

• Age group 0: users under 30 years, 914 
activities 

• Age group 1: users between 30 and 45 years, 
7219 activities 

• Age group 2: users above 45 years, 1050 
activities.  

 
 

3. Method of dataset application 
The collected dataset contains wide range of 

information about the completed cycling activities 
without any categorization. If these were classified by, 
for example the difficulty level, we would be able to 
use these classes as reference: cyclists could compare 
and rank their actual performance according to these 
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difficulty classes. Since the dataset includes several 
attributes, each contributing somehow to the difficulty 
level of an activity, it is hard to predefine difficulty 
classes. Therefore, we used unsupervised clustering 
methods where similar activity instances are grouped 
based on the values of their properties. Phyton's 
scikit-learn package offers a number of 
implemented clustering algorithms. Among them we 
used and compared the ones that work well with large 
dataset and small number of clusters in a low 
dimensional space. 

Firstly, the K-means method by Lloyd [14] was 
applied. It is one of the most well-known clustering 
algorithms which is based on calculating the Euclidean 
distance of the samples. The idea behind this method 
is to create k clusters with equal variance, minimizing 
a criterion known as the inertia or within-cluster sum-
of-squares. The K-means method scales well to large 
datasets [21] but it has some drawbacks as well. 
Among others, K-means clustering requires all 
variables to be continuous, it will always try to create 
convex and isotropic clusters, and it requires a priori 
specification of the number of clusters. Though this 
can be done empirically from the data, improper 
choices can lead to erroneous clusters. 

Secondly, we used the Mini-batch K-means 
clustering algorithm introduced by Ward [23], which 
is a variant of the original K-means method. This 
method uses mini batches to decrease the computation 
time while trying to optimize the same objective 
function. The mini batches are randomly selected 
subsets of the dataset and are assigned to the nearest 
cluster centroid as a unit. The Mini-batch variation 
usually results in only a slightly worse outcome than 
the original K-means. 

Finally, we have tried the Spectral clustering 
method, see Ng and Jordan [19], which is not based on 
distance like K-means, but on connectivity: even if two 
samples are close to each other, if they are not 
connected, they will not be in the same cluster. 
Spectral clustering requires the number of clusters to 
be specified and examines the pair-wise connectivity 
of the samples. Two samples are connected if their 
distance is less than a specified ε constant.  

 
4. Results 
The applied clustering methods allow for 

computing personal, as well as general reference for 
providing feedback. However, when composing the 
dataset, we have not limited the data collection to a 
single user. Our dataset includes diverse activities 
from different users thereby guaranteeing a sufficient 
base for general reference. On the other hand, since the 
ages of the users were available and we could create 
age groups within the sample, it is worth calculating 
age-group based references as well. Foreseeably, these 
clusters will represent one's actual performance better 
than the general reference. 

Before creating the clusters in the dataset for later 
use in a feedback giving and training planning system, 

we need to answer the following questions: 
1. What are the most significant features 

affecting the prediction variable? 
2. Which clustering algorithm yields the best 

results and how many clusters are needed to 
describe the dataset? 

 
In predictive models, the features that contribute 

most to the prediction variable are chosen with feature 
selection. We have run this process using Phyton’s 
feature_selection.SelectKBest method in the 
scikit-learn package, where the prediction variable 
was the time required for a training (moving_time). As 
a result, we got 107938.28 for distance and 15655.19 
for total_elevation_gain, while a few hundred 
scores for all other features. Beside these two features, 
we also considered average_speed, as moving time 
can be calculated as distance divided by speed. We 
found that distance and average speed have strong 
effect on moving time and the resulting clusters can be 
more easily explained, than for distance and total 
elevation gain, so – in order to present a demonstrative 
example – we applied the clustering models on 
distance and average speed. 

We have experimented with the clustering methods 
and the number of groups. We found that the Spectral 
method is not the best to describe our dataset. For the 
whole dataset it could create only 4 clusters, and when 
applied to age group 1, it resulted an unconnected 
cluster which is hard to explain. The Mini-Batch 
algorithm yielded very similar results to the K-means 
algorithm, and since the latter method is better known 
and has several existing implementations, we decided 
to apply this one to demonstrate the usability of the 
created dataset. The K-means algorithm requires the 
specification of the number of clusters in advance. We 
wanted to characterize a training with 
high/average/low distance and average speed, so we 
have tried to run the algorithm with 3, 4, 5 and 6 
clusters and found that our dataset is best represented 
by grouping the data into 5 clusters. 

 
 
5. Discussion 
The clusters created by the K-means algorithm are 

shown in Figure 2.  
 
For age group 0, having the smallest sample size 

(cyclists between 18 and 30 years, 914 samples), the 
formed clusters can be characterized by: 

A. average and short distance – low speed  
B. average distance – average speed 
C. long distance – average and high speed 
D. short distance – average speed 
E. high speed 
 
For age group 1 (cyclists between 31 and 45 years, 

7219 samples) the created clusters can be interpreted 
as: 

A. average and short distance – low speed  
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B. average distance – average speed 
C. long distance 
D. short distance – average speed 

E. average and short distance – high speed 
 

 

(a) Complete dataset        (b) Age group 0 

 

(c) Age group 1                                          (d) Age group 2 

Fig. 2: Clusters created by the K-means algorithm 
 

For age group 2 (cyclists above 46 years, 1050 
samples) the formed clusters can be explained as: 

A. average and short distance – low speed  
B. average distance – low speed 
C. long distance 
D. average distance – average speed 
E. high speed 
 
Analyzing the results, we can conclude that among 

the clusters computed from the entire dataset the 
average cycling performance can hardly be identified. 
This is because the individual activities scatter widely. 
Dividing the dataset by age groups, the resulting 
clusters can be more easily explained, and the average 
performance can be clearly seen. It is also worth 
mentioning that while most clusters are characterized 
by the distance and speed attributes, there is at least 
one cluster for each age group where only one of the 
attributes determine cluster membership. This 

phenomenon can be explained by the small number of 
considered features, but at the same time can be 
realistic as well regarding the given age group. 

The clustering example shows that, with 
categorizing the cycling activities into different 
clusters, a useable reference base can be achieved for 
a feedback giving system. After finishing an activity, 
cyclists can check their performance's membership in 
one of the clusters. Thereby the system evaluates their 
performance and can show the activity's ranking on a 
percentile diagram. 

The same dataset and clustering methods can also 
be used in a personal cycling trainer application for 
training planning. After selecting an age group, the 
user can choose from 3 training samples within each 
cluster. For example, if a 40-year-old cyclist in age 
group 1, wants to go for a short, but intensive ride that 
belongs to cluster E, he can get easy (Q1), average 
(Q2) or hard (Q3) training recommendations 
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concerning the selected features, which are distance 
and average speed in our example. These are 
calculated as the quartile points of the data in the given 
cluster. In Table 2 one training example is given for 
clusters C, D and E for each age group. The estimated 
time required for the training is calculated from 
distance and average speed. 

The parameters of the program that calculates the 
training plans are age group, the clustering method to 
be applied, the label of the target cluster (A-E), and a 
number between 0 and 1 to determine the desired 
difficulty level of the training (easy – 0.25, average – 
0.5 and hard – 0.75 in the example above). 

 

Table 2: Example training plans based on K-means clustering results 

 
Distance [m] Speed [m/s] Time [h:m] 

Age group 0 
C – average 77410.3 7.3 (26.3 [km/h]) 2:57 
D – easy 14982.8 6.3 (22.7 [km/h]) 0:40 
E – hard 51853.1 9.8 (35.3 [km/h]) 1:28 

Age group 1 
C – average 66389.3 5.3 (19.1 [km/h]) 3:26 
D – easy 7350.9 4.9 (17.6 [km/h]) 0:25 
E – hard 12489.7 6.8 (24.5 [km/h]) 0:31 

Age group 2 
C – average 72773.5 7.0 (25.2 [km/h]) 2:53 
D – easy 42353.3 6.4 (23.0 [km/h]) 1:50 
E – hard 33997.5 8.9 (32.0 [km/h]) 1:04 

General plan 
C – average 54080.9 7.5 (27.0 [km/h]) 1:59 
D – easy 7362.7 4.9 (17.6 [km/h]) 0:25 
E – hard 18097.4 6.8 (24.5 [km/h]) 0:45 

 
The design of the proposed system can be seen in 

Figure 3. The functions of each system component are 
as follows: 

 
• Data collecting application: providing user 

interface for collecting reference data. 
• Server: performing and storing the clustering 

of reference data. 
• Intelligent software module: 

o checking actual performance’s 
membership in one of the clusters 
and giving feedback, 

o calculating training plan. 
• Training tracking and planning application:  

o collecting actual cycling data, 
o displaying performance ranking and 

feedback, 
o providing user interface for training 

planning, 
o displaying training plan. 

 
6. Conclusion 
From a sport psychological point of view, the 

application of both goal setting and feedback are the 
most powerful incentives. There are many applications 
that can be used free of charge for tracking a range of 
data from a ride and visualizing one's weekly and 
monthly mileage and time spent for cycle training. 

This kind of feedback, however, is based only on 
personal records. 

  
Fig. 3: Data flow between cycling training app, intelligent 

software module and database server 
 
On the other hand, if someone would like to set 

specific goals that are difficult − that is one should 
increase his effort to achieve it − but realistic at the 
same time, and want to get feedback on his 
performance, he needs to pay for a professional 
application. These applications may take the athlete's 
current fitness level into account and can customize the 
intensity and volume of the training plan. Some of 
them are even more flexible: they provide real-time 
feedback and can adapt the training plan to the current 
external circumstances. They work with great datasets 
collected by thousands of registered users. 

Our aim was to create a publicly available dataset 
that can be used in personal cycling trainer 
applications for goal setting and feedback giving. We 
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have collected and cleaned 9474 cycling activity 
records from male users of third-party cycling 
applications and made it available at kaggle.com. We 
have created the structure of the dataset that can be the 
basis of applying data mining methods on the acquired 
data. We have made some experiments with clustering 
and linear regression algorithms, and in this paper, we 
presented the results and showed that the dataset is 
applicable for training planning and feedback giving. 
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